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Abstract
Gas–liquid two-phase flow appears throughout energy and process systems, including wellbores, risers, and
pipelines, where operating decisions depend on interpreting sparse and noisy measurements. In drilling and
managed-pressure operations, the same surface signals that drive routine control can also contain early indica-
tions of regime transitions and hazardous transients, yet the mapping from measurements to downhole states is
typically non-unique and closure-dependent. This paper proposes a physics-constrained latent state-space learning
framework that targets real-time inference of distributed two-phase hydraulics while providing calibrated uncer-
tainty for safety-relevant decisions. The approach embeds a reduced-order two-fluid/drift-flux backbone inside a
differentiable probabilistic state-space model whose latent variables represent coupled hydraulic states and regime-
related structure without requiring a fixed, hand-crafted regime map. Training combines simulation-consistent
objectives with weak supervision when available, enforcing conservation-consistent residuals and stability regular-
ization across a wide envelope of flow rates, fluid properties, and geometries. Online inference is performed with a
hybrid variational–sequential Monte Carlo scheme that yields posterior distributions over pressure, holdup, mixture
velocity, and anomaly indicators under sensor latency and changing operating conditions. The resulting estimator
supports regime-agnostic diagnostics, change-point detection, and risk-aware control interfaces while remaining
computationally compatible with edge deployment. Numerical studies spanning synthetic high-fidelity rollouts
and loop-inspired scenarios demonstrate improved generalization under distribution shift and tighter calibration
compared with purely discriminative baselines, enabling earlier detection of hazardous transients at controlled
false-alarm rates.

1. Introduction

Two-phase gas–liquid flow is characterized by strong nonlinearities, discontinuous transitions in interfa-
cial structure, and closure relations that can vary with geometry, inclination, and fluid properties [1]. In
wellbore contexts, these complexities are amplified by the fact that actionable measurements are often
concentrated at the surface, while the quantities of interest are distributed along the annulus or drill-
string and evolve under changing boundary conditions. Practical workflows therefore rely on a mixture
of mechanistic modeling, heuristic thresholds, and empirical regime charts, each of which can fail when
the operating envelope deviates from the assumptions that originally justified them. The central techni-
cal challenge is not merely to classify a flow regime from curated features, but to infer a dynamically
consistent state of a partially observed, distributed, multi-physics system, and to do so with quantified
uncertainty that supports safety-critical decisions.

Recent applications of machine learning have shown that high-accuracy regime identification is
possible when extensive labeled data are available for a specific configuration. For example, supervised
classifiers tuned on curated loop and literature datasets can achieve high test accuracy for vertical regime
mapping under particular feature definitions and sampling strategies, as illustrated by the reported
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98% test accuracy for a cross-validated K-nearest-neighbors classifier with a specific neighborhood
size in a vertical gas–liquid setting by Manikonda et al.(2021) [2]. Such results are valuable signals
that measurable patterns exist in commonly collected variables, but they also highlight an important
limitation: a static classifier trained to map a point in feature space to a discrete label does not, by itself,
ensure dynamic consistency, conservation compliance, or calibrated confidence under distribution shift.
In operational settings, the relevant question is often counterfactual and temporal, such as whether a
small deviation in surface pressure is consistent with benign regime evolution or indicates an emerging
influx, washout, or choke malfunction.

This paper advances an alternative viewpoint: two-phase regime structure should be treated as latent,
dynamically evolving information that mediates between mechanistic conservation laws and noisy
measurements, rather than as a hard label predicted independently at each time. The objective is to
estimate a posterior distribution over physically meaningful states, including mixture momentum and
holdup, while representing regime-dependent closures and unmodeled effects through a learned latent
correction that remains constrained by physics. This viewpoint leads naturally to probabilistic state-
space modeling with embedded reduced-order hydraulics and explicit uncertainty quantification [3].
The technical contribution is a physics-constrained latent state-space learning formulation that unifies
estimation, regime-agnostic diagnostics, and anomaly detection using a single trainable inference engine.

The proposed method departs from two common extremes. Purely mechanistic estimators can be
brittle when the closures for slip, friction, or compressibility are mis-specified, and they may pro-
vide overconfident outputs because parameter uncertainty and model-form error are not represented
explicitly. Purely data-driven estimators can achieve strong interpolative performance within the train-
ing distribution, yet may violate conservation, drift into unstable predictions under feedback control,
and provide unreliable confidence under unseen combinations of geometry, inclination, and fluids.
The present approach targets the middle ground by structuring learning around conservation-consistent
residuals, weakly informative priors derived from reduced-order modeling, and a posterior inference
mechanism designed for online use [4]. The result is not a regime classifier as an end product, but an
estimator whose outputs can be projected onto regime-like summaries when needed, while retaining the
ability to reason about continuous states and their uncertainties.

A second motivation arises from observability. Surface and near-surface measurements, such as
standpipe pressure, choke pressure, flow-in and flow-out estimates, and pit volume proxies, are indirect
observations of downhole multiphase behavior. The inverse problem is ill-posed because multiple
downhole state trajectories can produce similar surface signatures, especially when gas compressibility
and slip introduce delayed and attenuated responses. A useful estimator must therefore incorporate prior
structure and temporal coherence to avoid spurious interpretations [5]. The proposed latent state-space
model formalizes this requirement by coupling latent regime structure to physically motivated dynamics
and by explicitly maintaining a distribution over states rather than a single best guess. This enables
principled decision thresholds that can be tuned to acceptable false-alarm rates, which is critical for
automation in drilling and production control contexts.

The remainder of the paper develops a modeling and inference framework that is intentionally broader
than any single application. While drilling safety and kick diagnosis are motivating examples, the for-
mulation targets generic gas–liquid hydraulics under partial observability. The presentation begins with
a reduced-order representation of two-phase conservation laws and a discussion of what is observ-
able from typical instrumentation [6]. It then introduces a physics-constrained latent state-space model
that represents regime-dependent effects through latent variables and neural corrections, trained with a
composite objective that penalizes conservation residuals and instability. The paper subsequently devel-
ops an online inference scheme combining variational filtering with sequential Monte Carlo to obtain
calibrated posteriors in real time. Finally, it describes an evaluation protocol designed to stress-test gen-
eralization across operating envelopes, and it discusses limitations and open directions for integrating
such estimators into safety-critical control loops.
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2. Governing Equations, Reduced-Order Hydraulics, and Observability
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Figure 1: Compact real-time inference pipeline: synchronized surface signals drive a physics-constrained latent
state-space estimator with a lightweight hybrid VI–SMC posterior, producing distributions over key hydraulic states
and safety-relevant risk indicators for deployment in low-latency decision support.

Table 1: Key variables and notation used in the reduced-order hydraulics description.

Symbol Type Meaning

𝑥 ∈ [0, 𝐿] coordinate Axial position along conduit length 𝐿

𝑡 time Time index
𝐴(𝑥), 𝐷ℎ (𝑥) geometry Cross-sectional area and hydraulic diameter
𝜃 (𝑥) geometry Inclination relative to horizontal
𝛼(𝑥, 𝑡) state Gas void fraction (liquid holdup = 1 − 𝛼)
𝑢𝑔, 𝑢ℓ , 𝑢𝑚 state Phase velocities; 𝑢𝑚 = 𝛼𝑢𝑔 + (1 − 𝛼)𝑢ℓ

Consider a one-dimensional representation of a conduit of length 𝐿 parameterized by axial coordinate
𝑥 ∈ [0, 𝐿] with time 𝑡 ≥ 0. Let the cross-sectional area be 𝐴(𝑥) and the hydraulic diameter be 𝐷ℎ (𝑥),
with a possibly varying inclination angle 𝜃 (𝑥)measured relative to horizontal [7]. The two phases are gas
and liquid with densities 𝜌𝑔 (𝑝, 𝑇) and 𝜌ℓ (𝑝, 𝑇), and dynamic viscosities 𝜇𝑔 (𝑝, 𝑇) and 𝜇ℓ (𝑝, 𝑇), where
gas compressibility introduces strong pressure dependence. Let 𝛼(𝑥, 𝑡) denote the gas void fraction, so
that the liquid holdup is 1 − 𝛼. Let 𝑢𝑔 (𝑥, 𝑡) and 𝑢ℓ (𝑥, 𝑡) be superficial velocities or phase velocities
depending on the chosen closure convention, and define mixture velocity 𝑢𝑚 = 𝛼𝑢𝑔 + (1 − 𝛼)𝑢ℓ .
Many mechanistic models begin from a two-fluid formulation, in which each phase satisfies a mass
conservation law and a momentum balance with interfacial coupling, wall friction, and gravity.
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Figure 2: Minimal factor-graph view of the latent dynamical model: reduced hydraulic states 𝑥𝑡 propagate forward
in time, latent variables 𝑧𝑡 modulate regime-dependent effects continuously, and indirect measurements 𝑦𝑡 provide
evidence for filtering over (𝑥𝑡 , 𝑧𝑡 ) under partial observability.
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Figure 3: Training flow with physics constraints: simulation-derived sequences are passed through a sensor realism
layer, then used to learn the generative dynamics and amortized posterior via a composite loss that couples
measurement fit and latent regularization with conservation and stability penalties (with optional weak labels for
interpretability only).

A general two-fluid mass conservation representation can be written as [8]

𝜕
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(
𝛼𝜌𝑔

)
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𝜕𝑥

(
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)
= Γℓ , (2.1)

where Γ𝑔 and Γℓ represent sources such as phase change, dissolution, or influx. For many wellbore
hydraulics regimes over drilling-relevant time scales, phase change can be neglected relative to transport,
while influx terms may be localized and episodic. The momentum balances may be expressed in a
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Figure 4: Online hybrid filtering: an amortized proposal suggests likely continuous states, importance weighting
corrects against the generative model likelihood, and a lightweight physics-consistency score can downweight
trajectories that explain measurements only via implausible conservation violations.

Table 2: Core governing relations and representative closure components.

Component Form Notes

Gas mass 𝜕𝑡 (𝛼𝜌𝑔) + 𝜕𝑥 (𝛼𝜌𝑔𝑢𝑔) =
Γ𝑔

Γ𝑔 covers influx/phase effects (often local-
ized/episodic)

Liquid mass 𝜕𝑡 ((1 − 𝛼)𝜌ℓ ) + 𝜕𝑥 ((1 −
𝛼)𝜌ℓ𝑢ℓ ) = Γℓ

Often Γℓ ≈0 over short hydraulics horizons

Momentum (2-fluid) Includes 𝜕𝑥 𝑝, wall shear,
interfacial transfer

Terms 𝜏𝑤ℓ , 𝜏𝑤𝑔, 𝑀𝑖𝑔 are regime/structure depen-
dent

Gravity −𝜌 𝑔 sin 𝜃 Strongly affects inclined/stratified/intermittent
behavior

Drift-flux slip 𝑢𝑔 = 𝐶0𝑢𝑚 +𝑉𝑔 𝑗 𝐶0, 𝑉𝑔 𝑗 vary with regime, fluids, and inclination

simplified form as

𝜕
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𝐴
+ 𝑀𝑖𝑔 − 𝛼𝜌𝑔𝑔 sin 𝜃, (2.2)
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𝐴
− 𝑀𝑖𝑔 − (1 − 𝛼)𝜌ℓ𝑔 sin 𝜃, (2.3)

where 𝑝(𝑥, 𝑡) is pressure, 𝑔 is gravity, 𝑃𝑤 is wetted perimeter, 𝜏𝑤𝑔 and 𝜏𝑤ℓ are wall shear stresses
associated with each phase, and 𝑀𝑖𝑔 is the interfacial momentum transfer term, which typically depends
on slip, interfacial area, and regime structure. Closure relations for wall shear and interfacial transfer
are inherently regime-dependent because they depend on whether the interface is dispersed, stratified,
slugging, or annular, and on whether turbulence is dominated by one phase or both.
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Figure 5: Mechanistic backbone with structured latent corrections: reduced-order hydraulics supplies the main
dynamical scaffold, while latent variables modulate effective closures (e.g., slip/friction/interfacial transfer) and a
residual pathway, enabling smooth adaptation across operating envelopes without hard regime switching.

Table 3: Reduced-order state-space backbone and observation structure.

Element Expression Interpretation

Reduced state 𝑥𝑡 ∈ R𝑑 Modal coefficients / cell-averages +
boundary proxies

Inputs 𝑢𝑡 Pump/choke commands and other known
actuation signals

Physics update 𝑥𝑡+Δ𝑡 = 𝑓phys (𝑥𝑡 , 𝑢𝑡 ;𝜓) + 𝑤𝑡 Mechanistic step with parame-
ters/closures 𝜓

Sensors 𝑦𝑡 = ℎsens (𝑥𝑡 ; 𝜅) + 𝑣𝑡 Sensor map with parameters 𝜅 and noise
𝑣𝑡

Ill-posed inverse 𝑦𝑡 = H(𝑝, 𝛼, 𝑢𝑚; 𝜂) + 𝜀𝑡 Multiple downhole trajectories can match
similar surface signals

Although two-fluid models are expressive, they can be too complex for real-time inference when
embedded directly into filtering, especially when closure discontinuities cause stiffness or non-
smoothness [9]. Reduced-order models, such as drift-flux formulations, provide a tractable alternative
by representing slip through a constitutive relation between the gas velocity and mixture velocity. A
common drift-flux structure writes

𝑢𝑔 = 𝐶0𝑢𝑚 +𝑉𝑔 𝑗 , (2.4)
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Figure 6: Posterior-driven diagnosis logic: nominal versus alternative hypotheses generate a Bayes-factor change
statistic, which maps to probabilistic alarms; specialized posteriors (e.g., influx likelihood) and innovation-based
sensor checks support disambiguation between hazardous transients and measurement faults.

where 𝐶0 is a distribution parameter and 𝑉𝑔 𝑗 is a drift velocity that captures buoyancy-driven slip. In
one-dimensional form, coupling this relation with mixture mass conservation and momentum can yield
a system in terms of 𝑝, 𝛼, and 𝑢𝑚 that is easier to integrate numerically. Yet𝐶0 and𝑉𝑔 𝑗 are not constants
across regimes or inclinations, and their dependence on flow rates, geometry, and fluid properties is a
major source of model-form uncertainty.

For the inference problem, the key question is what aspects of this distributed state are identifiable
from available measurements. Let a measurement vector 𝑦(𝑡) include surface pressure signals and flow
estimates, such as standpipe pressure 𝑝𝑠𝑝 (𝑡), casing pressure 𝑝𝑐 (𝑡), choke pressure 𝑝𝑐ℎ (𝑡), pump rate
proxy 𝑞𝑖𝑛 (𝑡), and a flow-out estimate 𝑞𝑜𝑢𝑡 (𝑡) with bias and latency. A simplified observation model can
be expressed as [10]

𝑦(𝑡) = H
(
𝑝(·, 𝑡), 𝛼(·, 𝑡), 𝑢𝑚 (·, 𝑡); 𝜂(𝑡)

)
+ 𝜀(𝑡), (2.5)

where H is an observation operator that maps distributed states to sensor outputs, 𝜂(𝑡) captures unob-
served operational parameters such as choke opening or pump efficiency, and 𝜀(𝑡) is measurement noise.
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Table 4: Latent state-space model components and probabilistic factorization.

Block Definition Role

Physical state 𝑥𝑡 Reduced hydraulics states (pres-
sure/holdup/velocity structure)

Latent state 𝑧𝑡 Continuous regime/closure structure and
unmodeled effects

Initial prior 𝑝(𝑥0)𝑝(𝑧0) Start-up uncertainty and prior structure
Transition 𝑝(𝑧𝑡+1 | 𝑧𝑡 , 𝑥𝑡 , 𝑢𝑡 ) 𝑝(𝑥𝑡+1 |

𝑥𝑡 , 𝑧𝑡+1, 𝑢𝑡 )
Latent evolves and modulates physical evo-
lution

Emission 𝑝(𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ) Measurement likelihood with nonlineari-
ties and bias

Table 5: Structured residual correction and physically aligned latent modifiers.

Item Form Practical effect

Residual transition 𝑥𝑡+1 = 𝑓phys (𝑥𝑡 , 𝑢𝑡 ) +
𝑓res (𝑥𝑡 , 𝑧𝑡+1, 𝑢𝑡 ) + 𝜉𝑡

Learns model-form mismatch while
retaining mechanistic backbone

Friction multiplier Δ𝑝eff
𝑓
= 𝜒 𝑓 (𝑧𝑡 )Δ𝑝 𝑓 Adapts friction under rough-

ness/cuttings/closure shifts; 𝜒 𝑓 > 0
Slip correction 𝑉eff

𝑔 𝑗
= 𝑉nom

𝑔 𝑗
+ 𝜒𝑠 (𝑧𝑡 ) Smoothly captures

regime/inclination-dependent slip
changes

Interfacial scaling 𝑀eff
𝑖𝑔

= 𝜒𝑖 (𝑧𝑡 )𝑀𝑖𝑔 Modulates phase coupling intensity
under changing structure

Sensor bias term 𝑦𝑡 = ℎphys (𝑥𝑡 ) + ℎbias (𝑥𝑡 , 𝑧𝑡 ) + 𝜖𝑡 Explains offsets/sensor artifacts with-
out breaking dynamics

Table 6: Physics-constrained learning objective and regularization components.

Term Expression (sketch) Purpose

Data fit −E𝑞𝜙
∑
𝑡 log 𝑝𝜃 (𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ) Match predicted sensor statistics to

observations/simulations
Dynamics agreement E𝑞𝜙

∑
𝑡 KL(𝑞𝜙 ∥ 𝑝𝜃 ) Align inferred trajectories with the

generative transition
Conservation penalty 𝜆conE

∑
𝑡 ∥Rcon (𝑥𝑡 , 𝑥𝑡+1, 𝑢𝑡 )∥22 Encourage mass/momentum consis-

tency (integral or reduced form)
Stability penalty 𝜆stabE

∑
𝑡 ∥Rstab (𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 )∥22 Prevent unphysical states (e.g., 𝛼 ∉

[0, 1]) and blow-up
Weak labels (opt.) 𝜆weakE

[
−∑𝑡∈Tlbl log 𝑝(𝑟𝑡 | 𝑧𝑡 )

]
Optional interpretability alignment
when labels exist

Even if H is known, the inverse mapping is not unique. Two different void-fraction profiles may yield
similar surface pressures if their integrated hydrostatic and frictional contributions match. Similarly, an
influx localized at depth may not be immediately distinguishable from changes in friction or cuttings
loading at the surface. Observability improves when multiple sensors are available, when excitation
occurs through controlled boundary changes, or when the model includes strong priors that restrict
feasible state trajectories.

A practical estimator must therefore do more than minimize instantaneous error. It must maintain
a physically plausible set of state trajectories consistent with conservation and with sensor dynamics
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Table 7: Hybrid variational–sequential Monte Carlo filtering steps for online inference.

Step Operation Output

Proposal (𝑥 (𝑚)𝑡 , 𝑧
(𝑚)
𝑡 ) ∼ 𝑞𝜙 (· |

𝑥
(𝑚)
𝑡−1 , 𝑧

(𝑚)
𝑡−1 , 𝑦0:𝑡 , 𝑢0:𝑡−1)

Observation-aware particle propaga-
tion

Weight update 𝑤
(𝑚)
𝑡 ∝

𝑤
(𝑚)
𝑡−1

𝑝𝜃 (𝑦𝑡 |𝑥
(𝑚)
𝑡 ,𝑧

(𝑚)
𝑡 ) 𝑝𝜃 (𝑥

(𝑚)
𝑡 ,𝑧

(𝑚)
𝑡 | · )

𝑞𝜙 ( ·)

Importance correction for calibrated
posterior

Physics weighting
(opt.)

𝑤
(𝑚)
𝑡 ← 𝑤

(𝑚)
𝑡 exp(𝜆physℓ

(𝑚)
phys (𝑡)) Discourage conservation-violating

trajectories over a window
Resampling Trigger when effective sample size is

low
Avoid particle degeneracy under tran-
sients

Rejuvenation (opt.) Local MCMC/Langevin moves on
(𝑥𝑡 , 𝑧𝑡 )

Improve diversity and multimodal
tracking

Table 8: Change-point and fault monitoring quantities used for safety-relevant decisions.

Mechanism Statistic Interpretation

Model comparison 𝐵𝑡 =
𝑝 (𝑦𝑡−𝑊+1:𝑡 |M1 )
𝑝 (𝑦𝑡−𝑊+1:𝑡 |M0 ) Bayes factor for alternative (e.g., ele-

vated latent volatility)
Alarm score Pr(change | 𝑦) ≈ 𝜎(log 𝐵𝑡 +

log prior odds)
Thresholdable probability with tunable
false-alarm tradeoff

Targeted event prob. Pr( ¤𝑚influx > 0 | 𝑦0:𝑡 ) Direct probability for influx-like
anomalies when modeled

Innovation test NIS𝑡 = (𝑦𝑡 −
E𝑦̃𝑡 )⊤Cov( 𝑦̃𝑡 )−1 (𝑦𝑡 − E𝑦̃𝑡 )

Persistent high values suggest sensor
fault/bias or mismatch

Bias separation Latent emission bias ℎbias (𝑥𝑡 , 𝑧𝑡 ) Attribute discrepancies to sensors vs
true hydraulics changes

[11]. This motivates the use of a state-space formulation in which the distributed state is projected onto
a lower-dimensional representation that retains the dominant modes relevant to surface observables,
while allowing learned corrections to capture regime-dependent effects. For example, a Galerkin-type
reduction can represent pressure and holdup profiles through basis functions 𝜙𝑘 (𝑥) and coefficients
𝑠𝑘 (𝑡) as

𝑝(𝑥, 𝑡) ≈
𝐾𝑝∑︁
𝑘=1

𝑠
(𝑝)
𝑘
(𝑡)𝜙 (𝑝)

𝑘
(𝑥), 𝛼(𝑥, 𝑡) ≈

𝐾𝛼∑︁
𝑘=1

𝑠
(𝛼)
𝑘
(𝑡)𝜙 (𝛼)

𝑘
(𝑥), (2.6)

with analogous expansions for mixture velocity. Alternatively, a compartment model can discretize the
conduit into 𝑁 cells, evolving cell-averaged states with fluxes computed by a simplified Riemann solver.
The choice of reduction is not unique, but it must balance computational constraints with representational
fidelity, and it must permit stable filtering under uncertainty [12].

Horizontal and inclined flows present additional challenges because stratification and intermittent
structures produce dynamics that are strongly influenced by inclination and by the interaction between
gravity and inertia. In such settings, data-driven regime identification can still achieve strong accuracy
when trained on representative datasets. For example, a cross-validated K-nearest-neighbors classi-
fier was reported to reach 97.4% prediction accuracy for horizontal gas–liquid regime identification
under a particular experimental and literature aggregation, with multiple major and minor regimes
identified across superficial velocity space by Manikonda et al.(2022) [13]. From an inference per-
spective, this underscores that measurement features encode regime information, but it also implies
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Table 9: Evaluation protocol elements, baselines, and performance axes.

Category Item What is assessed

Data generation Simulator + sensor model Ground truth with latency, missingness, bias,
and noise

Stress tests Geometry/closure shifts Robustness under inclination, roughness, and
closure perturbations

Baselines EKF; RNN;
regime+switching

Comparisons to mechanistic, black-box, and
hard-switch hybrids

State accuracy RMSE / profile error Pressure/holdup accuracy at depths and inte-
grated along conduit

Calibration Coverage vs nominal Empirical coverage of credible intervals (e.g.,
90% BHP)

Detection Delay vs false alarms Early warning vs controlled false-alarm rates
for injected events

Table 10: Deployment considerations and expected failure modes under partial observability.

Issue Symptom Mitigation within the framework

Identifiability limits Multimodal/ambiguous posterior Maintain particle hypotheses; act via risk
thresholds and intervals

Backbone mismatch Corrections entangle omitted
physics

Enrich reduced state; constrain residuals
as closure modifiers

Training realism gap Overconfidence on field artifacts Staged training: broad sim → self-
supervised field→ event calibration

Closed-loop shift Estimator-control coupling arti-
facts

Train with diverse control policies; sta-
bility regularization

Compute/latency Edge budget constraints Low-dimensional 𝑥𝑡 , amortized pro-
posal, modest particle counts

that a reduced-order model used online must accommodate transitions between stratified and intermit-
tent structures without requiring brittle, hand-coded switching logic. The present work addresses this
by using latent variables to represent regime-dependent closure modifications continuously, enabling
smooth interpolation across operating envelopes while maintaining conservation constraints [14].

The remainder of this section introduces a reduced-order hydraulics backbone that will be embedded
within the learning model. Let the reduced state vector at time 𝑡 be denoted 𝑥𝑡 ∈ R𝑑 , collecting
coefficients for pressure and holdup modes, along with boundary-related variables such as bottomhole
pressure proxy and choke dynamics. A nominal mechanistic update may be represented as a time-discrete
map

𝑥𝑡+Δ𝑡 = 𝑓phys (𝑥𝑡 , 𝑢𝑡 ; 𝜓) + 𝑤𝑡 , (2.7)

where 𝑢𝑡 represents known inputs such as pump rate or choke command, 𝜓 denotes mechanistic
parameters and closures, and 𝑤𝑡 represents process noise capturing unresolved physics and parameter
variability. The associated observation model is

𝑦𝑡 = ℎsens (𝑥𝑡 ; 𝜅) + 𝑣𝑡 , (2.8)

with sensor parameters 𝜅 and observation noise 𝑣𝑡 [15]. In traditional filtering, 𝑓phys is fixed and 𝑤𝑡 is
tuned heuristically. The present work instead treats model-form mismatch as structured and learnable,
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using a latent representation that modulates the mechanistic update in a way that is constrained by
conservation residuals and stability.

3. Latent State-Space Model with Physics-Constrained Learning Objectives

The proposed framework models two-phase hydraulics as a probabilistic state-space system in which
physically interpretable reduced states are augmented by latent variables capturing regime-dependent
and unmodeled effects. Let 𝑥𝑡 denote the reduced physical state, and let 𝑧𝑡 denote a latent vector. The
latent vector is not restricted to discrete regime labels; instead it is designed to encode continuous factors
such as effective slip correction, friction multiplier deviations, interfacial coupling intensity, and other
low-dimensional signatures that influence the evolution of 𝑥𝑡 and the mapping to measurements. The
joint generative model is defined by an initial distribution and transition and emission distributions: [16]

𝑝(𝑥0, 𝑧0) = 𝑝(𝑥0) 𝑝(𝑧0), (3.1)
𝑝(𝑥𝑡+1, 𝑧𝑡+1 | 𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 ) = 𝑝(𝑧𝑡+1 | 𝑧𝑡 , 𝑥𝑡 , 𝑢𝑡 ) 𝑝(𝑥𝑡+1 | 𝑥𝑡 , 𝑧𝑡+1, 𝑢𝑡 ), (3.2)

𝑝(𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ) = 𝑝(𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ). (3.3)

The design choice is to let 𝑧𝑡+1 influence the physical update, enabling the latent variables to act as
a structured correction that can evolve over time and respond to regime transitions or anomalies. The
physical state transition is constructed as a composition of the nominal mechanistic step and a learned
residual:

𝑥𝑡+1 = 𝑓phys (𝑥𝑡 , 𝑢𝑡 ; 𝜓) + 𝑓res (𝑥𝑡 , 𝑧𝑡+1, 𝑢𝑡 ; 𝜃) + 𝜉𝑡 , (3.4)

where 𝑓res is a neural operator with parameters 𝜃, and 𝜉𝑡 is stochastic noise. The residual is constrained
to respect conservation and stability through the training objective, and it can be regularized to remain
small when the mechanistic model is adequate, thereby preventing the network from absorbing dynamics
that are already well explained by physics.

A central difficulty in learning such models for two-phase flow is the scarcity of high-quality labels
for downhole states and the domain shift between laboratory data and field operations [17]. The proposed
approach therefore emphasizes self-supervision and physics-consistent training signals. Suppose one
has access to simulated rollouts from a high-fidelity multiphase model or from a mechanistic simulator
under varied conditions, potentially with injected parameter variability to approximate uncertainty.
Let 𝑥𝑡 denote simulated reduced states, and let 𝑦̂𝑡 denote simulated sensor outputs after applying a
sensor model and adding noise. Training can then use sequences ( 𝑦̂0:𝑇 , 𝑢0:𝑇−1) as inputs and penalize
discrepancies between predicted and simulated outputs while also enforcing physics residual constraints
on reconstructed states.

Let 𝑞𝜙 (𝑥0:𝑇 , 𝑧0:𝑇 | 𝑦0:𝑇 , 𝑢0:𝑇−1) denote an amortized variational posterior with parameters 𝜙, imple-
mented as a recurrent inference network or a transformer-style temporal encoder with causal masking
for filtering. The learning objective is based on a negative evidence lower bound augmented with physics
and stability penalties:

L(𝜃, 𝜙) = −E𝑞𝜙
[ 𝑇∑︁
𝑡=0

log 𝑝𝜃 (𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 )
]
+ E𝑞𝜙

[ 𝑇−1∑︁
𝑡=0

KL
(
𝑞𝜙 (𝑥𝑡+1, 𝑧𝑡+1 | ·) ∥ 𝑝𝜃 (𝑥𝑡+1, 𝑧𝑡+1 | 𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 )

) ]
(3.5)

+ 𝜆conE𝑞𝜙
[ 𝑇−1∑︁
𝑡=0



Rcon (𝑥𝑡 , 𝑥𝑡+1, 𝑢𝑡 )


2

2

]
+ 𝜆stabE𝑞𝜙

[ 𝑇−1∑︁
𝑡=0



Rstab (𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 )


2

2

]
. (3.6)
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Here Rcon represents discrete conservation residuals computed from the reconstructed reduced states,
while Rstab penalizes behavior associated with numerical instability, such as unphysical negative densi-
ties, void fractions outside [0, 1], or growth in energy-like quantities beyond what inputs can support.
The multipliers 𝜆con and 𝜆stab balance statistical fit and physical plausibility. Importantly, the residual
penalty is computed in the reduced-order space but can be designed to approximate conservation in
integral form. For a compartment model with cell volumes 𝑉𝑖 , a typical mass conservation residual for
gas might be expressed as [18]

R𝑔,𝑖 (𝑡) =
1
Δ𝑡

(
𝛼𝑡+1
𝑖 𝜌𝑡+1

𝑔,𝑖 𝑉𝑖 − 𝛼𝑡𝑖 𝜌𝑡𝑔,𝑖𝑉𝑖
)
+
(
𝐹𝑡
𝑔,𝑖+ 1

2
− 𝐹𝑡

𝑔,𝑖− 1
2

)
− 𝑆𝑡𝑔,𝑖 , (3.7)

with analogous residuals for liquid mass and mixture momentum. Even when the estimator does not
explicitly track cell states, similar residuals can be defined using reconstructed profiles from basis
expansions and numerical quadrature.

Because regime structure affects closures, one might be tempted to train the latent variables to align
with predefined regime labels. The present formulation avoids making such labels central. Instead,
it allows optional weak supervision when available, mapping latent states to regime-like summaries
without forcing the dynamics to be driven by a discrete classifier [19]. Let 𝑟𝑡 denote an optional regime
label available for a subset of training data, and let 𝑔𝜃 (𝑧𝑡 ) be a soft classifier. A weak supervision term
can be added:

Lweak = 𝜆weakE𝑞𝜙
[
−

∑︁
𝑡∈Tlbl

log 𝑝𝜃 (𝑟𝑡 | 𝑧𝑡 )
]
, (3.8)

where Tlbl indexes labeled time steps. This term is optional and, when used, it serves to interpret 𝑧𝑡
rather than to define it. In many operational datasets, labels may be noisy or inconsistent across sources,
so the method is designed to function without them.

A key design decision concerns the structure of 𝑧𝑡 [20]. For two-phase hydraulics, it is beneficial to
align latent components with physically meaningful modifiers. One can parameterize effective closure
multipliers as smooth functions of 𝑧𝑡 , such as an effective friction factor multiplier 𝜒 𝑓 (𝑧𝑡 ), a slip correc-
tion 𝜒𝑠 (𝑧𝑡 ), and an interfacial transfer intensity 𝜒𝑖 (𝑧𝑡 ). For example, if the nominal mechanistic update
uses a friction model producing a pressure drop term Δ𝑝 𝑓 , the corrected term becomes 𝜒 𝑓 (𝑧𝑡 )Δ𝑝 𝑓 with
𝜒 𝑓 (𝑧𝑡 ) constrained to remain positive via a softplus mapping. Similarly, drift velocity 𝑉𝑔 𝑗 can be cor-
rected as 𝑉eff

𝑔 𝑗
= 𝑉nom

𝑔 𝑗
+ 𝜒𝑠 (𝑧𝑡 ), with 𝜒𝑠 bounded to physically plausible ranges. Embedding corrections

in this way reduces the risk that the residual network learns arbitrary dynamics unrelated to hydraulics,
and it provides a pathway to interpretability and debugging.

The latent transition distribution 𝑝(𝑧𝑡+1 | 𝑧𝑡 , 𝑥𝑡 , 𝑢𝑡 ) is constructed to allow both smooth evolution
and abrupt shifts. A practical representation is a Gaussian with mean given by a gated update: [21]

𝑧𝑡+1 = 𝑧𝑡 + 𝜎
(
𝑎𝜃 (𝑥𝑡 , 𝑢𝑡 )

)
⊙ 𝑚𝜃 (𝑥𝑡 , 𝑢𝑡 , 𝑧𝑡 ) + 𝜔𝑡 , (3.9)

where𝜎(·) is a logistic function, ⊙ denotes elementwise multiplication, 𝑎𝜃 is a gating network producing
update magnitudes, 𝑚𝜃 produces direction of change, and 𝜔𝑡 is Gaussian noise. In benign steady
operation, gates can remain small, so 𝑧𝑡 changes slowly; during regime transitions or anomalies, gates
open and the latent state adapts. This structure encourages temporal coherence without preventing
change-points.

Finally, the emission model 𝑝(𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ) accounts for sensor nonlinearities and unmodeled couplings.
For instance, standpipe pressure may be a function of integrated friction, hydrostatic head, and pump
characteristics [22]. Rather than forcing the mechanistic observation operator to be exact, the model can
represent 𝑦𝑡 as

𝑦𝑡 = ℎphys (𝑥𝑡 ; 𝜅) + ℎbias (𝑥𝑡 , 𝑧𝑡 ; 𝛽) + 𝜖𝑡 , (3.10)
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where ℎphys is a known mapping and ℎbias is a learned bias term capturing systematic sensor offsets,
unmodeled cuttings effects, or unmodeled choke dynamics. The physics penalties ensure that ℎbias does
not compensate for violations of conservation in implausible ways.

4. Physics-Constrained Inference, Filtering, and Uncertainty Quantification

Training a latent state-space model provides a generative description, but online use requires efficient
inference of the posterior distribution over states and latent variables given streaming observations. The
target is the filtering posterior 𝑝(𝑥𝑡 , 𝑧𝑡 | 𝑦0:𝑡 , 𝑢0:𝑡−1), which evolves as new measurements arrive. For
safety-critical applications, the estimator must not only output point estimates but also maintain cali-
brated uncertainty that reflects sensor noise, parameter variability, and model-form error. The proposed
inference strategy combines amortized variational filtering with particle-based correction, leveraging
the strengths of both.

A purely amortized variational filter can be implemented by an inference network that maps recent
observations and inputs to approximate posterior parameters, such as mean and covariance for (𝑥𝑡 , 𝑧𝑡 )
[23]. While fast, such filters can become miscalibrated when encountering sequences outside the training
distribution. Particle filters, in contrast, can represent multimodal posteriors and adapt via likelihood
weighting, but can be computationally expensive in high-dimensional continuous spaces and prone to
degeneracy. The hybrid strategy uses amortized proposals to guide particles, thereby reducing variance
and enabling real-time operation.

Let the approximate filtering distribution at time 𝑡 be represented by 𝑀 weighted particles
{(𝑥 (𝑚)𝑡 , 𝑧

(𝑚)
𝑡 , 𝑤

(𝑚)
𝑡 )}𝑀𝑚=1. Given an observation 𝑦𝑡 , each particle is propagated through the transition

model using a proposal distribution that incorporates the inference network. Specifically, define a
proposal 𝑞𝜙 (𝑥𝑡 , 𝑧𝑡 | 𝑥𝑡−1, 𝑧𝑡−1, 𝑦0:𝑡 , 𝑢0:𝑡−1) whose parameters are output by the inference network con-
ditioned on a summary of the observation history and the previous particle state. Propagation then draws
[24]

(𝑥 (𝑚)𝑡 , 𝑧
(𝑚)
𝑡 ) ∼ 𝑞𝜙 (· | 𝑥 (𝑚)𝑡−1 , 𝑧

(𝑚)
𝑡−1 , 𝑦0:𝑡 , 𝑢0:𝑡−1), (4.1)

and weights are updated by the standard importance ratio:

𝑤
(𝑚)
𝑡 ∝ 𝑤

(𝑚)
𝑡−1

𝑝𝜃 (𝑦𝑡 | 𝑥 (𝑚)𝑡 , 𝑧
(𝑚)
𝑡 ) 𝑝𝜃 (𝑥

(𝑚)
𝑡 , 𝑧

(𝑚)
𝑡 | 𝑥 (𝑚)

𝑡−1 , 𝑧
(𝑚)
𝑡−1 , 𝑢𝑡−1)

𝑞𝜙 (𝑥 (𝑚)𝑡 , 𝑧
(𝑚)
𝑡 | 𝑥 (𝑚)

𝑡−1 , 𝑧
(𝑚)
𝑡−1 , 𝑦0:𝑡 , 𝑢0:𝑡−1)

. (4.2)

Resampling is performed when the effective sample size falls below a threshold, and rejuvenation can
be introduced via a short Markov chain move that targets the posterior locally, such as a few steps of
Langevin dynamics on (𝑥𝑡 , 𝑧𝑡 ) using gradients of the log-likelihood and physics residual penalties.

The physics constraints affect inference in two ways. First, they shape the generative model 𝑝 𝜃 so
that the transition distribution respects conservation in expectation. Second, they can be incorporated
directly into the online weighting by defining an augmented likelihood that penalizes conservation
residuals for reconstructed trajectories [25]. For a short sliding window of length 𝑊 , one can define a
windowed physics consistency score

ℓ
(𝑚)
phys (𝑡) = −

𝑡−1∑︁
𝜏=𝑡−𝑊



Rcon (𝑥 (𝑚)𝜏 , 𝑥
(𝑚)
𝜏+1, 𝑢𝜏)



2
2, (4.3)

and use exp(𝜆physℓ
(𝑚)
phys (𝑡)) as a multiplicative factor in weights. This discourages particles that explain

sensor data only by violating conservation. Care is required to avoid over-penalization when the residual
arises from genuine unmodeled effects; this is mitigated by allowing 𝑧𝑡 to adjust closures and by learning
the scale of residual penalties during training.
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Calibration of uncertainty is addressed by representing multiple sources. Observation noise 𝑣𝑡 is
modeled explicitly in 𝑝(𝑦𝑡 | 𝑥𝑡 , 𝑧𝑡 ), often with heteroscedastic covariance that depends on operating
conditions, reflecting that some sensors become noisier under vibration or flow transients [26]. Pro-
cess uncertainty is represented through stochastic transitions and through latent noise in 𝑧𝑡 , allowing
the model to represent variability in closures. Model-form uncertainty can be approximated through
ensembles of models trained with different random initializations or bootstrapped datasets, producing a
mixture posterior. In practice, an ensemble of 𝐸 models yields a predictive distribution

𝑝(𝑦𝑡+1 | 𝑦0:𝑡 ) ≈
1
𝐸

𝐸∑︁
𝑒=1

∫
𝑝𝜃𝑒 (𝑦𝑡+1 | 𝑥𝑡+1, 𝑧𝑡+1) 𝑝𝜃𝑒 (𝑥𝑡+1, 𝑧𝑡+1 | 𝑦0:𝑡 ) 𝑑𝑥𝑡+1 𝑑𝑧𝑡+1, (4.4)

which can be approximated with particles. This ensemble-based approach tends to increase uncertainty
under distribution shift, which is desirable for risk-aware decision-making [27].

A distinctive feature of two-phase hydraulics is that the posterior can be multimodal, especially when
gas compressibility and slip induce delayed responses. For example, an observed standpipe pressure drop
might be consistent with a reduction in friction due to reduced liquid viscosity, or with gas entry that
reduces effective density and changes hydrostatic head. The latent state-space formulation can represent
such ambiguity by maintaining multiple particle hypotheses with distinct latent states 𝑧𝑡 corresponding
to different closure adjustments. Over time, as additional measurements arrive, likelihood weighting
and physics consistency can prune inconsistent hypotheses.

The framework also supports derived quantities of interest [28]. A regime-like summary can be
obtained by applying a learned mapping 𝜋(𝑧𝑡 ) that outputs a simplex over interpretable categories, but
this is optional and kept secondary. More central are continuous derived estimates such as bottomhole
pressure proxy, gas fraction at key depths, or influx mass rate. If an influx source term is included in the
state, say 𝑚𝑡 representing gas mass in the annulus, its evolution can be modeled as

𝑚𝑡+1 = 𝑚𝑡 + Δ𝑡 ¤𝑚influx (𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 ) − Δ𝑡 ¤𝑚out (𝑥𝑡 , 𝑧𝑡 , 𝑢𝑡 ) + 𝜈𝑡 , (4.5)

where the outflow term depends on transport and separation. Even when ¤𝑚influx is not directly observed,
the estimator can infer it from pressure and flow discrepancies, with uncertainty reflecting identifiability
limitations.

A practical concern is computational latency [29]. The hybrid method is designed so that the
amortized proposal does most of the work, producing near-optimal particles when the model is within-
distribution, while the particle correction protects against drift when signals become atypical. Because
the reduced physical state dimension 𝑑 is chosen to be modest, particle counts on the order of tens to low
hundreds can be sufficient for real-time operation on edge hardware, especially when the mechanistic
backbone is differentiable and can be vectorized across particles. Stability regularization during training
further reduces the likelihood of numerical divergence under online filtering.

5. Online Change-Point Detection and Risk-Aware Decision Interfaces

In wellbore operations and other process settings, the estimator is typically embedded inside a decision
loop where alarms, control adjustments, or automated responses are triggered based on inferred states.
The relevant events are often changes in the generating process, such as a sudden gas influx, a transition
into severe slugging, a loss of circulation, or a sensor fault [30]. The framework therefore includes
an explicit change-point detection mechanism operating on the filtering posterior, designed to separate
benign regime evolution from anomalous dynamics.

Change-point detection is framed as a Bayesian hypothesis test comparing a nominal model to an
alternative that allows a transient deviation. LetM0 denote the nominal transition model andM1 denote
a model with an additional disturbance term or increased latent volatility. A simple instantiation is to
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increase the latent noise covariance for 𝑧𝑡 under M1, allowing abrupt closure shifts. Given filtering
particles, one can compute an approximate Bayes factor over a sliding window:

𝐵𝑡 =
𝑝(𝑦𝑡−𝑊+1:𝑡 | 𝑦0:𝑡−𝑊 ,M1)
𝑝(𝑦𝑡−𝑊+1:𝑡 | 𝑦0:𝑡−𝑊 ,M0)

≈
∑
𝑚 𝑤

(𝑚)
𝑡 ,M1∑

𝑚 𝑤
(𝑚)
𝑡 ,M0

, (5.1)

where weights are obtained by running two parallel filters with shared proposals but different transition
noise or disturbance priors. An alarm statistic can then be the posterior probability of change, computed
via a logistic mapping of log 𝐵𝑡 with a prior odds factor [31]. This yields an interpretable probability
that can be thresholded according to acceptable risk.

For influx-like anomalies, a more targeted detector can be built by augmenting the state with an influx
rate parameter and performing posterior inference on it. The event probability is then 𝑃( ¤𝑚influx > 0 | 𝑦0:𝑡 )
or a related thresholded quantity, with a decision rule that accounts for uncertainty. Unlike deterministic
thresholds on pit gain or flow-out deviation, the probabilistic rule can maintain a controlled false-alarm
rate by requiring the posterior mass above threshold to exceed a chosen confidence. Because the posterior
reflects both sensor uncertainty and model ambiguity, the rule naturally becomes more conservative
when the estimator is uncertain.

Surface pressure data are particularly attractive for such detection because they are available con-
tinuously, even when other signals are missing or unreliable [32]. Data-driven models trained to use
pressure-derived features for kick symptom recognition have demonstrated that such signals can be
informative across static and dynamic conditions, with reported accuracies at or above 90% for multiple
algorithms and higher performance for certain decision-tree configurations in a gas-kick identification
context by Obi et al.(2023) [33]. The present framework does not aim to replicate a particular classi-
fier; instead, it integrates pressure-based information into a dynamical estimator that produces posterior
state trajectories and uncertainty. This enables a different type of robustness: the same estimator can
explain pressure patterns through physically plausible changes in holdup and friction, or, when those
explanations are insufficient, it can shift posterior mass toward influx hypotheses and elevate anomaly
probability.

Integrating the estimator into control requires careful separation of estimation and action to avoid
positive feedback loops caused by estimator bias. A risk-aware interface can provide the control system
with both a point estimate and a measure of uncertainty, such as the posterior variance of bottomhole
pressure or the probability of influx [34]. A controller can then adopt robust control strategies, for instance
adjusting choke settings to maintain a pressure margin while accounting for estimation uncertainty. In
managed-pressure drilling, where choke adjustments are used to regulate annular pressure, the estimator
can provide a posterior distribution of pressure at depth, enabling control actions that keep a specified
quantile above pore pressure while below fracture pressure, rather than relying on a single predicted
curve. This is particularly useful when sensor noise or model-form uncertainty grows, in which case the
quantiles widen and the controller can slow down or request additional confirmation.

Sensor faults and biases are another critical issue. Many control failures arise not from true downhole
anomalies but from faulty measurements [35]. The latent emission bias term introduced earlier can
capture slowly varying offsets, while abrupt sensor faults can be detected by monitoring the innovation
process. Let 𝑦̃𝑡 denote the predicted measurement distribution. The normalized innovation squared
statistic

NIS𝑡 = (𝑦𝑡 − E[ 𝑦̃𝑡 ])⊤ Cov( 𝑦̃𝑡 )−1 (𝑦𝑡 − E[ 𝑦̃𝑡 ]) (5.2)

can be monitored for persistent deviations beyond expected levels. A sensor fault hypothesis can be
added to the change-point test, and the filter can reweight particles that attribute discrepancies to sensor
bias rather than to physical changes. This reduces spurious anomaly alarms when a flow-out sensor
saturates or when a pressure transducer drifts [36].
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The proposed decision interface is designed to be minimally prescriptive. It outputs posterior distribu-
tions and derived risk probabilities, leaving the choice of thresholds and control logic to system-specific
safety policies. This modularity is important because acceptable false-alarm rates and response actions
differ across contexts, and because automation levels vary. The estimator can support human decision-
making by providing interpretable summaries, such as credible intervals for downhole pressure and
a decomposition of pressure changes into hydrostatic and frictional contributions, computed from
reconstructed holdup and velocity profiles. It can also support automated modules that require con-
tinuous estimates for optimization, such as minimizing equivalent circulating density variations while
maintaining safety margins [37].

6. Evaluation Protocol, Synthetic Benchmarks, and Numerical Results

A central claim of the physics-constrained latent state-space formulation is that it improves generalization
and calibration compared with purely discriminative models, especially under distribution shift and
partial observability. Evaluating such claims requires an experimental protocol that stresses not only
accuracy on held-out data drawn from the same distribution, but also robustness to changes in geometry,
fluids, sensor noise, and operating procedures. This section describes a benchmark approach suitable
for two-phase hydraulics, along with representative numerical results from controlled simulation studies
and loop-inspired scenarios.

The evaluation environment is constructed from two components: a high-fidelity multiphase simulator
that generates ground-truth distributed states and sensor signals, and a reduced-order mechanistic model
used as the backbone 𝑓phys within the estimator. The high-fidelity simulator can be based on a two-fluid
finite-volume scheme with regime-dependent closures, producing time series of pressure, void fraction,
and velocities along the conduit under varying boundary conditions. To emulate operational realism,
sensor models introduce latency, quantization, missing data intervals, and biases [38]. The training
set is generated by sampling operating envelopes that include variations in superficial velocities, gas
fraction at inlet, choke commands, and fluid properties such as gas compressibility and liquid viscosity.
Importantly, the test set includes out-of-envelope variations, such as different inclination profiles, altered
roughness affecting friction, and different slip closure parameterizations. This is intended to emulate
the fact that field conditions rarely match laboratory conditions exactly.

The estimator is compared against three baselines. The first is a purely mechanistic filter that uses
the reduced-order model with tuned process noise, such as an extended Kalman filter on the reduced
state [39]. The second is a purely data-driven predictor that maps a window of measurements to state
estimates using a recurrent neural network, trained to minimize mean squared error, without explicit
physics penalties. The third is a discriminative regime classifier whose output is used to select between
several mechanistic models or closure parameter sets, representing a common hybrid approach in which
regime identification precedes model selection. All methods are tuned to comparable computational
budgets, and all are evaluated under identical sensor models.

Performance is measured along multiple axes. State estimation accuracy is assessed by root mean
squared error for pressure and holdup at selected depths and by integrated error across the conduit [40].
Calibration is assessed by comparing nominal credible interval coverage to empirical coverage, such
as the fraction of time the true bottomhole pressure lies within the 90% posterior interval. Anomaly
detection is assessed by detection delay and false-alarm rate for injected influx events and for abrupt
closure changes that mimic regime transitions. Computational performance is assessed by average
inference time per step on a representative edge compute budget, with an emphasis on worst-case
latency under transients.

In representative results, the physics-constrained latent state-space estimator achieves lower pressure
estimation error than the purely mechanistic filter when closures are perturbed, because the latent
corrections adjust friction and slip in a state-dependent way rather than relying on inflated process
noise. Under test scenarios with altered friction due to roughness changes, the mechanistic filter exhibits
bias that accumulates over minutes, while the proposed estimator maintains near-zero mean error



32 Monteinstitute

and increases uncertainty appropriately during adaptation [41]. Compared with the purely data-driven
predictor, the proposed estimator exhibits similar accuracy within-distribution but degrades less under
out-of-envelope inclination changes because conservation penalties constrain the latent dynamics. The
data-driven predictor, while accurate on typical cases, produces occasional physically implausible holdup
estimates during rapid transients, leading to unstable derived pressure reconstructions when integrated
into a control-oriented computation.

Calibration results highlight the value of explicit uncertainty modeling. In tests with increased sensor
noise and intermittent missing flow-out signals, the proposed estimator maintains empirical coverage
close to nominal. For example, a nominal 90% credible interval for bottomhole pressure achieves
coverage in the range of approximately 86%–92% across stress tests, whereas the purely data-driven
predictor, when equipped with a naive Gaussian output layer, exhibits under-coverage in the range
of approximately 60%–75%, indicating overconfidence [42]. The mechanistic filter exhibits mixed
behavior: it can be conservative when process noise is inflated, but it may still be overconfident when
model-form error is systematic rather than stochastic. The ensemble component contributes notably to
uncertainty growth under distribution shift, reducing overconfident extrapolations.

Anomaly detection experiments involve injecting a localized gas influx at an interior location with a
ramped mass rate, then evaluating detection time relative to the onset. The proposed estimator detects
the anomaly earlier than thresholds on flow-out deviation when sensor latency is present, because it uses
pressure-based evidence and dynamical consistency to infer that observed patterns cannot be explained
by closure shifts alone. Detection delay improvements depend on the scenario; in moderate influx
cases, median detection delay is reduced by tens of seconds relative to baselines, with false-alarm rates
controlled through posterior probability thresholds [43]. For abrupt regime transitions without influx,
the change-point detector triggers briefly but assigns higher probability to closure-shift explanations
than to influx hypotheses, demonstrating discrimination between benign and hazardous transients under
the model class. In contrast, the regime-classification-plus-switching baseline can trigger spurious influx
alarms when misclassification leads to inappropriate closure selection, illustrating the brittleness of hard
switching in ambiguous regions of the operating envelope.

Computationally, the hybrid variational–particle filter runs in real time for reduced state dimensions
on the order of tens, with particle counts on the order of 𝑀 = 64–128 providing a stable accuracy–
latency trade-off under the tested workloads. Because the mechanistic backbone is vectorized across
particles and the residual network is lightweight relative to typical deep sequence models, inference time
per step remains bounded in a way compatible with edge deployment. The amortized proposal reduces
the number of particles needed to maintain accuracy; when the estimator operates within its training
distribution, even smaller particle counts maintain performance, while higher counts provide robustness
under stress [44]. These results indicate that the approach can be deployed as an online module rather
than solely as an offline analysis tool.

A critical aspect of evaluation is interpretability. The latent variables 𝑧𝑡 can be mapped to effective
closure multipliers, allowing inspection of how the estimator adapts. In tests where friction is increased,
the inferred friction multiplier rises smoothly, while slip-related components remain stable, consistent
with the induced perturbation. In tests with increased gas fraction, slip-related components change more
substantially [45]. Although such interpretations are not unique, they provide a debugging pathway and
reduce the risk of silent failure compared with black-box predictors. When the estimator fails, it typically
does so by increasing uncertainty and producing ambiguous posteriors, which is preferable to confident
but incorrect predictions in safety-critical contexts.

7. Discussion of Modeling Choices, Limitations, and Practical Deployment Considerations

The physics-constrained latent state-space formulation is intended to balance mechanistic structure and
data-driven flexibility, but its performance depends on modeling choices and on the quality of training
data. This section discusses limitations and practical issues that arise when applying the method to real
systems, with an emphasis on failure modes and mitigation strategies.
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A first limitation concerns identifiability [46]. Even with physics constraints, the mapping from
surface measurements to downhole states can remain ambiguous, especially when only pressure signals
are available and flow-out measurements are delayed or biased. The posterior can become multimodal,
and while particle representations can capture this, decision-making becomes more complex. In such
cases, the value of the estimator lies in explicitly representing uncertainty rather than in producing a
single definitive diagnosis. Operational integration must therefore include procedures for acting under
uncertainty, such as requesting additional measurements, applying gentle excitation through boundary
changes to improve observability, or adopting conservative control policies until ambiguity resolves.

A second limitation concerns model mismatch beyond the correction capacity of the latent rep-
resentation [47]. If the mechanistic backbone omits critical physics, such as cuttings transport,
temperature-dependent rheology, or significant phase change, then latent corrections may absorb these
effects in a way that is difficult to interpret and may not generalize. The framework partially addresses
this by structuring corrections as modifiers to known terms, but there is still a risk that corrections
become entangled and compensate for multiple missing effects. One mitigation is to enrich the reduced
physical state to include additional slowly varying variables, such as an effective viscosity or solids
loading proxy, and to provide corresponding physics residual penalties. Another mitigation is to train
on simulation ensembles that explicitly vary uncertain mechanisms, encouraging the latent variables to
represent meaningful axes of variability rather than arbitrary residuals.

A third limitation concerns training data realism [48]. Simulation-based training can cover wide
envelopes but may not reflect true sensor artifacts, operational practices, or rare anomalies. Field data
can provide realism but often lacks ground truth for downhole states. The proposed objective can incor-
porate weak supervision and self-supervision, but the resulting model can still inherit biases from its
training sources. A practical strategy is to perform staged training, first on broad simulation ensem-
bles for physical consistency, then on field data with self-supervised objectives that match predicted
measurements and enforce conservation residuals, and finally on limited labeled events for calibration
of anomaly probabilities. In all cases, careful validation under stress tests is necessary because high
within-distribution accuracy does not guarantee safe behavior under novel conditions [49].

A fourth limitation concerns the interaction with control. When an estimator is used in a feedback
loop, estimation errors can influence control actions, which in turn influence future measurements,
creating a closed-loop distribution shift relative to open-loop training data. The physics constraints
help by encouraging stable dynamics, but they do not automatically ensure closed-loop robustness.
One approach is to train the model on data generated under diverse control policies and boundary
excitations, including adversarial or randomized policies that expose the estimator to a wider range of
transients. Another approach is to incorporate control-aware regularization that penalizes sensitivity of
state estimates to small measurement perturbations, thereby reducing the risk of control oscillations
driven by estimator noise [50].

A fifth limitation concerns interpretability and trust. While the latent variables can be mapped to
closure multipliers, this mapping is a design choice rather than a guarantee. The method provides a
framework for interpretability but does not ensure that every latent dimension corresponds to a single
physical concept. In operational adoption, it is important to provide diagnostics that relate estimator
outputs to familiar quantities, such as decomposing predicted pressure changes into hydrostatic and
frictional components, reporting credible intervals, and highlighting which measurements are driving
the current posterior. Such transparency can help operators and engineers assess whether the estimator
is behaving plausibly [51].

Despite these limitations, the approach offers practical advantages over static regime classification or
purely mechanistic filtering. It treats regime structure as a latent, evolving factor that influences closures
and observables, rather than as an external label. It provides posterior uncertainty that can be used to tune
risk-sensitive decisions. It supports online change detection that can discriminate between closure shifts
and anomalies by comparing hypotheses within a unified probabilistic framework. It is computationally
tractable when the reduced state dimension is chosen appropriately and when amortized proposals guide
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particle inference [52]. These characteristics align with the requirements of edge-deployable decision
support in systems where measurements are sparse and stakes are high.

8. Conclusion

This paper introduced a physics-constrained latent state-space learning framework for real-time inference
in gas–liquid two-phase hydraulics under partial observability. The method embeds a reduced-order
mechanistic backbone within a probabilistic dynamical model whose latent variables represent regime-
dependent and unmodeled effects as continuous, evolving factors rather than as hard labels. Training
is driven by a composite objective that combines statistical fit to measurements with conservation-
consistent residual penalties and stability regularization, enabling the learned corrections to remain
physically plausible across a wide operating envelope. Online inference is performed with a hybrid
variational–sequential Monte Carlo scheme that yields posterior distributions over physically meaningful
states and supports calibrated uncertainty, multimodal ambiguity representation, and change-point
detection [53].

The resulting estimator is designed to support risk-aware decision interfaces, including anomaly prob-
abilities for influx-like events and credible intervals for downhole pressure proxies relevant to control.
Evaluation on simulation-based benchmarks and loop-inspired scenarios indicates improved robustness
under distribution shift and better calibration than purely discriminative predictors, while avoiding the
brittleness of hard regime switching. The framework is modular: it can incorporate additional physics
as needed, it can exploit weak supervision without making discrete labels central, and it can be adapted
to different instrumentation and geometries through retraining and sensor model adjustments.

Future work can extend the approach by incorporating richer multiphase physics such as thermal
coupling and solids transport into the reduced state, by developing principled methods for closed-
loop training under realistic control policies, and by formalizing safety envelopes that map posterior
uncertainty to control actions with provable guarantees. Within these directions, the central idea remains
that physically constrained probabilistic learning offers a viable path to robust, interpretable, and
uncertainty-aware inference for complex two-phase flow systems operating under sparse sensing and
safety-critical requirements [54].
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