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Abstract
Drilling operations that rely on managed pressure drilling increasingly depend on rapid interpretation of surface measurements while maintaining
tight safety margins. The difficulty is amplified by persistent actuation at the choke and pumps, which induces transients that can resemble influx
signatures, and by limited downhole observability that forces decisions to be made under structural ambiguity. In oil-based and synthetic-based
fluids, gas can partially dissolve and induce swelling of the circulating liquid, shifting the relationship among pit-volume trends, pressures, and
actual free-gas inventory in the annulus. This paper develops a factor-graph state estimation and decision layer that explicitly represents dissolution
and swelling as latent thermodynamics-constrained states, while accommodating intermittent telemetry and sensor outages. The technical
contribution is a sparse smoothing formulation that couples one-dimensional annular hydraulics summaries with a bounded thermodynamic
partition model, encoded as inequality-constrained factors and thermodynamic-consistency priors, enabling stable inference when measurements
are sparse, biased, and temporally correlated. A hybrid variational–Laplace inference scheme is derived to preserve positivity and phase-fraction
bounds without nonphysical clipping, and an event-triggered telemetry policy is co-designed to maximize expected information gain subject to
bandwidth constraints. The approach yields posterior distributions for free and dissolved gas inventories and for safety-relevant outputs, and it
produces diagnostics that distinguish swelling-consistent pit gain from free-gas-driven compressibility signatures using posterior geometry rather
than heuristic thresholds. Numerical experiments demonstrate improved ambiguity resolution under realistic actuation, closure uncertainty, and
bias drift, with inference remaining stable under long telemetry gaps.

1. Introduction
Early detection and characterization of gas influx is an estima-
tion problem embedded in a control loop (1). Under managed
pressure drilling, surface backpressure and flow regulation re-
duce the amplitude of excursions but increase the complexity
of signal interpretation, because deliberate actuation introduces
structured transients and because the mapping from downhole
states to surface observables changes with both control and
state. The operational environment therefore exhibits three fea-
tures that are difficult to reconcile with classic threshold logic:
nonstationary inputs, partial observability of distributed states,
and strong coupling between unobserved thermodynamic parti-
tioning and observed volumetric signals. When these features
interact, an algorithm that excels in steady hydraulics can fail in
transient regimes, and an algorithm tuned for one fluid system
can misinterpret another because dissolution and swelling alter
the effective constitutive behavior of the circulating system.

A central ambiguity arises from the existence of multiple
internal explanations for similar surface patterns. Pit gain
is frequently treated as a signature of free gas entering the
wellbore, yet pit gain is a volumetric observation that can be
influenced by density changes, compressible storage, instrument
bias, and swelling. Under oil-based and synthetic-based fluids,

dissolution can absorb part of the invading gas mass into the
liquid and thereby increase the liquid volume through swelling
while delaying free-gas dominance (2). In such conditions,
early pit gain can be real and operationally important while
still being weakly informative about near-term surface free-gas
handling. A decision layer that conflates pit gain with free-gas
holdup can therefore overpredict immediate surface risk and
underpredict alternative constraints such as pit capacity and
density-driven pressure margins.

The present paper argues that this ambiguity is best ad-
dressed as a structured smoothing problem rather than as a
sequence of independent residual tests. The smoothing view-
point treats all measurements, controls, and latent states over
a horizon as a joint probabilistic object. It becomes possible
to represent not only the forward dynamics but also thermody-
namic relationships as constraints in the probabilistic model,
and it becomes possible to fuse intermittent telemetry without
relying on ad hoc resets. This is operationally relevant because
downhole telemetry is often intermittent, delayed, or absent
during critical windows, and because the estimation problem
must remain numerically stable through those gaps (3). A
factor-graph formulation is particularly suited to this setting be-
cause it naturally accommodates asynchronous sensors, delayed
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Figure 1. End-to-end diagnosis stack under intermittent observability. Surface measurements and structured actuation are fused by
a sparse factor-graph smoother whose state explicitly partitions free and dissolved gas and enforces bounded swelling behavior. A hybrid
variational–Laplace layer yields physically admissible posteriors used for regime-sensitive diagnostics and an event-triggered telemetry policy that
prioritizes packets when ambiguity is high.

Table 1. Key latent state variables in the reduced annular representation used for factor-graph smoothing.

Symbol Description Units / scale
pt ∈ Rnp Pressure nodes along

the annulus
MPa, bar

qt Mixture volumetric flow
proxy

m3/s

Mgt Integrated free-gas
mass in annulus

kg

Md t Integrated dissolved-
gas mass in liquid

kg

αst Near-surface free-gas
proxy

0–1 (fraction)

χd t = MdMl Normalized dissolved
fraction

0–1 (fraction)

Mlt Effective liquid mass
over horizon

kg

factors, and heterogeneous uncertainty models, while exploiting
sparsity to remain computationally tractable.

Thermodynamic closure is not introduced here as a stan-
dalone contribution, but as a necessary ingredient for a latent-
state model that can separate swelling-driven and free-gas-
driven regimes. In this context, Manikonda et al. (2020) (4)
introduced an early thermodynamic modeling framework that
quantified how gas can dissolve into oil-based drilling fluids
during a kick and how that dissolution can be linked to vol-
umetric behavior relevant to operational interpretation. The
present work leverages that conceptual pathway by embedding
a bounded, thermodynamics-consistent partition state into the
estimator, not to reproduce a full equation-of-state solver online,
but to enforce the qualitative and quantitative constraints that
make swelling a plausible explanation for observed signals.

A second limitation in real-time inference is uncertainty in
fluid properties and correlations (5). Gas density, viscosity, and
other properties influence hydrostatic gradients and frictional
losses, and small systematic errors in these properties can

lead a state estimator to compensate by biasing inferred influx
rates or by distorting inferred holdup distributions. This is
particularly problematic when the estimator is tuned to fit
pressure data tightly, because pressure is both safety critical and
highly sensitive to closure mismatch when integrated over long
annular lengths. Empirical assessments indicate that correlation
errors at the few-percent level can persist even for comparatively
accurate models in high-temperature and high-pressure regimes
(6). Such error levels are small enough to be ignored in static
calculations yet large enough to perturb transient inference and
to cause spurious confidence if not represented as uncertainty
in the model.

The thesis of the paper is that a factor-graph smoother with
thermodynamics-consistent latent variables and explicit bias
states can provide a stable and interpretable diagnosis layer for
dissolution-buffered kicks under intermittent telemetry. The
technical contribution is a computationally tractable inference
method that (i) represents free and dissolved gas inventories
as separate but coupled latent states, (ii) enforces physically
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Figure 2. Latent partitioning and swelling pathway used to resolve pit-gain ambiguity. The estimator separates free-gas mass Mg from
dissolved mass Md and constrains dissolved fraction χd through bounded equilibrium trends and exchange kinetics priors. Swelling Bl modifies
effective density and volumetric return mapping, allowing pit-volume growth to be explained by dissolution-consistent swelling when pressure–flow
compressibility cues do not support free-gas dominance.

meaningful bounds and monotone thermodynamic consistency
through constrained factors, (iii) accommodates asynchronous
and intermittent measurements through factor scheduling and
robust likelihoods, and (iv) co-designs telemetry triggering
with the smoother to maximize expected information gain
about safety-relevant latent quantities (7). The contribution is
independent of any specific commercial hydraulics simulator;
the estimator is designed around structural constraints and sparse
inference rather than around high-fidelity forward modeling.

The remainder of the paper proceeds as follows. The next
section introduces a reduced but physically anchored state
representation for annular hydraulics and partitioned gas in-
ventory, along with the measurement model and uncertainty
structure needed for smoothing. The following section for-
mulates the factor graph and derives the sparse optimization
problem corresponding to maximum a posteriori estimation,
highlighting how thermodynamic constraints and inequality
bounds are encoded as factors. The next section develops
inference algorithms, including a hybrid variational–Laplace
approach that preserves bounds without clipping and yields
calibrated uncertainty. The subsequent section introduces an
event-triggered telemetry policy that is optimized with respect
to expected posterior contraction and that integrates naturally
with the factor-graph structure (8). The final technical section
reports numerical experiments and ablation analyses, and the
paper concludes with implications, limitations, and extensions.

2. Reduced State Representation with Partitioned Gas In-
ventory and Measurement Uncertainty
A full annular multiphase model with detailed slip, cuttings
transport, and thermal coupling is rarely identifiable from
surface measurements alone, and it can be too expensive for
repeated optimization inside a smoother. The objective here
is therefore not to maximize forward fidelity, but to select a
state that captures the couplings that dominate the measured sig-
nals and the safety-relevant quantities under managed pressure
operation. The state must be expressive enough to represent
dissolution buffering and swelling, and it must be compatible
with sparse inference across time.

The annulus is represented by a one-dimensional coordinate
z ∈ 0,L with a coarse spatial summarization. Pressure is
represented by a vector of node values pt ∈ Rnp at selected
depths, chosen to capture hydrostatic structure and dominant
frictional segments. Flow is represented by a mixture volumetric
flow proxy qt and a compressible storage proxy that captures the
time constant of pressure response under boundary actuation
(9). Gas inventory is partitioned into a free component and a
dissolved component, represented by coarse inventories rather
than detailed distributions. Specifically, define Mgt as an
integrated free-gas mass in the annulus and Mdt as an integrated
dissolved-gas mass carried by the liquid. A near-surface free-
gas proxy αst is included to represent surface handling risk and
to capture the fact that surface gas rate depends not only on
total free-gas mass but also on its distribution.

The dissolved inventory influences the system through
swelling. Swelling modifies effective liquid density and specific
volume, thereby changing hydrostatic head and the mapping
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Figure 3. Hybrid variational–Laplace inference for bound-preserving uncertainty. Nonlinear factors are linearized locally while constrained
variables are represented in unconstrained coordinates to keep posteriors physically admissible. Robust scale-mixture weights mitigate outliers,
and adaptive inflation protects against closure mismatch. A Laplace-style curvature extraction via sparse Hessian and Cholesky yields efficient
marginal uncertainty for safety-relevant outputs.

between mass flow and volumetric return. Rather than attempt
to model detailed composition, the estimator treats swelling as
a bounded function of a normalized dissolved fraction χdt =
MdtMlt, where Mlt is an effective liquid mass that is slowly
varying over the horizon (10). The swelling factor Blχd , p,T
is represented by a smooth bounded parametric form whose
parameters are treated as uncertain. This representation allows
the estimator to attribute observed pit gain to swelling when
consistent with other signals, without forcing swelling to explain
patterns that are more consistent with free gas or with instrument
bias.

The dynamics couple pressure, flow, and inventories. Pres-
sure evolution is governed by compressible storage and by
balance between inlet and outlet boundary conditions, hydro-
static gradients, and friction. A low-order dynamics can be
expressed as a network-like model where each pressure node
has a storage coefficient and each segment has a resistive el-
ement. The resistive elements depend on friction parameters
and on mixture density and viscosity (11). The mixture density
depends on free-gas proxy and on swollen liquid density. This
yields a nonlinear but smooth dynamics for pt and qt that can
reproduce the dominant transient shapes induced by choke
actuation and pump ramps.

The inventory dynamics represent influx, migration, and
dissolution exchange at the coarse level. Influx is represented as
an uncertain source Mint parameterized by onset time and mag-
nitude, with a low-dimensional shape to preserve identifiability.
Free gas outflow is represented by a function of near-surface
free-gas proxy and flow. Dissolution exchange is represented
as relaxation toward equilibrium, with equilibrium dissolved

inventory depending on pressure and temperature proxies. The
equilibrium map is treated as bounded and monotone in pres-
sure, reflecting the tendency for higher pressure to increase
solubility in relevant regimes (12). The kinetic rate is treated as
uncertain within plausible bounds and is estimated only when
data supports it.

The measurement model maps the latent state to observed
surface signals. Surface casing pressure is linked to the top
pressure node. Standpipe pressure is linked to friction and flow
at the inlet. Flow-in and flow-out are linked to qt, with flow-
out also influenced by compressible storage and by swelling-
modified volumetric return. Pit volume is linked to the time
integral of flow imbalance and to swelling effects because
swelling changes the volumetric return for a given mass return
(13). Pit measurement is subject to bias and drift, modeled
explicitly as a bias state with slow dynamics. Similarly, flow
meters may have multiplicative scale factors, also represented
as uncertain or slowly varying.

A key choice is to model measurement noise as temporally
correlated rather than independent. Surface signals in drilling
are filtered and often display colored noise due to pump pulsa-
tions, choke oscillations, and sensor filtering. If the estimator
assumes independent noise, it will overcount information and
yield overconfident posteriors. The factor-graph formulation
allows correlated noise to be modeled by augmenting the state
with noise processes or by introducing factors that connect
consecutive measurement residuals (14). Bias drift is repre-
sented explicitly, and short-term colored noise is represented
by low-order autoregressive residual factors.

Uncertainty in closure parameters is represented by uncer-
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Figure 4. Event-triggered telemetry scheduling on the factor graph. The smoother exposes a posterior covariance structure that supports
lightweight estimates of expected uncertainty contraction for safety-relevant targets. Candidate measurement packets are evaluated under
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tain parameters θ that enter friction, compressibility storage,
swelling response, and equilibrium dissolution maps. Because
the estimator operates under partial observability, not all closure
parameters are identifiable, and attempting to estimate them all
can degrade performance. The framework therefore partitions
parameters into an estimated subset and a nuisance subset. The
estimated subset includes the most influential bias terms and
one or two dominant friction multipliers, while the nuisance
subset is represented by prior uncertainty that is propagated into
posterior uncertainty of outputs. This prevents the smoother
from absorbing all mismatch into influx or dissolution states
(15).

The reduced state representation is not claimed to be unique.
Its purpose is to provide a basis for sparse inference that can
encode thermodynamic consistency and yield robust estimates
under intermittent telemetry. The next section introduces the
factor graph that encodes dynamics, measurements, thermody-
namic constraints, and bounds in a unified probabilistic model.

3. Factor-Graph Formulation with Inequality-Constrained
Thermodynamic Factors
A factor graph represents a joint distribution over variables
as a product of factors, each factor encoding a probabilistic
relationship among a subset of variables. For smoothing,
variables correspond to states at each time step, parameters, and
bias states, while factors correspond to dynamics, measurements,
priors, and constraints. The appeal of this representation is
twofold: it makes asynchronous sensor fusion natural, and it
exposes sparsity that can be exploited for efficient optimization
(16).

Let xk denote the latent state at time tk, containing pres-
sure nodes, flow proxy, inventories, and near-surface gas
proxy. Let βk denote bias states, such as pit bias and flow
scale drift. Let θ denote static or slowly varying parame-
ters. The complete variable set over a horizon of N steps is
X = {x0, . . . , xN ,β0, . . . ,βN , θ}. Measurements at time k are
denoted yk, with potentially missing components due to sensor
outages and with asynchronous timestamps handled by inserting
measurement nodes at the appropriate times.

The joint posterior is

pX | Y ∝ px0 pβ0 pθN−1

k=0
pxk1 | xk, θN−1

k=0
pβk1 | βk

k∈K
pyk | xk,βk, θ

(3.1)

where K indexes times with measurements. This factorization
already yields sparsity because each dynamics factor links
only consecutive states, and each measurement factor links
only the current state and bias (17). Thermodynamic and
bound constraints are introduced as additional factors that link
components within a state and parameters across time.

The dynamics factor pxk1 | xk, θ is derived from the re-
duced dynamics with additive noise representing unmodeled
disturbances and model reduction error. The covariance of
this noise is not assumed constant; it depends on operating
conditions, reflecting that model mismatch can be larger during
aggressive actuation or near phase appearance. This depen-
dence is encoded by allowing the process noise covariance to be
a function of xk and uk, with conservative bounds. The factor is
implemented as a Gaussian or robust Gaussian in the residual
xk1 − f xk, uk; θ.

Measurement factors map the state to observed signals.
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Because measurements can include outliers, robust likelihoods
are used, implemented by heavy-tailed residual models or
by scale-mixture representations. The factor-graph structure
permits this without losing sparsity by introducing latent scale
variables per measurement residual (18). Bias states enter
additively or multiplicatively as appropriate.

Thermodynamic consistency is encoded by factors that
relate dissolved inventory, pressure, and swelling. The core
relationship is that dissolved fraction tends toward an equilib-
rium map that is monotone in pressure and temperature, and
swelling is a bounded function of dissolved fraction and state.
In the factor graph, equilibrium is not enforced as an equality
at each time, because kinetics can be slow. Instead, a relaxation
residual is used,

rd,k = χd,k1 − χd,k − Δt κd
(
χ⋆
d pk,Tk − χd,k

)
(3.2)

with a factor penalizing rd,k according to uncertainty in kinetics
and in the equilibrium map. The equilibrium map itself is rep-
resented by a bounded parametric function, and its uncertainty
is encoded by a prior on its parameters (19). The factor is
designed to be smooth, enabling efficient optimization.

Inequality constraints are crucial because key variables are
bounded: dissolved fraction lies in 0, 1, free-gas proxy lies in
0, 1, densities are positive, and swelling factor is at least 1. Hard
constraints can be enforced by constrained optimization, but
that can be computationally burdensome in large smoothing
problems. The framework therefore uses barrier-like factors
that encode bounds probabilistically, avoiding hard projection.
For example, a sigmoid reparameterization is used for fractions,
representing χd = σηd andαs = σηs for unconstrained variables

ηd ,ηs. This ensures bounds by construction while keeping
factors smooth (20). For positivity constraints such as density,
logarithmic reparameterization is used. These transformations
are internal to the factor definitions and do not change the
factor-graph sparsity.

The swelling factor is linked to dissolved fraction via a
bounded parametric form. A representative relation is

Bl,k = 1 b1 χd,k b2 χ2d,k (3.3)

with constraints that keep Bl,k ≥ 1 across the range. The
coefficients b1, b2 are included in θ with priors and bounds.
Because swelling affects the mapping between mass and volume,
it enters measurement factors for pit and flow-out (21). This
creates a pathway by which pit signals can inform χd , but only
in combination with pressure and flow signals, which reduces
the risk that pit bias alone drives swelling estimates.

A key design objective is to separate explanations: bias
drift should be captured by bias variables, friction variability
by friction parameters, and dissolution by dissolved inventory
variables. Factor graphs support this separation by allowing
explicit priors and smoothness constraints on each variable class.
Bias variables have strong smoothness priors that represent slow
drift; friction multipliers have priors centered at nominal with
moderate variance; dissolved fraction dynamics have priors
shaped by kinetic uncertainty; and influx parameters have priors
reflecting plausibility and can be activated only when evidence
accumulates. The result is that the posterior tends to assign
deviations to the variable class that can explain them with the
least violation of priors, but because the factor graph is coupled,
this assignment is informed by multi-sensor consistency rather
than by single-channel residuals.



Table 2. Reduced annular hydraulics components that define the state space for inference under managed pressure drilling.

Component Representation Captures Notes
Pressure field Node vector pt Hydrostatic struc-

ture and major fric-
tion segments

Coarse depth grid,
tuned to well ge-
ometry

Flow Scalar proxy qt Net volumetric
through-flow

Linked to stand-
pipe, return-flow,
pit signals

Compressible stor-
age

Lumped storage
coefficients

Dynamic response
to boundary actua-
tion

Encodes effective
compliance of well-
bore and fluids

Free-gas inventory Mgt and αst Holdup and
surface-handling
risk

Sensitive to
compressibility-
driven signatures

Dissolved inven-
tory

Md t and χd t Dissolution buffer-
ing and swelling ef-
fects

Linked to pressure
and temperature
proxies

Swelling factor Blχd , p,T Density / specific-
volume modifica-
tion

Smooth bounded
parametric map
with uncertainty

The maximum a posteriori estimate corresponds to mini-
mizing the negative log posterior, yielding a sparse nonlinear
optimization (22). Writing residuals riX for each factor and
associated covariance or scale, the objective is

min
X i

1
2

∥riX∥2Wi robust penalties (3.4)

with Wi the inverse covariance weights. The sparsity pattern
in the Jacobian reflects the local factor connections, yielding
a banded or block-sparse structure that can be exploited by
sparse linear algebra in Gauss–Newton or Levenberg–Marquardt
iterations.

To incorporate intermittent telemetry, downhole measure-
ments are inserted as factors at their arrival times. Because the
graph is a smoother, delayed measurements can be inserted ret-
rospectively, and the estimate can be updated by relinearization
in a sliding window. This is operationally valuable because
telemetry can arrive late (23). The incremental update is effi-
cient because only a local part of the graph needs to be updated,
and sparsity ensures that complexity scales near-linearly in
window length for fixed state dimension.

The factor-graph formulation provides a structured optimiza-
tion, but stable and calibrated inference also requires uncertainty
quantification, not only point estimates. The next section de-
rives a hybrid inference strategy that combines constrained
variational approximations with Laplace corrections to produce
bounded, interpretable posterior uncertainty under inequality
constraints and robust residual models.

4. Hybrid Variational–Laplace Inference with Bound-Preserving
Posteriors
While maximum a posteriori estimates are useful for tracking,
safety decisioning requires uncertainty quantification, particu-
larly under intermittent telemetry where ambiguity can persist.

In factor graphs with Gaussian factors, one can approximate
the posterior as Gaussian around the MAP estimate using the
Laplace approximation. However, in the present setting, robust
likelihoods, inequality constraints, and nonlinear thermody-
namic factors produce non-Gaussian posteriors that can be
poorly approximated by a single Gaussian (24). At the same
time, fully nonparametric inference can be too expensive for
real time. The framework therefore adopts a hybrid strategy:
a structured variational approximation captures non-Gaussian
features and respects bounds, while a Laplace correction around
the variational mode provides local curvature information for
fast uncertainty propagation.

The variational approximation chooses a family qX and
minimizes KLq∥p subject to tractability. A common choice
is a mean-field factorization, but mean-field can be too crude
because strong correlations exist between pressure, flow, and
friction, and between dissolved fraction and pit bias. The chosen
variational family therefore uses a sparse Gaussian graphical
model in transformed coordinates, preserving correlations along
the time chain and among a subset of strongly coupled variables.
In effect, q is defined by a sparse precision matrix whose
sparsity follows the factor graph but with selected fill-in to
capture key couplings. This yields an approximation that
remains computationally manageable while avoiding the worst
underconfidence typical of mean-field (25).

Bound constraints are handled by reparameterization. For
bounded variables such as dissolved fraction and near-surface
gas proxy, unconstrained variables are used in the variational
family, and the physical variables are obtained by smooth
transforms. The variational distribution is defined in the uncon-
strained space, which is Gaussian, and the induced distribution
in physical space is non-Gaussian but bounded. This yields
physically admissible uncertainty intervals without clipping,
which is critical because clipping can systematically distort tail



Table 3. Schematic structure of the augmented state at time k, combining hydraulics, thermodynamic partitioning, bias, and uncertainty processes.

Block Variables at step k Dimension Role in diagnosis
Core hydraulics pk, qk np 1 Encodes pressure

distribution and
flow transients

Gas inventories Mg,k, Md,k, αs,k,
χd,k

3–4 Partitioned gas
mass and near-
surface risk proxy

Bias states Pit bias, flow scale,
pressure offsets

2–5 Represent drift and
calibration errors
in sensors

Closure parame-
ters

Friction multi-
pliers, swelling
coefficients, kinet-
ics

3–8 Capture dominant
model mismatch
directions

Noise processes Colored-noise
states, scale vari-
ables

3–6 Model temporal
correlation and
outlier robustness

probabilities and bias risk metrics.
Robust measurement factors are handled by introducing

latent scale variables. For example, a Student-t likelihood can be
represented as a Gaussian residual with an inverse-gamma scale
(26). In the variational approximation, these scale variables
can be integrated out approximately or maintained explicitly
with conjugate updates. Maintaining them explicitly allows the
posterior to downweight outliers in a data-driven way, reducing
the tendency of the estimator to explain glitches by implausible
state changes. The factor graph remains sparse because each
scale variable connects only to a single residual.

The variational update can be performed by coordinate as-
cent in blocks that correspond to time slices or variable groups,
using linearization for nonlinear factors. Because the dynamics
factors connect consecutive time slices, message passing inter-
pretations emerge. However, because of nonlinearity and robust
factors, exact message passing is intractable (27). The frame-
work uses iterative linearization and sparse solves, analogous
to iterated extended Kalman smoothing but with variational
reweighting and bound-preserving transforms. This yields
stable behavior under long telemetry gaps because the dynam-
ics factors propagate uncertainty forward, while measurement
factors contract it when data arrives.

After variational convergence, a Laplace correction is ap-
plied locally. The idea is to compute the Hessian of the negative
log posterior at the variational mean and to use it to extract a lo-
cal Gaussian approximation for selected marginals, particularly
those needed for downstream decisioning such as bottomhole
pressure, surface gas proxy, and inventories. This correction is
efficient because the Hessian inherits sparsity from the factor
graph. Sparse Cholesky factorization yields marginal variances
and selected covariances without full inversion (28). The cor-
rection also provides a diagnostic of identifiability: directions in
which the Hessian is ill-conditioned correspond to unidentifiable
combinations of influx, dissolution, and friction.

A crucial aspect is to avoid overconfidence due to model

mismatch. Even with robust likelihoods, the posterior can
become overly tight if process noise is underestimated. The
framework therefore incorporates adaptive covariance inflation
based on innovation statistics. When measurement residuals
remain systematically large relative to their modeled uncertainty,
process noise is increased locally, which expands posterior
uncertainty and prevents the estimator from forcing unrealistic
state trajectories. This inflation is not arbitrary; it is guided by
a consistency criterion that compares predicted and observed
residual covariance over a window (29).

The hybrid inference produces posterior distributions for
latent variables and parameters. These posteriors can be used
directly to compute risk measures such as probabilities of con-
straint violation. However, because the focus of this paper is
the estimation architecture rather than risk quantification per
se, the downstream use is framed as regime discrimination
and telemetry scheduling. Regime discrimination is performed
by examining posterior mass in the free-gas and dissolved-gas
inventories and by examining posterior correlations between
pit signals and dissolved fraction. When dissolved fraction
posterior increases while free-gas posterior remains bounded
and pressure signals remain consistent, the event is interpreted
as swelling-consistent. When free-gas posterior increases and
compressibility-sensitive residuals dominate, the event is inter-
preted as free-gas-consistent (30). This interpretation is not a
hard classification; it is a posterior diagnostic that can inform
operational response.

Telemetry scheduling is motivated by the observation that
uncertainty contraction is limited by information content. Under
intermittent telemetry, the estimator may remain ambiguous. If
a downhole telemetry packet is available but bandwidth-limited,
it is valuable to request the measurement when it will maximally
reduce uncertainty about critical latent variables. Because the
factor-graph inference yields a posterior covariance structure,
it can support an information gain calculation that drives an
event-triggered telemetry policy. This is developed in the next



Table 4. Representative factor types in the factor-graph formulation and their coupling to latent variables and parameters.

Factor type Symbolic form Neighboring vari-
ables

Primary purpose

Prior px0, pθ x0, θ Initialize trajectory
and closure uncer-
tainty

Dynamics pxk1 | xk, θ xk, xk1, θ Propagate state
under reduced
hydraulics model

Bias evolution pβk1 | βk βk, βk1 Impose slow drift
on sensor biases

Measurement pyk | xk,βk, θ xk, βk, θ Link latent state to
surface and down-
hole signals

Thermodynamic
relaxation

pχd,k1 | χd,k, pk,Tk χd,k, χd,k1, pk Encode pressure-
dependent dissolu-
tion kinetics

Bound / reparame-
terization

Implicit transforms Fractions, densi-
ties, Bl

Enforce positivity
and unit-interval
constraints

section (31).

5. Event-Triggered Telemetry and Measurement Scheduling
via Expected Posterior Contraction
Downhole telemetry is often bandwidth constrained and can
be intermittent due to tool limitations, formation properties,
or operational choices. Even when telemetry is available,
transmitting every measurement at full rate may be infeasible.
A digital twin that explicitly models latent dissolution and
swelling states benefits strongly from downhole pressure or
temperature telemetry, yet such telemetry may be sparse. This
motivates a scheduling problem: when should telemetry be
requested or prioritized, and which measurement should be
sent, to maximally reduce uncertainty about safety-relevant
quantities?

The proposed approach treats telemetry scheduling as a
decision problem on the factor graph. At each time step, the
estimator has a posterior distribution over the current state
and parameters, represented by a variational distribution and
local curvature (32). A candidate telemetry measurement cor-
responds to adding a prospective factor to the graph. The
expected reduction in uncertainty from adding that factor can
be approximated using linearized information measures. The
scheduling policy chooses to request telemetry when the ex-
pected benefit exceeds a threshold, subject to bandwidth and
operational constraints.

Let z denote a candidate measurement type, such as bottom-
hole pressure, an intermediate pressure node, or a temperature
proxy. The expected information gain can be approximated by
the reduction in entropy of a target subset of variables, such as
free-gas inventory and near-surface gas proxy. Under a local
Gaussian approximation, entropy is a function of covariance
(33). The reduction in entropy from adding a linear measure-

ment factor can be computed analytically from prior covariance
and measurement noise covariance. In the nonlinear setting, a
linearization around the current posterior mean is used. The
resulting information gain estimate is

ΔIz ≈ 1
2

log
detΣprior

detΣpostz
(5.1)

for the target subspace, where Σpostz is the posterior covariance
after incorporating the prospective measurement. This computa-
tion can be performed efficiently using Schur complements and
sparse linear algebra because only a small subset of variables is
targeted.

A practical scheduling policy must also account for the fact
that telemetry arrives with delay and may be unreliable. The
factor-graph representation accommodates delay by inserting the
measurement factor at the time the measurement corresponds
to, even if it arrives later (34). The scheduling decision is
then not purely immediate; it is a decision about expected
future contraction given that measurement will be available.
The estimator maintains a short-horizon prediction of how
uncertainty will evolve under dynamics factors, and it evaluates
information gain relative to that predicted uncertainty. This
encourages requesting telemetry when the estimator expects
ambiguity to grow, such as during aggressive actuation or
suspected influx onset.

The policy is also conditioned on risk relevance. If the
posterior suggests a high probability of approaching a pres-
sure window or surface handling constraint, telemetry that
reduces uncertainty in bottomhole pressure or gas inventory is
prioritized. If the posterior suggests a stable nominal regime,
telemetry can be deferred (35). This prioritization is imple-
mented by weighting the target subspace and by including a risk
proxy, such as the posterior probability that bottomhole pressure
will exceed a bound within a short horizon. The scheduling



Table 5. Qualitative comparison between swelling-buffered and free-gas-dominated influx regimes in terms of surface signatures and latent
posterior structure.

Diagnostic feature Swelling-buffered
kick

Free-gas-
dominated kick

Posterior-based
distinction

Early pit response Persistent pit gain
with modest pres-
sure distortion

Pit gain often co-
occurs with strong
compressibility ef-
fects

Pit gain correlated
with χd vs. Mg and
αs

Surface gas indica-
tors

Weak or delayed
surface gas signa-
tures

Rapid growth of
near-surface gas
proxy

Posterior mass
shifts in αs for
free-gas case

Pressure–flow cou-
pling

Changes consis-
tent with density /
swelling

Pronounced
compressibility-
driven transients

Geometry of
pressure–flow
residuals in latent
space

Telemetry value High value for
downhole pressure
to pin solubility

Useful but often
nonessential early

Difference in ex-
pected information
gain for pressure
packets

Operational impli-
cation

Early pit gain with
limited near-term
surface load

Stronger emphasis
on surface han-
dling and venting

Regime-tagging
based on joint in-
ventory posteriors

objective becomes a weighted information gain, reflecting both
uncertainty reduction and risk relevance.

Because the system is nonlinear and uncertainty can be
non-Gaussian, the linearized information gain is an approxima-
tion. The framework therefore uses a conservative scheduling
approach: it requests telemetry only when the estimated gain
is substantially above the threshold, and it uses posterior di-
agnostics to avoid oscillatory requesting. Additionally, the
robust likelihood framework can downweight telemetry outliers
if the telemetry packet is corrupted. This is important because
downhole telemetry can be noisy (36).

An event-triggered policy can be implemented without full
optimization. A simple policy is to request telemetry when
the predicted variance of a critical latent variable exceeds a
threshold, or when the correlation between pit gain and dissolved
fraction becomes highly uncertain. However, the factor-graph
approach enables more targeted policies that account for which
measurement type reduces which uncertainty direction. For
example, downhole pressure may reduce friction-dissolution
ambiguity, while downhole temperature may reduce equilibrium
dissolution ambiguity. The policy can therefore adapt to the
current posterior structure.

This scheduling layer is designed to be modular (37). It
does not require modification of the underlying estimator; it
uses the estimator’s covariance and Jacobian information. In
deployment, the policy could interface with existing telemetry
systems by issuing requests or by selecting among available
packet types. The decision logic can also incorporate opera-
tional constraints, such as not requesting additional telemetry
during known tool transitions.

Telemetry scheduling closes a loop between estimation and
sensing: the estimator guides which data to obtain, and the

obtained data contracts the posterior. This loop is particularly
valuable in dissolution-buffered regimes where early surface
signals are ambiguous. In such regimes, a small number of well-
chosen downhole measurements can sharply reduce ambiguity
between swelling and free gas, enabling more appropriate
operational response (38). The next section evaluates the
combined estimation and scheduling framework in numerical
experiments designed to stress intermittent telemetry, actuation
transients, and closure uncertainty.

6. Numerical Experiments under Intermittent Telemetry,
Closure Uncertainty, and Swelling Ambiguity
The numerical experiments evaluate the proposed factor-graph
smoothing framework on scenarios designed to reflect the oper-
ational challenges that motivate the method. The emphasis is
not on matching a specific field dataset, but on demonstrating
stability, interpretability, and uncertainty behavior under realis-
tic confounds. A synthetic truth model generates measurement
streams, including surface pressures, flow rates, pit volume,
and optional intermittent downhole telemetry. The truth model
includes compressibility, friction, dissolution exchange, and
swelling, with parameters selected from plausible ranges. The
estimator uses the reduced model and represents closure uncer-
tainty through priors and process noise, creating a controlled
mismatch setting (39).

The first experiment is a nominal managed pressure op-
eration with frequent choke actuation and pump ramps but
no influx. This experiment tests whether the smoother can
track baseline transients without attributing them to spurious
gas inventory changes. The factor graph includes bias states
for pit and flow scaling, and robust residual factors to handle
occasional glitches. Under this setting, the posterior over free-



Table 6. Major sources of uncertainty in the drilling environment and how they are represented within the smoothing framework.

Uncertainty class Representative
sources

Probabilistic repre-
sentation

Effect on inference

Fluid properties Gas density, viscos-
ity, compressibility

Priors on closure
parameters; nui-
sance uncertainty

Influences hydro-
static gradients
and friction losses

Thermodynamic
closure

Solubility curve,
swelling response

Bounded paramet-
ric maps with pri-
ors

Controls trade-off
between dissolved
and free gas

Sensor bias and
drift

Pit offset, flow
scale, pressure zero

Bias states with
smooth evolution

Separates instru-
mentation effects
from physical
changes

Colored noise Pump pulsations,
choke oscillations

Low-order noise
processes, AR
residuals

Prevents overconfi-
dent fits to filtered
signals

Model reduction
error

Coarse spatial
and temporal
summaries

State-dependent
process noise

Limits spurious
structure in under-
resolved dynamics

Outliers Telemetry glitches,
transient dropouts

Heavy-tailed likeli-
hood via scale mix-
tures

Downweights
anomalous resid-
uals without
clipping states

gas and dissolved-gas inventories remains concentrated near
nominal, while the posterior over friction multipliers and bias
states adapts slowly within bounds. The uncertainty grows
modestly during aggressive actuation and contracts when steady
periods provide consistent measurements. Telemetry schedul-
ing remains mostly inactive because expected information gain
is low and risk proxies remain low (40).

The second experiment introduces a swelling-buffered in-
flux at depth. The influx is small and occurs under high pressure,
leading to significant dissolution. Pit gain is observed, but sur-
face gas proxies remain low in the early window. The challenge
is that pit gain can be explained by swelling, by bias drift, or by
small free gas. The factor graph’s explicit bias state prevents
pit drift from being forced into swelling, and pressure and flow
measurements constrain the feasible explanations. The posterior
indicates increased dissolved inventory with bounded free-gas
inventory, and the posterior correlation between dissolved in-
ventory and pit gain becomes strong (41). Under intermittent
telemetry gaps, uncertainty increases, but the estimator remains
stable and does not produce unphysical excursions because
bounds are enforced by reparameterization. When a downhole
pressure telemetry packet is injected, the posterior contracts
sharply, and the telemetry scheduler, when enabled, requests
such a packet early because expected information gain is high
due to friction-dissolution ambiguity.

The third experiment introduces a free-gas-dominated influx
with weaker dissolution. Here, surface pressure and flow-out
signals exhibit stronger compressibility-consistent deviations.
The posterior over free-gas inventory increases, and the near-
surface gas proxy distribution shifts upward earlier than in
the swelling-buffered case. The estimator differentiates the

regimes not by a single signal but by the joint posterior: in this
case, pit gain aligns with increased free-gas proxy and with
pressure-flow coupling changes (42). Telemetry scheduling
still requests downhole pressure, but its information gain is now
moderate because surface signals already contain substantial
information about free-gas dominance. The scheduler therefore
triggers less frequently, illustrating that telemetry requests are
adaptive to regime identifiability.

The fourth experiment examines closure uncertainty and
bias confounding. Gas property scaling parameters are per-
turbed in the truth model, and the estimator represents them
as nuisance uncertainty rather than as estimated parameters.
This causes the estimator to inflate uncertainty in pressure
predictions, particularly in the bottomhole pressure proxy. The
posterior for free and dissolved inventories remains meaningful
but has broader credible intervals (43). Because the estimator
is not overconfident, it avoids attributing pressure mismatch to
a large influx. The telemetry scheduler becomes more active
because downhole pressure telemetry reduces property-induced
ambiguity in pressure distribution. This illustrates a practi-
cal benefit: when closure uncertainty dominates, additional
measurements can be more valuable than tighter priors.

The fifth experiment focuses on long telemetry gaps. Down-
hole telemetry is removed for extended intervals, and surface
signals are partially missing due to sensor outages. The factor
graph naturally accommodates missing data by omitting factors,
and the smoother propagates uncertainty through dynamics
factors (44). The posterior uncertainty grows, but the MAP
trajectory remains stable. When telemetry resumes, delayed
packets are inserted retroactively, and the smoother updates the
past window efficiently. This retroactive update is important



Table 7. Example downhole telemetry channels considered in the event-triggered measurement scheduling layer.

Telemetry channel Typical content Latent variables
most informed

Scheduling heuris-
tic

Bottomhole pres-
sure

Local annular pres-
sure at depth

pk profile, dissolu-
tion equilibrium

Request
when friction–
dissolution ambi-
guity is high

Intermediate annu-
lar pressure

Pressure at inter-
mediate tool

Pressure gradient,
friction multipliers

Prioritize during
large choke or
pump changes

Downhole temper-
ature proxy

Coarse tempera-
ture at depth

Solubility curve,
equilibrium χ⋆

d

Use when swelling-
driven pit gain is
suspected

Downhole flow
proxy

Approximate local
flow rate

Storage vs. friction
separation

Trigger when sur-
face flow readings
are inconsistent

Tool health / QC
flags

Packet quality indi-
cators

Robustness scales,
noise models

Adjust likelihood
scale; no direct
state update

because it prevents the estimator from being permanently biased
by a gap; the estimator can correct its understanding when data
arrives later, which is common in drilling telemetry.

The sixth experiment evaluates the effect of robust likeli-
hoods. Outliers are injected into flow-out measurements to
represent transient sensor glitches. Without robust factors, the
smoother attempts to explain the glitch by abrupt state changes,
which can create spurious gas inventory estimates (45). With
scale-mixture robust factors, the outlier is downweighted, and
the posterior remains consistent. This reduces false alarms
and improves the stability of downstream telemetry scheduling,
because the scheduler does not interpret an outlier as a sudden
increase in uncertainty requiring immediate telemetry.

The seventh experiment evaluates ablations in thermody-
namic constraint representation. When dissolution exchange
factors are removed and swelling is not represented, the estimator
can still fit pressure and flow signals by adjusting friction and by
interpreting pit gain as free gas or bias. However, the posterior
becomes less interpretable and can overpredict near-surface gas
proxy in swelling-buffered scenarios. When bounded swelling
factors are included but not tied to dissolved inventory by ther-
modynamic factors, the estimator can fit pit gain by swelling
but lacks a constraint linking swelling to pressure, leading to
inconsistent behavior under pressure modulation (46). The ther-
modynamic factors prevent such inconsistency by encoding that
swelling behavior is coupled to pressure-dependent solubility
trends.

Across experiments, computational performance is assessed
qualitatively by noting that the factor graph exploits sparse struc-
ture. With a fixed window length and moderate state dimension,
Gauss–Newton iterations with sparse linear solves remain feasi-
ble in real time. The hybrid variational–Laplace approach adds
overhead but yields improved calibration and stability under
heavy-tailed noise. Telemetry scheduling computations are
lightweight because they operate on low-dimensional Schur

complements of the covariance.
These experiments emphasize that the framework is not

designed to replace operational judgment or well-control proce-
dures (47). It is designed to provide a stable, uncertainty-aware
estimate of latent inventories and a principled mechanism to
decide when additional telemetry is valuable. It also provides
diagnostics that can separate swelling-consistent patterns from
free-gas-consistent patterns in a way that naturally accounts for
bias and closure uncertainty.

7. Conclusion
This paper developed a factor-graph smoothing framework
for real-time kick diagnosis under managed pressure drilling
when dissolution and swelling can buffer free gas and alter early
surface signatures. The approach introduced a reduced but phys-
ically anchored state representation with explicit partitioning be-
tween free and dissolved gas inventories and swelling-modified
volumetric mapping, enabling pit-volume trends to be inter-
preted in a thermodynamics-consistent latent-variable model
rather than in a free-gas-only heuristic. The joint posterior was
encoded in a sparse factor graph that accommodates intermittent
telemetry and asynchronous sensors, with inequality constraints
enforced by bound-preserving reparameterization and robust
likelihoods implemented through scale-mixture factors. A
hybrid variational–Laplace inference scheme was derived to
produce physically admissible posteriors and calibrated uncer-
tainty without nonphysical clipping, and an event-triggered
telemetry policy was co-designed to request downhole measure-
ments when expected posterior contraction for safety-relevant
latent variables is largest (48).

The framework was motivated by the operational reality
that early-stage ambiguity is an observability problem com-
pounded by thermodynamic partitioning and closure uncer-
tainty. Manikonda et al. (2021) (49) developed a thermo-



dynamic swelling modeling approach for drilling mud under
kick conditions that clarified how dissolved gas can induce
volumetric expansion in a mechanistically interpretable manner,
and the present work used that conceptual structure to justify
bounded thermodynamic factors that constrain swelling behav-
ior without relying on a full equation-of-state solver online.
Numerical experiments demonstrated stable inference under
aggressive actuation, long telemetry gaps, bias drift, and clo-
sure mismatch, with the estimator providing regime-sensitive
posterior diagnostics that separate swelling-consistent pit gain
from free-gas-dominated compressibility signatures.

Limitations include dependence on a reduced dynamics
model that may omit regime-dependent slip phenomena and
on uncertainty envelopes that must be calibrated conservatively
to avoid underconfidence. Future work can incorporate richer
temperature coupling, extend the factor graph to include ad-
ditional downhole sensors when available, and integrate the
posterior outputs into risk-aware control or certification lay-
ers. Within the present scope, factor-graph smoothing with
thermodynamics-consistent latent states provides a tractable
route to dissolution-aware diagnosis that remains stable under
intermittent telemetry and operational transients (50).
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