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Abstract

Multiphase thermal-hydraulic networks are governed by conservation
laws but are operated and monitored through sparse, heterogeneous mea-
surements. In gas–liquid systems, regime-dependent interfacial organiza-
tion and equipment interactions induce distribution shifts across operating
campaigns, so predictors that fit one condition can fail under another even
when the underlying physics is unchanged. This paper develops an invari-
ant structural causal modeling framework for counterfactual prediction and
intervention planning in networked two-fluid systems. The core idea is to
treat uncertain closures, sensor transformations, and unobserved distur-
bances as causal variables that mediate between control actions, boundary
conditions, and measured signals, and to identify a representation whose
residual mechanisms remain invariant across environments defined by op-
erating policies and facility states. The approach couples a constrained
mechanistic backbone with a data-driven causal layer that separates sta-
ble causal effects from spurious correlations created by changes in excita-
tion, telemetry filtering, and latent regime mixtures. Counterfactual oper-
ators are derived by intervening on inputs and policies within the causal
model while preserving invariants, enabling robust prediction of pressure
and holdup outcomes under planned actuation changes. Identification is
performed using a joint objective that combines likelihood, conservation-
consistent residuals, and an invariance penalty enforcing independence be-
tween environment labels and structural noise. A risk-aware planning for-
mulation then selects interventions that are robust to remaining causal
ambiguity. Computational studies on annular segments and branched net-
works demonstrate improved out-of-environment calibration and more sta-
ble intervention ranking compared to non-invariant baselines, particularly
under sensor drift and closure drift scenarios common in practice.

1 Introduction

Multiphase thermal-hydraulic networks arise in energy transport, process operations, and
infrastructure systems where gas and liquid phases share conduits, junctions, and equip-
ment interfaces [1]. Despite the maturity of conservation-law modeling, practical predic-
tion remains difficult because the observable signals are sparse and filtered, the effective
closures change with interfacial structure and surface conditions, and the operating policies
that generate data vary from campaign to campaign. When a facility changes its control



policy, a predictive model trained on historic telemetry can shift from being broadly reli-
able to being systematically biased, even if the governing physics has not changed. This
recurring phenomenon is a form of distribution shift that is operationally unavoidable, be-
cause control actions are adjusted for safety, throughput, and maintenance constraints. A
technical framework that is explicitly built to remain stable under policy and environment
changes is therefore central to reliable forecasting and to planning interventions.

Multi-environment
telemetry
{(yt, ut, e)}

Conservation backbone
xt+1 = Fphys(xt, ut) +
∆ϕ(·)

Causal drift layer
latent θt for closures +
sensors

Invariant identification
penalize env-predictable
residuals

Counterfactual operator
do(u0:T = ū0:T ) rollouts

Risk-aware planning
chance constraints +
robustness to ambiguity

Outputs
calibrated forecasts +
ranked interventions

Figure 1. End-to-end workflow: multi-environment network telemetry is fused with a
conservation-law backbone and a latent causal drift layer. Invariant identification discourages
environment-specific residual patterns, enabling counterfactual rollouts under planned actuation
and risk-aware selection of robust interventions.

A typical modeling pipeline for networked multiphase flow starts with a mechanistic
two-fluid model or a mixture-level approximation and then tunes closures and parameters
to match measurements. This yields a single calibrated model per facility configuration.
Such calibration can be effective for a narrow operating envelope, but it implicitly assumes
that the statistical relationships between measured signals and latent state are stable across
time. In practice, these relationships can change due to sensor drift, changes in telemetry
filtering, small geometry modifications, deposition and erosion, and shifts in upstream
mixing that alter interfacial organization [2]. The resulting mismatch is rarely random;
it is structured and correlated with operating policy. For example, if a facility reduces
inlet gas fraction during certain seasons, then the measurement distribution shifts and the
mapping from pressure signals to holdup changes, confounding a purely predictive learner.
A model that does not separate causal mechanisms from spurious correlations can overfit
the policy-induced distribution and fail when the policy changes.

The need for structured separation is suggested indirectly by recent machine-learning
results in annular settings, where measured features have been shown to contain enough
information to infer interfacial organization categories at high accuracy. Manikonda et al.
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Figure 2. Time-slice structural causal view. The environment label indexes operating campaigns
and induces distribution shifts through policy πe and drift in latent variables θt (closures and sensor
transformations). Stable mechanisms map (xt, ut, θt) to xt+1 and (xt, θt) to yt, while invariance
is expressed by residuals that remain non-informative about e once conditioned on their causal
parents.

(2021) introduced an early set of high-performing machine-learning classifiers for recogniz-
ing gas–liquid flow regimes in annular channels, demonstrating that practical signals can
encode regime-dependent structure in a way that can be learned with low latency [3]. Such
results emphasize that the data carry information about latent multiphase organization,
but they also highlight a limitation of purely discriminative mappings: a classifier can be
accurate under the data distribution induced by a particular experimental protocol while
remaining fragile under shifts in excitation, sensor characteristics, or facility state. For in-
tervention planning, robustness under such shifts is at least as important as in-distribution
accuracy.

This paper proposes a structural causal modeling approach to address this robustness
requirement. The central thesis is that multiphase network telemetry should be interpreted
as arising from a causal data-generating process in which control actions and boundary
conditions influence latent physical state, which then influences measurements through
sensor transforms, while unobserved disturbances and closure variability mediate these
relationships [4]. In this view, a change in operating policy changes the distribution
of inputs, and therefore changes the distribution of observed telemetry, but it does not
necessarily change the causal mechanisms that map state to measurements or inputs to
state. A predictive model that explicitly targets invariance of structural mechanisms
across environments can therefore generalize better under policy changes, because it is
discouraged from exploiting correlations that are specific to a particular policy distribution.
The key is to identify which mechanisms are stable and to represent uncertainty when the
data cannot uniquely identify causal structure.

The proposed framework has three components. The first component is a constrained
mechanistic backbone that enforces conservation structure and basic admissibility, pro-
viding a physically grounded representation of mass, momentum, and energy transport
along network edges and through junctions. The backbone is not treated as a perfect
model; instead it provides a structured set of state variables and residual operators that
restrict the hypothesis space. The second component is a causal latent layer that repre-
sents closure variability, sensor transformations, and unobserved disturbances as explicit
variables in a structural causal model, enabling separation between stable causal effects
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Inputs
(xt, ut)

Backbone update
Fphys(xt, ut)
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∆ϕ(xt, ut, θt)

Mechanism output
x̂t+1
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xt+1
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R ⊥ e | (xt, ut, θt)

latent-modulated
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Figure 3. Mechanistic decomposition used to define structural residuals. A fixed conservation-law
update Fphys is augmented by a constrained correction ∆ϕ modulated by latent drift θt. Residuals
R are computed against inferred xt+1 and are treated as structural noise; enforcing their invariance
across environments regularizes the learned correction and supports counterfactual validity.

and environment-dependent confounding. The third component is a counterfactual oper-
ator and planning formulation: interventions are represented as do-operations on control
actions and, when appropriate, on policy variables, and counterfactual outcomes are com-
puted by propagating interventions through the invariant mechanisms while integrating
over remaining uncertainty.

This emphasis on counterfactual reasoning distinguishes the contribution from stan-
dard prediction and from standard calibration [5]. Intervention planning requires ranking
candidate actions by their expected effect on outcomes and constraints. If a model has
learned spurious correlations, it can rank interventions incorrectly, even if it predicts ob-
served telemetry well under the current policy. Causal invariance provides a systematic
constraint that mitigates this failure by enforcing that structural noise terms, interpreted
as exogenous disturbances, remain statistically independent of environment labels once
conditioned on their causal parents. This independence is a measurable criterion that can
be enforced during identification.

The present paper does not rely on regime labels as the core representation. Never-
theless, results showing that annular interfacial categories are learnable in varied annular-
channel conditions reinforce that the latent structure is not arbitrary. Manikonda et al.
(2022) reported similarly strong regime-recognition performance using modern classifica-
tion models across annular-channel conditions, indicating that annular interfacial organi-
zation is expressed consistently in accessible signals [6]. In the causal framework developed
here, such consistency motivates a latent representation that can encode regime mixtures
without requiring discrete switching logic, and it motivates enforcing invariance across
environments so that the inferred latent structure remains meaningful when operating
policies change.

The paper is organized to build from causal formulation to identification and then
to planning [7]. The next section formulates a structural causal model for multiphase
networks coupled to a mechanistic backbone, defining environments, interventions, and
counterfactual queries. The following section develops an invariance-based identification
objective that combines likelihood, conservation-consistent residual penalties, and inde-
pendence constraints between structural noise and environment labels. The next section
studies identifiability and interventional design, clarifying when causal effects of interest
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Batch window
(y0:T , u0:T , e)

Inference model
qγ(x0:T , θ0:T | y, u, e)

Mechanisms
Fϕ, Gω , Mψ

Fit terms
telemetry likelihood +
physics residual norm

Environment adversary
dα(Πr(R),Πϖ)

Invariance penalty
reduce env predictabil-
ity from residuals

Parameter update
(ϕ, ψ, ω, γ)

Min–max training loop

Figure 4. Invariant learning loop with latent inference and an environment adversary. Latent
trajectories (x0:T , θ0:T ) are inferred from sparse telemetry and actions, mechanisms produce pre-
dictions and residuals, fit terms enforce data consistency and conservation consistency, and an
adversary discourages residual patterns that reveal the environment label beyond causal parents.

can be estimated from observational data and when planned excitation is needed. The sub-
sequent section introduces computational algorithms that implement the identification and
counterfactual planning under admissibility constraints. A computational study section
then evaluates robustness, calibration, and intervention ranking stability under synthetic
policy shifts, sensor drift, and closure drift scenarios. The conclusion summarizes implica-
tions and limitations, focusing on how causal invariance can be used as a technical tool in
multiphase network operations.

2 Structural Causal Formulation for Multiphase Networks

A structural causal model provides a formal representation of how observed and latent
variables are generated from exogenous disturbances through structural equations. For
multiphase networks, a direct causal representation in terms of full spatiotemporal fields
is impractical, but a causal model can be built around a reduced state representation
that is consistent with conservation laws and that aligns with available measurements and
control inputs [8]. The aim is not to claim that the causal graph is fully known, but to
impose a structured factorization that makes the sources of distribution shift explicit and
that enables counterfactual reasoning under interventions.

Consider a network represented as a directed graph with edges corresponding to one-
dimensional conduit segments and nodes corresponding to junctions and boundary mani-
folds. Let xt denote a discretized state at time index t that includes conservative variables
for gas and liquid phases along each edge, augmented by node variables required for cou-
pling. Let ut denote control actions and boundary inputs at time t, including inlet mass
fluxes, valve openings, pump settings, outlet pressures, and possibly heat-flux controls.
Let yt denote the measurement vector at time t, including pressures, differential pressures,
temperatures, and other telemetry channels. The data are collected under an operating
policy that determines how ut depends on past measurements and operational context.
Let e denote an environment label that indexes an operating campaign, a facility condi-
tion, or a policy regime. The environment label is not assumed to be a cause of physics
directly; rather it is a proxy for changes in the distribution of exogenous variables and in
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Filtered posterior
p(xt, θt | y0:t, u0:t)

Intervention
replace policy with
do(u0:T = ū0:T )

Counterfactual rollout
sample disturbances +
propagate

Outcome distribution
g(x0:T ) (pressure,
holdup, margins)

Risk constraints
P(ck ≤ 0) ≥ 1 − δk

Selected plan
robust to ensemble am-
biguity

Mechanism ensemble
{F (m)
ϕ

,M
(m)
ψ

}

Uncertainty propagation

Figure 5. Counterfactual prediction and intervention planning. A posterior over the current
physical state and drift variables is combined with a do-intervention that fixes the planned control
trajectory. Rollouts through the invariant mechanisms yield an outcome distribution used to
enforce chance constraints and to choose interventions that remain robust across an ensemble of
plausible mechanisms.

the distribution of inputs induced by policy and facility state.
The mechanistic backbone is represented as a discretized operator that maps (xt, ut) to

a predicted next state [9]. Because closures are uncertain and because unmodeled distur-
bances exist, the backbone is treated as an imperfect structural equation. A convenient
representation is

xt+1 = F
(
xt, ut, ct

)
+ wt, (2.1)

where F is induced by an entropy-consistent discretization of two-fluid balance laws and
junction coupling, ct denotes closure and equipment parameters that influence interfacial
exchange and losses, and wt denotes exogenous process disturbances. The closure variable
ct is itself modeled causally as a function of slower facility state, operating conditions, and
exogenous drift. A minimal structural equation for closure is

ct+1 = G
(
ct, zt, ut

)
+ ξt, (2.2)

where zt is a latent facility-state variable representing effects such as surface condition,
deposition, and sensor calibration context, and ξt is exogenous closure noise. The latent
variable zt evolves slowly and can be driven by cumulative operating stress and mainte-
nance actions:

zt+1 = H
(
zt, ut

)
+ υt. (2.3)

This hierarchy makes explicit that a change in environment can correspond to a change
in the distribution of zt and therefore in ct, even if the instantaneous physics mapping F
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Observed environments
distinct policies + facil-
ity states

Natural policy variation
different p(ut | yt, e)

Partial identifiability
action effects entangled
with drift

Safe excitation design
small δut within con-
straints

Information objective
reduce uncertainty in
causal response

Updated posterior
sharper counterfactual
effect estimates
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under policy shifts +
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Figure 6. Identifiability pathway under policy-induced confounding. Multiple environments can
provide quasi-experimental variation via differing policies, but remaining ambiguity in action effects
motivates deliberate, constraint-aware excitation. Designing δut to maximize information about
causal response parameters improves posterior concentration and stabilizes intervention ranking
across future environment shifts.

remains unchanged.
Measurements are generated from the physical state through a sensor transform that

includes calibration bias, filtering, and possibly nonlinear measurement mappings [10]. A
structural equation for telemetry is

yt = M
(
xt, st

)
+ ηt, (2.4)

where st denotes sensor calibration and telemetry processing states, and ηt denotes mea-
surement noise. The sensor state st can drift:

st+1 = Q
(
st, zt

)
+ ρt, (2.5)

reflecting the practical observation that sensor drift is correlated with facility condition
and can covary with closure drift. The environment label e influences the distribution
of (z0, s0) and can also influence the policy that generates ut, but e is not treated as a
direct parent of xt when conditioned on ut, ct, and exogenous noises. This distinction
is essential for invariance: the causal mechanisms F , G, M , and Q are assumed stable
across environments, while the distribution of exogenous variables and the policy-induced
distribution of ut can change.

To make the causal structure explicit, one can describe a graph in which exogenous
noises (wt, ξt, υt, ηt, ρt) are mutually independent and influence endogenous variables through
the structural equations. The environment label e influences the initial distributions of
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Symbol Description Role Domain

xt Discretized conservative state on
network edges and nodes

Endogenous
state

Mass, momen-
tum, energy
fields

ut Control actions and boundary in-
puts (valves, pumps, inlets, out-
lets, heat flux)

Intervention /
policy variable

Actuation space

yt Telemetry (pressures, ∆p, tem-
peratures, auxiliary signals)

Observed out-
put

Sensor space

e Environment label indexing pol-
icy, facility state, or campaign

Context index Finite set E

θt Low-dimensional latent drift vec-
tor (closures, sensor, facility)

Confounder /
mediator

Rdθ

Fphys Entropy-consistent two-fluid net-
work update operator

Mechanistic
backbone

State transition
map

Table 1. Core variables and operators in the structural causal model for multiphase thermal-
hydraulic networks.

(z0, s0, c0) and can influence the policy mapping that generates ut. A policy is represented
as [11]

ut = πe
(
ht, κt

)
, (2.6)

where ht denotes an information state available to the operator or controller, such as
past telemetry and planned schedules, and κt denotes exogenous policy noise. Different
environments correspond to different policies πe or to different distributions of κt. This
representation captures the operational reality that data are not generated by random
excitation but by feedback policies designed to meet constraints, a feature that creates
selection bias if not modeled.

Counterfactual reasoning requires defining interventions. An intervention corresponds
to setting a variable to a value independently of its usual parents. In this framework,
an intervention on control is represented as replacing the policy equation with ut = ūt
for a planned trajectory ū0:T . Under such an intervention, the causal mechanisms F ,
G, M , and Q remain the same, but the distribution of ut changes. The counterfactual
outcome of interest might be a pressure constraint margin or a holdup-related functional
over a horizon. Let g(x0:T ) denote such an outcome. The counterfactual query is the
distribution of g under the do-intervention: [12]

p
(
g(x0:T ) | do(u0:T = ū0:T ), y0:t

)
, (2.7)

conditioned on observed telemetry up to time t. This distribution integrates over posterior
uncertainty in current state and latent variables and over future exogenous disturbances.

The role of invariance is to ensure that the estimated causal mechanisms generalize
across environments. Formally, invariance is expressed by requiring that the structural
noise terms be independent of environment labels when conditioned on their parents. For
example, for the state transition equation, define the structural noise as

εxt+1 = xt+1 − F (xt, ut, ct). (2.8)

If F is correctly specified as a mechanism stable across environments, then εxt+1 should
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Mechanism Inputs Output Interpretation

F (xt, ut, θt) State, control, drift xt+1 Network two-
fluid dynamics
with closure
and equipment
variability

G(θt, ut) Drift state, control θt+1 Evolution of clo-
sures and sen-
sor/facility con-
dition

M(xt, θt) State, drift yt Sensor and
telemetry map
with calibration
and filtering
effects

Q(st, zt) Sensor and facility states st+1 Long-term cal-
ibration drift
coupled to facil-
ity condition

πe(ht, κt) Information state, policy
noise

ut Environment-
specific oper-
ating policy
generating ac-
tions

Table 2. Selected structural mechanisms and their roles in the causal data-generating process.

have the same conditional distribution across environments, and in particular should be
independent of e given (xt, ut, ct). Similar invariance conditions apply to closure noise
and sensor noise. In practice, exact independence is unattainable due to model mismatch,
but enforcing approximate invariance discourages the learner from encoding environment-
specific correlations into F .

The above causal model is high dimensional due to xt being a discretized field. The
framework therefore uses a structured reduction [13]. Rather than representing ct and
zt as full fields, they are represented as a low-dimensional latent vector that modulates
closures and sensor transforms. This is consistent with the observation that many closure
drifts and sensor drifts exhibit low-dimensional structure, such as a global friction scaling
change and a small number of calibration offsets. Let θt denote a latent vector capturing
these effects, so that ct = c(θt) and st = s(θt). The causal model becomes

xt+1 = F
(
xt, ut, θt

)
+ wt,

θt+1 = G
(
θt, ut

)
+ ξt,

yt = M
(
xt, θt

)
+ ηt. (2.9)

This reduced causal structure makes identification feasible while preserving the essential
confounding pathways: environment affects ut through policy and affects θt through facility
state, and both ut and θt influence xt and yt.

The causal representation also clarifies a key difficulty: observational data under a pol-
icy may not identify the causal effect of changing ut if ut is strongly correlated with unob-
served θt due to feedback and selection. For example, if operators open a valve more when
they believe the system is accumulating liquid, then ut is correlated with latent holdup
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Environment type Dominant source of shift Typical examples Modeling im-
pact

Policy regime Change in feedback or
scheduling logic for ut

Aggressive vs. con-
servative outlet
pressure control

Alters input
excitation
patterns

Sensor regime Calibration and filtering
changes

Transducer replace-
ment, software fil-
ter update

Changes
mapping
from state to
telemetry

Facility configura-
tion

Geometry and equip-
ment modifications

Added bypass line,
valve replacement

Modifies
network
topology and
losses

Upstream mixing Interfacial organization
at inlets

Different gas frac-
tion programs or
separators

Affects clo-
sure behavior
and slip

Seasonal opera-
tion

Load profiles, ambient
conditions

Seasonal through-
put and tempera-
ture shifts

Shifts operat-
ing envelopes
and stress

Table 3. Representative environment labels and associated sources of distribution shift in the
causal formulation.

state and with closure drift conditions, creating confounding. A causal model provides a
language to express and address this confounding, either through explicit modeling of θt
and policy variables or through designed interventions that break correlations. The next
section develops an identification objective that enforces invariance across environments
as a practical surrogate for stable causal mechanism learning under such confounding [14].

3 Invariant Mechanism Identification with Conservation-Consistent Resid-
uals

Identification seeks to estimate the structural mechanisms and latent variables of the
causal model from data collected across environments. The distinguishing feature of the
proposed approach is that it uses invariance across environments as an explicit constraint,
combined with conservation-consistent residual penalties from the mechanistic backbone.
The goal is to learn a mechanism representation that is predictive within environments
and remains stable under changes in environment label distribution, thereby supporting
counterfactual reasoning under interventions that shift the input distribution.

Let the set of environments be indexed by e ∈ E . For each environment, data consist of
sequences {(yt, ut)}Tet=0, and possibly boundary condition metadata and planned schedules.
The latent state xt and latent drift variables θt are unobserved. The identification problem
is thus a latent-variable learning problem. A purely likelihood-based approach would max-
imize the joint likelihood of observed telemetry under a parameterized model of transitions
and measurements. Such approaches can overfit environment-specific correlations if the
model class is flexible, especially when the latent variables are underconstrained by sparse
measurements. Invariance provides an additional constraint: the distribution of structural
noise should not depend on environment once conditioned on the causal parents.

A practical mechanism representation is a parameterized transition operator Fϕ and
measurement operator Mψ, with latent drift dynamics Gω [15]. The parameters are
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Drift component Physical meaning Temporal scale

Friction scaling mode Slow variation in effective
wall friction due to deposi-
tion/erosion

Very slow; cumulative op-
erating stress and mainte-
nance windows

Interfacial organization
mode

Mixtures of annular, slug,
or stratified-like behavior
reflected in closures

Slow to medium; responds
to upstream mixing and
campaigns

Sensor bias and gain Offset and sensitivity
changes in pressure and
temperature channels

Slow; driven by calibra-
tion events and aging

Heat-transfer effectiveness Deviation in energy ex-
change due to fouling or
insulation changes

Very slow; correlated with
thermal duty cycles

Table 4. Illustrative components of the latent drift vector θt capturing closure and sensor evolu-
tion.

Loss term Representative form Purpose Emphasis

Telemetry likeli-
hood Llike

− log pψ(y0:T |
x0:T , θ0:T )

Fit mechanistic-causal
model to observed sig-
nals

Data-
consistent
predictions

Physics residual
penalty Lphys

∑
t ∥R(xt+1, xt, ut, θt)∥2

WEncourage
conservation-
consistent latent
trajectories

Backbone
consistency

Invariance
penalty Linv

Dependence measure
I(rt; e | ϖt)

Enforce environment-
invariant structural
noise

Cross-
environment
stability

Adversarial loss
Ladv

Environment classifi-
cation loss for dα

Approximate condi-
tional independence
via an adversary

Residual de-
correlation

Regularization
terms

Parameter norms
and drift smoothness
penalties

Control overfitting
and enforce slow drift

Model parsi-
mony

Table 5. Key components of the joint objective used for invariant mechanism identification.

(ϕ, ψ, ω), and the model is

xt+1 = Fϕ(xt, ut, θt) + wt,

θt+1 = Gω(θt, ut) + ξt,

yt = Mψ(xt, θt) + ηt. (3.1)

The mechanistic backbone is embedded in Fϕ by representing it as the sum of a known
discretized conservation operator and a learned correction that is constrained to preserve
admissibility. Specifically, one writes

Fϕ(x, u, θ) = Fphys(x, u) + ∆ϕ(x, u, θ), (3.2)

where Fphys is a fixed entropy-consistent two-fluid update on the discretized network,
and ∆ϕ is a learnable closure-and-mismatch correction modulated by θ. The correction
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Residual type Parents (condition-
ing set)

Invariance condition Primary use

State transition
residual εxt+1

(xt, ut, θt) εxt+1 ⊥ e | xt, ut, θt Stabilize phys-
ical dynamics
across policies

Drift residual εθt+1 (θt, ut) εθt+1 ⊥ e | θt, ut Route environ-
ment effects
through drift
modes

Measurement resid-
ual εyt

(xt, θt) εyt ⊥ e | xt, θt Separate sen-
sor drift from
physics and
policy

Multi-step residual
summaries

Windowed
(xt:t+k, ut:t+k)

Approximate invari-
ance over horizons

Guard against
short-horizon
overfitting

Table 6. Residuals and associated invariance conditions used to constrain the causal mechanisms.

is constrained so that it does not violate positivity and dissipation requirements. This
decomposition reduces the burden on learning and improves interpretability of invariance
constraints because structural noise can be interpreted relative to a physically grounded
predictor.

To enforce conservation-consistent behavior without requiring full-field supervision, the
framework uses a residual penalty based on the mechanistic discretization. Define a resid-
ual operator

R(xt+1, xt, ut, θt) = xt+1 − Fphys(xt, ut) − ∆ϕ(xt, ut, θt). (3.3)

Under the model, R corresponds to process noise wt. A residual penalty encourages R to
be small in a weighted norm consistent with process noise assumptions. This penalty plays
a dual role: it regularizes latent inference by discouraging arbitrary latent trajectories that
fit measurements but violate physics, and it provides a consistent definition of structural
noise for invariance constraints [16].

Invariance constraints are imposed by requiring that, for each environment, the con-
ditional distribution of residuals given parents be the same. A tractable surrogate is to
penalize dependence between residuals and environment labels after conditioning. Let rt
denote a residual summary statistic derived from R, such as a set of weighted residual
components that are most informative given sparse measurements. The invariance objec-
tive penalizes the mutual dependence between rt and e given a representation of parents.
Because conditional independence is difficult to enforce directly, the framework uses a prac-
tical penalty based on the ability of an environment classifier to predict e from residuals
and parent representations. The identification objective is

min
ϕ,ψ,ω

∑
e∈E

Ee
[
ℓ
(
yt, ŷt

)]
+ λphys E

[
∥R∥2

W

]
+ λinv I

(
rt; e | ϖt

)
, (3.4)

where ℓ is a telemetry likelihood loss, ŷt = Mψ(xt, θt) is the predicted measurement, W is
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Scenario Network topology Source of shift Evaluation
focus

Annular segment Single conduit with
inlet and outlet
boundaries

Policy change in
outlet pressure
modulation and
friction/sensor drift

Out-of-
environment
uncertainty
calibration

Branched junction Y-shaped network
with mixing junc-
tion and outlet leg

Upstream mixing
and policy differences
across branches

Intervention
ranking under
confounding

Sensor drift regime Fixed physics with
two calibration peri-
ods

Pressure and tempera-
ture bias/gain changes

Separation of
physics and
telemetry trans-
formations

Environment parti-
tion study

Same physical
setup, varied envi-
ronment labeling

Coarse vs. fine envi-
ronment granularity

Sensitivity of
invariance to
partitioning

Table 7. Computational study scenarios used to assess robustness and intervention ranking
stability.

a residual weighting matrix, I denotes a conditional dependence measure, and ϖt denotes
a representation of parent variables, such as (xt, ut, θt) or a compressed sufficient statistic.
The invariance penalty discourages residuals that leak environment information beyond
what is explained by parent variables, encouraging stable mechanisms across environments.

Latent variables xt and θt are inferred jointly with parameters. The framework uses
a variational approximation to the posterior over latent trajectories, parameterized by
an inference model qγ(x0:T , θ0:T | y0:T , u0:T , e). The overall learning objective becomes a
variational bound on the likelihood augmented by residual and invariance penalties. The
variational structure matters because invariance should be enforced on structural noise
under the inferred latent parents, not under arbitrary point estimates [17]. Enforcing
invariance at the distribution level reduces the risk that the method satisfies invariance by
artificially inflating posterior uncertainty in one environment and collapsing in another.

The mechanistic backbone imposes admissibility constraints that must hold during in-
ference and learning. In particular, volume fractions and phase masses must remain within
bounds, and thermodynamic variables must remain in physically meaningful ranges. The
framework enforces these constraints by projecting latent state samples onto an admissi-
ble set during inference updates. Projection is implemented as a differentiable map so
that gradients can flow through it. This is essential because invariance constraints can
otherwise be satisfied by pushing latent states into regions where the residual definition
changes qualitatively, a form of degeneracy that would undermine counterfactual validity.
By constraining latent states to remain admissible, the residual and invariance penalties
remain comparable across environments.

A crucial modeling decision is the definition of environments. Environments can repre-
sent different operators, different control policies, different seasons, different facility con-
figurations, or different sensor calibration periods [18]. If environments are defined too
coarsely, invariance can be violated for benign reasons and the model may become overly
conservative. If environments are defined too finely, invariance constraints become weak
because each environment has too little data. The framework defines environments in a
way that captures policy and facility-state changes that are expected to induce shifts in in-
put distributions and in latent drift distributions. Environment labels can also be treated
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Planning quantity Definition (schematic) Role in decision-
making

Risk treatment

Expected cost
J(ū0:T )

Throughput, energy,
and wear aggregated
over horizon

Objective for eco-
nomic and opera-
tional performance

Mean over
posterior and
disturbance
samples

Constraint viola-
tion probability

P(ck(ū0:T ) > 0) Safety and admissi-
bility for pressure
and holdup

Chance con-
straints with
empirical quan-
tiles

Intervention rank-
ing score

Ordering induced by J
and violation probabili-
ties

Selection among
candidate actua-
tion trajectories

Robust ranking
across ensemble

Extrapolation dis-
tance

Distance of ū0:T from
observed policy support

Guard against
mechanism extrap-
olation

Penalization in
planning objec-
tive

Table 8. Decision metrics in the counterfactual intervention planning formulation.

as latent, inferred from metadata and telemetry statistics, but the present development
assumes that a reasonable environment partition is available.

The invariance penalty can also be localized. Rather than enforcing invariance on all
residual components, which may be unrealistic under model mismatch, the framework
enforces invariance on residual components associated with stable conservation mecha-
nisms and on measurement residual components that should be stable across environments
given correct sensor modeling. This allows the model to represent genuine environment-
dependent changes through θt while still enforcing stability of core mechanisms. For exam-
ple, if friction scaling truly changes due to deposition, that change should be captured by θt,
and residuals conditioned on θt should remain invariant. The invariance constraint thus
encourages the model to route environment dependence through explicit drift variables
rather than through hidden, environment-specific modifications of the transition operator
[19].

The causal interpretation of invariance is that residuals represent exogenous distur-
bances, and exogenous disturbances should not be predictable from environment labels
once causal parents are accounted for. This interpretation is central for counterfactual
validity: when computing counterfactual outcomes under new policies, one must assume
that exogenous disturbance distributions remain comparable, or at least that changes are
represented explicitly. Invariance-based identification thus provides a disciplined basis for
extrapolating under policy changes.

Nevertheless, invariance is not sufficient for full causal identification. If the data lack
excitation that varies ut independently of latent confounders, then causal effects of ut on
outcomes may remain ambiguous even under invariance. The next section addresses this
identifiability issue by analyzing when the causal effect of interventions can be estimated
from observational multi-environment data and how interventional design can improve
identifiability while respecting operational constraints.
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Aspect Limitation Consequence Mitigation
strategy

Excitation coverage Limited variation of ut
along some directions

Partial identifiabil-
ity of action effects

Safe experi-
ment design
and use of
multi-policy
data

Environment parti-
tioning

Ambiguous definitions
of environment labels

Weak or noisy
invariance con-
straints

Use operational
metadata and
sensitivity diag-
nostics

Drift parameteriza-
tion

Misspecified latent drift
modes θt

Environment ef-
fects leak into core
mechanisms

Physics-guided
drift bases and
model selection

Model mismatch Simplified backbone or
closure representation

Residual invariance
cannot be fully
achieved

Localized in-
variance and
residual diag-
nostics

Computational
load

High-dimensional state
and ensembles

Expensive training
and planning roll-
outs

Structure-
exploiting
solvers and
reduced back-
bones

Table 9. Limitations and mitigation strategies associated with the invariant structural causal
modeling approach.

4 Identifiability and Interventional Design Under Policy-Induced Con-
founding

Counterfactual prediction and intervention planning rely on identifying how outcomes
change when control actions are changed. In a networked multiphase system, data are
typically collected under feedback policies that adapt actions based on telemetry and
operational context [20]. This induces confounding because ut is correlated with latent
state and drift variables, and these latent variables also influence future outcomes. A
causal model makes this confounding explicit, but it does not automatically resolve it.
This section analyzes identifiability of intervention effects in the proposed framework and
develops an interventional design strategy that improves identifiability by exploiting safe
excitation and multi-environment variation.

Consider a target quantity of interest J(u0:T ) defined as a functional of the state tra-
jectory under a planned action sequence, such as expected constraint margin, expected
energy consumption, or expected throughput. The causal effect of an action change is
the difference between counterfactual expectations under different do-interventions. If the
causal model were fully known, this could be computed directly. In practice, the model is
learned from data, and the key question is whether the data identify the relevant causal
pathways.

A useful abstraction is to consider a reduced causal model for a subset of variables
that capture the dominant effects relevant to the outcome. Let ht denote a latent holdup-
related summary, let pt denote a pressure-drop-related summary, and let θt denote drift
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variables capturing friction and sensor bias. A simplified structural model is [21]

ht+1 = fh(ht, ut, θt) + ϵht+1,

pt+1 = fp(pt, ht, ut, θt) + ϵpt+1,

yt = g(pt, ht, θt) + ϵyt . (4.1)

Even in this reduced model, ut may be confounded with ht because the policy chooses ut
based on yt, which depends on ht and pt. If ht is imperfectly observed, then conditioning
on yt may not block confounding fully. The causal effect of ut on future pt+1 is therefore
not identifiable from observational data unless additional assumptions hold.

Multi-environment invariance provides one such assumption: if environments corre-
spond to different policies, then the distribution of ut given latent state can vary across
environments. This variation can help identify causal effects because it provides data
where ut changes in different ways relative to latent state. Intuitively, if one policy opens
a valve aggressively in response to pressure changes while another policy opens it conserva-
tively, then the conditional distribution of ut given yt differs, and this can help disentangle
the direct effect of ut from the effect of latent state. In the causal framework, this cor-
responds to having multiple environments with different policy mechanisms πe. If the
structural mechanisms mapping (ht, ut, θt) to ht+1 and pt+1 are invariant, then combining
data across environments can improve identification of those mechanisms.

A formal identifiability condition can be described in terms of overlap and rank of
sensitivity operators. For a local linearization, suppose that in environment e one can
approximate

δxt+1 = At δxt + Bt δut + Ct δθt + εt+1,

δyt = Ht δxt + Dt δθt + ηt, (4.2)

with matrices (At, Bt, Ct,Ht, Dt) depending on the operating point [22]. The ability to
identify the effect of δut depends on whether δut varies independently of δxt and δθt in the
data, and whether Bt has directions that influence measured outcomes. Under a policy,
δut may lie in a subspace correlated with Htδxt due to feedback. Across environments,
the union of these subspaces may be richer, increasing identifiability.

However, policy variation may still be insufficient if all policies are similar or if oper-
ational constraints prevent excitation in certain directions. This motivates interventional
design: deliberately injecting small, safe perturbations into control actions to excite in-
formative modes. In multiphase networks, such excitation must be constrained by safety
limits on pressure and by the risk of inducing undesirable regimes. The design problem is
therefore to choose an excitation signal δut that improves identifiability while respecting
constraints. The causal framework provides a principled objective: maximize expected
reduction in posterior uncertainty about causal effect parameters relevant to the outcome.

Let β denote parameters that govern the causal response of interest, such as compo-
nents of Bt or a parameterization of how ut influences holdup dynamics [23]. The posterior
uncertainty in β under the current model can be represented by a covariance matrix Σβ.
Under a planned excitation experiment, the expected posterior covariance can be approx-
imated by a Fisher-information update. A tractable objective is to maximize a scalar
measure of information gain, such as the log determinant reduction. The interventional
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design objective can be written as

max
δu0:T

E
[
log det(Σβ) − log det(Σβ|δu)

]
s.t. P

(
c(xt, ut + δut) ≤ 0

)
≥ 1 − δ, (4.3)

where c(·) encodes safety constraints and δ is a risk tolerance. Because exact evaluation is
difficult, the framework uses a conservative approximation based on posterior predictive
quantiles and linearized constraints. The key is that excitation is designed not to opti-
mize performance directly but to improve causal identifiability so that future intervention
planning is more reliable.

The design must also account for sensor transformations and drift variables [24]. If sen-
sor bias is uncertain, then excitation signals may be misinterpreted as state changes rather
than as bias changes. The causal model represents sensor drift explicitly through θt, and
the design objective includes information gain about both causal response parameters and
sensor drift parameters when those parameters are confounded. This avoids experiments
that would be informative only if sensors were perfectly calibrated.

A distinctive advantage of the causal-invariance framework is that it can use naturally
occurring policy variation as quasi-experimental variation. In many facilities, operators
switch policies between operating modes, such as startup, steady production, and shut-
down. These mode switches can provide intervention-like variation without deliberate
excitation, provided that environments are labeled and invariance is enforced. The frame-
work can then estimate causal response parameters from observational multi-environment
data and reserve deliberate excitation for remaining ambiguous directions. This is opera-
tionally appealing because deliberate excitation can be costly or risky.

Identifiability also depends on the choice of latent representation [25]. If θt is too ex-
pressive, it can absorb the effect of ut, making causal effects underidentified. If it is too
restrictive, it can force environment dependence into the transition operator, violating in-
variance. The framework resolves this by constraining θt to represent plausible drift modes
with slow dynamics, and by enforcing that residuals remain invariant across environments
only after conditioning on θt. This encourages θt to explain environment-dependent drift
while leaving ut effects stable.

The sections analysis implies that causal effects relevant to intervention planning are
partially identifiable from multi-environment observational data when policy variation
provides sufficient independent variation and when latent drift is modeled appropriately.
When this is insufficient, safe excitation designed using information gain objectives can im-
prove identifiability. The next section turns these principles into computational algorithms
that implement invariant identification, latent inference, and counterfactual intervention
planning under admissibility constraints and risk criteria.

5 Algorithms for Invariant Learning and Counterfactual Intervention
Planning

The computational challenge is to implement invariant mechanism learning and counterfac-
tual planning in high-dimensional networked multiphase systems with sparse observations
and admissibility constraints. The framework must support inference of latent state and
drift variables, enforcement of invariance across environments, and evaluation of counter-
factual outcomes under planned interventions [26]. This section presents a computational
strategy built around a constrained variational inference loop combined with an invariance
adversary and a risk-aware planning stage that propagates causal uncertainty.

17



The mechanistic backbone provides a differentiable transition operator Fphys that can
be evaluated on the discretized network. The learned correction ∆ϕ is parameterized as a
constrained function of (xt, ut, θt). Rather than learning an unconstrained neural mapping,
the correction is represented in a basis that respects locality and dissipation. A typical
representation is a low-rank field over edges whose coefficients are functions of θt and
local nondimensional groups derived from xt and ut. This representation prevents the
correction from encoding arbitrary environment-specific features. The correction is also
passed through monotone transforms to enforce sign constraints on dissipative components.
The resulting operator remains differentiable for gradient-based learning.

Latent inference uses a recognition model qγ that outputs distributions over (xt, θt)
given telemetry, inputs, and environment labels. Because xt is high dimensional, the
recognition model uses a structured parameterization: it outputs a low-dimensional latent
code that is decoded into a physically admissible state through a constrained decoder that
enforces volume fraction bounds and thermodynamic consistency [27]. This is implemented
by decoding into entropy-variable space and mapping to conservative variables, followed by
a differentiable projection that enforces positivity. The projection is used both in inference
and in forward prediction, ensuring that latent samples remain admissible.

The learning objective combines telemetry likelihood, physics residual penalty, and in-
variance penalty. Telemetry likelihood is computed under a sensor model that includes
drift variables θt, capturing calibration offsets and filtering parameters. The physics resid-
ual penalty is computed from R, weighted by a covariance reflecting expected process
variability. The invariance penalty is implemented through an adversary that attempts to
predict environment labels from residual summaries. Specifically, define a residual sum-
mary rt = Πr(Rt) and a parent summary ϖt = Πϖ(xt, ut, θt). An adversary network dα
tries to predict e from (rt, ϖt), while the mechanism learner tries to make this prediction
difficult by minimizing adversary accuracy, thereby reducing dependence. The min–max
objective is

min
ϕ,ψ,ω,γ

max
α

Llike + λphys Lphys

+ λinv E
[
ℓadv

(
dα(rt, ϖt), e

)]
, (5.1)

where ℓadv is a classification loss. The adversary approximates a dependence measure: if
environment is predictable from residuals given parents, invariance is violated [28]. Mini-
mizing adversary predictability encourages invariance. Because the adversary can exploit
trivial information such as time index correlated with environment, the framework random-
izes time windows and includes only physically meaningful residual summaries, reducing
leakage.

The physics residual penalty is computed from a one-step or multi-step rollout of
the mechanistic backbone plus correction. A multi-step penalty improves stability by
discouraging corrections that are accurate for one step but unstable over longer horizons.
However, multi-step rollout can be expensive. The framework uses a mixed strategy:
one-step residual penalties are computed at every time step, and occasional multi-step
penalties are computed on randomly selected windows. This yields a training signal that
targets both local consistency and long-horizon stability.

A key algorithmic issue is balancing invariance against fit. If invariance is enforced too
strongly, the model may be forced to ignore genuine environment-dependent drift that is
not captured by θt, leading to poor fit and potentially invalid counterfactual predictions
[29]. If invariance is too weak, the model may encode environment-specific correlations
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and fail to generalize. The framework addresses this by gradually increasing λinv during
training, allowing the model to first fit core dynamics and then to allocate environment
dependence into explicit drift variables under invariance pressure. This schedule encour-
ages a representation in which stable mechanisms are learned early and drift variables are
used to explain environment differences as invariance becomes more strict.

Counterfactual prediction is performed by sampling from the posterior over current
latent state and drift variables, applying a do-intervention on control actions, and prop-
agating forward through the learned transition operator while sampling exogenous dis-
turbances. The do-intervention replaces the policy-generated ut by a planned ūt. The
counterfactual distribution of outcomes is approximated by Monte Carlo samples:

p̂(g) = 1
N

N∑
j=1

δ
(
g − g(j)), (5.2)

where g(j) is the outcome computed from the jth rollout. Because Monte Carlo rollouts
can be expensive, the framework uses low-variance sampling by sharing random seeds
across candidate interventions, enabling consistent comparison of interventions.

Intervention planning is formulated as a risk-aware optimization problem. Let J(ū0:T )
denote an expected cost functional combining throughput and energy, and let ck(ū0:T )
denote constraint functionals such as maximum pressure and minimum holdup margin.
The planning objective is

min
ū0:T

E
[
J(ū0:T )

]
s.t. P

(
ck(ū0:T ) ≤ 0

)
≥ 1 − δk, (5.3)

where probabilities are under the counterfactual distribution conditioned on current teleme-
try. This chance-constrained problem is approximated using quantiles computed from
rollouts [30]. The resulting optimization is solved by gradient-based methods by differ-
entiating through rollouts and projections. Differentiability is ensured by using smooth
projections and by maintaining the mechanistic backbone as a differentiable operator. Be-
cause gradients through long rollouts can be noisy, the framework uses a receding-horizon
approach and truncates gradients when uncertainty dominates.

A crucial feature of causal uncertainty is that different mechanism parameterizations
can satisfy invariance and fit but imply different intervention effects. The framework
represents this ambiguity by maintaining an ensemble of mechanism parameter sets that
are consistent with the data. Planning then optimizes a robust objective that accounts for
ensemble variation. A conservative robust objective is to minimize expected cost under the
worst-case ensemble member within a plausible set, while a less conservative alternative
is to penalize variance in predicted outcomes across ensemble members. The planning
objective becomes

min
ū0:T

1
M

M∑
m=1

E
[
Jm(ū0:T )

]
+ λrob Var

(
Jm(ū0:T )

)
, (5.4)

where m indexes ensemble members [31]. This formulation discourages interventions whose
estimated effect depends strongly on uncertain mechanism details, improving robustness.

The algorithm must also ensure that invariance holds during planning. If the planner se-
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lects interventions far outside the observed input distribution, invariance assumptions may
fail because mechanisms are extrapolated. The framework therefore includes an extrap-
olation penalty based on the distance between planned inputs and the observed support
under the environments. This distance can be measured in a latent input embedding space.
The planner then trades off performance against extrapolation risk, preventing unrealistic
interventions.

The overall computational pipeline thus consists of an invariant learning stage and a
planning stage. Invariant learning estimates mechanisms and latent variables from multi-
environment telemetry while enforcing admissibility and invariance [32]. Planning uses the
learned mechanisms to evaluate counterfactual outcomes of candidate interventions and
selects robust interventions under uncertainty and constraints. The next section evaluates
this pipeline in computational studies designed to stress generalization under policy shifts
and to test whether invariance improves intervention ranking stability when environments
change.

6 Computational Studies: Out-of-Environment Calibration and Interven-
tion Ranking Stability

Computational studies are designed to evaluate whether invariant structural mechanism
learning improves robustness of counterfactual predictions and intervention planning un-
der environment changes common in multiphase network operations. The evaluation em-
phasizes two metrics that are particularly relevant for decision-making: calibration of
predicted uncertainty under out-of-environment policy shifts and stability of intervention
ranking when policies and facility conditions change. The studies use simulated telemetry
from a high-resolution two-fluid network model with closure drift and sensor drift processes
that create realistic distribution shifts, and then train and test the proposed framework
across multiple environments defined by differing policies and drift regimes.

The first study considers a single annular segment operated under two different policies.
Policy A modulates outlet pressure aggressively in response to inlet flow fluctuations,
producing a telemetry dataset with frequent pressure transients and a relatively broad
distribution of control actions. Policy B maintains outlet pressure within a tighter band,
producing a narrower distribution of control actions and fewer large transients. Both
policies operate on the same underlying physical segment, but the resulting telemetry
distributions differ [33]. Closure drift is introduced as a slow change in effective wall
friction scaling correlated with cumulative operating stress, and sensor drift is introduced
as a slow pressure offset drift correlated with facility condition. These drift processes
create environment-dependent distributions of latent variables even when the structural
transition mechanism remains stable.

Models are trained on one policy environment and evaluated on the other. A non-
invariant baseline model that directly predicts measurements from past telemetry and
actions can fit in-environment well but exhibits systematic bias when evaluated on the
other policy, particularly in predicting pressure response to action changes because the
baseline has learned policy-specific correlations between actions and latent holdup states.
The invariant causal framework reduces this bias by enforcing that structural residuals
remain independent of environment labels given inferred parents, which discourages en-
coding policy-specific correlations into the transition mechanism. In evaluation, predictive
intervals for pressure responses maintain closer to nominal coverage under policy shift,
while baseline intervals become miscalibrated and under-cover. Calibration is evaluated
by comparing the fraction of observed pressures that fall within predicted 90% credible
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intervals across held-out trajectories.
Intervention ranking stability is evaluated by defining a set of candidate valve-opening

trajectories and computing the predicted distribution of a risk metric, such as probability
of exceeding a pressure limit over a horizon. Under the truth simulator, interventions can
be ranked by their true risk [34]. The models are evaluated by how often they preserve
the correct ordering of interventions, particularly among the top-risk and bottom-risk
sets. The invariant framework exhibits higher ranking stability under policy shift because
it has learned a mechanism representation that is less dependent on the policy-induced
input distribution. The baseline model, which is accurate in predicting typical behavior
under its training policy, can rank interventions incorrectly when the intervention deviates
from that policy distribution, a failure that is particularly problematic when planning new
operating strategies.

The second study considers a branched network with a junction and an outlet segment.
Two environments correspond to different upstream mixing conditions that affect effec-
tive interfacial drag and slip behavior, modeled as an environment-dependent distribution
of a latent drift variable θt. Policies also differ: one policy prioritizes throughput and
thus operates closer to constraint limits, while the other maintains larger margins. The
telemetry includes boundary pressures and a small number of differential pressure mea-
surements. The key challenge is confounding: the policy that operates near constraints
produces data where control actions are correlated with near-constraint states, and the
environment-dependent drift produces additional correlations between telemetry patterns
and facility state. A model that fails to represent drift explicitly can attribute environment
differences to action effects, leading to incorrect counterfactual predictions [35].

The invariant framework explicitly represents drift via θt and enforces invariance of
residuals across environments conditioned on θt. In evaluation, the inferred drift variables
correlate with the true drift process, and the residual dependence on environment labels
is reduced. Counterfactual predictions of pressure response under a standardized inter-
vention remain more consistent across environments compared to baselines. Importantly,
when the data are insufficient to uniquely identify drift versus action effects, the frame-
work expresses this ambiguity as increased posterior uncertainty, which in planning leads
to more conservative intervention choices. This behavior is evaluated by measuring how
predicted risk distributions widen in ambiguous conditions and by assessing whether the
planner avoids interventions that have high uncertainty in constraint satisfaction.

The third study stresses sensor drift confounding. A single environment is used for
physics, but the sensor calibration state changes between two periods, producing two
environments in telemetry space. A baseline model trained on one calibration period can
fail on the other, and a naive invariant model can also fail if it tries to enforce invariance by
ignoring calibration changes [36]. The proposed framework includes sensor drift variables
in θt and a sensor model Mψ that maps state to measurements with calibration parameters.
Invariance is enforced on structural noise conditioned on θt, enabling the model to represent
calibration shifts as drift rather than as physics changes. In evaluation, counterfactual
predictions of physical outcomes, such as holdup proxies computed from the state, remain
consistent across calibration environments, and intervention ranking based on physical
risk measures remains stable. This illustrates that invariance must be paired with explicit
representation of plausible environment-dependent drift mechanisms; otherwise invariance
can enforce an incorrect stability assumption.

A qualitative diagnostic used in the studies is residual environment predictability. After
training, an environment classifier is trained on residual summaries conditioned on parent
summaries. Under successful invariance, classifier accuracy should approach chance. The
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invariant framework reduces this accuracy relative to baselines, indicating that residuals
have become less environment-informative. When residual predictability remains high, it
signals either model mismatch or insufficient drift representation, and planning is expected
to be less reliable [37]. This diagnostic provides a practical tool for assessing whether causal
invariance assumptions are plausibly satisfied in a given deployment.

A key concern is whether invariance can be satisfied trivially by inflating process noise
or by choosing latent representations that wash out environment differences. The frame-
work mitigates this by including a physics residual penalty and an admissibility constraint,
which restrict trivial solutions that ignore dynamics. Moreover, intervention ranking eval-
uation reveals whether invariance is achieved in a way that improves decision-relevant
outcomes rather than merely reducing a classifier signal. In the studies, models that
reduce environment predictability but degrade intervention ranking are interpreted as
over-regularized; the training schedule that gradually increases invariance weight reduces
the frequency of such failures.

The computational studies also explore sensitivity to environment partitioning. If envi-
ronments are defined by very short time windows, invariance constraints become noisy and
can encourage the model to overfit. If environments are defined too coarsely, invariance
becomes weak and generalization can degrade. The studies show that moderate environ-
ment granularity that captures policy changes and calibration periods yields the strongest
improvements [38]. While this dependence is expected, it underscores that the causal
framework relies on meaningful environment distinctions and that operational metadata
can be valuable.

Overall, the computational evidence supports the thesis that invariant structural mech-
anism learning improves out-of-environment calibration and intervention ranking stability
in multiphase network settings where policy changes and drift processes create structured
distribution shifts. The framework does not eliminate all ambiguity; when data do not
identify causal effects, the framework expresses uncertainty and penalizes interventions
that rely on poorly identified mechanisms. This behavior is essential for safe planning,
where incorrect ranking can lead to constraint violations. The conclusion summarizes the
contribution and outlines implications for deploying causal invariance as a technical tool
in multiphase operations.

7 Conclusion

This paper developed an invariant structural causal modeling framework for counterfac-
tual prediction and intervention planning in networked gas–liquid two-fluid systems under
policy-induced distribution shifts. The approach represents multiphase network telemetry
as arising from stable structural mechanisms coupled with latent drift variables capturing
closure and sensor evolution, and it enforces invariance across environments by penaliz-
ing dependence between structural residuals and environment labels once causal parents
are accounted for. A constrained mechanistic backbone provides conservation-consistent
structure and admissibility constraints, while a causal latent layer allocates environment
dependence into explicit drift variables rather than into environment-specific transition
behavior. Counterfactual operators are defined by do-interventions on control actions and
policies, and a risk-aware planning formulation selects interventions that are robust to
remaining causal ambiguity and extrapolation risk [39].

The framework addresses a central operational challenge: data are generated under
feedback policies that induce confounding between actions and latent state, and facility
conditions drift over time. Multi-environment invariance provides a disciplined constraint
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that reduces reliance on spurious correlations specific to a policy distribution, thereby
improving generalization under policy change. When identifiability remains limited, the
framework represents this limitation as posterior uncertainty and penalizes interventions
whose estimated benefit depends strongly on uncertain mechanisms. Computational stud-
ies on annular segments and branched networks indicated improved out-of-environment
calibration and more stable intervention ranking compared to non-invariant baselines, es-
pecially under sensor drift and closure drift scenarios.

The approach has limitations that are intrinsic to the problem class. Invariance can-
not compensate for fundamental lack of excitation in directions needed to identify causal
effects, and thus safe interventional design remains important in some deployments. More-
over, the quality of invariance enforcement depends on environment partitioning and on
the adequacy of the drift variable representation. These limitations are not failures of
the framework but reflect the inherent challenges of causal learning under sparse sensing
in multiphase systems. Within those constraints, the papers contribution is to provide a
technically explicit and physically grounded pathway from multi-environment telemetry
to counterfactual reasoning and robust intervention planning, using invariance as a mea-
surable proxy for stable causal mechanism identification in multiphase network operations
[40].
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