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Abstract

Causal analysis can guide decisions by estimating how interventions change outcomes
and making the assumptions behind those estimates explicit. We present the Causal World
Foundation Model, a framework for answering causal questions from tabular data. It checks
declared conditions, combines classical estimators, and calibrates uncertainty. Effect queries
receive an estimate with diagnostics or an explanation for refusal. A pretrained neural
router serves as a baseline for comparing estimator selection and aggregation policies. The
evaluation covers treatment effects, observed regimes, and network interference, alongside
a semi-synthetic test using energy sensor covariates. In confirmatory experiments, a shallow
selector and a convex stack improve accuracy over the evaluated deep router. Stress tests
demonstrate consistent refusal when declared conditions fail, while causal interpretation
remains conditional on truthful and complete declarations. A separate audit clarifies the
strengths and limitations of empirical support checks. Together, these findings support a
practical approach to transparent causal artificial intelligence through flexible estimator
selection and clear reporting of assumptions, uncertainty, and decision reasons.

Keywords: causal inference; trustworthy artificial intelligence; interpretable artificial
intelligence; foundation models; estimator selection; identification; abstention; conformal
prediction; network interference

1. Introduction

Causal effect estimates help compare treatments, pricing decisions, and industrial
control actions. Their interpretation depends on assumptions about how treatment and
outcome are generated, because associations alone need not describe intervention effects [1,
2]. Automated causal artificial intelligence (AI) therefore needs accurate estimation and a
clear account of the conditions supporting each answer.

This work addresses two practical needs: selecting estimators for datasets generated
by different mechanisms and making the conditions for returning an answer inspectable.
We connect these steps so that the analyst receives either an estimate with uncertainty or a
specific reason why the requested analysis cannot proceed under the supplied conditions.

Existing work provides strong foundations for this integration. DoWhy separates
modeling, identification, estimation, and refutation [3]. Causal model-selection methods
use proxy losses to compare estimators when counterfactual errors are unavailable [4,5].
Prior-data fitted networks reuse synthetic pretraining for causal estimation [6,7,8]. The gap
addressed here is the joint evaluation of estimator selection, declared assumptions, empiri-
cal support, and explicit refusal within one interface. Section 3 develops this positioning.
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The Causal World Foundation Model (CWEM) brings these elements together for
static treatment effects, observed regimes, and network spillovers. It accepts a dataset, a
formal query, and an assumption ledger, then coordinates validation, classical estimation,
and interval calibration. A pretrained neural router serves as one aggregation baseline
alongside simpler policies. The name CWFM identifies this implementation; foundation
model refers to reuse of its pretrained neural component across the implemented tasks.

The confirmatory results show the value of simple aggregation within this framework.
On 1,800 effect queries, a shallow random-forest risk selector achieves mean absolute error
(MAE) 0.141 and a convex stack 0.147, compared with 0.161 for the deep router. The shared
gate also refuses all 1,200 stress queries that violate the declared conditions. These refusals
demonstrate consistent contract enforcement. They remain conditional on truthful and
complete declarations, which the gate itself cannot verify.

The contributions are:

* a typed interface connecting causal queries, declared assumptions, deterministic
refusal rules, and calibrated effect estimates;

*  acomparison of neural routing and simple aggregation over the same classical estima-
tor library, with separate tuning, calibration, and test streams;

* an evaluation of contract compliance, structural decisions, presentation sensitivity,
and transfer to semi-synthetic energy data, supplemented by a direct audit of the
public empirical support checks.

The research questions (RQs) concern accuracy on answerable queries (RQ1), enforcement
of declared conditions (RQ2), regime detection (RQ3), generalization to families excluded
from training (RQ4), and the computational pathways producing the reported results
(RQ5).

Section 2 introduces the background, and Section 3 reviews related work. Section 4
presents the method. Section 5 describes the experimental setup and implementation,
Section 6 reports the results, and Sections 7 and 8 provide the discussion and conclusion.

2. Background
2.1. Structural Causal Models and Identification

A structural causal model (SCM) specifies how each variable depends on its direct
causes and an exogenous disturbance [1]. Disturbances may be dependent when the model
permits unobserved common causes. An intervention replaces a variable’s assignment
mechanism by a fixed value. For a binary treatment, the average treatment effect (ATE) is

T=E[Y | do(A =1)] —E[Y | do(A = 0)]. (1)

Here, T is the population average treatment effect, Y is the outcome, A is a treatment taking
values zero and one, do(A = a) denotes intervention setting A to a, and E is expectation
over the target population under that intervention. This estimand differs from a comparison
of observed treatment groups [2].

The estimand is the population quantity being requested, here the average treatment
effect. Identification asks whether the observed distribution and stated assumptions deter-
mine that quantity. Estimation then approximates it from a finite sample. This order matters:
an accurate fit to observed outcomes does not by itself supply missing causal assumptions.
A sufficient pre-treatment adjustment set accounts for relevant common causes of treatment
and outcome. Consistency links the observed outcome to the treatment actually received,
and positivity requires the compared treatments to be possible in the relevant covariate
groups [1,2].
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For illustration, consider a treatment study in which disease severity X affects both
treatment assignment and outcome. Assumed intervention mean outcomes of 8 when
treatment is assigned and 6 when it is withheld give T = 2 outcome units in Equation 1.
These values illustrate the estimand; they are not observed treatment-group means. Severity
belongs to the adjustment model, rather than the notation of the marginal effect itself.

Under the stated adjustment conditions, g-computation fits an outcome model using
treatment and severity. It predicts an outcome for each observed covariate profile under
treatment and again without treatment, then averages the prediction differences [2]. The
profiles being compared remain the same, which separates the treatment contrast from
differences in the composition of the observed groups. Additional identifying information
is needed when the same observed distribution is compatible with different intervention
effects.

2.2. Network Interference and Support

Interference occurs when one unit’s treatment changes another unit’s outcome [9]. An
exposure mapping summarizes relevant neighboring treatments, for example the treated
fraction of a unit’s neighbors. A spillover contrast compares two exposure levels while
holding the unit’s own treatment fixed. Identification depends on the assignment design
and the correctness of the declared mapping [10,11].

Thus an untreated unit can still have high exposure if many of its neighbors are
treated. The unit’s own treatment and its exposure describe different inputs to the outcome
mechanism. CWFM'’s network query changes the exposure level while preserving own
treatment for each unit, then averages the resulting contrasts over the observed units.

Positivity is a population condition requiring the relevant treatment or exposure levels
to be possible for the target units. Empirical support diagnostics instead assess the finite
sample [12]. A failed diagnostic can motivate collecting more data, changing the estimand,
or adopting explicit extrapolation assumptions. CWFM’s implemented policy withholds
the requested estimate. Passing the policy does not prove population positivity.

2.3. Regimes and Mechanism Changes

A regime is a region in which a conditional outcome mechanism is stable. Regime
determination asks whether that mechanism changes across a covariate threshold. Model-
based recursive partitioning provides a related framework [13]; heterogeneous treatment-
effect partitioning targets a different quantity [14]. A smooth nonlinear mechanism may
be approximated by several linear pieces without containing a true discontinuous change.
Improved predictive fit alone therefore does not establish a regime boundary [15,16].

Here, the boundary divides observations according to a measured covariate. It need
not represent a change over time. The requested output is a structural decision about the
conditional outcome model. This differs from estimating the effect of intervening on the
covariate used to define the regions.

2.4. Amortized Inference and Conformal Calibration

Amortized inference trains a shared model across synthetic problems and reuses
its parameters for new datasets [17]. Prior-data fitted networks (PFNs) implement this
approach under a synthetic training prior. CWEFM applies it to estimator selection; its
classical estimators are still fitted to each submitted dataset.

Split-conformal calibration uses errors on separate calibration examples to determine
interval radii [18,19]. Under exchangeability of calibration and future examples and the
appropriate finite-sample quantile rule, it provides marginal coverage. Here, an example is
an entire causal episode with a known simulated effect. The resulting guarantee concerns
exchangeable episodes, not repeated sampling from an arbitrary fixed real-world process.
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3. Related Work
3.1. Formal Identification and Causal-Analysis Software

Structural causal models and the potential-outcomes framework give causal ques-
tions a precise meaning [1,2]. Their central tool is the theory of identification: rules that
determine whether a causal question can be answered from the available data under stated
assumptions. When point identification fails, sensitivity analysis quantifies how conclu-
sions change as hidden confounding grows [20], partial identification replaces a point
estimate with an identified interval [21], and dedicated frameworks cover interference
between units [9].

Identification is also an algorithmic problem. Shpitser and Pearl give a complete
graphical procedure for identifying interventional distributions in semi-Markovian causal
models [22]. DoWhy and its graphical causal model extension (DoWhy-GCM) organize
graph specification, causal estimation, model evaluation, and a broader range of causal
queries [3], while Deep End-to-End Causal Inference (DECI) combines discovery and effect
inference [23].

CWEM uses a finite set of sufficient identification rules for randomized treatment
effects, observational effects under a declared adjustment set, and network spillovers under
a declared exposure mapping. This contract validator integrates readily with empirical
support checks and estimator selection. General derivation of identifying functionals
remains the role of graphical identification algorithms.

Causal structure can be learned through constraint-based search [24], continuous
graph optimization [25], invariant prediction [15], heterogeneous data [16], and nonlinear
time series [26]. These algorithms automate defined analysis steps. The analyst supplies
the causal scope and configures the assumptions and procedures. In CWEM, fitting and
aggregation are automated once the query and assumptions are declared.

3.2. Amortized Causal-Effect Estimation

Prior-data fitted networks reuse a transformer trained on synthetic problems, approxi-
mating Bayesian inference under their training prior [17,27]. Several causal variants are
closely related to this work. CausalFM covers back-door, front-door, and instrumental-
variable settings [6]. Do-PFN predicts interventional outcome distributions from obser-
vations without requiring a graph at inference [7]. CausalPFN estimates average and
heterogeneous treatment effects under ignorability in its prior [8]. These published models
illustrate amortized estimation of effects and interventional distributions under specified
training priors.

Partial-graph-conditioned models accept causal knowledge as an input [28]. For
temporal data, amortized causal discovery learns shared dynamics across datasets with
different graphs [29]. Longitudinal effect estimation is addressed by the Causal Transformer,
which models treatment histories and time-varying confounders [30]. These methods target
different tasks; the latter is trained for the dataset under study.

The causal-effect models encode identification assumptions in their priors or interfaces
and primarily evaluate effect or distribution estimation. CWFM adds a joint evaluation
of estimation and a query-level contract and refusal interface. Direct causal PFNs predict
effects; CWFM's neural baseline predicts risks for classical estimators fitted to each dataset.
For causal-structure prediction, amortized variational inference for causal discovery (AVICI)
learns to infer graphs from simulated observational or interventional datasets [31]. Tables 1
and 7 compare the evaluated interfaces and targets; they do not imply that other systems
cannot support additional capabilities.
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3.3. Validation, Selection, and Aggregation of Causal Estimators

Causal model selection compares estimators without observing their counterfactual
errors. For a given unit, the dataset records the outcome under the received treatment,
but not the outcome that the same unit would have had under the alternative. Ordinary
outcome-prediction errors therefore do not directly reveal treatment-effect errors [2].

Proposed criteria use influence functions [4], pseudo-outcomes and the R-learner
objective [32], counterfactual cross-validation [33], and selective learning for doubly robust
functionals [34]. Empirical studies assess how reliably these criteria rank candidates [35,36].
Aggregation offers another approach: causal Q-aggregation combines candidate treatment-
effect predictions using a doubly robust loss and provides model-selection guarantees
under its assumptions [5]. AutoCATE automates the wider pipeline for conditional average
treatment effect (CATE) estimation [37].

CWEM builds on these methods by learning estimator risks across synthetic episodes
with known effects. The neural baseline reuses this risk predictor on new datasets, condi-
tioned on the query and fitted candidate estimates. AutoCATE instead optimizes a richer
conditional-effect pipeline within each dataset. The common interface in CWFM also allows
fixed, shallow, and convex aggregation policies to be evaluated over the same library. This
separation makes the choice of aggregation policy explicit and supports direct comparison
in Section 6.1.

3.4. Reliability under Non-Identification, Weak Support, and Prior Shift
Positivity and empirical support.

Positivity is a population condition; empirical diagnostics assess support in a finite
sample [12]. Trimming [38], overlap weighting [39], extrapolation, and partial identification
provide different responses to limited overlap. Trimming and weighting can change the
target population. CWEM retains the requested target and withholds its estimate when the
implemented support criterion fails.

Sensitivity analysis and partial identification.

When point identification fails, useful outputs can include an identified set [21] or
a sensitivity curve indexed by confounding strength [20]. Quantile-balancing sensitivity
analysis estimates sharp treatment-effect bounds under a specified marginal sensitivity
model [40]. CWEM currently reports a refusal for the requested point estimate; sensitivity
and partial-identification outputs offer natural extensions.

Prior-induced bias in causal PFNs.

Recent work studies corrections for prior-induced confounding bias in causal
PENs [41]. Broader empirical work shows that selecting heterogeneous-effect estima-
tors requires careful evaluation of model-selection criteria [36]. CWFM combines classical
estimators fitted to the submitted dataset, while its neural selection policy retains the
assumptions of its synthetic training prior. Section 6.6 examines this dependence through
development diagnostics.

Conformal calibration and its target.

Conformal prediction provides marginal coverage under exchangeability of calibration
and future examples [18,19]. Causal applications include counterfactual outcomes and
individual treatment effects [42] and calibration of heterogeneous-effect predictors [43].
Their guarantees depend on the stated identification, sampling, and estimation conditions.
CWEM calibrates scalar estimation errors across simulator episodes. Its coverage target is
therefore marginal over exchangeable episodes, as detailed in Section 4.7.
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Four meanings of refusal.

A causal system can withhold an answer because the supplied assumptions do not
identify the effect, the observed sample has insufficient support, a learned rule predicts
high error [44], or the input differs from the training distribution. CWFM implements
the first two through deterministic rules. Uncertainty-aware treatment-effect models can
flag unreliable predictions under limited overlap or covariate shift [45]. Self-compatibility
checks assess causal discovery across subsets of variables without requiring ground-truth
graphs [46].

Causal reasoning and refusal evaluation.

CLadder evaluates language-model reasoning on associational, interventional, and
counterfactual questions with formally generated answers [47]. CausalT5k evaluates refusal
and failure modes across causal rungs [48]. These benchmarks concern language models.
CWEM evaluates an estimator pipeline, recording explicit decision statuses alongside
numerical errors. Separating identification from estimation also follows the graphical
identification framework [22].

3.5. Task-Specific Foundations: Interference and Regime Determination
Network interference.

Design-based frameworks connect treatment assignment, exposure mappings, and
causal estimands under interference [9,10]. Further work studies misspecified map-
pings [11] and learned representations of network-mediated effects [49]. CWFM uses
a supplied network and exposure mapping, then screens whether the requested contrast
is represented in the observations. The validity of the network and mapping remains an
analysis assumption.

Regime determination.

CWFM'’s regime task concerns changes in the conditional outcome mechanism. Model-
based recursive partitioning [13] motivates the one-split baseline; causal trees instead
target heterogeneous treatment effects [14]. Nonstationary-data methods [16] and invariant
prediction [15] also use mechanism stability. Our evaluation includes stationary nonlinear
controls because several fitted linear regions can approximate a smooth mechanism without
establishing a structural change.

Hybrid learning pipelines also support engineering inspection. Zhang et al. integrate
image-processing and learning components to detect bridge-foundation damage from
remotely operated vehicle imagery [50]. Their work illustrates component integration in
a predictive application. CWFM addresses the additional identification requirements of
causal effect estimation.

3.6. Positioning and Research Gap

CWFM integrates formal causal queries, declared-assumption rules, empirical support
checks, classical estimation, and interval calibration. The contribution is an inspectable
analysis pipeline and an evaluation that separates estimator accuracy from refusal behavior.
The shared library supports a direct comparison of neural and simple aggregation policies.
General graphical identification and detection of undeclared confounding remain outside
the implemented scope. Table 1 summarizes the interfaces of representative systems.
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Table 1. Interface positioning of representative causal systems.

Assumptions and

System Target . Non-answer interface
selection
denitcaion  Sientond - Complowgnptial v
algorithm [22] stributions procedure on-identifiability
DoWhy [3] Effect estimands US(?I‘ graph ar}d Refutation diagnostics
estimator choice
Learned graph within
DECI [23] Graph and effects Not reported
model class
AutoCATE [37] Conditional effects Per—d.ataset pipeline Not reported
selection
Candidate
Causal Treatment effects assumptions; fitted Not reported
aggregation [5] weights
CausalFM [6]  Treatment effects liiitgrngs encoded in Not reported
Do-PEN [7] Interventional Sypthetlc pretraining . reported
outcomes prior
Average and e
CausalPFEN [8] conditional effects Ignorability in prior =~ Not reported
Causal Intervals Inherits base-analysis ;. reported
conditions
conformal [42]
Declared rules; .
CWFM Scalar effects support screen; Typed refusal with
reasons

estimator selection

Not reported means the cited publication does not evaluate the capability as a first-class interface.

It does not imply that the capability cannot be added. PEN: prior-data fitted network; DECI: Deep
End-to-End Causal Inference.

4. Proposed Method

CWEM turns an observed dataset, a formal query, and an assumption ledger into a

documented analysis result. An accepted effect query returns a point estimate and interval;
a refused query returns the failed condition and supporting diagnostics. The following
subsections describe how validation, candidate fitting, and aggregation produce these
outputs.

4.1. Design Principles and Overview

Figures 1 and 2 introduce the design. Separate structural and assumption checks
address different sources of error, while the estimator library supports several aggregation
policies. This organization makes the basis for each output visible to the analyst.
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Spurious regime boundary
Predictive gain —
alone is insufficient

Smooth nonlinear mechanism
Approximated by linear pieces

Biased effect estimate
A narrow interval
can miss the effect

\ 4
Separate responses: calibrate structural evidence;

enforce declared assumptions; screen observed <
support. Undeclared violations can remain undetected.

Unobserved common cause
Treatment and outcome associated

Figure 1. Two failure modes motivating separate structural and assumption checks.

A smooth mechanism can produce apparent regime boundaries when approximated
by local linear fits. Hidden confounding can instead bias an effect estimate without produc-
ing an obvious predictive failure. Only disclosed violations of the implemented assump-
tions necessarily trigger the contract gate.

Classical 1inf Cross-episode selection
assical causal inference Learn risks or

Identification rules and estimators aggregation weights

. -

CWFM integration
Typed query and assumptions; support screen; fitted
estimator library; aggregation; calibrated interval or refusal

|

Evaluated policies
Frozen deep router, shallow risk selector, and convex stack share
the same candidate estimators and declared-contract wrapper.

Figure 2. Integration of causal estimation and automated estimator selection.

The common interface connects established causal estimators with automated selection.
Neural pretraining, shallow risk prediction, and convex aggregation can therefore be
compared over the same fitted candidates. This modular design allows improvements in
aggregation to be assessed without changing the causal query or declared conditions.

The method assigns a distinct role to each component: gates enforce declared con-
ditions, classical estimators fit the data, aggregation combines compatible estimates, and
calibration supplies uncertainty intervals. These responsibilities remain separate, so an
aggregation policy cannot override a refusal.

Figure 3 presents the public workflow. Validated inputs proceed to candidate fitting
and the frozen neural baseline. The router uses both the encoded episode and candidate
summaries to produce aggregation weights. Stored calibration then supplies an interval for
the combined estimate. Sections 4.8 and 5 give the scope and evaluation protocol.
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Input: observed table, named query, assumption ledger
Optional network and cluster identifiers

—

Validate query and inputs fail Failure: structured status
Check empirical support Reason and diagnostics
Check declared identification No effect estimate or interval

pass
] v

. . . Encode episode and query
E fflt class(;cal Ca;dl(;lates Add candidate summaries
ects and standard errors Score candidate preferences

~. 7

Compatibility mask and aggregation
Nonnegative weights combine candidate effects

Apply stored conformal calibration
Return status, estimate, interval, reasons, and diagnostics

Figure 3. Workflow of the public CWFM analysis pipeline.

The public runtime checks input validity, empirical support, and identification dec-
larations in that order. Candidate effects and standard errors then enter the risk router
alongside the encoded episode. The weighted classical estimate determines the reported
effect at the evaluated checkpoint. The result retains the candidate weights and diagnostics
for inspection.

4.2. Causal Episodes and the Formal Query Language

A causal episode contains observed values, missingness indicators, variable types and
roles, optional relations between units, and declared design information. Roles identify
treatment, outcome, exposure, and covariates. A relation matrix represents the observed
network for interference queries. The ledger separately records the analyst’s causal asser-
tions.

A formal query names the variables and requested estimand. Separate query classes
cover a binary static ATE, observed-regime determination, and a network exposure contrast
averaged over observed own-treatment values. The submitted episode defines the target
population. Each class fixes the required inputs and whether the output is an effect estimate
or a structural decision.

The query and declared assumptions define the analysis contract. We write the input-
output mapping as

F(E,Q) — (5,7, Cu, R, D), (2)

Here, F is the analysis function, E is the episode, including observed inputs and the
assumption ledger, Q is the query, and S is the output status. The scalar T is the effect
estimate and C, is its interval at nominal coverage 1 — &, where « is the miscoverage
level. Both are absent for refused queries; regime queries instead return a structural
decision. The object R contains a machine-readable reason, and D contains diagnostics.
Conceptual statuses are answer, not identified, unsupported, and out of scope; the
public application also distinguishes invalid input and unavailable model files. These
are software decisions under implemented rules, not proofs that every refused query is
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mathematically unidentifiable. Figure 4 shows the input and output objects, and Table 2

lists the causal query classes.

Observed episode

Covariates, treatment, outcome
Column names, roles, and types
Optional network and clusters

Formal query

Average treatment effect

Named binary treatment column
Contrast: zero to one

v

Assumption ledger
Assignment and consistency

Analysis runner
Validate data and assumptions

Adjustment set, if asserted
Exposure mapping, if needed

Fit and combine estimators
Apply stored calibration

pd

Typed result
Accepted: effect estimate and interval;

refused: status and reason

Both outcomes retain the relevant diagnostics.

Figure 4. Input and output objects for a static treatment-effect query.

The three inputs have complementary roles: the episode supplies observations, the

query fixes the estimand, and the ledger records assumptions. The result brings the decision,

estimate, uncertainty, and diagnostics together in one typed object. Section 4.5 explains the

conditional meaning of acceptance.

In the treatment example of Section 2.1, each row describes a patient, and named

columns record treatment, outcome, and severity. The query requests the average con-

trast between treatment and no treatment.

The ledger states whether assignment was

randomized or whether the supplied adjustment set is asserted to be sufficient. The runner

validates these inputs, screens support, and checks the required declarations before fitting

the eligible estimators. An accepted result reports the combined effect and interval; a failed

condition produces a reason instead. In particular, refusal is distinct from an estimated

effect of zero.

Table 2. Implemented causal-effect query classes.

Support condition  Estimators

Query class Declared conditions
Randomized

Randomized ATE treatment
assignment

Declared sufficient
Observational ATE pre-treatment
adjustment set
Assignment,
consistency,
exposure mapping,
and
observed-network
restriction

Network spillover

At least ten
observations in each Design-based;
arm; empirical regression-adjusted
overlap screen
Treatment overlap Linear, interaction,
over the target and spline
covariate region g-computation

upport for th . . .
Support for the Linear and piecewise
requested exposure

exposure response

contrast

ATE: average treatment effect. All effect queries additionally require asserted consistency and
empirical support. The observational and network conditions are supplied by the user; the gates do

not verify their truth.

https:/ /doi.org/10.3390/ electronics1010000

317

318

319

320

321

322

323

324

325

326

327

328

329

330


https://doi.org/10.3390/electronics1010000

Version September 22, 2026 submitted to Electronics 11 of 39

4.3. Typed Encoder and Neural Mechanism Modules

The encoder represents each cell by its value, missingness indicator, variable type,
and query role. Alternating attention operations combine information across variables and
samples. The query vector also contains normalized treatment, outcome, and exposure
column indices. Thus the architecture is presentation-randomized, not position-blind,
despite having no separate column-position embedding.

Training and the confirmatory column-permutation probes reorder columns within
role groups. The public adapters arrange columns from their query names, but adding
covariates can change the normalized indices. Section 6.1 quantifies the resulting stability
and remaining sensitivities. Exact invariance to arbitrary query-column relocation is
not established; removing those inputs would require a new checkpoint interface and
retraining.

Attention combines information from related parts of an input. In CWEM, it operates
across variables within a sample and across samples within a variable. These operations
capture covariate relationships and distributional patterns. For network data, a message-
passing step adds summaries of neighboring units.

Presentation probes check whether changing a dataset’s representation changes the
answer. Reordering rows should preserve the effect, whereas changing outcome units
should rescale it consistently. These are called invariance and equivariance, respectively.
Adding a covariate can shift query-role column indices, which are divided by the fixed
capacity of 12 columns. Consequently, the query representation can change even when the
added column carries no relevant causal information.

The feed-forward layers use a sparse mixture of neural modules, with a learned gate
activating a subset for each representation. We call these internal networks neural modules
and members of the classical library candidate estimators. The term expert in the code refers
to these software components, never to a human participant. A specialist is a classical
candidate suited to a particular mechanism. The internal gate shapes representations; the
estimator risk router combines fitted effect estimates.

4.4. Structural Heads and Exploratory World Particles

The evaluated regime pathway fits candidate threshold models and computes a
Bayesian information criterion (BIC) evidence statistic. A threshold selected on calibration
episodes converts this evidence into a split decision. Stationary nonlinear controls help
distinguish a smooth mechanism from a structural break (Figure 5).

The architecture also includes a hierarchical neural decoder for the split variable,
threshold, and change type. It is trained using matched smooth and piecewise mechanisms.
Its outputs are recorded as diagnostics; the reported split decisions use the calibrated
classical statistic.

World particles are scored hypotheses combining a graph, mechanism family, and
regime hypothesis. They provide an exploratory representation of structural uncertainty.
Their scores are effectively uniform at the evaluated checkpoint and do not enter its point
estimate (Section 6.7).

https:/ /doi.org/10.3390/ electronics1010000

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371


https://doi.org/10.3390/electronics1010000

Version September 22, 2026 submitted to Electronics 12 of 39

Observed predictors and outcome Fit threshold models
Candidate splitting variables Five quantiles per variable

A

Compute structural evidence Select maximum evidence
Compare conditional mechanisms Apply calibrated threshold

~

Output: no split, or splitting variable and threshold

Neural structural heads and world-particle scores remain diagnostic.

Figure 5. Calibrated regime-determination pathway.

For each eligible splitting variable, candidate models provide evidence at five quantile
thresholds. The largest score is compared with the calibrated cutoff. The output records
a no-split decision or the selected variable and threshold, making the structural decision
traceable to fitted evidence. The splitting threshold is a value of the covariate that divides
observations into regions. The calibrated cutoff is instead a value of the evidence statistic
that determines whether any proposed split is accepted. Keeping these quantities separate
makes the structural decision and the selected boundary easier to interpret.

4.5. Identification and Support Gates

Two deterministic gates connect the requested estimate to its declared assumptions
and observed support.

The identification gate enforces a finite library of sufficient conditions in the assump-
tion ledger, including randomized assignment or an asserted sufficient adjustment set.
It provides a reproducible decision and a specific reason when a required condition is
missing.

This guarantee is conditional on truthful and complete declarations. Incorrect ran-
domization claims, omitted confounders, or a wrong exposure mapping can pass the same
rule as correct metadata. Observationally equivalent causal models can imply different
intervention effects, so the gate cannot establish causal truth from the observed table. Its
guarantee is contract compliance, not correctness of every accepted answer.

The public support gate screens the submitted observations. For static effects, it fits a
ridge linear-probability model of treatment on standardized covariates. The fitted score
approximates the probability of receiving treatment at a covariate profile. Scores near
zero or one flag profiles for which the comparison treatment is poorly represented. The
implementation clips scores to [0, 1] and requires at most 10% outside [0.05,0.95], with the
fifth percentile above 0.01 and the 95th below 0.99.

For network effects, support concerns the requested exposure levels as well as own
treatment. Both exposure targets must lie inside the fifth-to-95th percentile range overall
and within each own-treatment group. Across the dataset, at least ten observations must be
near each target. The neighborhood tolerance is the larger of 0.05 and 10% of the observed
exposure range. The within-group checks prevent observations from one treatment group
alone from supporting a contrast requested across both groups.

Both tasks also require at least ten units in each treatment group. These are fixed
heuristics, not calibrated tests of population positivity. The original and confirmatory
benchmarks use declared support classes; the separate audit in Section 6.8 evaluates the
empirical functions themselves.
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A failed check returns a structured refusal and a machine-readable reason. Input o
validation occurs first; support failure takes precedence when support and identification s
declarations both fail. Figure 6 shows this order. The explicit reason helps the analyst o
determine whether the query, available data, or assumption statement needs further exami- 4.0

nation. a1
N fail .
Input and query validation Invalid or unsupported query
passi
Treatment and exposure support fail (
Observed sample Refuse: inadequate support

and declared support

pass
A
Identification declarations fail Refuse: identification
Implemented sufficient conditions not established
pass
y

Passing cannot verify
the assumptions or prove
population positivity

Proceed to estimation
Under supplied assumptions

Figure 6. Public validation order and conditional meaning of an accepted request.

Support failure takes precedence when support and identification declarations o
both fail. Regime determination has a separate structural status rather than a causal- s
identification claim. Missing or corrupted model files lead to a model-unavailable status x4
before inference. ats

4.6. A Risk-Routed Library of Classical Estimators 416

Accepted queries proceed through candidate fitting, aggregation, and interval calibra- a7
tion. 418

The library contains linear g-computation, a cross-fitted augmented inverse probability s
weighting (AIPW) estimator with ridge-linear nuisance fits, interaction g-computation, o
spline g-computation, a piecewise exposure-response candidate, and a design-based or null s
candidate. Compatibility masks select the applicable candidates. Network cross-fitting uses
cluster-level folds when multiple analysis clusters are available. The network candidate s
occupying the AIPW slot is a cross-fitted linear plug-in, not a derived doubly robust score. 44
Candidates are fitted to each dataset; neural parameters remain fixed. 425

The candidates represent different outcome shapes, including additive, interacting, s
smooth nonlinear, and piecewise responses. A nuisance model estimates an intermediate s
quantity, such as the outcome regression or treatment probability, needed to compute an
effect. Cross-fitting fits these models on one part of the dataset and evaluates the relevant
predictions on another part. Keeping network clusters together in folds avoids splitting a 40
cluster between these fitting and evaluation subsets. 431
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The estimator risk router combines the episode representation with candidate estimates
and standard errors to score its preferences among candidates. It converts these learned
scores into nonnegative weights:

]
:Ecompiled = 2 wj(E/ Q) ?jr Ew] =1, wj >0, (3)
j=1 j

Here, :f\compﬂed is the combined scalar estimate, ] is the number of candidate estimators, j
indexes a candidate, ?] is its fitted effect estimate, and wj(E, Q) is its nonnegative weight
for episode E and query Q. Incompatible candidates have weight zero. Figure 7 shows
the computation; the confirmatory comparison substitutes simpler aggregation policies
without changing the candidates or gate logic.

, . Encode episode and query
ffFlt the filassm?jl h(l:lgrary Read effects and standard errors
Effects and standard errors Score candidate preferences

~ 7

Mask incompatible candidates; normalize nonnegative weights
Combine the compatible effect estimates

Combined classical estimate
Apply stored calibration to obtain the effect interval

Figure 7. Classical candidate fitting and neural baseline aggregation.

The router learns preferences among candidate estimates. During synthetic training,
candidates with smaller errors receive larger target weights. At inference, learned scores
are normalized into nonnegative weights that sum to one. The weights describe each
candidate’s contribution to the combined estimate; they are not probabilities that a causal
model is true. Candidate effects and standard errors are available from the submitted data,
whereas the true effect used during training is not required at inference. The confirmatory
experiment changes this aggregation rule while retaining the same library.

The architecture also permits a gated neural residual, trained with a penalty for
degrading the combined estimate. Checkpoint selection applies a development-set non-
degradation tolerance. The selected checkpoint precedes residual training, so the reported
point estimates are effectively the classical blend. Section 6.7 measures this contribution
directly.

4.7. Calibration

Effect intervals use split-conformal calibration on separate episodes. The confirmatory
comparison gives every estimator the same scenario-stratified absolute-error score, finite-
sample quantile rule, calibration stream, and 90% coverage target.

In that comparison, the aggregation policy is fixed before calibration. It produces an
estimate for each calibration episode, and the absolute difference from the known simulated
effect becomes a calibration score. Within each scenario, an upper quantile of these scores
determines the interval radius, with the finite-sample correction. A test estimate is then
extended by the stored radius in both directions. The test episode’s true effect is used
only to score coverage afterwards. This procedure turns errors on separate, known-effect
problems into an uncertainty rule for subsequent episodes.
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The original comparison used normalized errors and task strata for CWEM, but
absolute errors for its compiled-only comparator and conventional baselines. Equal full
and compiled-only point estimates can therefore have different interval coverage in that
comparison. The public bundle retains the calibration paired with its checkpoint.

Regime calibration is separate: a threshold maximizes recall subject to a false-positive
constraint, with an observed calibration false-positive rate of approximately 0.085. This
is an empirical threshold-selection procedure, distinct from the conformal guarantee for
effect intervals.

The effect-interval guarantee is episode-marginal: for future episodes exchangeable with
the calibration stream, coverage is at least the nominal level. It concerns the distribution
of complete episodes. Coverage within a particular mechanism or under a different data-
generating distribution requires separate evaluation.

The sampling unit for this statement is a complete dataset and its query. Coverage
counts how often intervals contain the corresponding true effects across episodes, rather
than how many individual rows lie inside an interval. Calibration quantifies estimation
uncertainty under its sampling conditions; it does not replace the causal assumptions
needed to interpret the effect.

4.8. Reliability Properties and Scope

Table 3 separates the observable behavior of each component from the conditions
supporting its interpretation. This distinction makes the framework’s guarantees testable:
contract enforcement, support screening, and interval coverage each have an explicit
evaluation target.

Table 3. Properties of the implemented framework and their conditions.

Component Observable behavior Scope and conditions

Withholds an estimate when a Enforces the ledger; cannot verify

Identification gate . : : its truth or detect undeclared
required declaration fails

confounding
Checks treatment counts and A fixed diagnostic; passing does
Support screen empirical overlap before not establish population
estimation positivity or model adequacy
Requires exchangeability;
Provides episode-marginal per-cell and shifted-distribution
Conformal i
) coverage at the nominal level coverage need separate
interval ;
evaluation
Selects checkpoints meeting a The S(.elected residual is
. 4 untrained; future
Residual development non-degradation .
. non-degradation is not
constraint tolerance

guaranteed
Matches declared-invalid cases ~ Evaluates supplied metadata and
with structured refusals rule implementation
These families inform selection;
automatic prior-shift rejection is
not implemented

Contract test

Reports errors on families

G lizati . -
eheratzation excluded from gradient training

diagnostics

The three decision layers have distinct evaluation targets: contract compliance, empirical support,
and interval coverage. All accepted causal answers remain conditional on the supplied assumptions.

5. Experimental Setup

The experiments separate training, development, calibration, and evaluation data.
This section describes the samples, protocols, and Python implementation before the results
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in Section 6. A test bank is called held out because it is reserved for evaluation after s
upstream choices are fixed; its data remain accessible to the evaluator. 490

The evaluations answer complementary questions. Effect benchmarks compare numer- 4.
ical accuracy and intervals when the declared conditions permit estimation. Stress queries 4
check whether the decision rules enforce those conditions. The empirical support audit
examines whether checks computed from observations agree with a known population 44
reference. Reporting these separately distinguishes successful contract enforcement from s
accurate effect estimation and useful support screening. 496

5.1. Training and Evaluation Data 497

The synthetic training distribution specifies which mechanisms the neural baseline 4
encounters and is therefore part of its modeling assumptions. 499
Synthetic episodes provide known effects and structural labels for controlled eval- s
uation. Each episode samples a graph, mechanism, assignment process, and effect size, su
then generates observations. Truth labels support training and scoring, while the public s
inference interface receives observed inputs and declarations. A semi-synthetic experiment so
adds measured energy-sensor covariates to assess transfer beyond the synthetic covariate  so
distribution. 505
Episodes come from three task families: 506

*  Static treatment effects: datasets have 64 to 128 units, three to eight covariates, a bi- sor
nary treatment, and a continuous outcome. Linear and nonlinear mechanisms cover s
observed confounding and randomized assignment. 509

®  Regime determination: datasets have five to nine covariates. Outcome mechanisms are s
stationary or change at a covariate threshold, with strong or weak shifts. Stationary = su
smooth nonlinear mechanisms and complete nulls provide controls. s12

*  Network interference: a network links units within clusters, and treatment satura- s
tion varies across clusters. Exposure is the treated fraction of each unit’s neighbors.  su
Spillover mechanisms are linear, threshold-shaped, or exactly null. 515

Static and network families also include declared hidden confounding and poor support, s
with gate targets determined by those declarations. Stationary nonlinear controls and sw
complete nulls assess regime decisions. These distinct controls allow contract compliance s
and structural accuracy to be measured separately. 519

Training varies row order, column order within role groups, covariate scales, and s
missingness, masking up to 5% of covariate values. These transformations encourage stable sz
predictions across presentations. Sections 6.1 and 6.7 measure that stability and identify s
the transformations for which exact invariance remains unresolved. 523

Disjoint seed ranges separate training, in-distribution development, out-of-distribution s
development, calibration, and original testing. Figure 8 shows their roles. The optimization s
run processes 38,400 episodes in 1,600 batches of 24. The selected checkpoint is step 100, sz
after 2,400 episodes. The original test bank is evaluated once training, selection, and s
calibration choices are fixed. 528
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Sample a causal world and generate an episode
Observed values and declarations are
separated from effect and structure truth.

N AN

Model development Evaluation

Training: parameter updates Calibration: interval radii
Checkpoint selection on and decision thresholds
development families, including Held-out test: fixed policy
families absent from training Test truth: scoring only

pd

Confirmatory round: separate aggregation-tuning,
calibration, test, stress, and invariance streams
Empirical support audit: independent protocol and seeds

Figure 8. Separation of simulator truth and experimental data streams.

Training updates neural parameters; development selects a checkpoint; calibration
sets interval radii and the regime threshold. The held-out test bank then scores the fixed
pipeline on 14 scenario cells. Simulator truth is available to these experimental procedures
but excluded from public inference inputs.

The out-of-distribution development bank probes hinge, multiplicative, and saturating
outcome mechanisms; intercept, variance, and shifted regime changes; alternative network
families; and nonmonotone spillovers. These families are excluded from gradient training
but inform checkpoint selection. Their results are therefore reported as development
diagnostics.

Table 4 summarizes the data sources and sample dimensions. The synthetic evaluation
uses 96 units per episode, with six static covariates, seven regime predictors, or four
network covariates plus degree. Training instead varies the dimensions within the ranges
reported above. Network training uses three to six covariates; all training task families use
64, 80, 96, or 128 units. The external source contains 19,735 time-indexed measurements
from one low-energy building, with eight temperature and humidity covariates selected
for this study:.

Table 4. Data sources and evaluation sample sizes.

Stream or source Episodes or rows Units per episode

38,400 episodes; selected

Synthetic optimization checkpoint used 2,400 64 to 128
Original test 420 episodes, 14 cells 96
Aggregation tuning 1,200 episodes, six cells 96
Confirmatory calibration 1,800 episodes, six cells 96
Confirmatory test 1,800 episodes, six cells 96
Confirmatory stress 1,200 episodes, four cells 96
Energy source 19,735 measured rows [51] Not applicable
Energy calibration and test 20(.) and 300 semi-synthetic 128

episodes
Empirical support audit 40,000 episodes, 80 cells 32 to 512

An episode is one dataset and its query. Synthetic truth is known from the generator. The energy
covariates and prognostic response are measured; treatment and effect labels are simulated.
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5.2. Pretraining and Constrained Model Selection 545

The training schedule first optimizes estimator routing with the residual frozen, then s
trains the gated residual under a non-degradation penalty, and finally applies joint fine- s
tuning at a low learning rate. Classical candidate estimators are fitted within each episode s
rather than pretrained as neural parameters. 549

Checkpoint selection jointly considers effect estimation and structural decisions. Eligi- ss
bility requires a residual non-degradation tolerance, a false-split cap on stationary nonlinear  ss:
controls, and continued use of multiple candidates. Eligible checkpoints are ranked by  ss
worst-group error on development families. Step 100 satisfies these criteria. Later saved s
checkpoints have lower unconstrained scores but exceed the 0.30 false-split cap. Refusal sz
remains governed by the deterministic runtime gate. 555

A checkpoint is a saved snapshot of the neural parameters. Continuing optimization s
after that snapshot does not mean the later parameters are used for evaluation. Here, s
the selection rule makes the tradeoff between effect error and false structural alarms sz
explicit. The selected snapshot therefore provides a routing baseline that meets the declared sz
development criteria, even though the full training schedule includes later stages. 560

The selected checkpoint provides a clear evaluation of pretrained routing over a s
classical library. It precedes residual training at steps 241 to 1040 and subsequent joint fine- se
tuning. The residual and world-effect mixture objective consequently remain untrained at  se
this checkpoint; their implemented pathways are treated as exploratory. s64

The evaluated implementation covers static tabular effects, observed-regime determi- ses
nation, and network interference. Temporal mechanism changes, latent-variable structure, ses
and identification with partially specified graphs remain outside this scope. 567

5.3. Implementation and Tool Support 568

The Python implementation exposes the same analysis pipeline to example scripts s
and a Streamlit application. Named-query adapters map observed columns to model s
roles. Validation and decision-policy modules enforce input, support, and declaration rules. sn
NumPy and SciPy fit the classical candidates; PyTorch executes the frozen encoder and s~
router; calibration and result modules construct typed outputs. Scikit-learn supplies the s
conventional random-forest estimator and the shallow confirmatory selector. Figure 9 maps s
these components. 575

The analyst selects a query and declares assumptions; fitting, aggregation, and de- s
cision reporting are then automated. Network analysis includes an explicit declaration sn
about unmeasured confounding. Support checks preserve earlier treatment-group fail- sz
ures, including missing groups. Accepted results state their dependence on the supplied  sn
assumptions. 580
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Examples and Streamlit clients Public runner and
examples/, app/ named adapters
! cwfm.application
|
v
Validation and contract policy pass Classical candidate fitting
validation.py cwfm.estimators < -
decision_policy.py NumPy and SciPy
|
]

Frozen encoder and risk router
cwfm.model
PyTorch

Intervals and typed results
calibration.py, results.py

Experiment drivers: cwfm.experiment, cwfm.revision_experiment
Fit and compare policies; score against evaluator-only truth; write artifacts

Figure 9. Python components implementing the method and its evaluation.

The runner coordinates input adaptation, empirical validation, inference, and result  sa
serialization. Confirmatory drivers use the same candidate-fitting code and declared- s
contract logic while evaluating alternative aggregators, including a scikit-learn shallow  ses
selector. The separate support driver evaluates the public empirical checks without neural  se
inference. 585

The model bundle records a Secure Hash Algorithm checksum with a 256-bit digest s
(SHA-256) for its weights and pairs the checkpoint with calibration artifacts. A missing se
or mismatched model produces MODEL_UNAVAILABLE. Example scripts cover static, regime, ses
network, batch, and diagnostic workflows, with reproducible seeds and machine-readable sz
output. A dry-run option validates a contract before inference. 590

The refusal demonstration, examples/04_safety_and_abstention.py, reports ac- s
cepted queries and declared-condition failures with machine-readable reasons. 592

Running streamlit run app/streamlit_app.py opens views for analysis, case com- sos
parison, stored benchmarks, and model diagnostics. All clients call the public runner. The  so
original experiment evaluates generator episodes through the declared-design gate. The  sos
confirmatory driver compares aggregation policies using cached candidates and the same s
declared-contract wrapper. The support audit separately evaluates the public empirical  so
functions and treatment-group count condition. 598

5.4. Experimental Design 599

The original held-out test bank contains 14 scenario cells with 30 independent seeds w0
each, shared by all methods (420 episodes). Six cells contain answerable effects: static n
linear, nonlinear, and randomized treatment effects, and linear, threshold, and null network ¢
spillovers (180 queries). Four cells contain regime tasks: strong split, weak split, stationary  eos
nonlinear control, and complete null (120 episodes). Four stress cells contain declared oo
hidden confounding or poor support in static and network settings (120 queries). The oo
confirmatory and support studies use separate streams specified below; the development oo
diagnostics are not held-out confirmatory tests. 607

The original effect comparison includes linear, interaction, spline, piecewise exposure- o
response, and random-forest g-computation. These are candidate estimators with differing o0
mechanism assumptions. Random-forest g-computation is an outcome estimator, distinct w0
from the shallow random-forest risk selector that chooses among library estimates in the ou
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confirmatory study. The regime comparator is a compact BIC-penalized procedure with
at most one linear split, inspired by model-based recursive partitioning [13]. Conclusions
about it do not apply to all partitioning methods. CWFM with its neural residual removed
is also evaluated to identify the active estimation pathway.

The six RQ4 families were excluded from gradient training but used for checkpoint
ranking (Section 5.1). Each family contributes four development episodes; Section 6.11
reports their individual errors. The neural baseline has hidden dimension 96, three attention
blocks, and four neural mechanism modules; the classical library has six members.

The full neural model contains 917,040 parameters, including the exploratory heads.
Its float32 parameters occupy 3.67 MB, and the saved checkpoint occupies 3.74 MB (decimal
units). The original run took 2,000.5 seconds, or 33.3 minutes, on one graphics processing
unit (GPU); its model was not recorded. It performed 1,600 updates with 24 episodes per
batch, processing 38,400 training episodes. The selected step-100 checkpoint follows 2,400
episodes. These counts distinguish the cost of the full optimization schedule from the
selected snapshot. Classical candidates are fitted separately for each input dataset and are
not included in the neural parameter count.

Acceptance is reported separately from estimation error. All 180 answerable original
effect queries and all 1,800 confirmatory effect queries receive estimates. The 120 original
and 1,200 confirmatory stress queries belong to separate cells with failed declarations.
Within the answerable banks, the gate does not remove episodes according to their difficulty
or prediction error; all compared policies are scored on the same queries. These counts
describe the declared-contract benchmarks. The public empirical screen has separate
finite-sample acceptance behavior, evaluated in Section 6.8.

Effect accuracy is measured by MAE against the known generator effect. Interval eval-
uation records empirical coverage and mean width at the 90% target. Contract evaluation
counts estimates returned when the declared conditions fail. Regime structure accuracy
requires the correct split variable or a correct no-split decision; threshold localization is not
scored. Method differences use paired bootstrap confidence intervals over shared seeds.
Manifests record seeds, configurations, package versions, and checkpoint hashes to support
reproduction, subject to numerical differences across environments.

MAE averages the magnitude of effect-estimation errors, so positive and negative
errors do not cancel. Coverage and width describe the uncertainty interval attached to
each effect estimate. A paired bootstrap interval instead summarizes uncertainty in the
average performance difference between methods. Pairing keeps each method’s results
on the same episodes together, allowing comparisons to account for shared variation in
episode difficulty.

5.5. Confirmatory Protocol and Comparators

The confirmatory protocol fixes seed streams, methods, hyperparameter policies,
coverage targets, and bootstrap comparisons in experiments/revision_protocol. json.
Its hash and the released checkpoint’s SHA-256 are recorded in the manifest. The estimator-
layer repair described in Section 6.7 was completed before drawing these streams. Neural
parameters remain fixed.

Separate streams contain 1,200 aggregation-tuning episodes, 1,800 calibration episodes,
1,800 confirmatory effect queries, and 1,200 stress queries. The effect test has 300 episodes
in each of six scenarios. Presentation probes and an external semi-synthetic benchmark
provide additional evaluations.
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Comparators.

Applicable methods share the same episodes and calibration protocol. The comparison
includes individual compatible library candidates and four conventional estimators: linear
and random-forest g-computation, cross-fitted AIPW with ridge-linear nuisance models,
and a cross-fitted doubly robust learner with spline nuisance models.

Nine policies combine the same fitted library. Neural variants use the frozen soft
blend, its highest-weight candidate, or temperature-scaled weights. Simple rules use
the uniform mean, median, or best fixed candidate from the tuning stream. Learned
alternatives are a metadata-only ridge selector, a shallow random-forest risk selector, and a
nonnegative convex stack fitted by task. The shallow selector reads candidate estimates
and standard errors as well as metadata. Per-cell and per-episode oracles select candidates
using unavailable truth and serve as reference bounds.

Every method uses scenario-stratified absolute-error split-conformal intervals, the
finite-sample quantile rule, the same calibration stream, and a 90% target. This shared
construction supports direct comparison of the aggregation policies.

The shallow selector and convex stack use the library differently. The selector predicts
each eligible candidate’s absolute error from the episode summaries and returns the candi-
date with the smallest predicted error. Its choice can vary between datasets. The convex
stack instead learns nonnegative weights for each task on the tuning stream and reuses
those weights to combine new estimates. Both policies are fitted before calibration and test-
ing. Their distinction is therefore adaptive candidate choice versus a learned combination
shared within a task.

5.6. External Semi-Synthetic Design

The external source is the University of California, Irvine (UCI) Appliances Energy
Prediction dataset [51]. The analysis selects T1, RH_1, T2, RH_2, T3, RH_3, T_out, and
RH_out without using treatment effects. These temperature and humidity covariates
are standardized, and standardized log-transformed appliance energy use supplies the
prognostic component. The fixed simulator adds a covariate-dependent logistic treatment
assignment, a heterogeneous treatment effect, and outcome noise. Thus measured outcomes
do not provide observed intervention ground truth; the known effect comes from the added
simulation.

Each episode has 128 units. Even source rows supply 200 calibration episodes; odd
rows supply 300 test episodes. The treatment and effect equations were fixed before
evaluation, and the aggregation policies learned from synthetic tuning episodes remain
fixed. Source pools are disjoint, but adjacent sensor measurements are temporally related
and episodes can reuse rows. The design is a semi-synthetic transfer check, not independent
validation of a real intervention or a new building.

The design introduces covariate patterns from measured sensors while preserving a
known effect for scoring. The prognostic component represents baseline outcome variation
before the simulated treatment contribution is added. This allows the study to examine
how policies learned on synthetic tasks perform with measured covariates, without treating
an observed energy association as an established intervention effect.

5.7. Finite-Sample Empirical Support Audit

The direct support audit applies the public screening functions and minimum
treatment-group count condition to 40,000 datasets. Its fixed protocol, experiments/
support_protocol. json, uses sample sizes 32, 64, 128, 256, and 512, with 500 independent
replicates per cell. Seed 9102026 is combined with family, size, severity, and replicate
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indices. This inexpensive experiment isolates support decisions, with thresholds fixed and
no neural inference or effect fitting.

Static episodes contain five independent standard-normal covariates and a binary
treatment. The two treatment-assignment models are

es(x) = c(sx1) or es(x)=0c(s(xf—1)), se€{0,051,248}. (4)

Here, es(x) is the probability of treatment conditional on covariate vector x, xj is its first
coordinate, s controls assignment severity, and o(z) = 1/(1 + exp(—z)) is the logistic
function for a real-valued argument z, with exp denoting the exponential function. Treat-
ment is sampled independently conditional on these probabilities. The linear case probes
sampling behavior; the quadratic case probes model misspecification. An outcome column
is supplied but never used by either screen.

The population reference applies the static gate’s tail policy to the known propensity
distribution: at most 10% of true probabilities outside [0.05,0.95], a fifth percentile above
0.01, and a 95th percentile below 0.99. These quantities are computed analytically from
the normal or chi-squared distribution. Slopes zero, 0.5, and one meet the policy; slopes
two, four, and eight fail it in both families. All finite logistic slopes retain strict positivity,
so this reference concerns practical overlap under a specified policy, not mathematical
non-identification.

Network episodes use a ring whose units have neighbors at offsets minus two, minus
one, one, and two. Treatments are independent Bernoulli draws with probabilities 0.5, 0.3,
0.1, or 0.02. Exposure is the treated fraction of the four neighbors and is marginally binomial
with four trials, divided by four; own treatment is independent of own exposure. The
requested exposure contrast is 0.25 to 0.75. The population reference requires these targets
inside the fifth-to-95th percentile range of that known exposure distribution. Probabilities
0.5 and 0.3 pass; 0.1 and 0.02 fail. Minimum nearby counts and treatment-group sizes
are finite-sample restrictions, not population properties. Exposure dependence between
neighboring units is preserved.

A false refusal is rejection in a cell meeting its population reference; a false acceptance
is acceptance in a cell failing that reference. Thus a “positive” support-failure decision
has false-positive rate equal to the false-refusal rate. We report both directions to avoid
ambiguity. Refusal rates use all 500 replicates in each cell. Their pointwise 95% Wilson
intervals treat episodes, not units, as independent observations. The complete design
comprises 30,000 static and 10,000 network episodes. This audit characterizes support
decisions only; it does not estimate causal error conditional on acceptance.

5.8. Pretraining Ablation and Router Diagnostics

We isolate the contribution of neural pretraining by comparing the selected checkpoint
with five untrained copies of the same architecture, initialized with seeds 1729 to 1733. Each
copy receives the same observed inputs, fitted classical estimates, compatibility masks,
and declared gate. No copy receives test-time optimization. Residual effects are below
2.1 x 10~7 in magnitude in all six models, so the comparison isolates their estimator weights
to numerical precision. Simulator targets are excluded from model inputs and used only
for scoring.

The analysis reuses the 1,800 confirmatory effect episodes, with 300 per scenario.
It is a post-review ablation on an existing bank, rather than a newly independent con-
firmatory study. Uniform weights provide a control without learned aggregation. A
second control fixes pretrained weights to their mean on the separate 1,200-episode tun-
ing stream, grouping by task and compatibility mask. This comparison tests whether
episode-specific routing improves on the learned average preferences. We report point
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errors, all initialization results, weight summaries, and paired bootstrap intervals from
4,000 resamples stratified by scenario. The intervals condition on the selected checkpoint
and fixed initializations; they do not measure training-run stability. Protocol, code, tim-
ings, and per-episode records are supplied in experiments/pretraining_protocol. json,
cwfm/pretraining_experiment.py, and artifacts/cwfm/pretraining_revision/.

6. Results
6.1. Confirmatory Comparison of Estimator-Selection Policies

The shallow risk selector and convex stack achieve pooled MAEs of 0.141 and 0.147 on
1,800 fresh effect queries, compared with 0.161 for the frozen deep router. Figure 10 shows
the nine aggregation policies, and Table 5 provides coverage, worst-cell error, and paired
comparisons. All policies use the same fitted library and declared-contract wrapper.

Shallow risk selector 0.141
Convex stack 0.147
Temperature-scaled router 0.158
Median candidate 0.159
Frozen neural router 0.161
Metadata-only selector 0.162
Highest-weight candidate 0.163
Best fixed candidate 0.163
Uniform candidate mean 0.168

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
Pooled mean absolute error

Figure 10. Confirmatory effect error for the nine aggregation policies.

Each bar uses the same 1,800 queries. The shallow selector and convex stack combine
the existing candidate library and have the lowest pooled errors among these policies. The
deep router provides the neural reference. Paired confidence intervals appear in Table 5.
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Table 5. Confirmatory comparison on 1,800 fresh effect queries.

Method MAE Worst cell Coverage Router — method (95% CI)
Shallow risk 0.141 0.191 0.888 +0.0200 [0.0152,0.0249]
selector
Convex stack 0.147 0.179 0.894 +0.0142 [0.0111,0.0171]
Temperature-scaled 0.158 0.295 0.888 +0.0030 [0.0014, 0.0046]
router
Median candidate 0.159 0.303 0.888 +0.0026 [0.0004, 0.0047]
Frozen neural 0.161 0.286 0.886 (reference)
router
Metadata-only 0.162 0.307 0.882 —0.0004 [—0.0034, 0.0026]
selector
Highest-weight 0.163 0.308 0.886 —0.0015 [—0.0048,0.0016]
candidate
Best fixed candidate 0.163 0.307 0.879 —0.0021 [—0.0053,0.0010]
Uniform candidate 0.168 0.279 0.888 —0.0071 [—0.0087, —0.0056]
mean

Not .
Oracle: per-cell 0.117 0.166 licabl Not applicable
candidate appricable
Oracle: per-episode 0.067 0.092 TOtbl Not applicable
candidate apphicable

MAE: mean absolute error. Worst cell: largest per-scenario MAE. Coverage: empirical coverage at
the 90% target. CI: scenario-stratified paired bootstrap confidence interval. The last column is router
error minus method error, so positive differences favor the listed method. Bold differences have
intervals excluding zero. Oracles use unavailable truth and cannot be deployed. Not applicable
denotes quantities not evaluated for oracle policies.

Accuracy.

Relative to the frozen router, the shallow selector reduces pooled MAE by 0.0200, with
a 95% paired interval of [0.0152,0.0249]. The convex stack reduces it by 0.0142, with an
interval of [0.0111,0.0171]. Temperature scaling and the median also have lower errors
with paired intervals excluding zero. Threshold-spillover MAEs are 0.191 for the shallow
selector, 0.179 for the stack, and 0.286 for the router.

Paired intervals include zero for the router’s comparisons with the best fixed candidate,
highest-weight candidate, and metadata-only selector. The additional AIPW and spline-
nuisance doubly robust comparators apply to the 900 static queries, with MAEs 0.373 and
0.211. Those subset results have a different evaluation population from the six-cell pooled
comparison.

Calibration.

Pooled coverage is 0.888 for the shallow selector, 0.894 for the stack, and 0.886 for the
frozen router at the 0.9 target. The router’s 95% Wilson interval is [0.871,0.900]. Across all
evaluated methods, coverage ranges from 0.879 to 0.940. Several methods have coverage
between 0.82 and 0.87 in the static nonlinear cell. These realized rates are reported alongside
the pooled results because scenario-stratified calibration does not ensure nominal coverage
in every finite test sample.

Contract compliance.

The shared gate correctly refuses all 1,200 stress episodes with declared poor support
or hidden confounding. Each of the 1,200 distinct decisions is recorded under 13 method
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labels, giving 15,600 statuses. The ungated indicator is true by definition; numerical effects
are not recomputed for every label. The result establishes reproducible enforcement of the
supplied contract independently of the aggregation policy.

Presentation stability.

The confirmatory probes contain 300 episodes per transformation, except treatment-
label recoding, which has 150 eligible episodes. After predictions are mapped back to the
original scale, maximum absolute differences are 2.9 x 10~ for row permutation, 2.4 x 107
for within-role covariate permutation, 2.4 x 10~7 for outcome translation, and 8.4 x 107>
for positive rescaling. These four transformations pass tolerance 10~ in 97.25% of cases.

Mean changes are 0.019 for irrelevant-covariate insertion (maximum 0.278), 0.023 for
negative outcome scaling, and 0.010 for treatment recoding. The latter two are unresolved
equivariance errors. The column-permutation probes keep query-role indices fixed, so they
do not test arbitrary relocation of treatment and outcome columns.

External semi-synthetic results.

Simple policies also achieve lower errors than the frozen router on the 300 energy-
based test episodes. MAEs are 0.157 for the linear candidate, 0.160 for the convex stack,
0.162 for the temperature-scaled router, 0.163 for the median, 0.165 for the shallow selector,
and 0.171 for the frozen router. Paired intervals favor the temperature-scaled, median, and
stacked policies over the router. Coverage ranges from 0.883 to 0.930, with 0.913 for the
router. The design uses measured covariates and simulated treatment effects from one
building.

The complete confirmatory tables, per-seed results, and protocol are recorded in

artifacts/cwfm/revision/ and experiments/revision_protocol.json.

6.2. RQ1: Accuracy on Answerable Queries

On the original 180 answerable queries, CWFM has pooled MAE 0.166, compared
with 0.167 for interaction g-computation, 0.169 for linear g-computation, and 0.329 for
random-forest g-computation. The paired differences are —0.0028 with 95% bootstrap
interval [—0.0132,0.0080] against linear g-computation, —0.0003 with [—0.0111,0.0109]
against interaction g-computation, and —0.163 with [—0.203, —0.122] against random-forest
g-computation.

Pooled coverage is 0.906 at the 90% target, with mean width 0.793. Other fixed-
baseline widths range from 0.772 to 0.817, and the random-forest width is 1.337. Per-cell
coverage ranges from 0.900 to 0.967 except for threshold spillovers, with 0.700 (21 of 30;
95% Wilson interval 0.52 to 0.83). The confirmatory comparison uses the subsequently
adopted scenario-stratified calibration protocol.

Table 6 shows how candidate accuracy varies with the mechanism. The best method
differs across cells; for threshold spillovers, the piecewise candidate has MAE 0.173 com-
pared with 0.283 for CWEM. The per-cell oracle over the listed methods reaches approxi-
mately 0.132, while the library oracle reaches approximately 0.122 because its null candidate
has zero error in the network-null cell. The router’s pooled MAE is 0.166, and it is not
the lowest-error method within any original cell. The confirmatory experiment evaluates
practical aggregation policies on fresh data.
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Table 6. Effect error by scenario in the original test bank (30 seeds per cell).

Spline or Random

Scenario CWFM Linear Interaction . .

piecewise forest
Static linear 0.168 0.160 0.189 0.181 0.412
Static nonlinear 0.190 0.218 0.163 0.169 0.502
Static randomized 0.150 0.141 0.154 0.145 0.449
Network linear 0.107 0.097 0.104 0.201 0.207
Network threshold 0.283 0.311 0.312 0.173 0.351
Network null 0.100 0.090 0.079 0.206 0.055

Entries are mean absolute errors. Bold marks the lowest error per row. The combined column uses
spline g-computation for static rows and piecewise exposure response for network rows.

6.3. Contextual Comparison with Published Causal Models

Table 7 places the results in the context of published causal foundation models and
amortized discovery methods. Precision in estimation of heterogeneous effects (PEHE)
measures individual-effect error, while the present study evaluates population-effect MAE.
Since the cited systems use different estimands and benchmark distributions, the table
compares evaluated targets rather than numerical accuracy.

Table 7. Principal causal targets in the cited model evaluations.

Model ATE CATE/ITE Do-query Graph Principal published evaluation

CWFM v Population effects
CausalPEN [8] V v Treatment effects
Do-PEN [7] v ~

v Interventional queries
CausalFM [6] v ~ Conditional effects
AVICI [31] v" Graph recovery
ACD [29] v' Temporal graph recovery

v': principal evaluated target. ~: capability evaluated in some experiments. Blank: not a principal
target in the cited evaluation. ATE: average treatment effect; CATE: conditional average treatment
effect; ITE: individual treatment effect; PEHE: precision in estimation of heterogeneous effects. AVICI:
amortized variational inference for causal discovery; ACD: amortized causal discovery. A do-query
requests an interventional distribution.

A shared dataset, estimand, split protocol, and calibration target would enable a
numerical comparison across these systems. The interface and target tables identify the
common tasks on which such a comparison could be organized.

6.4. RQ2: Enforcement of the Declared Contract

CWEM returns a structured refusal for each of the 120 original stress queries whose
declared identification or support conditions fail. The always-answer comparators re-
turn estimates. The confirmatory test extends the same contract check to 1,200 queries
(Section 6.1).

The status and reason consistently match the supplied contract in both evaluations.
This tests enforcement of declared conditions; the separate audit in Section 6.8 evaluates
empirical support decisions from observations.

6.5. RQ3: Regime Detection and False Splits

Table 8 reports pooled structure accuracy of 0.617 for CWFM and 0.458 for the one-
split linear baseline. On stationary nonlinear controls, CWFM selects the correct no-split
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structure in 83.3% of episodes; the baseline splits every episode. Both select no splitin  ss
every complete-null case. 851

On strong splits, accuracy is 0.633 for CWFM and 0.800 for the baseline. Weak-split ss
accuracy is 0.000 and 0.033, respectively. These results use the calibrated classical evidence s
rule in Section 4.4; the neural split head is diagnostic. Structure accuracy scores the splitting s
variable or no-split decision, without threshold localization. 855

Table 8. Regime determination in the original test bank (30 seeds per cell).

CWFM One-split baseline
Scenario Structure Splitrate Structure Split rate
Strong split 0.633 0.633 0.800 0.833
Weak split 0.000 0.000 0.033 0.033
Stationary nonlinear (hard negative) 0.833 0.167 0.000 1.000
Complete null 1.000 0.000 1.000 0.000
Pooled structure accuracy 0.617 0.458

Structure denotes the proportion selecting the correct splitting variable or correctly selecting no split.
Threshold localization is not scored. Split rate is the proportion declaring a split. Bold marks the
higher structure accuracy per row; pooled accuracy weights the four cells equally.

6.6. RQ4: Mechanisms Excluded from Gradient Training 856

Figure 11 reports effect MAE for six families excluded from gradient training but used &
in checkpoint selection, with four episodes per family. Errors are 0.157 for hinge outcomes, &5
0.172 for multiplicative outcomes, 0.163 for Erdds-Rényi random graphs, 0.307 for saturating  ss
outcomes, 0.361 for small-world graphs, and 1.357 for nonmonotone interference. 260

Hinge outcomes
Erd6s-Rényi graphs
Multiplicative outcomes
Saturating outcomes
Small-world graphs

Nonmonotone interference 1.357

00 02 04 06 08 10 1.2 1.4

T T
Mean absolute error

Figure 11. Effect error on families excluded from gradient training.

The dashed line marks the original pooled MAE of 0.166. Hinge, multiplicative, and  se
random-graph cases have errors near this reference, while the largest error occurs for e
nonmonotone interference. Each bar uses four development episodes from families that e
also informed checkpoint selection. 864

All six families satisfy their declared contracts and receive answers. Their varying e
errors characterize sensitivity to mechanisms excluded from gradient training. Because  se
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these families also informed selection, this evaluation is a development diagnostic; an
independent distribution-shift test remains a separate requirement.

6.7. RQb5: Contribution of Computational Pathways

The reported effects can be traced to the classical blend: full and compiled-only CWFM
estimates agree to numerical precision. Mean residual-gate activation is 0.0067, and mean
absolute correction is below 3 x 108, The checkpoint precedes residual training, and
world-particle scores are effectively uniform. These measurements identify the active
computation at the evaluated checkpoint.

The recorded weights show contributions from all six candidate estimators. In
threshold-spillover episodes, the piecewise candidate receives about 15% of the weight and
has MAE 0.173, compared with 0.283 for the blend. The null candidate receives about 15%
in the network-null cell, with zero error compared with 0.100 for the blend.

Table 9 records the original single-episode checks that motivated the estimator-layer
repair. Row shuffling and positive rescaling already produce differences near numerical
precision; irrelevant-covariate insertion changes the estimate by 0.039 and covariate re-
ordering by 0.170. Cross-fitting previously used lexicographic covariate ordering, and the
hinge basis used only the first three covariates. Both dependencies were removed before the
confirmatory experiment, which recalibrates intervals on fresh data. The resulting stability
is reported in Section 6.1; the neural query-index inputs remain as described in Section 4.3.

Table 9. Original presentation probes on one static linear episode.

Probe Absolute change in estimate
Row shulffling 1.2 x 1077
Rescaling the outcome by a positive factor 49 %1078
Insertion of an irrelevant covariate 0.039

Covariate reordering within roles 0.170

Entries are absolute differences after transforming the estimate back to the original outcome scale
when needed. Adding a covariate changes the input dimension. These single-episode values precede
the estimator-layer repair and are not averages over the confirmatory invariance bank.

6.8. Empirical Support: Refusals and Screening Errors

Figure 12 and Table 10 report the direct empirical audit. In the linear-assignment
family with slope one, false refusals fall from 0.528 at 32 units to 0.106 at 128 and zero at
512. With slope two, false acceptance falls from 0.112 to 0.066 and 0.016 at the same sizes.
Slopes four and eight are refused in every replicate.

In the quadratic-assignment family, all 500 episodes at slope two are accepted at both
128 and 512 units despite failing the population overlap reference. At slope eight, false
acceptance is 0.988 at 128 units and 1.000 at 512.

For the network reference with treatment probability 0.5, false refusal falls from 0.976
at 32 units to 0.006 at 128 and zero at 512. With probability 0.3 it remains 0.246 at 512 units.
Probabilities 0.1 and 0.02 produce refusal in every replicate at every size. Zero observed
events in 500 replicates still have an upper 95% Wilson bound of approximately 0.008.
These empirical error rates differ from the zero contract-violation rate in the declared-class
benchmarks.
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Figure 12. Empirical support refusal rates by sample size and assignment severity.

Each point summarizes 500 independent episodes; error bars are pointwise 95% Wilson

intervals. Lines distinguish sample sizes, with n denoting the number of units. The first

two panels use increasing logistic slopes, while the network panel moves toward rarer
treatment from left to right. Refusal in population-adequate cells is false refusal; acceptance

in population-inadequate cells is false acceptance under the reference policies of Section 5.7.
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Table 10. Selected empirical support error rates (500 episodes per cell).

Family, severity Error type n=232 n=128 n=>512
Linear, 1 False refusal 0.528 0.106 0.000
Linear, 2 False acceptance 0.112  0.066 0.016
Quadratic, 2 False acceptance 0.786 1.000 1.000
Quadratic, 8 False acceptance 0.440  0.988 1.000
Network, 0.5 False refusal 0.976 0.006 0.000
Network, 0.3 False refusal 0.998 0.632 0.246
Network, 0.1 False acceptance 0.000  0.000 0.000

Severity is the logistic slope for static families and treatment probability for the network. 7 is the
number of observed units. False refusal is rejection in a population-adequate cell; false acceptance
is acceptance in a population-inadequate cell. All sizes, severities, rates, and interval endpoints are
available in the support-audit artifacts.

6.9. Qualitative Case Studies

The worked examples show how fitted models recover mechanisms on individual
datasets. They use companion classical pipelines in the repository. Representative success
cases are selected by the seed closest to the median primary metric, with generator truth
used for evaluation; one failure case is included explicitly. Temporal examples illustrate a
potential extension beyond CWFM’s implemented tasks.

6.9.1. Observed-Regime Recovery

The representative mechanism splits at X5 < 0.000, and the fitted tree selects the
correct variable with threshold 0.027. Here, X5 denotes the fifth predictor. Across twelve
predictor-outcome relationships, estimated coefficient changes preserve every sign except
the smallest, essentially null entry. The largest absolute error is 0.104. This companion-
pipeline example illustrates recovery of both the splitting variable and local coefficient
changes.

6.9.2. Local-Model Misspecification

Figure 13 compares two analyses of one dataset generated by a smooth quadratic
mechanism without a regime change. A correctly specified quadratic local model yields no
split (permutation p = 0.6). A linear local model yields four regions (permutation p = 0.05).
Both fitted curves approximate the same smooth mechanism. The example corresponds to
the stationary nonlinear control used in the regime evaluation.
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—— True mechanism: one regime
—s— Quadratic model: one regime
-+— Linear model: four regimes
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Figure 13. Quadratic mechanism and two fitted approximations for one dataset.

The horizontal axis is the first covariate, X7, and the vertical axis is the conditional s
outcome mean. The quadratic model retains one regime. The linear model follows the o
curve using four regions separated by the vertical dotted lines. Similar fitted responses can s
therefore accompany different structural decisions. 027

6.9.3. Distinguishing Change Types over Time 928

The temporal examples examine whether a detected change is assigned to the correct oo
mechanism. A true slope change is retained, while a matched intercept-only change o0
is not classified as a slope change (p = 0.705). Vector autoregression with exogenous o
inputs (VARX) gives a similar distinction: a lagged-coefficient change is retained, and a
contemporaneous-only change is rejected (p = 0.951). In the included failure case, an o
intercept-only change is classified as a lagged-coefficient change (p = 0.032), despite small o
estimated coefficient differences. These are companion-pipeline illustrations rather than ;s
CWFM temporal evaluations. 936

6.10. Contribution of Pretraining and Learned Routing 937

Table 11 compares pretrained and untrained routing on the same episodes. Pretraining o
reduces pooled MAE from 0.1673, averaged across five untrained initializations, to 0.1612. 3
The reduction is 0.0061, with paired 95% interval [0.0047, 0.0076], or 3.7% relative to the a0
untrained mean. The five untrained pooled MAEs range from 0.1654 to 0.1711. Uniform  oa
aggregation yields 0.1683. Pretraining lowers error in five of the six scenario means; o
threshold interference favors untrained and uniform aggregation. 043
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Table 11. Effect errors with and without neural pretraining.

Scenario Pretrained Untrained Uniform Fixed mean
Static linear 0.1548 0.1654 0.1651 0.1553
Static nonlinear 0.1830 0.2072 0.2093 0.1833
Randomized 0.1537 0.1565 0.1558 0.1539
Network linear 0.1028 0.1089 0.1099 0.1024
Network threshold 0.2859 0.2733 0.2790 0.2905
Network null 0.0870 0.0926 0.0907 0.0872
Pooled 0.1612 0.1673 0.1683 0.1621

Entries are mean absolute errors over 300 episodes per scenario; all episodes are answered. Untrained
averages errors across five random initializations, without averaging their predictions. Uniform uses
equal compatible weights. Fixed mean uses pretrained weights averaged on separate tuning episodes
with the same task and compatibility mask.

The fixed-mean control attains pooled MAE 0.1621. Episode-specific routing reduces
it by 0.0009, with paired 95% interval [0.0003, 0.0015]. Learned weights remain distributed
across candidates: mean routing entropy divided by the logarithm of the eligible candidate
count ranges from 0.977 to 0.987 across scenarios, where one denotes uniform weights. In
static linear and nonlinear cells, mean interaction weights are 0.238 and 0.236, whereas
augmented inverse probability weighting receives 0.110 and 0.111. In network cells, interac-
tion weights average 0.230 to 0.234 and spline weights 0.114 to 0.126. The released records
provide every weight, candidate estimate, initialization result, and paired comparison.

The complete audit took 126.7 seconds on an NVIDIA L40S with batch size 32 and
four CPU threads. It includes 1,200 tuning and 1,800 test episodes, with candidate fitting
shared across models. Pretrained forward passes over both streams took 31.2 seconds;
generating episodes and fitting candidates took 3.2 seconds. These are batched audit
timings, not interactive latency measurements. The pretrained estimates reproduce the
earlier confirmatory records within 4.4 x 10~7, and all neural states remain unchanged.

6.11. Individual Development-Episode Results

Table 12 reports every episode behind the six RQ4 effect means in Figure 11. The values
are exported directly from the saved step-100 diagnostics, preserving the historical estimator
implementation. All 24 episodes receive estimates. The released CSV also contains targets,
predictions, and reconstructed generation seeds, together with the 12 development regime
records. These families informed checkpoint selection, and four episodes per family
provide descriptive checks rather than a precise estimate of independent generalization
performance.

Table 12. Individual effect errors in the development families.

Family Episode 1 Episode2 Episode3 Episode4 Mean
Hinge 0.108 0.049 0.117 0.355 0.157
Multiplicative 0.016 0.245 0.296 0.130 0.172
Saturation 0.635 0.343 0.188 0.062 0.307
Small-world graph 0.120 0.559 0.343 0.423 0.361
Random graph 0.103 0.114 0.390 0.044 0.163
Nonmonotone interference 1.863 1.653 1.265 0.646 1.357

Episode columns give absolute effect errors in the saved generation order. Means use unrounded
errors. Random graph denotes the Erd6s-Rényi family. These are development observations used in
checkpoint selection, not an independent test bank.
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7. Discussion 56
7.1. Interpretation of the Results 967

The experiments support a practical approach to causal automation: combine an s
inspectable statistical library with explicit decision rules, and select the aggregation policy s
by evidence. The shallow selector reduces pooled MAE by 12.4% relative to the deep router, o7
and the convex stack by 8.8%. Their paired intervals exclude zero. These gains show that o
the framework can benefit from simple aggregation while retaining the same candidates, o
query contract, and calibration protocol. o73

The pretraining ablation gives the neural baseline a concrete role: it learns useful o
candidate preferences beyond random initialization or equal weights. The fixed-mean s
control accounts for most of this gain, while episode-specific weighting adds a smaller o7
improvement. Thus the evaluated router mainly learns broad aggregation preferences, oz
with limited adaptation to individual datasets. Its weights describe contributions to an oz
estimate, not probabilities that a causal model is true. The stronger shallow policies in the o
main comparison remain the most effective evaluated use of the shared library. 980

The semi-synthetic energy results extend this finding to measured covariates: the o
convex stack and other simple policies improve on the frozen router, and the linear can- s
didate has the lowest error. The original evaluation provides complementary evidence. o
CWEFM'’s pooled error is close to the strongest fixed estimators, and its calibrated regime e
rule reduces spurious splitting on stationary nonlinear controls. The regime results also s
make the sensitivity tradeoff explicit: the one-split baseline detects more strong changes. s

The decision layer contributes a separate, testable property. Every declared-invalid e
stress query is refused, with the decision determined by the contract rather than the o
estimator. This separation lets an analyst inspect why an estimate was returned or withheld s
and allows aggregation policies to be compared under the same rules. As detailed in 0
Section 4.5, truthful and complete metadata remain a fundamental condition; the gate o
cannot verify the underlying causal assumptions. 992

The support audit provides concrete guidance about the empirical screen. For several s
linear and network settings, false refusals decline as sample size grows, while severe o
support failures are consistently detected. Quadratic assignment exposes a different issue: s
a misspecified linear-probability model can accept poor overlap even with more data. The 996
audit therefore identifies where the current inexpensive screen is useful and where a more o7
flexible, independently validated diagnostic is needed. Its results are reported with fixed s
thresholds rather than used to tune the same benchmark. 999

The quadratic assignment helps explain this distinction. Treatment probability rises 100
at both large positive and large negative values of the first covariate. A linear model 100
cannot represent that symmetric pattern and can produce nearly flat fitted scores. More 102
observations reduce sampling noise without supplying the missing model shape. In the 1005
network audit, sparse upper-exposure observations and empirical quantile variation help 104
explain continued refusal at treatment probability 0.3. These mechanisms distinguish 105
restrictions that more data can alleviate from restrictions requiring a different diagnostic. 10

7.2. Limitations 1007
The following limitations define the scope of the reported evidence. 1008

1. Assumptions and scope. The gates enforce user declarations; false or incomplete meta- 100
data can still support an invalid causal answer. The implemented tasks are static o0
effects, observed regimes, and network interference. General graphical identification, 1ou
latent variables, and temporal effect estimation require further development. 1012

2. Neural evaluation. One optimization run supplies the evaluated checkpoint. Its saved 13
trajectory and reproducible inference do not establish training stability across initial- 104
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izations. The pretraining ablation compares five untrained initializations with this 10
same checkpoint; it is not a study of repeated training. Multiple optimization runs 1us
would be needed to assess the variability of training and checkpoint selection. The 10w
shallow policies improve on this router, without establishing a general ranking of deep 101
and shallow methods. Residual and world-particle pathways remain exploratory. 1019
3. Presentation sensitivity. The estimator-layer repairs improve the tested row and covari- 100
ate permutations. Query indices remain inputs, and negative outcome scaling and 10z
treatment recoding retain equivariance errors (Section 6.1). 1022
4. Statistical resolution and generalization. Original regime results use 30 episodes per cell; 102
the confirmatory effect comparison uses 300. RQ4 uses four development episodes 10
per family and informs checkpoint selection. Their individual errors are disclosed 1025
in Table 12; a larger independent study is needed to estimate performance on those 10
families reliably. 1027
5. Support and calibration. The support audit covers five covariates, two logistic assign- s
ment families, and a fixed-degree network. Its false refusals and false acceptances 100
do not characterize arbitrary data settings. Conformal coverage is marginal over 10
exchangeable episodes, with finite-sample per-cell variation and no guarantee under 10x
a changed episode distribution. 1032
6.  External validity. Effect truth is synthetic or semi-synthetic. The energy experiment 1:
uses one building, with adjacent time measurements and reused rows across episodes. 10z
It assesses transfer to measured covariates, not a real intervention or an independent 10
building or time period. 1036

7.3. Practical Use and Interpretation 1037

The framework gives the analyst a clear division of responsibilities. Domain knowl- 103
edge supports the query and causal declarations; the software records those declarations, 13
checks its implemented conditions, fits compatible estimators, and reports uncertainty and 100
decision reasons. The released bundle fixes the neural baseline and its calibration for repro- 1:
ducibility. Deploying one of the stronger confirmatory policies would require packaging 1o
its fitted parameters with matching calibration. This makes the next implementation step 10
concrete while preserving an auditable reference result. 1044

For an accepted effect query, the useful record consists of the requested contrast, its 10
assumptions, the contributing estimators, and the calibrated interval. Candidate weights 10
explain how the reported number was assembled; they do not assign causal importance to 1o
individual variables. For a refusal, the reason identifies the condition that prevented the 10
requested analysis. This form of reporting supports review of the analysis choices while 104
preserving the distinction between an automated calculation and its causal interpretation. 1oso

7.4. Future Work 1051

The next priorities are to package the stronger simple aggregation policies with match- 105
ing calibration and to validate more flexible support diagnostics. Independent studies can 1053
then vary assignment models, covariate dimension, network structure, and data source. 1o
Additional training runs would clarify when deep routing adds value. Temporal mecha- 105
nisms, partial graphs, and sensitivity bounds offer further extensions. Sensor networks, 105
process control, and energy systems provide application settings for evaluation with real 105
interventions or defensible quasi-experimental designs. 1058

8. Conclusion 1059

CWEM provides a reproducible framework for causal estimation with explicit as- 1060
sumptions, classical estimators, calibrated intervals, and documented refusals. Its central 16
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result is that simple aggregation makes effective use of a shared estimator library. On e
1,800 confirmatory queries, the shallow selector and convex stack achieve MAEs of 0.141 1063
and 0.147, compared with 0.161 for the evaluated deep router. The regime evaluation 1
and semi-synthetic energy benchmark provide complementary evidence for the integrated 1065
approach. 1066

All 1,200 declared-invalid stress queries are refused by the shared gate. This consis- 106
tency is conditional on the supplied contract, whose truth and completeness remain the 16
analyst’s responsibility. The empirical support audit identifies both improved screening 106
with larger samples in several settings and persistent errors under nonlinear assignment. 107
The framework thus offers an inspectable basis for further causal applications, with clear 1m
evaluation targets for estimator selection, support diagnostics, and external validation. 1072
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Al Artificial Intelligence

AIPW Augmented Inverse Probability Weighting

BIC Bayesian Information Criterion

CI Confidence Interval

CWEM Causal World Foundation Model

SCM Structural Causal Model

ATE Average Treatment Effect

CATE Conditional Average Treatment Effect

ACD Amortized Causal Discovery

AVICI Amortized Variational Inference for Causal Discovery
DECI Deep End-to-End Causal Inference

ITE Individual Treatment Effect

PEHE Precision in Estimation of Heterogeneous Effects
PFN Prior-Data Fitted Network

MAE Mean Absolute Error

RQ Research Question

GPU Graphics Processing Unit

SHA-256  Secure Hash Algorithm, 256-bit

UCI University of California, Irvine

VARX Vector Autoregression with Exogenous Inputs
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