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Abstract
Critical heat flux (CHF) is a limiting heat-transfer condition in water-cooled systems. Prediction has progressed
from empirical correlations and lookup tables to mechanistic models, physics-informed machine learning, and
uncertainty-aware hybrids. These advances improve predictive capability, but a separate question remains:
whether knowledge learned from experiments remains reliable when an entire experimental campaign, with
its own test section, instrumentation, surface history, and operating trajectory, is absent from model
development.
This study treats the campaign as the common unit of generalization, uncertainty calibration, evidence
valuation, and sparse adaptation. Using 24,579 water-CHF measurements from 60 uniformly heated vertical
round-tube campaigns, physics-anchored and direct machine-learning models are tested under exhaustive
whole-campaign separation. The same campaign structure is then examined through conformal uncertainty,
directed source-to-target transfer, coalition data value, and regularized Bayesian updating from a few revealed
measurements. An independent hierarchical response-field analysis tests whether campaign-level residual
structure persists under a different estimator, while a one-dimensional energy balance is used only as a
conservation check.
The analysis shows that whole-campaign prediction is harder than record-level prediction, and historical
sampling concentration explains only part of that difference. Cross-campaign evidence is not exchangeable:
usefulness depends on thermohydraulic support, can reverse with transfer direction, and yields coalition
rankings that depend on the transport rule. Record-level uncertainty calibration does not provide uniform
protection across campaigns. By contrast, a small number of new measurements can recover part of the
unresolved campaign-specific state, although the acquisition policy does not statistically outperform simple
random sampling.
The work, therefore, reframes CHF machine learning as an experimental evidence transport problem. The
resulting framework is an offline, campaign-initialized adaptive surrogate for deciding when historical
evidence is transferable, when uncertainty should be widened, and when limited new measurements can
support prediction updates; it does not claim to identify mechanisms, achieve multiphase simulation fidelity,
or attain operational digital twin status.
Highlights
1. Campaign provenance remains relevant to CHF generalization.

2. Cross-campaign evidence value is directional, not symmetric.

3. Thermohydraulic support shapes helpful and harmful transfer.

4. Campaign-level uncertainty requires campaign-aware calibration.

5. Few measurements recover campaign residual state; complex querying adds no proven gain.

Keywords: critical heat flux; campaign-held-out validation; experimental provenance; physics-anchored
machine learning; negative transfer; directional data valuation; conformal prediction; sparse Bayesian
assimilation; adaptive surrogate
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1. Introduction
1.1 Physical problem and evidentiary unit

Critical heat flux (CHF) marks a limiting condition in boiling heat transfer at which heat-removal capability
can deteriorate sharply, and the heated wall can experience a rapid temperature rise. It is therefore a central
thermal-design and safety quantity in water-cooled reactor systems [1]. Experimental and modeling reviews
emphasize that CHF does not arise from one universal microscopic pathway; under subcooled flow-boiling
conditions, much mechanistic work focuses on departure from nucleate boiling (DNB) and the near-wall
processes associated with it [2]. Mechanistic DNB models have been formulated from local bulk-flow
conditions [3], while other work addresses CHF behavior at low qualities [4]. Hejzlar and Todreas further
examined how subcooled and low-quality CHF correlations affect predicted CHF margin [5]. Because the
archive used here does not contain direct measurements of the microscopic triggering process, this study does
not assign any statistical response pattern to a specific DNB or dryout mechanism.

Engineering prediction has developed in parallel through database tools and correlations. The 2006 Groeneveld
lookup table is a normalized CHF database for a vertical water-cooled tube, derived from a large experimental
database [6]; the data used to generate that table were later documented separately by the U.S. Nuclear
Regulatory Commission [7]. Classical round-tube prediction methods include Bowring [8] and Biasi [9], as
well as the Katto-Ohno [10] and Shah [11] correlations. Tong addressed DNB prediction for axially
nonuniform heat flux [12], whereas Zhang et al. developed a water-CHF correlation for mini-channels [13].
Broader thermohydraulic compilations summarize engineering relationships used in advanced water-cooled
reactor analysis [14]. Comparative assessments of subcooled CHF correlations likewise show that predictive
behavior depends on operating range and model formulation [15,16]. A saturated-flow-boiling correlation for
mini/microchannels provides a separate example of geometry-specific closure development outside the present
round-tube CHF target [17]. Surface modification is also known to alter flow-boiling behavior, which makes
surface history a plausible but incompletely recorded campaign attribute [18].

These physics and data-modeling issues make experimental provenance relevant to validation. Rows from one
campaign share a test section, instrumentation chain, heater, and surface history, inlet-conditioning system,
and operating trajectory, so the campaign is a natural grouping variable for the transfer question studied here.
Cross-validation is widely used for generalization assessment and model selection [19,20]. When observations
have temporal, spatial, hierarchical, or other dependence, the resampling strategy should respect that structure
[21]. Model-selection studies also show that estimated performance can become optimistic when model
selection and final evaluation are not kept separate [22,23]. Accordingly, this study treats the campaign, not
the individual database row, as the unit that must remain unseen during final evaluation.

1.2 State of the art: from CHF correlations to uncertainty-aware machine learning

CHF machine learning has progressed from standalone regression to physics-assisted and uncertainty-aware
models. Zhao et al. proposed a physics-informed machine-learning-aided framework for CHF prediction [24].
Khalid et al. compared standalone and hybrid machine-learning models for vertical tubes [25], and Helmryd
Grosfilley et al. investigated several regression techniques over a large CHF parameter space [26]. Furlong et
al. combined Bowring or Biasi reference models with deep neural-network ensembles, Bayesian neural
networks, and deep Gaussian processes and evaluated both prediction and uncertainty [27]. Mao and Jin
focused specifically on uncertainty quantification for physics-informed CHF models [28]. Alsafadi et al.
studied conditional variational autoencoders and deep neural networks, including uncertainty quantification
and domain generalization tests [29]. Zhang et al. extended hybrid CHF prediction through stacked learning
[30]. Cazzola et al. examined coverage-oriented uncertainty quantification for learning complex CHF response
regimes [31]. Dunbar et al. showed that tube-based CHF prediction methods can perform poorly when
transferred to internally heated annuli, underscoring that geometry transfer is a separate problem [32].

These CHF studies sit within a broader scientific-machine-learning literature in which physical knowledge and
data-driven learning are combined rather than treated as mutually exclusive [33]. Physics-informed
formulations include extensions such as fPINNs for fractional partial differential equations [34]. Reviews in
fluid mechanics describe opportunities and limitations for machine learning in data-driven modeling [35],
while turbulence-modeling literature discusses how data can augment or correct traditional closure models
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[36]. Nuclear-engineering benchmark programs likewise illustrate the value of common problem definitions
for uncertainty comparison; the OECD/NEA LWR-UAM Phase-I benchmark is one example [37]. A recent
nuclear-engineering review emphasizes that machine-learning prediction uncertainty can arise from data noise,
limited coverage, extrapolation, model approximation, and stochastic training [38].

Validation design remains central to the present question. Ordinary record-level random splitting and whole-
campaign testing answer different questions when rows from the same experiment share apparatus and
operating history. Group-aware validation is therefore used here not because random splitting is intrinsically
invalid, but because the deployment target is a campaign absent from model development. The model-selection
firewall is equally important: preprocessing, learner choice, ensemble weighting, and interval calibration are
all determined without consulting the target campaign. Physics anchoring does not remove this requirement,
because a residual learner can still absorb a campaign-specific discrepancy if that campaign is represented
during development.

Uncertainty has the same unit-of-evidence issue. Conformal prediction provides finite-sample marginal
predictive guarantees under its stated exchangeability assumptions [39,40], while jackknife+ provides another
predictive-inference construction [41]. Work on conformal prediction under covariate shift shows that
distribution change requires additional weighting or assumptions [42]. Classical tolerance-limit theory likewise
distinguishes a population-level statement from a descriptive sample statistic [43]. Deep ensembles provide a
practical, scalable approach to predictive uncertainty estimation [44]. For this study, the relevant question is
therefore not only whether intervals cover pooled records, but whether they protect a typical held-out campaign
when campaigns contribute very unequal numbers of measurements.

Historical data value is a different problem from feature attribution. SHAP explains how features contribute to
an individual prediction [45], and dependent-feature work shows that such explanations depend on the assumed
feature distribution [46]. Data Shapley instead values training observations through their marginal contribution
to model utility [47], with subsequent work addressing more efficient Shapley-based data valuation [48].
Transfer-learning literature formalizes knowledge reuse across domains [49], while negative-transfer studies
explicitly consider cases in which source information harms target performance [50]. Importance-weighted
cross-validation addresses covariate shift under stated assumptions [51], and influence functions provide
another way to estimate how training data affect predictions [52]. These ideas motivate the campaign-level
question tested here: Can campaign A help predict campaign B, whereas the reverse is harmful?

That question connects directly to sparse adaptation. If pressure, mass flux, inlet state, and geometry do not
fully capture the residual state associated with a new experiment, a few newly observed CHF values may
contain information unavailable from historical inputs alone. The scientific test is deliberately split into two
parts: whether sparse target measurements improve prediction for the remainder of the campaign, and whether
a sophisticated acquisition rule selects those measurements better than simple alternatives. Improvement after
an update is evidence of adaptation; it is not, by itself, evidence that an active-learning policy is optimal.

Digital-twin terminology provides an equally important boundary. Wright and Davidson distinguish a digital
twin from an ordinary model by its relationship to data from a physical system and its ability to be dynamically
updated [53]. Rasheed et al. describe a digital twin as a virtual representation of a physical asset, enabled by
data and simulators, for real-time prediction, monitoring, control, optimization, and decision support [54].
Thelen et al. review physical-to-virtual and virtual-to-physical data flows as core technologies that enable
twinning [55]. The present study has no live asset, continuous sensor connection, or synchronized physical-to-
virtual state. It replays completed campaigns offline and updates only a statistical CHF residual after selected
measurements are revealed. We therefore describe it as an offline adaptive campaign-initialized surrogate;
TWIN-VALUE is retained only as the archived workflow and acquisition-policy label. Table 1 summarizes
the main areas of the literature that frame the present campaign-resolved CHF analysis and clarifies their roles
in the study.
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Table 1 | Literature context for the campaign-resolved CHF analysis.

Literature area Relevance to the present study

Establish the conventional engineering basis for CHF prediction
and provide the reference context for the physics-anchored
surrogate.

Provide the physical background of CHF and DNB, and define the
boundary between predictive residual structure and mechanism

CHF correlations and lookup
tables [6,8]

Mechanistic and regime-specific
CHF models [2,3]

identification.
CHF machine learning and hybrid | Establish data-driven and physics-assisted CHF prediction as the
models [24,27] broader methodological setting of the present work.
Grouped validation and model Provide the statistical basis for treating dependent experimental
selection [21,23] groups separately during model development and evaluation.

Provides the foundation for predictive calibration and for examining
uncertainty under changes in experimental support.

Data valuation and transfer Provides the conceptual basis for distinguishing source usefulness,
[47,50] directional transfer, and negative transfer between experiments.
Provide the broader context for data-assisted model updating while
clarifying the distinction between offline adaptation and operational
digital twinning.

Uncertainty quantification [39,42]

Model updating and digital-twin
concepts [53,55]

1.3 Research gap and falsifiable hypothesis

The gap addressed here is therefore not a lack of accurate CHF correlations, mechanistic ideas, machine-
learning models, or uncertainty tools. It is the absence, for this 60-campaign archive, of one common
evidentiary unit across the full chain of inference. A record can be held out while its campaign remains
represented; an interval can be calibrated over records while a facility is poorly covered; a source can be useful
on average yet harmful to a particular target; and a sparse update can work even when the rule used to select
measurements adds no benefit. This study asks what remains true when the campaign is used consistently for
generalization, uncertainty, evidence transfer, and adaptation.

The central hypothesis is predictive rather than causal: after the recorded thermohydraulic and geometric
coordinates are supplied, experimental provenance retains a reproducible residual component that changes
how evidence transfers, how uncertainty is distributed across campaigns, and how a new experiment responds
to a few revealed measurements. The hypothesis is deliberately falsifiable. It would be weakened if record-
weighted and campaign-weighted conclusions became equivalent after a weight-only concentration audit; if
reciprocal campaign transfer were effectively symmetric; if directed transfer signs were unstable across
reasonable transport games; if an independent hierarchical estimator found no reproducible campaign-level
structure; if campaign-aware calibration did not improve facility-level coverage; or if regularized few-shot
updating failed to reduce error.

Campaign identity is not treated as a thermophysical mechanism. It is a provenance label that may summarize
unrecorded differences in surface preparation and aging, heater construction, geometric tolerance,
instrumentation and calibration, inlet development, operating protocol, and the mixture of response patterns
sampled by an experiment. Terms such as negative transfer, nuisance-explained edge, residual-conflict
candidate, and response pattern are therefore only predictive labels. They do not diagnose DNB, dryout, surface
bias, or measurement error without independent experimental evidence.

1.4 Objectives and contribution

Objective 1: Build a leakage-audited prediction framework in which every campaign is tested exactly once and
all preprocessing, model selection, ensemble weighting, and interval calibration are determined from disjoint
training and validation campaigns.

Objective 2: Quantify the directed value of every source campaign for every target campaign, test reciprocal
symmetry, and determine how thermohydraulic distance, relative support, campaign size, and the chosen
transport game affect that value.

Objective 3: Compare pooled-record and campaign-aware conformal calibration using record-weighted, equal-
campaign, lower-tail, and campaign-specific coverage measures, without treating retrospective coverage as a
universal guarantee for a new facility.
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Objective 4: Replay the initialization of unseen campaigns with 1, 3, 5, and 10 revealed measurements,
separating the benefit of regularized Bayesian residual updating from the performance of TWIN-VALUE,
maximin, uncertainty-driven, and repeated-random acquisition policies.

Objective 5: Test whether the campaign signal survives an independent hierarchical TRACE analysis, couple
predicted CHF only to a verified one-dimensional energy balance, and freeze a prospective 30-condition
falsification matrix without implying mechanism identification, CFD fidelity, live synchronization, or
operational digital-twin validation.

The contribution is therefore methodological and evidentiary rather than a new CHF correlation. The study
makes the experimental campaign the common unit of evidence and asks whether conclusions survive that
choice across prediction, calibration, source value, and sparse updating. It also separates claims that are often
blended: prediction accuracy from transferability, data value from causality, adaptation from acquisition-
policy superiority, response topology from mechanism identification, and conservation checking from
multiphase simulation. The resulting evidence chain is designed so that important claims can fail, and the failed
acquisition-superiority gate is retained as part of the scientific result.

1.5 Scope and claim boundaries

The scope is water CHF in uniformly heated vertical round tubes, as shown in the locked archive. The results
do not establish external validity for other fluids, annuli, rod bundles, compact channels, nonuniform axial
heating, transient operation, or facilities outside the represented support. The study does not identify a boiling-
crisis mechanism, infer causal effects on facilities, prescribe a licensing margin, or establish an operational
digital twin. Campaign-aware conformal coverage and sparse updating are retrospective results on archived
experiments. The one-dimensional thermal calculation verifies only the stated energy balance, and the 30-
condition matrix is a frozen proposal for future falsification rather than completed prospective validation.

2. Methods

2.1 Locked data, physical conditions, and statistical unit

The analysis uses the publicly documented water round-tube CHF compilation associated with the 2006
Groeneveld look-up-table evidence base [6,7]. The screened comma-separated file is fixed and contains 24,579
records assigned to 60 reference-identifier (RID) campaigns. No row is synthesized, imputed, or duplicated.
Positive pressure, mass flux, diameter, heated length, and CHF are enforced; all required variables are
complete.

RID is the unit of statistical transport. It is used only to allocate folds, balance training weights, aggregate
metrics, and report campaign-specific results. RID is never a predictor. Likewise, measured CHF and any
outlet quantity reconstructed from measured CHF are prohibited from the predictor interface. Saturation
properties are evaluated as a function of pressure using a frozen IAPWS-IF97 cache [56], so repeated
executions use identical thermodynamic states.

Campaign concentration is quantified because it changes the scientific meaning of record-weighted
performance. The largest campaign contains 5,252 records; the five largest contain 54.0% of the archive; and
the 30 smallest contain 5.9%, giving a record-concentration Gini coefficient of 0.719. This imbalance reflects
the database's historical construction, not the physical importance of a campaign. It therefore motivates equal-
campaign estimands and a campaign-balanced training candidate, but is not interpreted as a thermophysical
finding.

Dataset-balance audit. Three safeguards are used against dominance by large historical campaigns: every outer
split is performed by RID; headline performance is reported both per record and with equal campaign weight;
and ET RESIDUAL BAL gives every training campaign equal total weight. In addition, a weight-only
sensitivity is applied to the frozen cross-fitted champion predictions: campaigns are divided into terciles of
equal count, and record-weighted versus equal-campaign MAPE is compared within each tercile. Then, every
campaign contribution is capped at 500 records, and the weighted MAPE is recomputed without retraining.
This isolates the part of the record-to-campaign discrepancy attributable to reporting weights from the part that
remains as unequal campaign difficulty. It is not a counterfactual retraining experiment and is not interpreted
as a physical decomposition.

2.1.1 Concentration-versus-difficulty estimand audit

Let MAPE rw denote the equal-record mean and MAPE macro the equal-campaign mean of the same frozen
cross-fitted predictions. Within each campaign-size tercile, their ratio measures how much unequal within-
tercile record counts alter the estimand while holding broad size class fixed. The 500-record cap supplies a
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second weight-only perturbation. The fraction of the observed champion gap recovered by reweighting is
defined as (MAPE cap500 — MAPE rw)/(MAPE macro — MAPE rw); the complement is reported
conservatively as residual campaign-difficulty heterogeneity. Because no model is retrained, neither
component is described as a causal or thermophysical fraction.

The locked database variables, physical ranges, and their permitted analytical roles are summarized in Table

2.

Table 2 | Locked database, variable definitions, physical envelope, and permitted analytical role.

Varlaple or Symbo! Range or value Use and constraint

quantity and unit

Records N 24,579 Predlct.lon rows; never treated as independent

campaigns

Campaigns J 60 RIDs Split, bootstrap, and macro-aggregation unit

Outer blocks B 12 Load-balanced; each RID tested exactly once

Pressure P, MPa 0.10-20.0 II:redlctor: saturation properties depend only on
-2

Mass flux S’l kgm 8.2-7,964 Predictor

Inner diameter D, mm 2.0-16.0 Predictor

Heated length L, m 0.05-20.0 Predictor

gc:iel;[ed—length L/D 25-2,484 Dimensionless geometry predictor

Inlet N nthalpy Ahf}’b’ in, MJ —1.211 to 1.644 Predictor retained as archived

deficit kg

gg;sured gf_}f’ Mw 0.050-16.339 Positive target; forbidden from selection inputs

Campaign size  n; 1-5,252 Weighting and audit only; not a predictor

The largest. >n(5)/N 54.0% Evidence-concentration diagnostic

five campaigns

Record-

concentration  Gini(n;) 0.719 Motivates campaign-level estimands

Gini

Bowring raw

outputs at or count 29 records Floored only for finite log residual; sensitivity

below the reported

floor

2.2 Thermophysical preprocessing and feature construction

Let Perit = 22.064 MPa, Go= 1000 kg m2s™', Dy =0.01 m, Lo=1m, hg=10°Jkg', and go= 1 W m % From
IAPWS-IF97, the liquid density py, vapor density p,, latent heat hg, liquid viscosity L, surface tension o, and
saturation temperature Ty are cached for each observed pressure. The reference scales make logarithmic inputs
dimensionless while preserving the implemented feature scaling. The Bowring anchor is evaluated with SI
inputs. Its principal form is
DG Ahgyp
A+ 4-sub,m
C+L

heyDG

fg (1)
~ 2-317( 7} )f1 _ 0077£,DG

~ 1+0.0143 £,GD1/2 n

qp =

140347 £, (13(%)

where n =2 — 0.5 p; and p: = P/(6.895 MPa) = 0.145(P/MPa); the piecewise pressure functions fi—f4 follow
Bowring [8] exactly and are preserved in the Supplementary Software. A raw Bowring value <1 kW m™ is
replaced by 1 kW m? only to keep the logarithm finite. All 29 affected rows are exported, and the exclusion
sensitivity is reported.

For record 1, the model vector contains ten pre-CHF quantities chosen before outer testing:
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2)

In(P/Perit), In(G/Go), In(D/Dy), In(L/Ly), In(L/D), ]
u;

~ |Ahgubin/hg, Ahsunin/ho, n(qs/q0), (GD/uy), In (62D /(ps0))

Within every outer block, each feature is standardized with the mean and standard deviation of the outer-
training rows only. Validation and test rows are transformed with those frozen statistics. The resulting
standardized feature vector is denoted @i;. Thus, no target-campaign distributional information enters
preprocessing.

2.3 Campaign-resolved outer testing and information firewall

Campaigns are greedily assigned to twelve load-balanced outer-test blocks using record counts and seed
20260814. Within block B, the remaining campaigns are shuffled deterministically, and approximately 15%
are assigned to validation, with a minimum of three validation campaigns. Training, validation, and test RID
sets are mutually exclusive. Across blocks, the concatenated test sets contain every RID exactly once.

The outer training campaigns determine the preprocessing and learner parameters. Validation campaigns
determine the candidate champion, the convex ensemble weights, and the conformal half-widths. Test
campaigns are used only after these objects are frozen. Cross-fitted test predictions are concatenated after all
12 blocks have finished. The information firewall, therefore, applies to records, campaign labels, model
selection, uncertainty calibration, and acquisition priors.

2.4 Physics anchor, learning targets, and candidate predictors

Each candidate model m learns a logarithmic target relative to a model-specific reference flux and reconstructs
CHF through the inverse log transform:

_ qCHF,i A _ ~ ~ A
= (1) e > A o (i)

refi (3)
(m) _ {CIB,L" me Mres'

reti = qo, M € My

The logarithmic representation preserves positivity and makes multiplicative errors additive. The physical
anchor supplies a transparent engineering baseline but does not constrain the residual learner to a mechanistic
CHF law. Four candidates are trained on identical outer-training campaigns: record-weighted Extra Trees
residual, campaign-balanced Extra Trees residual, record-weighted histogram gradient boosting residual, and
record-weighted direct Extra Trees. Campaign-balanced weights are wi = Ntrain/(Jtrain nj), so every training
campaign contributes equal total weight; this member is also the primary protection against the historical
record imbalance quantified in Section 2.1.

2.5 Frozen hyperparameters, validation-only stacking, and selection

Hyperparameters are fixed in the analysis package and are not searched against test performance [57,58]. Extra
Trees uses 320 trees, minimum leaf size 1, no bootstrap, and all processors [59,60]; the campaign-balanced
member uses max_features = 0.80, and the other Extra Trees members use 1.00. Histogram gradient boosting
uses absolute-error loss [59,61], 420 iterations, a learning rate of 0.055, 31 terminal leaves, a minimum leaf
size of 12, and L2 regularization of 0.5. Model-specific seed offsets are combined with the outer-block seed.
LightGBM [62], XGBoost [63], and Random Forests [64] are cited as related tree- and boosting-based families
but are not included in the frozen candidate set evaluated here.

A non-negative convex combination is fitted in log space using validation campaigns only:

g
6I\ens,i:qoexp[z: Wmln< ; )], Wy, =0, Z Wy, =1
0

mem mem (4)

1
W = argmin —z MAPE; (w)
w VI

jev
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Sequential least-squares programming minimizes campaign-balanced validation MAPE subject to the simplex
constraint. If optimization fails, the best single validation candidate receives a unit weight. The candidate with
the minimum validation campaign-macro MAPE among the four learners and the convex ensemble is the block
champion. The frozen candidate models, prediction targets, weighting schemes, estimator specifications, and
validation-only selection rule are summarized in Table 3.

Table 3 | Frozen candidate models, targets, weighting, and selection rule.
Prediction Training

Candidate . Frozen estimator specification Role
target weight

ET RESIDUA || b val record ]15,"“‘11 Treeszf 3%& rees: oo 1elff Residual
L A qcHF/qB qual records ; ax features 1.00; no ...

- bootstrap
ET RESIDUA Equal Extra Trees: 320 trees; min leaf Campaign-

= In(qcur/qg) . I; max features 0.80; no .

L BAL campaigns balanced residual

- bootstrap
HGB_RESID In( /qs)  Equal records Absolute loss; 420 iter.; 1=0.055; Smooth residual
UAL qenr/qs qu 31 leaves; min leaf 12; L,=0.5 candidate

Extra Trees: 320 trees; min leaf

ET DIRECT  In(qcur/qo)  Equal records 1, max features 1.00; no Anchor-free

comparator
bootstrap
CONVEX EN Convex log Equal validation SLSQP; wn>0; Znwn=1; max Validation-only
SEMBLE prediction  campaigns 300 iter.; fi=10"" stacked candidate
VALIDATIO L:lmeels‘cti n One ~ vote  per Minimum of four learners and an Only model used
N_CHAMPIO © validation S for headline test
- macro . ensemble .

N MAPE campaign predictions

2.6 Performance estimands, selection regret, and inference

For campaign j, define the record-level absolute percentage error and the two aggregation conventions as

e =100 |—L_ 1
qcHF,ij
J Ny ] nj
v o Iv(1c (5)
MAPErW = NZ el-j B MAPEmacrO = 72 n—E eij
j=1i=1 =1\ 7=

Campaign median, campaign p90, and worst-campaign MAPE describe the distribution across the 60 within-
campaign values. Signed bias, RMSPE, multiplicative k95, and fractions within £10% and £20% are also
retained. Paired uncertainty intervals resample campaigns rather than records, using 4,000 bootstrap replicates
[65]. Selection regret is the test MAPE of the validation champion minus the minimum test MAPE among
candidates. This retrospective test-best comparator is reported only to quantify the cost of honest selection and
never feeds back into development.

2.7 Pooled and campaign-robust conformal calibration

For validation records, the nonconformity score is the absolute log-residual. With ncal calibration records and
nominal level 1—a, the finite-sample pooled half-width is the higher of the two empirical quantiles.

qcHF,i
ln( @ )
ceil[(ngy + D — a)]]) (6)

Ncal

a; =

cq = Quantileyjgper ({ai <l min [1
Io(x) = [§(x)e™ e, §(x)e‘“]

The campaign-robust rule first computes the same within-campaign quantile c;, for each validation campaign
and then takes the higher empirical (1—a) quantile across those campaign values:
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CCRa = Quantilehigher({cj,a:j ev} 1- 0() o
Icra(x) = [(x)e™CRe, g(x)e‘CRa]
Because each block contains only about eight validation campaigns, the second quantile is intentionally
conservative and often equals the maximum. Both rules are evaluated at the 90% and 95% nominal levels
using record-weighted coverage, mean campaign coverage, lower-decile campaign coverage, and
multiplicative interval width. These are retrospective empirical coverage statements for held-out members of
the archived campaign population. Neither rule guarantees a stated coverage level for a genuinely new facility
whose unrecorded surface, metrology, or response distribution lies outside those represented in the archive.

2.8 Directed transport games and removal value

Transfer is evaluated in a separate five-dimensional robustly standardized space comprising log pressure, log
mass flux, log diameter, log L/D, and normalized inlet subcooling. Each source campaign s supplies a local
expert for the Bowring log residual at the target transport coordinate & The 12 nearest source records receive
Gaussian within-source weights; source experts are then combined by one of three between-source games:
Gaussian support, inverse distance, or the ten nearest campaigns. The three games deliberately span different
smoothness assumptions: kernel-weighted continuity, distance-dominated support, and local-neighbor
stationarity, so that agreement of sign is less dependent on a single transport rule.

g —g; II) (qCHF,i)
Lien9ep X ( 7, )" ga,

RO =T ¢ (A0
€N ® 2 (®)
. Tses 05 ®)R®)
@) === g€s
ZSES ws (E)
For target t, the directed removal marginal of source s is
Viem(s = ©) = MAPEC (S \ {s}) - MAPE”(S),  g€g 9)

A positive value means the source helps the target under the declared game; a negative value is termed negative
transfer. Classification requires the sign of the game-mean value and agreement of at least two of the three
games. With 60 campaigns, the off-diagonal graph contains 60x59 = 3,540 directed pairs. Directionality is
tested separately over the 1,770 unordered pairs by comparing the signs and ranks of Vrem(s—t) and
Vrem(t—s); this distinguishes a symmetric compatibility interpretation from a target-dependent evidence-
value interpretation. All three games use the same five recorded coordinates and therefore share the same blind
spots: surface state, heater construction, detailed inlet development, metrology, and target-derived regime
labels are unavailable.

2.9 Coalition value and confounding audit

Removal from the complete source pool measures a local marginal and can hide redundancy. Permutation
Shapley values, therefore, average the utility increment over 64 random source orders for every target and
transport game. Utility is a negative target MAPE relative to the positive Bowring anchor:

D = By [UD (Sps U s} t) = UD(Sps;t)]

(10)
U@ (S;t) = —-MAPEQ(S), geg

Monte Carlo standard errors and the game-specific Shapley efficiency residuals are archived. A ridge audit
then regresses the game-mean removal value on standardized median distance, mean relative support, log
source size, and log target size:

1
Vmean,s,t = |g_|z Vrg'g (s—>1t)= Bo + BTcs,t + &t
9c6 (1)

I/adj,s,t = Vmean,s,t - (ﬁo + BTcs,t)
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A negative edge that becomes non-negative after adjustment is labeled nuisance-explained; a surviving
negative residual is only a candidate for conflict. These categories identify replication priorities and are not
evidence of causal facility bias. Shapley values are likewise conditional on the declared utility and learner. To
quantify transport-rule sensitivity rather than average it away, the complete Shapley calculation is retained
separately for each game, and source rankings are compared using Spearman's correlation. This tests whether
precise coalition ordering is stable to continuous versus truncated notions of source support. A complete
Shapley recomputation across unrelated learner families is not available and remains an explicit limitation.

2.9.1 Independent hierarchical response-field audit (TRACE)

To test whether the campaign result is robust to different estimators and target definitions, an independent
hierarchical TRACE audit is conducted on the same set of 24,579 locked records and 60 RIDs. TRACE fits a
multiscale radial-basis field to log[qCHF/(G hfg)] using only five independent pre-CHF coordinates,
In(P/Pcrit), In(G/GO0), In(D/D0), In(L/D), and Ahsub, in/hfg, with explicit campaign random intercepts and
random slopes. The audit uses the same 12 whole-campaign outer folds and three independent seeds, but it is
not used to select the primary champion, conformal width, transfer edges, or acquisition policy. Campaign
identity is included only as a hierarchical random effect within TRACE; target-derived outlet quantities
remain excluded from the design interface.

TRACE evaluates response topology for K=1,...,5 using a predeclared joint rule: ABIC>100 relative to K=1,
silhouette>0.20, median campaign-bootstrap ARI>0.70 over 300 resamples, RBF-versus-local-estimator
ARI>0.25, minimum regime weight>0.05, and support from at least five campaigns. Random-effect
reproducibility is assessed using campaign-level Spearman correlations across seeds, after averaging fold-
level estimates for each RID/seed. Intercept and slope magnitudes are summarized only after the same
fold/seed aggregation. The labels R1, R2, ... are phenomenological response-field patterns, not DNB/dryout
assignments. Because TRACE uses the same locked archive, agreement with the primary analysis
demonstrates estimator independence rather than data independence.

2.10 Outcome-blind sparse assimilation and acquisition replay

Every outer-test campaign begins with its cross-fitted zero-shot log prediction. At k € {1,3,5,10}, TWIN-
VALUE, maximin-coverage, uncertainty-driven, and repeated-random policies select candidate conditions
using only information available before the selected CHF is revealed; random selection is repeated 12 times.
The selected CHF is then revealed, the support row is removed from evaluation, and the remaining rows are
re-predicted with the same regularized update. Fifty-eight campaigns contain enough query rows for the paired
five-shot analysis. Two estimands are predeclared and kept separate at every budget: adaptation relative to
zero-shot and acquisition-policy performance relative to repeated random selection.

The campaign correction uses an intercept-plus-standardized-feature basis b(x). For k revealed measurements,
Bk stacks the k basis rows, and &k contains the corresponding zero-shot log residuals. The feature-slope prior
precision is 800, and the intercept prior precision is 80; the observation standard deviation is 66 = 0.18 in log
space. Observed residuals are clipped to +£0.25 around their median, and predicted corrections are limited to
+0.80:

BITc'Bk>_1 =3 B8
— k=X

X.=|A
k <°+ o2 e (12)

Gk (%) = go(x)exp{clip[b(x)" p,, —0.80,0.80]}
2.10.1 Prior specification, shrinkage, and clipping rationale

The update is intentionally intercept-dominant. With only 1-10 measurements, a campaign-wide residual
offset is identifiable more reliably than a high-dimensional rotation of the response surface. The tenfold
larger precision on feature slopes therefore suppresses large condition-dependent corrections until the
revealed data provide sufficient evidence. In comparison, the weaker intercept precision permits a facility-
wide level shift. These precisions and 60 are frozen regularization controls of the archived replay; they are
not re-estimated from the held-out campaign and are not presented as universal Bayesian priors for CHF.
Clipping provides a second fail-safe. The £0.25 residual window limits the leverage of an isolated revealed
outlier on the fitted campaign state. At the same time, the =0.80 prediction correction confines the
multiplicative adjustment to exp(—0.80)—exp(+0.80), approximately 0.45-2.23 times the zero-shot prediction.
The main evidential test of these controls is the archived regularized-versus-unregularized comparison in the
replay. A complete test-set-free sensitivity analysis of the prior precisions and clipping thresholds was not
available in the archived analysis; this remaining hyperparameter dependence is stated in Section 5.
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The TWIN-VALUE score is retained only as the name of the most elaborate outcome-blind acquisition policy.

It combines geometric diversity, campaign distance, integrated posterior-variance reduction, value-weighted

source disagreement, and ensemble uncertainty. All components are scaled by their 5th and 95th percentiles:
Ary(x) = 0.72Dgiy(x) + 0.10Dgom (x) + 0.084V,5¢(X) + 0.0555,(X) + 0.05Ups (%) (13)

The campaign-value prior for target t is learned only from transfer edges whose targets are not t. Consequently,
no current target CHF can be included in the acquisition score. Adaptation relative to zero-shot and policy
superiority relative to random are predeclared as distinct paired estimands. A successful Bayesian update does
not validate the acquisition policy, and a failed acquisition-superiority gate does not invalidate the update itself.

2.11 Bounded thermal calculation and non-operational physics interface

For a uniformly heated round tube with constant mass flux and diameter, negligible axial wall conduction, no
external heat loss, and pressure held fixed for property evaluation, the imposed heat flux adds enthalpy
according to

4q"'z
h(Z) — hf,sat _ _Ahsub,in + g—D

144

4q"z
GD '’

h(Z) - hf,sat = _Ahsub,in + xe (Z) = (14)

htg htg

The equation is evaluated at 51 axial nodes for 238 zero-shot and adapted states and at 0.8 and 1.0 times the
predicted limiting heat flux. Numerical slopes are compared with the analytical value 4q"/(GD), and an
independently archived relative conservation residual is required to be <10—10. This verifies only the
numerical implementation of the stated steady energy balance. It does not validate pressure drop, wall
temperature, void fraction, flow regime, interfacial transport, transient response, margin-to-CHF, or CHF
location [66].

2.11.1 What the surrogate is not

The adaptive surrogate does not represent the evolving state of a reactor or test loop, synchronize with live
sensors, solve momentum conservation, model two-phase pressure drop or void fraction, predict wall
temperature, locate the CHF position, or forecast a transient approach to crisis. Selected historical CHF values
update only a statistical residual state in log-prediction space. The energy calculation is therefore a
conservation-based interface around a CHF surrogate, not a multiphase simulator and not an operational digital
twin. The principal assumptions, numerical audits, and corresponding limits of inference of the present
framework are summarized in Table 4.

Table 4 | Assumptions, numerical audits, and the resulting limits of inference.

Component  Assumption or condition Audit or sensitivity Permitted inference
. SHA-256 lock; . .
Published round-tube records N Reproducible analysis of
Database completeness and . .
and RID labels are correct S the archived evidence
positivity checks
29 raw values at or below
Bowring Correlation evaluated in stated the 1 kW m—2 floor Reference correlation
anchor SI form exported; exclusion only
sensitivity
. RID approximates an Disjoint role manifest; Transfer to unseen
Outer testing . . . . .
experimental campaign every RID is tested once archived campaigns
Residual Log discrepancy is learnable Direct-model comparator Predictive correction, not
learning from pre-CHF inputs and block-wise selection ~ mechanism discovery
Conformal Yalldat19n residuals A Three coverage estimands Empirical marginal
. informative for outer . .
intervals . and interval width coverage only
campaigns
Transfer Declared local experts and Three games, sign audit, Model-conditional source
value games define utility and Shapley comparison  usefulness
Confounding Four measured nuisances Ridge residual and sign- Hypothesis ranking, not
adjustment summarize observable support  change audit causal diagnosis
. . . . tabl t ti
Bayesian An intercept dominates the Strong slope shrinkage; Stable | retrospechive
. . . sparse residual correction;
update sparse campaign residual unregularized comparator

not state synchronization
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Component
Acquisition

Energy
interface

Assumption or condition
Candidate coordinates and
diagnostics are available before
CHF

Steady 1-D balance; fixed G, D
and pressure; uniform q’

Candidates remain within the

Audit or sensitivity

No hidden-label
support manifest

Analytical closure
residual <107"°

Permitted inference

Outcome-blind
comparison; no optimality

input;

claim

policy

and Energy conservation only;

not CFD

Frozen

proposed

Prospective
matrix

observed input envelope

Blind selection flag and
frozen ranking

falsification experiment;
not prospective validation

2.12 Predeclared claim gates, software, and reproducibility

Before the full analysis, 17 numerical decision gates were fixed to prevent the narrative from being optimized
after inspecting test outcomes (Table 5). Eleven gates are critical, and all eleven pass. Two non-critical claims
fail and remain part of the evidence: GO7C reaches a 24.4% five-query gain rather than its 25% stretch target,
and GO8B does not establish TWIN-VALUE superiority over repeated random selection. The full primary run
uses seed 20260814, 12 outer blocks, 320 trees, 64 Shapley permutations, 4,000 campaign-bootstrap replicates,
12 random-policy repeats, and support sizes 0, 1, 3, 5, and 10. The archived environment records Python
3.13.5, NumPy 2.5.2, pandas 2.3.3, SciPy 1.18.0, and scikit-learn 1.9.0. The independent hierarchical response-
topology audit uses the same 12 campaign-held-out folds, three seeds, and a separately archived software

environment.

Table 5 | Predeclared claim ledger. Critical, important, and exploratory decisions are stated with numerical operators and
thresholds; failed gates remain visible and constrain the claims that follow.

Gate Severity
GO01 Critical
G02 Critical

GO03 Critical

G04 Critical

GO05 Important

G06 Critical

G06B  Critical
GO7A  Ciritical
GO7B  Critical
G07C  Important

Statement

All 60 campaigns receive
exactly one outer test
assignment

Champion record MAPE < 5.5%

Champion improves record
MAPE by at least 25% versus
Bowring

Champion improves campaign-
macro MAPE by at least 25%
versus Bowring

Champion campaign pso MAPE
<20%

The acquisition routine contains
no hidden-label input

Cross-target campaign-value
prior excludes current target
labels

Five selected measurements
reduce adaptive-surrogate macro
MAPE by >5%

Paired campaign-bootstrap 95%
lower bound for k=5 gain is
positive

Stretch gate: five selected
measurements reduce adaptive-
surrogate macro MAPE by
>25%

Observed

60

4.517%

53.3%

53.5%

16.31%

True

True

24.4%

+0.515

24.4%

Threshold Status
=60 Pass
<5.5% Pass
>25% Pass
>25% Pass
<20% Pass
= True Pass
= True Pass
>5% Pass
>0 Pass
>25% Fail
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Gate

GOSA

G08B

GO09

Gl10

Gll1

Gl12

G13

Severity

Important

Exploratory

Critical

Critical

Important

Critical

Important

Statement

TWIN-VALUE acquisition at
k=5 is within 0.25 MAPE points
of repeated random selection

Paired bootstrap lower bound
shows TWIN-VALUE
acquisition beats repeated
random selection

Maximum Shapley efficiency
residual <10"® MAPE points

Maximum relative energy
conservation residual <107'°

At least 70% of directed edges
have a unanimous/majority sign
across games

Campaign-robust 95% interval
achieves >90% campaign-macro
coverage

Campaign-robust 95% median
upper/lower width ratio <4

Observed

0.051

—-0.305

3.38x107

3.07x107"

94.3%

92.17%

3.629

Threshold Status
<0.25 Pass
>0 Fail
<107 Pass
<107'° Pass
>70% Pass
>90% Pass
<4 Pass

2.13 Integrated adaptive-surrogate workflow

Figure 1 summarizes the separation between cross-campaign learning, sparse residual updating, and thermal
verification. Reference campaigns create the frozen zero-shot model and target-excluding campaign-value prior;
measurements from a held-out campaign are then revealed sequentially and used only for the regularized Bayesian
residual update and the declared acquisition comparison. The energy balance verifies conservation separately. The
TWIN-VALUE name appearing in the archived workflow figure denotes this analysis workflow/acquisition score
and should not be read as an operational digital-twin classification. Fig. 1 presents the integrated campaign-aware

workflow for prediction, transfer, adaptation, and verification.

a Frozen cross-campaign foundation

e Campaign-held-out folds

12 outer blocks; train | validation | test
each RID unseen exactly once

o Locked campaigns

24,579 records; 60 RIDs
pre-CHF inputs only

e Candidate models
Bowring + residual and direct learners
validation-only selection

o Cross-fitted prior

CHF prediction + interval

distance, support and disagreement

b Campaign-value prior

C Outcome-blind adaptive replay

A\ 4

e Transport games e Value estimates o Credibility audit

[ 0 New campaign

zero-shot state; no target CHF

removal marginal
coalition Shapley

sign stability

Gaussian support
efficiency close

inverse distance
10-nearest campaigns

—P[ o Select condition

diversity + distance + value + uncertainty; no CHF

1 ]

‘ ¥ [ @ Reveal one CHF

selected condition only

A A

Target-excluding campaign-value prior

source values learned on other targets only

[ m Update state

regularized Bayesian campaign correction

A A

_[?ema-predict untouched conditions; repeat steps 9-11 to budget

S ) T R W | == L T

d Bounded verification and prospective falsification

‘ Prospective falsification matrix @ Predicted limit

‘ freeze conditions and predictions
run the 30-condition experiment
publish predictions before updating

q"CHF with interval
support diagnostics

@ Exact energy balance

h(z) - h_f,sat =-Ah_sub,in

+4q"2/(GD)

enthalpy and equilibrium quality

@ Verification scope

conservation residual
no Ap, T_w, void, CFD
or CHF location
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Fig. 1 | Campaign-aware framework for CHF prediction, transfer, and adaptation. (a) Frozen campaign-held-out foundation; (b)

target-excluding campaign-value prior; (c) outcome-blind measurement selection followed by sparse residual updating; and (d)

bounded energy verification and prospective test design. Target campaign CHF enters only after a query condition is selected
and revealed.

2.14 Prospective commitment and falsification boundary

The 30-condition matrix is frozen only for the retrospective analysis: its candidate coordinates, zero-shot
predictions, intervals, and priority ranking must remain unchanged before any future measurements are
inspected. A valid prospective test would require an independent experimental campaign, complete surface
and metrology documentation, a precommitted comparison protocol, and publication of null or adverse
outcomes without refitting the frozen predictions. The current manuscript does not claim that such an external
experiment has been executed.

No external preregistration was created for the prospective matrix. Figure 16 is therefore treated as a versioned
future test plan rather than as prospective evidence, and it does not strengthen the current retrospective claims
of accuracy, coverage, transfer, or adaptation.

3. Results

The results are organized around a single evidentiary question: what survives when the experimental campaign,
not the database row, is treated as the unit of generalization? Prediction accuracy is the first instrument, not
the endpoint. We first separate historical record concentration from unequal campaign difficulty, then test
physics-anchored prediction on wholly unseen experiments. We next ask whether the same structure appears
in calibration and applicability; whether one experiment helps another symmetrically or directionally; whether
coalition rankings survive changes in the transport game; whether an estimator-independent hierarchical
analysis detects a reproducible campaign state; and whether a few revealed measurements can recover that
state safely. The thermal calculation and prospective matrix only define the boundary and falsifiability of the
offline surrogate.

3.1 Experimental provenance changes the CHF generalization problem

The campaign-held-out protocol makes the deployment question explicit. Across 12 outer blocks,
each of the 60 campaigns appears exactly once as unseen test evidence, while preprocessing, model
fitting, candidate selection, ensemble weighting, interval calibration, and acquisition priors remain
confined to disjoint training and validation campaigns (Fig. 2a,b).

All 11 predeclared critical claim gates pass (Fig. 2¢; Table 5), while two non-critical gates constrain
interpretation. GO7C misses the 25% five-measurement stretch target by 0.6 percentage points, and
GOS8B fails because the 95% paired interval for TWIN-VALUE versus repeated random acquisition
crosses zero. The results, therefore, support sparse updating but not the superiority of the acquisition
policy.

The information firewall, therefore, fixes the evidentiary boundary for all subsequent comparisons:
predictive accuracy, uncertainty, source value, and adaptation are evaluated only after the target
campaign has been excluded from the decisions that define them. Fig. 2 shows the campaign-resolved
validation framework and outcomes of the predeclared claim tests.
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Fig. 2 | Campaign-resolved validation and claim testing. (a) Data flow through the 12 whole-campaign outer blocks; (b) train,
validation, and test roles assigned to the 60 campaigns; and (c) outcomes of the predeclared numerical gates. Each campaign
serves as a completely unseen test of evidence.

The need for campaign-level separation becomes apparent from the structure of the evidence itself.
The 24,579 records span a broad pressure—mass-flux envelope, but individual campaigns occupy
much narrower trajectories through that space (Fig. 3a,b). Diameter occurs in discrete manufactured
bands, particularly around 5, 8, and 10 mm, and the maximum L/D approaches 2,500.

The distribution of records among experiments is strongly concentrated: the five largest campaigns
contain 54.0% of all measurements, whereas the thirty smallest contain only 5.9%, giving a record-
concentration Gini coefficient of 0.719 (Fig. 3¢). The median campaign spans only 18% of the global
logarithmic pressure range (Fig. 3d). This concentration is a property of how the historical archive
was assembled, not a physics result; its role is to explain why equal-record and equal-campaign
estimands answer different questions.

These observations establish the statistical premise for the remainder of the study. A campaign is an
experimental trajectory with shared geometry, instrumentation, surface history, and operating
practice, while the archive gives some trajectories thousands of times more weight than others.
Record-weighted evaluation, therefore, emphasizes experiments with dense sampling. Campaign-
macro evaluation deliberately removes that historical sampling advantage and asks about transfer to
a typical physically separate experiment. The two estimands are complementary rather than

Saraswat | 15



competing measures. The thermohydraulic coverage and sampling imbalance of the CHF archive are
shown in Fig. 3.
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Fig. 3 | Thermohydraulic coverage and sampling imbalance of the CHF archive. (a) Pressure—mass-flux operating space; (b)
diameter and heated-length-ratio coverage; (c) concentration of records among campaigns; and (d) campaign-wise operating
spans relative to the full database. Global coverage is broad, but individual campaigns are much narrower and unevenly
sampled.

3.2 Physics anchoring improves prediction, but does not remove campaign heterogeneity

Having established the campaign as the relevant transport unit, we next asked whether the physics-
anchored learner serves as a useful predictive instrument under that stricter test. Against the fixed
Bowring correlation, the validation-selected champion reduces record-weighted MAPE from 9.67%
to 4.52%, removes the mean signed bias to approximately zero, and increases the fraction of records
predicted within £20% from 87.3% to 97.4% (Fig. 4a,b; Table 6).

The improvement is not uniform across the CHF range. Across fourteen CHF bins, the Bowring
median signed error exceeds £5% in seven bins, compared with three for the champion. In contrast,
the largest median deviation decreases from —36.8% to —11.7% (Fig. 4c). The strongest anchor
deficiencies occur below approximately 0.3 MW m—2 and above approximately 5 MW m—2. These
regions identify limitations of the fixed closure within the available evidence; they cannot be
interpreted as newly detected DNB or dryout mechanisms because the archive contains no
corresponding wall-temperature histories, flow visualization, or film-thickness measurements.

The improvement is also distributional rather than being produced by a small number of large
corrections: 17,833 of 24,579 records (72.6%) are closer to the measurement under the champion,
and its error distribution remains below that of Bowring across the observed quantiles (Fig. 4d). Thus,
the learned discrepancy correction is a substantially more accurate predictive instrument, while the
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residual structure remains a diagnostic of where the physical anchor transfers least reliably. Cross-
fitted CHF prediction relative to the Bowring baseline is presented in Fig. 4.
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Fig. 4 | Cross-fitted CHF prediction relative to Bowring. (a) Measured versus surrogate-predicted CHF; (b) measured versus
Bowring-predicted CHF; (c) median signed error across the CHF range; and (d) absolute-error distributions. The physics-
anchored surrogate reduces systematic and distributional error across held-out campaigns.

More consequentially, the apparent magnitude of prediction error varies across reporting units. For the
champion, MAPE rises from 4.517% under equal record weighting to 7.474% when every campaign receives
one vote and reaches 32.929% for the most difficult campaign (Fig. 5a; Table 6). The campaign-macro/record-
weighted ratio is 1.65 for the champion and 1.66 for Bowring; across all seven predictors, it remains between
x1.65 and x1.69 (Fig. 5b). This near-invariance makes the reporting-unit effect an attribute of the evidence
structure rather than of one architecture. Still, it does not by itself tell whether the effect comes from record
concentration or unequal campaign difficulty.

The weight-only decomposition answers that narrower question without requiring counterfactual retraining.
Within campaign-size terciles, the macro/record ratios are only x1.05, x1.11, and x1.31, whereas the full
archive ratio is x1.65. Capping each campaign at 500 records while leaving each prediction unchanged
increases the weighted MAPE from 4.517% to 5.676%. Thus, 39.2% of the 4.517—7.474 MAPE gap is
recovered by reweighting alone, and 60.8% remains as unequal campaign-difficulty heterogeneity (Section
3.2.1; Table 7). The latter is deliberately not labeled a physics fraction because facility state, support,
metrology, and omitted variables can all contribute.

The paired campaign analysis reaches the same conclusion without relying on an average. The champion
improves on Bowring in 52 of 60 unseen campaigns, and campaign p90 MAPE decreases from 37.456% to
16.312% (Fig. 5¢,d; Table 6). The improvement is broad, but the eight adverse campaigns remain visible and
become the critical cases for asking what accuracy alone cannot explain. The contrast between record-level
and campaign-level model performance is shown in Fig. 5.
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Fig. 5 | Record-level and campaign-level model performance. (a) Candidate-model performance under different aggregation
rules; (b) record-weighted versus campaign-macro MAPE; (c) fraction of campaigns improved relative to Bowring; and (d)
campaign-error distributions. Campaign-level evaluation consistently reveals greater difficulty with generalization than record-
weighted reporting.

Table 6 | Cross-fitted predictive performance under record- and campaign-level reporting conventions.

Estimand Evaluation unit Bowring Valldaflon Change
champion
MAPE Allrecords, equal g (70, 4.517% ~53.3%
record weight
Median campaign Median of 60
MAPE PAUEN " yithin-campaign 10.530% 4.724% ~55.1%
MAPEs
Campaign-macro  Mean of 60 within- o o ca <0
MAPE campaign MAPEs 16.084% 7.474% 53.5%
Campaign poo 90th percentile 37.456% 16.312% ~56.5%
MAPE across campaigns
Worst-campaign Maxmqum across 60 328% 32,9299, —45 49,
MAPE campaigns
Mean signed
Signed bias percentage error —2.265% +0.036% Near-zero bias
over records
Within £10% Fraction of records 68.0% 89.6% +21.6 points
Within +20% Fraction of records 87.3% 97.4% +10.1 points
Campalgns Paired campaign Reference 59 of 60 8 adve.rse
improved comparison campaigns
Records closer Paired r.ecord Reference 17,833 (72.6%)  Champion closer
comparison
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3.2.1 Historical sampling concentration explains only part of the campaign penalty

The size-tercile audit separates two effects that are otherwise confounded in the headline x1.65 ratio. The 20
largest campaigns account for 21,381 of 24,579 records and have an equal-campaign MAPE of 5.243%,
whereas the middle and smallest terciles have equal-campaign MAPEs of 8.822% and 8.358%, respectively.
Dense historical campaigns are therefore both heavily weighted and, on average, easier for the frozen
champion. Within each size tercile, however, record and campaign weighting are much closer than at the
archive level (Table 7).

The 500-record cap provides a direct weight-only perturbation. Without retraining or changing any
prediction, weighted MAPE moves from 4.517% to 5.676%. Relative to the 7.474% campaign-macro
endpoint, this reweighting closes 39.2% of the gap, leaving 60.8% unresolved. The defensible conclusion is
therefore not that 60.8% is 'physics', but that historical row counts alone cannot explain the campaign
penalty. Most of the remaining difference is attributable to which experiments are difficult, and to whatever
combination of support, apparatus, metrology, surface state, and unrecorded physics produces that difficulty.

Table 7 | Weight-only decomposition of the champion record-to-campaign MAPE gap into historical sampling concentration and
residual campaign-difficulty heterogeneity. Predictions are frozen; no model is retrained.

Stratum Campaigns Records Record- Equal- Ratio
weighted campaign
MAPE MAPE
Smallest size 20 475 7.945% 8.358% x1.05
tercile
Middle-sized 20 2,723 7.947% 8.822% x1.11
tercile
Largest size 20 21,381 4.004% 5.243% x1.31
tercile
All campaigns 60 24,579 4.517% 7.474% x1.65
All campaigns; 60 24,579 5.676% 7.474% x1.32
cap at 500
records

Resolving all 60 held-out experiments individually shows that the adverse cases are not confined to one learner
family (Fig. 6a,b). Campaigns that are difficult for the champion also tend to be difficult for other candidates,
resulting in a predominantly row-wise, rather than model-specific, structure in the campaign-by-model error

map (Fig. 6¢).

This shared difficulty supports a campaign-level missing-state interpretation but does not identify its cause.
The available metadata cannot separate limited thermohydraulic support, surface or heater condition, facility
metrology, inlet development, response-pattern composition, or interactions among these factors. Campaign

provenance is therefore an evidentiary state variable, not a thermophysical input variable.

Campaign size alone does not explain the paired gains. Improvement over Bowring decreases with campaign
size (Spearman p =-0.381, p = 0.003). Yet, the 12 campaigns containing at least 500 records retain a median
improvement of +5.44 MAPE points (Fig. 6d). Together with Table 7, this shows that historical concentration
matters but cannot fully account for the difficulty pattern in unseen campaigns. Campaign-wise generalization

across the unseen experiments is detailed in Fig. 6.
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Fig. 6 | Generalization across individual unseen campaigns. (a) Campaign-wise Bowring and surrogate errors; (b) paired
campaign comparison; (c) campaign difficulty across model families; and (d) MAPE improvement versus campaign size. Most
campaigns improve, but several remain systematically difficult across different learners.

The information firewall also imposes a measurable model-selection cost. Candidate performance varies across
the 12 outer blocks, and the validation-fitted convex weights vary with it (Fig. 7a,b); nevertheless, the selector
chooses the convex ensemble in 11 of 12 blocks, with no single learner assumed to dominate every target
campaign.

Relative to the retrospectively identified test-best candidate, the validation-selected model incurs a mean regret
of 0.31 MAPE points and a maximum regret of 1.20 points, against a within-block candidate spread of up to
5.33 points (Fig. 7c; Table 8). The selector never chooses the test-worst candidate. Figure 7d is a separate
calibration-cost audit: campaign-robust conformal half-widths are x1.7-x6.9 wider than pooled half-widths
across blocks, with a median factor of x2.5.

Only 5.8% of the largest exploitable within-block candidate spread is lost on average by enforcing validation-
only selection. The residual campaign heterogeneity, therefore, cannot reasonably be dismissed as a test-set
selection artifact. Fig. 4, Fig. 5, Fig. 6 and Fig. 7establish the first central result: physics-anchored discrepancy
learning markedly improves CHF prediction across unseen experiments, but honest selection and model-family
choice do not remove the experiment-level component of difficulty. Validation-only model selection and its
calibration cost are reported in Fig. 7.
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Table 8 | Validation-only selection audit and retrospective calibration-width cost relative to unavailable test information.

Audit quantity
Mean selection regret

Maximum selection
regret
Candidate spread

Worst candidate
selected

Convex ensemble
selected

Mean convex weights

Relative regret

Robust/pool half-width
ratio

Definition

Selected test MAPE —
test-best candidate
MAPE

Largest block-wise
regret

Largest within-block
test-MAPE range
Blocks selecting the
test-worst candidate
Blocks minimizing
validation macro MAPE

ET residual A / balanced

/ HGB residual/direct

Mean regret / largest
exploitable spread
Across 12 outer blocks

Observed value
0.31 MAPE points

Interpretation
Average cost of
preserving the firewall

1.20 points Upper observed
selection cost

5.33 points Model choice matters

0of 12 No catastrophic
selection

11 of 12 Ensemble usually
preferred

0.39/0.37/0.17/0.07  Selection remains
distributed across model
families

Most exploitable
variation retained
Retrospective cost of
campaign-robust

calibration

5.8%

x1.7-%x6.9; median x2.5

3.3 Campaign shift also governs uncertainty and pre-measurement applicability

If campaign provenance affects prediction error, a deployment-relevant uncertainty estimate should expose the
same structure. At nominal 95% coverage, pooled calibration reaches 91.85% when records are weighted
equally, but only 82.49% when campaigns are weighted equally and 34.92% in the lower-decile campaign tail
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(Fig. 8a; Table 9). The campaign-robust rule raises these quantities to 98.15%, 92.17%, and 76.99%,
respectively.

The difference is visible at the individual-experiment level. Twenty of 60 campaigns fall below 90% coverage
under pooled calibration versus 12 under the campaign-robust rule, and 10 campaigns are repaired to at least
nominal coverage (Fig. 8b,c). Protection is not free: median within-campaign width inflates by x1.47, while
the across-block half-width penalty varies much more strongly (x1.7—x6.9; median %2.5; Fig. 7d). The median
robust upper/lower multiplicative ratio is 3.629.

Coverage decreases as campaign prediction difficulty increases (Spearman p=—0.642; Fig. 8d). Satisfactory
pooled-record coverage therefore does not imply comparable protection for a difficult unseen facility. The
92.17% robust macro coverage is a retrospective empirical property of the archived held-out experiments, not
a theorem guaranteeing that rate for an arbitrary future facility with unrepresented surface, instrumentation, or
response characteristics. Campaign-dependent uncertainty under pooled and campaign-robust calibration is
compared in Fig. 8.
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Fig. 8 | Campaign-dependent uncertainty under pooled and robust calibration. (a) Empirical coverage at record, campaign, and
lower-tail levels; (b) distribution of 95% coverage across campaigns; (c) paired pooled and campaign-robust coverage; and (d)
coverage versus campaign prediction error. Pooled calibration can look adequate at the record level while leaving difficult
campaigns poorly protected.

3.3.1 Coverage is facility-specific, not universal

This distinction changes how the intervals should be used. A new campaign should first be checked against
the archived support diagnostics. Its earliest revealed measurements should be compared with the frozen
interval predictions before those intervals are treated as operationally informative. Persistent out-of-interval
residuals, unusually large evidence distance, or model disagreement are reasons to widen, recalibrate, or
withhold the surrogate rather than to invoke the retrospective 92.17% figure as a guarantee. No fixed safety
factor or licensing threshold is inferred from the present database.
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Table 9 | Empirical nominal-95% interval calibration under pooled-record and campaign-robust rules.

Coverage . . Pooled Campaign-robust C .
estimand Evaluation unit calibration calibration Implication
Record-weighted 1 4iviqual records  91.85% 98.15% Pooled rule misses
coverage the nominal 95%
Campaign-macro  Equal Welght per 82 49% 92 17% Robust rule passes
coverage campaign Gl12.
Lower-decile 10th percentile of Tail protection
campaign 34.92% 76.99% remains
coverage :
coverage incomplete.
. Eight fewer poorly
gg(f/n paigns below Count among 60 20 12 covered
? campaigns
. Upper/lower
Mefdlan interval multiplicative 1276 3.629 Rgbustness costs
ratio . width
width
Palreq width Medlap Wl‘[hI.Il- Reference 147 Emplrlgal
inflation campaign ratio calibration cost
. o . P
Campaugns Moved to >95% Reference 10 of 60 Partial fac-lhty
repaired coverage level repair

The same difficulty can partly be detected before CHF is measured. Absolute prediction error increases with
standardized distance from the nearest training campaign (p=+0.165) and more strongly with candidate-
ensemble disagreement (p=+0.350) (Fig. 9a,b). Both diagnostics are available from the query condition and

frozen models alone.

When predictions are ranked by evidence distance, retaining the closest 50% reduces record-weighted MAPE
from 4.52% to 3.44% without consulting the measured target CHF (Fig. 9¢). The distance-decile audit in Fig.
9d shows the same qualitative degradation in accuracy and pooled coverage toward weakly supported regions.
At the same time, the campaign-robust rule is more stable. Distance is therefore a warning variable rather than

a certified applicability threshold.

Prediction error, conformal coverage, and outcome-blind support diagnostics thus converge on one practical
conclusion: proximity to represented evidence matters, but geometric distance alone is insufficient. This
motivates a directed transfer analysis that asks which historical experiments improve a target and, crucially,
whether the reciprocal transfer has the same sign. The relationship between evidence support and prediction

reliability is examined in Fig. 9.
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3.4 Campaign transfer is directional and frequently harmful; measured support explains only
part of the structure

Campaign information was next treated as a transferable scientific resource rather than an undifferentiated
training pool. Across all 3,540 ordered source—target pairs, 1,537 transfers are helpful (43.4%), 1,802 harmful
(50.9%), and 201 game-dependent (5.7%) under the declared transport games (Fig. 10a; Table 10). Most
individual effects are small, the median absolute removal value is 0.042 MAPE points, but their sign is

reproducible: 806 edges are unanimous, and at least two of three games agree for 3,339 edges (94.3%; Fig.
10b).

The negative-transfer structure follows support geometry. Harmful share rises from 31% in the closest distance
stratum to 64% in the most distant and falls from 68% to 27% as relative source support increases (Fig. 10c,d).
Thus, simply adding historical records is not guaranteed to improve a new experiment; value depends on
whether the source actually supports the target operating region.

Distance and support do not determine the cause of a harmful edge. The archive cannot separate missing
operating variables, facility/metrology effects, heater or surface history, residual bias in the physical anchor,
and genuine changes in the local CHF response. The transfer map is therefore interpreted as predictive
compatibility under a declared game, never as a mechanism map. Directed campaign-to-campaign transfer of
predictive information is mapped in Fig. 10.
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Fig. 10 | Directed transfer of predictive information between campaigns. (a) Source-to-target removal-value map; (b) transfer
magnitude and sign consistency across the three transport games; (c) harmful-transfer fraction with increasing thermohydraulic
distance; and (d) harmful-transfer fraction with relative source support. Historical campaigns are not interchangeable; their
usefulness depends on the target direction and the support they receive.

3.4.1 Experimental value is directional rather than pairwise symmetric

The ordered graph supports a test that record-level analysis cannot perform. Across the 1,770 unordered
campaign pairs, the two directions agree in sign for 70.0% and disagree for 30.0%; the rank association
between Vrem(s—t) and Vrem(t—s) is only moderate (Spearman p=+0.565). In nearly one-third of campaign
pairs, one experiment improves prediction for the other while the reciprocal transfer is harmful. Experimental
value is therefore a property of the ordered source—target relation, not an intrinsic compatibility label attached
to the pair.

This asymmetry is consistent with support geometry without proving a physical cause. A broad, densely
sampled source can support a narrower target embedded within its operating region, whereas the narrow
campaign may contribute little or detrimental information in the reverse direction. Any downstream use of
transfer edges, to prioritize replication, down-weight a source, or flag a target, must therefore preserve direction
and should never translate a one-way negative edge into a statement that two facilities are mutually
inconsistent.

3.4.2 Measured support explains part, but not all, of the harmful transfer

The nuisance audit narrows the unresolved part of the graph. Adjustment for campaign size, thermohydraulic
distance, and relative support renders 469 of the 1,802 majority-supported harmful edges non-negative (26%)
and changes the sign of 550 edges overall (Fig. 11a,b; Table 10). The adjustment acts mainly near zero; the
strongly negative tail persists. Candidate covariate-shift edges carry the largest median adjusted severity, 0.077
MAPE points, while distance retains a negative association with value (p=—0.194) and relative support a

positive one (p=+0.161) (Fig. 11c,d).

The surviving negative tail is consequently a replication target rather than a causal diagnosis. Incomplete

measured support, unrecorded apparatus/metrology effects, and genuine local response differences remain
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simultaneously plausible. The independent TRACE analysis in Section 3.7 tests whether a reproducible
response-field structure exists, but even that second estimator cannot uniquely assign the harmful edges to a
single physical mechanism. The influence of measured factors and nuisance adjustment on harmful transfer is

assessed in Fig. 11.
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Fig. 11 | Measured factors explain only part of the harmful transfer. (a) Harmful-edge classification after adjustment for campaign
size, distance, and support; (b) raw versus adjusted transfer value; (c) severity of the adjusted candidate classes; and (d)
associations with the measured nuisance variables. Adjustment mainly removes weak conflicts, while a stronger negative-transfer
tail remains unresolved.

3.4.3 Coalition value is real but transport-game dependent

Removal from the complete source pool represents a single marginal contribution and can hide redundancy.
Permutation Shapley valuation makes coalition dependence explicit (Fig. 12a). Forty-five of 60 campaigns
have positive mean coalition value as sources; the mean Monte-Carlo standard error is 0.248 MAPE points
(Fig. 12b). Removal marginal and Shapley value remain strongly rank-correlated (p=+0.781), but their signs
agree in only 76.6% of comparisons (Fig. 12¢). A campaign can therefore be redundant in the complete
archive yet valuable in a smaller coalition, or vice versa.

The more consequential sensitivity is to the transport game itself. Source rankings from Gaussian-support
and inverse-distance games agree strongly (Spearman p=+0.833), whereas Gaussian support versus the
truncated ten-nearest-campaign game gives only p=+0.060; inverse distance versus the truncated game is
likewise weak at p=+0.198. The number of mean-positive sources is comparatively stable (45, 45, and 41),
but the exact ordering is not. Continuous weighting rules, therefore, recover a similar coalition hierarchy,
whereas truncating the source set poses a materially different valuation problem.

This distinction bounds how campaign value may be used. Precise Shapley ranks must be reported with the
game that generated them and should not be interpreted as an intrinsic property of an experiment. By
contrast, the majority sign of the directed removal graph is reproduced for 94.3% of edges across all three
games. The prospective replication priorities, therefore, rely on directed transfer structure and support
geometry rather than on a single Shapley ordering.

The efficiency axiom closes to a maximum absolute residual of 3.375x10—14 MAPE points, far inside the

predeclared 10—8 gate (Fig. 12d). This establishes numerical accounting, not learner invariance. TRACE
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provides an estimator-independent test of campaign heterogeneity, but it does not recompute the same Shapley
game; neural-network, Gaussian-process, or other learner-specific campaign rankings remain open robustness

questions.

Fig. 10, Fig. 11 and Fig. 12, therefore establish the second central result: historical CHF evidence is neither
uniformly beneficial nor exchangeable across experiments. Its usefulness depends on direction,
thermohydraulic support, the surrounding coalition, and, in the case of precise Shapley ordering, the declared
transport rule. Coalition-dependent valuation of historical CHF campaigns is presented in Fig. 12.
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Fig. 12 | Coalition-dependent value of historical CHF campaigns. (a) Target-by-source permutation-Shapley map; (b) source
ranking by mean coalition value; (c) removal marginal versus Shapley value; and (d) numerical closure of the Shapley efficiency
relation. Broad usefulness is reproducible, but precise campaign ranking depends on the declared transport game.

Table 10 | Directed campaign transfer, reciprocal asymmetry, nuisance adjustment, and coalition-value diagnostics over all 3,540
ordered source—target pairs.

Statistic Definition or Observed result Permitted
evaluation set interpretation

Helpful edges Positive game-mean 1,537 (43.4%) Source improves the
removal marginal; declared game
majority sign

Harmful edges Negative game-mean 1,802 (50.9%) Negative transfer in the
removal marginal; declared game
majority sign

Game-dependent edges ~ No majority-supported 201 (5.7%) Sign-sensitive evidence
sign

Unanimous sign Same sign in all three 806 (22.8%) Strongest sign-
games reproducibility class

The majority sign the At least two of three 3,339 (94.3%) Passes G11

agreement games
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Statistic

Median edge magnitude
Distance contrast
Support contrast

Reciprocal sign
discordance
Reciprocal rank
association
Nuisance-explained
negatives

All sign flips after
adjustment

Mean-positive Shapley
sources
Removal-Shapley
association

Gaussian vs inverse-
distance rank

Gaussian vs 10-nearest
rank

Inverse-distance vs 10-
nearest rank
Mean-positive sources
by game

Shapley efficiency
residual

Definition or
evaluation set
Absolute game-mean
removal value

Closest vs most distant
strata

Lowest vs highest
support strata

1,770 unordered
campaign pairs
Vrem(s—t) vs
Vrem(t—-s)

Harmful edge becomes
non-negative after ridge
adjustment

All directed edges

Mean over other targets

Across directed source—
target values
Game-specific source
Shapley ranking
Game-specific source
Shapley ranking
Game-specific source
Shapley ranking
Gaussian / inverse-
distance / 10-nearest
Maximum absolute
closure error

Observed result
0.042 MAPE points
31% vs 64% harmful
68% vs 27% harmful
30.0% discordant;
70.0% concordant

Spearman p=+0.565

469 of 1,802 (26%)

550

45 of 60

Spearman p=+0.781;
sign agreement 76.6%
p=10.833

p=10.060

p=10.198

45745741

3.375x10—14 MAPE
points

Permitted
interpretation

Most individual effects
are small

Harm increases with
separation

Harm decreases with
source support

Value is directional

Only moderate
reciprocal symmetry
The measured nuisance
explains part of the
weak tail

Adjustment mainly
reclassifies near-zero
edges

Coalitional usefulness is
uneven

Related, non-identical
value concepts
Continuous games agree
strongly

Truncation changes
ordering

Truncation changes
ordering

Sign/count is more
stable than rank
Numerical audit passes
G09

3.5 Sparse labels recover campaign state; acquisition-policy optimality remains open

Before any target CHF is revealed, outcome-blind transport diagnostics still contain useful information about

likely difficulty. Source disagreement, helpful-prior weight, and related quantities show structured associations

with realized error (Fig. 13a—c). Used only as a ranking variable, nearest-source distance identifies a safer 50%

subset with a MAPE of 2.70%, compared with the 4.52% zero-shot record-weighted base rate (Fig. 13d). These

diagnostics can support cautious commissioning. Still, predictive association is not evidence that a complex

query score is optimal. Outcome-blind transport diagnostics and their association with realized prediction risk

are evaluated in Fig. 13.
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Fig. 13 | Outcome-blind transport diagnostics and realized prediction risk. (a) Transport-family spread versus nearest-source
distance; (b) helpful-prior weight versus value-weighted source disagreement; (c) dependence among the five diagnostics and
realized absolute error; and (d) selective-prediction risk—coverage curves. Nearest-source distance is the strongest single
warning variable in this audit.

3.5.1 Sparse measurements recover a predominantly low-dimensional campaign state

The adaptation test examines whether the revealed target measurements correct the unresolved campaign
residual. With no target labels, campaign-macro MAPE is 7.474%. After five TWIN-VALUE-selected
measurements are revealed and assimilated through the regularized Bayesian update, it falls to 5.650%, a
24.4% reduction (Fig. 14a; Table 11). The paired campaign-bootstrap lower bound for the gain is +0.515
MAPE points. GO7A and GO7B, therefore, support sparse adaptation, while GO7C records the deliberate 25%

stretch target as narrowly failed.

The gain is not specific to the value-guided policy: with the same update, repeated random selection reaches
5.599% macro MAPE at k=5, maximin coverage reaches 5.620%, whereas uncertainty-driven acquisition
remains at 7.223%. This pattern is consistent with a low-dimensional campaign correction: when the dominant
recoverable information is an experiment-wide level offset, several reasonably dispersed measurement sets
identify it similarly, while repeatedly selecting the hardest or most atypical conditions can be unrepresentative

of that offset.

Adaptation is nevertheless heterogeneous. At k=5, 37 of 58 eligible campaigns improve and 21 degrade; mean
gain is +1.51 but median gain only +0.27 MAPE points (Fig. 14c). The update rule is also load-bearing: under
uncertainty-driven sampling, an unregularized offset reaches 50.4% macro MAPE at k=10, whereas the
regularized Bayesian update remains controlled (Fig. 14b). These results support residual monitoring and
rollback rather than unconditional assimilation. Sparse adaptation of previously unseen campaigns is

quantified in Fig. 14.
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Fig. 14 | Sparse adaptation of previously unseen campaigns. (a) Campaign-macro error as measurements are revealed under
four acquisition policies: (b) regularized versus unregularized updating; (c) campaign-wise five-measurement gains; and (d)
paired comparison with repeated random sampling. Sparse updating is beneficial, but the more complex acquisition policy does
not show statistically significant superiority.

3.5.2 The proposed acquisition policy does not outperform random selection

The success of sparse assimilation does not validate the acquisition strategy. Using a consistent advantage
sign convention of random minus TWIN-VALUE, the point differences are +0.293, +0.179, —0.051, and
—0.210 MAPE points at k=1,3,5,10, with 95% intervals [-0.070,+0.774], [-0.138,+0.528], [-0.305,+0.216],
and [—1.123,+0.374], respectively. Every interval contains zero, and the point estimate changes sign as the
budget changes. GO8B therefore fails at k=5, and no tested budget supports a claim of superiority.

The k=5 point estimate remains inside the predeclared 0.25-point non-inferiority tolerance (TWIN-VALUE
minus random=+0.051), but that is not evidence that the additional scoring complexity is useful. The
supported algorithmic result is the regularized campaign-state update. Measurement-policy design remains
open, with simple random or maximin coverage competitive in the present replay and uncertainty-driven
selection distinctly poor under sparse budgets.

Table 11 | Offline sparse-assimilation and acquisition-policy decision criteria, with policy comparisons separated from update
benefit.

Estimand Comparison Observed Decision
result
Zero-shot macro MAPE  Before target labels 7.474% Reference state
Five-shot macro MAPE  TWIN-VALUE + 5.650% Adapted state
regularized Bayesian update
Five-shot macro MAPE = Repeated random + same 5.599% Statistically
update indistinguishable from
TWIN-VALUE
Five-shot macro MAPE = Maximin coverage + same 5.620% Statistically
update indistinguishable from
TWIN-VALUE
Five-shot macro MAPE  Uncertainty acquisition + 7.223% Poor sparse-budget policy

same update
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Estimand Comparison Observed Decision

result
Relative adaptation gain =~ Zero-shot vs TWIN-VALUE  24.4% GO7A pass; GO7C stretch
k=5 fail
Bootstrap lower bound  Paired campaign gain, k=5 +0.515 MAPE  GO07B pass
points

Policy advantage, k=1 Random — TWIN-VALUE +0.293; 95% CI  Contains zero
[—0.070,+0.774]

Policy advantage, k=3 Random — TWIN-VALUE +0.179; 95% CI = Contains zero
[—0.138,+0.528]

Policy advantage, k=5 Random — TWIN-VALUE —0.051;95% CI  GO8B fail
[—0.305,+0.216]

Policy advantage, k=10  Random — TWIN-VALUE —0.210; 95% CI  Contains zero
[—1.123,+0.374]

Non-inferiority TWIN-VALUE — random, +0.051 points GO8A pass; margin 0.25

tolerance k=5

Campaign response Improved/degraded at k=5 37/21 of 58 Heterogeneous adaptation

Per-campaign gain Mean / median at k=5 +1.51/+0.27 Mean driven by difficult
points campaigns

Unregularized Offset update; uncertainty 50.4% macro Regularization is essential

instability policy; k=10 MAPE

3.6 Physical closure and prospective falsification define the boundary of the surrogate

The adapted prediction is finally coupled to the deliberately limited thermal calculation in Eq. (14). Figure 15a
compares the numerically solved enthalpy rise with the analytical energy balance; the maximum relative
deviation is 7.1x10—14. Representative equilibrium-quality trajectories supply only axial energy accounting
(Fig. 15b). Across 59 conditions, the adapted versus zero-shot predicted limits have a median change of +0.2%
and a range from —26.0% to +76.0% (Fig. 15¢). Across 238 evaluated zero-shot and adapted states, the
independently archived maximum relative conservation residual is 3.073x10—12, about 33 times below the

predeclared 10—10 threshold (Fig. 15d).

These calculations verify arithmetic conservation and computational coupling; they do not convert the CHF
surrogate into a multiphase solver or digital twin. Pressure drop, wall temperature, void fraction, turbulence,
interfacial transport, transient state, margin-to-CHF, and the physical location or mechanism of the boiling
crisis remain outside the model. The one-dimensional balance is a bounded physics interface and software-
verification check, not evidence of reactor-level fidelity. Verification of the bounded one-dimensional thermal

interface is provided in Fig. 15.
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Fig. 15 | Verification of the bounded one-dimensional thermal interface. (a) Numerical enthalpy rise compared with the analytical
energy balance; (b) representative axial equilibrium-quality profiles; (c) adapted versus zero-shot predicted limits; and (d)
conservation residuals across evaluated states. The calculation verifies energy accounting only and does not establish
multiphase-flow or reactor-scale fidelity.

The framework closes with a proposed prospective test rather than another retrospective fit. Thirty outcome-
blind candidate conditions lie within the documented operating and geometry envelope, span 16 archived
campaign envelopes, and carry frozen predicted CHF values from 0.011 to 10.99 MW m—2 with 95% intervals
(Fig. 16a—c). Priority rank is not significantly monotone with relative interval width (Spearman p=—0.196,

p=0.298; Fig. 16d), consistent with ranking that combines support, disagreement, and transfer risk rather than

simply selecting the widest intervals.

These conditions define a falsification matrix for the central cross-campaign claims. A valid future experiment
would compare the frozen zero-shot predictions and intervals with newly measured CHF before any refitting,
then repeat the predeclared sparse-update comparison. The present study does not claim prospective success,
external preregistration, or independent replication; the value of the matrix is that a future result can contradict
the current model rather than being absorbed retrospectively. The outcome-blind matrix for future

experimental falsification is presented in Fig. 16.
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Fig. 16 | Outcome-blind matrix for future experimental falsification. (a) Proposed conditions in pressure—mass-flux space; (b)
corresponding geometry coverage; (c) frozen CHF predictions with 95% intervals; and (d) priority rank versus relative interval
width. The matrix is designed to test zero-shot transfer, uncertainty, and sparse adaptation using genuinely new measurements.

3.7 Independent hierarchical analysis triangulates campaign provenance and response topology

Every result above is conditional on the primary physics-anchored tree-ensemble framework. TRACE
therefore asks a deliberately different question with a different estimator and target on the same locked archive.
It is independent of the estimator, random-effects representation, and response-field topology, but not of the
underlying data. Its role is triangulation: to test whether campaign-level structure and more than one
reproducible response pattern remain visible without using the primary champion or its transfer utility.

3.7.1 Campaign effects are small, predominantly level-like, and reproducible

After averaging each RID/seed across its fold-level estimates and summarizing the 60 campaigns, the TRACE
campaign intercept has a sample standard deviation of 1.751e-03, a range of -6.345e-03 to +7.082¢-03, and a
median absolute magnitude of 6.729¢-04. The median absolute magnitude across the five campaign-slope
coefficients is 1.787e-04; under this explicit aggregation, the intercept is 3.76x larger. Intercept ranks are
reproduced across the three seed pairs, with Spearman p values of 0.982, 0.990, and 0.981. Thus, the
hierarchical estimator independently supports a stable, predominantly level-like provenance state,the same
low-dimensional structure that motivates stronger shrinkage of slopes in the sparse Bayesian update,while the
absolute effect size remains small.

That agreement should not be overstated. Across the 36-fold seed selections, the weakest random-effect
penalty (0.3) is selected 19 times, the strongest (10) 16 times, and the intermediate value 1.0 once. Averaged
over the complete regularization grid, validation campaign-macro MAPE changes by only 0.0096 points across
random-effect penalties. The fitted campaign effects are therefore reproducible, but their regularization
strength is only weakly identified by predictive validation; campaign structure is present but not the dominant
source of TRACE predictive accuracy.

3.7.2 A two-pattern response topology survives the predeclared stability rule

Only K=2 satisfies all six predeclared topology criteria. Relative to K=1, it improves BIC by 5,226.2, has a
silhouette of 0.270, a median campaign-bootstrap ARI of 0.785, an RBF-versus-local ARI of 0.285, a minimum
regime weight of 0.478, and support in at least 43 campaigns (Table 12). K=3-5 gain further BIC, as more
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flexible nested descriptions can, but fail one or more stability, cross-estimator, or occupancy criteria. The
decision is therefore based on stability rather than BIC alone.
Table 12 | TRACE response-topology selection under the predeclared multi-criterion stability rule.

K ABIC vs Silhouette Median RBF/local Min. Min. Decision
K=1 bootstrap ARI weight campaigns
ARI
1 0.0 , 1.000 1.000 1.000 58 Fail
5,226.2 0.270 0.785 0.285 0.478 43 Pass;
selected
3 7,815.1 0.261 0.679 0.241 0.152 39 Fail
4 8,659.5 0.176 0.490 0.201 0.210 28 Fail
5 9,890.6 0.211 0.538 0.140 0.083 10 Fail

R1 contains 8,732 records in 57 campaigns, and R2 contains 15,847 records in 45 campaigns (Table 13). Their
fitted elasticities differ most strongly in mass flux, L/D, and normalized inlet subcooling. Crucially, 42 of 60
campaigns contain both response labels, and only 18 contain one: response pattern and experimental
provenance are partially crossed rather than nested. A harmful campaign-to-campaign edge, therefore, cannot
be explained simply by assigning each experiment to a single regime.

Table 13 | TRACE phenomenological response-pattern signatures. Elasticities are derivatives of the fitted response field, not
measured mechanistic sensitivities.

Pattern Records Campaigns e Pr e G e D e L/D e Nsub
R1 8,732 57 -0.112 -0.508 -0.292 -0.606 +1.417
R2 15,847 45 -0.085 -0.306 -0.146 -0.799 +0.984

3.7.3 Estimator independence strengthens the heterogeneity claim, not the accuracy claim

As a predictive baseline, TRACE_SHARED FIELD yields a campaign-macro MAPE of 12.112% (95%
campaign-bootstrap interval: 9.879-14.938%), better than its own internal Bowring comparison at 16.448%
but substantially weaker than the primary validation-selected champion at 7.474% (Table 14).
LOCAL LINEAR AUDIT gives 13.203%. The TRACE Bowring value belongs only to the separately
archived TRACE pipeline and is not substituted for the primary Bowring benchmark of 16.084% in Table 6.
The scientific value of TRACE is therefore not to improve the headline error; it is to show that reproducible
provenance effects and a stable two-pattern topology appear under a materially different estimator.

Together, the random-effect and topology audits refine the latent-state interpretation. Provenance behaves
predominantly as a small level-like offset, while operating conditions traverse at least two stable
phenomenological response patterns. Because most campaigns contain both patterns, neither source replaces
the other: campaign state and response topology are partially crossed dimensions of heterogeneity. The archive
still lacks the surface, wall-temperature, film, hydraulic-development, and metrology observations required to
convert either dimension into a mechanism label.

Table 14 | Predictive performance internal to the independent TRACE audit. Values are not used to select or revise the primary
campaign-held-out champion.

Method Campaign- 95% CI Macro bias  Macro Within k95
macro RMSPE +20%
MAPE
TRACE 12.112% 9.879— +0.654% 15.014% 83.0% 1.313
shared field 14.938%
Local-linear  13.203% 9.723— +1.133% 17.567% 85.0% 1.394
audit 17.551%
Bowring 16.448% 13.211- -6.759% 20.790% 70.7% 1.540
(TRACE 19.948%
pipeline)

4. Discussion

The principal finding is not simply that machine learning lowers CHF error. It is that CHF generalization
changes when the experimental campaign is treated as the unit of evidence. The archive is strongly
concentrated, and whole-campaign testing exposes a difficulty structure that persists even after the model
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family, validation-only selection, and physics anchoring are varied. This makes cross-experiment prediction
both an evidence-transport problem and a regression problem.

The concentration decomposition sharpens that claim quantitatively. Capping each campaign at 500 records
changes the frozen champion's weighted MAPE from 4.517% to 5.676%, recovering 39.2% of the distance to
the 7.474% equal-campaign value. The remaining 60.8% is not a thermophysical percentage; it is residual
campaign-difficulty heterogeneity after a weight-only perturbation. The largest tercile is simultaneously the
most heavily sampled and the easiest on equal-campaign MAPE, so pooled benchmarks are favored both by
row count and by which experiments generated those rows. For concentrated scientific archives, record-
weighted and experiment-weighted metrics should therefore be reported together.

Physics anchoring still delivers a substantial predictive benefit. The Bowring-residual ensemble improves
average, tail, and campaign-level error while preserving an auditable engineering reference. What the anchor
does not do is erase experimental provenance. Residual extremes and hard campaigns identify where the fixed
closure and recorded coordinates transfer poorly; without wall-temperature histories, surface descriptors, film
measurements, or flow-regime observations, those residuals remain targets for mechanism-resolving
experiments rather than evidence for a named boiling-crisis mechanism.

The transfer graph adds a structural result that pooled prediction cannot reveal. Slightly more than half of the
majority-classified directed edges are harmful, and harm increases with thermohydraulic distance. It decreases
with source support, and 26% of harmful edges become non-negative after adjustment for measured nuisance
covariates. More importantly, transfer is directional: 30.0% of reciprocal campaign pairs disagree in sign, and
the reciprocal-rank association is only +0.565. Historical experiments, therefore, do not partition into mutually
compatible and incompatible groups. A broad experiment can support a narrow target without the narrow
experiment returning equal value, so any evidence-selection rule must respect source—target direction.

Coalition value is even more conditional. Removal and Shapley values are related but not interchangeable, and
the exact Shapley source ordering depends strongly on how transport support is defined. Continuous Gaussian
and inverse-distance games agree at p=+0.833, whereas the truncated nearest-campaign game is nearly
unrelated to Gaussian ranking (p=+0.060). This comparison identifies the more robust quantity as the directed
sign structure,with 94.3% majority agreement across games,rather than a universal scalar ranking across
experiments. Shapley scores should be reported with their learner, utility, and transport game.

TRACE provides independent triangulation of the missing-state interpretation. Under a transparent RID/seed
aggregation, campaign intercepts are about 3.76 times larger in median absolute magnitude than campaign
slopes and reproduce across seeds at p=0.981-0.990. At the same time, only K=2 satisfies the full topology-
stability rule, yet 42 campaigns contain both response patterns. Provenance and response topology are therefore
partially crossed: a small level-like facility state can coexist with condition-dependent response structure inside
the same experiment. The random-effect regularization is weakly identified, and TRACE shares the same
archive, which supports estimator independence rather than causal or external validation.

Uncertainty follows the same evidentiary unit. A nominal 95% pooled interval achieves 91.85% record-
weighted coverage, but only 82.49% campaign-macro coverage and 34.92% lower-decile coverage.
Campaign-robust calibration raises the latter two to 92.17% and 76.99%, but requires wider intervals. This
trade-off shows that protecting a typical held-out experiment is more demanding than covering records
dominated by a few large campaigns. Even the robust result remains empirical, and evidence distance plus
model disagreement should remain warning signals for a genuinely new facility.

The few-shot replay identifies the most actionable component. Five revealed measurements reduce macro
MAPE from 7.474% to 5.650% with a positive paired lower confidence bound, while random and maximin
selection achieve essentially the same five-shot result, and uncertainty-driven selection performs poorly.
Across k=1, 3, 5, 10, every TWIN-VALUE-versus-random interval contains zero, and the point difference
changes sign. The supported contribution is therefore regularized state recovery, not sophisticated active
learning. The TRACE intercept result provides an independent explanation: with only a few labels, much of
the recoverable information is a campaign-wide-level correction, so several dispersed samples can identify it,
while hard-point chasing may be counterproductive.
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Regularization is essential to that interpretation. The unregularized offset can react catastrophically to an
extreme early observation, reaching 50.4% macro MAPE at k=10 under uncertainty-driven sampling, whereas
the shrinkage update remains controlled. Yet the exact prior precisions, observation-noise scale, and clipping
limits are implementation choices, not physical constants, and a complete test-independent sensitivity surface
is not available. A practical commissioning workflow should monitor residuals after every reveal and retain or
revert to the zero-shot prediction when adaptation degrades the target campaign.

The one-dimensional thermal calculation is deliberately narrower than the data-driven framework around it.
Its conservation residual verifies that the predicted limiting flux is propagated consistently through the
specified steady enthalpy balance; it establishes nothing about pressure drop, void fraction, wall temperature,
interfacial structure, CHF location, or transient response. Calling the framework an offline adaptive campaign-
initialized surrogate rather than a digital twin is therefore part of the scientific result: the terminology matches
the actual physics and information loop.

Prospective falsification remains the decisive external test. The 30-condition matrix freezes query coordinates,
predictions, intervals, and priority before any new CHF measurement is made. Its rank is not merely an
uncertainty ranking; it can test zero-shot transfer, empirical coverage, and sparse updating in the presence of
genuinely new evidence. Until those measurements are obtained independently and reported without
retrospective refitting, the present study supports a strong hierarchy of retrospective claims but not of
prospective validation, safety certification, causal facility diagnosis, or operational-twin status.

5. Limitations

The results apply only to the archived water-CHF data for uniformly heated vertical round tubes.
They should not be generalized directly to other fluids, geometries, heating conditions, or new
facilities. Campaign identity is an experimental provenance label, not a physical mechanism; the
present data cannot separate the effects of surface condition, instrumentation, facility design, omitted
variables, and true CHF-response differences. Likewise, transfer values and Shapley rankings depend
on the chosen model and transport definition, so they describe predictive usefulness rather than
intrinsic experimental value.

The uncertainty and adaptation results are also retrospective. Campaign-aware calibration improves
coverage for the archived experiments, but it does not guarantee the same coverage for an arbitrary
future facility. Sparse Bayesian updating improves prediction, yet its regularization settings are not
universal, and the TWIN-VALUE acquisition policy does not statistically outperform repeated
random selection. TRACE provides an independent estimator check, but it uses the same database
and therefore is not an independent experimental validation. Finally, the one-dimensional thermal
calculation verifies energy conservation only; it does not model two-phase flow, wall temperature,
void fraction, pressure drop, CHF location, or transient behavior. The proposed 30-condition matrix
remains a future falsification test, not a completed prospective validation.

6. Conclusions

This study tests whether historical CHF campaigns behave as exchangeable evidence once the measured
operating and geometric variables are supplied. They do not. Treating the campaign as the common unit of
validation, uncertainty, data value, and adaptation reveals a consistent experiment-level structure that pooled
record analysis cannot resolve.

1. Whole-campaign testing exposes a persistent generalization penalty. The validation-selected physics-
anchored surrogate reduces record-weighted MAPE from 9.670% to 4.517% and campaign-macro MAPE from
16.084% to 7.474%, improving 52 of 60 unseen campaigns. Across all seven predictors, campaign-macro error
remains 1.65—-1.69 times the record-weighted value. A weight-only 500-record cap closes 39.2% of the
champion's record-to-campaign gap, leaving 60.8% as residual campaign-difficulty heterogeneity. Historical
sampling concentration matters, but it does not explain the full cross-experiment penalty.

2. Historical experiments are non-exchangeable, and their value is directional. Of 3,540 directed source-
to-target transfers, 1,802 (50.9%) are harmful, 1,537 (43.4%) are helpful, and 201 (5.7%) have no majority-
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supported sign. Harmful transfer rises from 31% to 64% across increasing thermohydraulic-distance strata and
falls from 68% to 27% as relative source support improves. Among the 1,770 reciprocal campaign pairs, 30.0%
reverse the sign, and the two directions have only a moderate rank association (Spearman p=0.565).
Experimental usefulness is therefore a property of the ordered source-target relation, not a symmetric
compatibility label.

3. The transfer sign is more robust than a precise coalition ranking. At least two of the three transport
games agree on the sign for 3,339 of 3,540 directed edges (94.3%). Removal marginal and Shapley value are
related (p=0.781) but agree in sign for only 76.6% of comparisons. Shapley source rankings agree strongly
between Gaussian-support and inverse-distance games (p=0.833), but weakly between Gaussian-support and
the truncated 10-nearest-campaign game (p=0.060). Directed sign structure is therefore the more defensible
basis for replication priorities; exact Shapley ranks remain conditional on the declared game and learner.

4. Campaign-level uncertainty and sparse adaptation require explicit treatment of provenance. At
nominal 95%, pooled calibration gives 82.49% campaign-macro coverage and 34.92% lower-decile coverage,
whereas the campaign-aware rule raises these to 92.17% and 76.99%, with a median within-campaign width
inflation of 1.47x. Five revealed measurements reduce unseen-campaign macro MAPE from 7.474% to
5.650%, a 24.4% gain with a paired bootstrap lower bound of +0.515 MAPE points. TWIN-VALUE does not
beat repeated random acquisition with statistical confidence at any tested budget; the supported result is
regularized state recovery, not acquisition-policy superiority.

5. The remaining campaign structure is reproducible but is not a uniquely identified CHF mechanism.
In the independent TRACE analysis, campaign-intercept ranks reproduce across seeds at p=0.981-0.990, and
the median absolute intercept is 3.76x the median campaign-slope magnitude, supporting a predominantly
level-like residual state. A two-pattern topology is selected by the predeclared stability rule (ABIC=5,226.2,
silhouette=0.270, median bootstrap ARI=0.785), yet 42 of 60 campaigns contain both patterns, so response
pattern and provenance are not interchangeable. The thermal interface independently closes the imposed
energy balance with a maximum archived conservation residual of 3.073x10—12, below the 10—10 gate; this
verifies conservation only, not pressure drop, void fraction, wall temperature, CHF location, or multiphase
fidelity.

Taken together, the results support a campaign-aware, physics-anchored adaptive CHF surrogate in which
prediction, uncertainty, experimental value, and sparse updating are evaluated within a single consistent
evidentiary unit. The practical implication is not simply to collect more CHF records. New experiments should
deliberately fill weakly supported operating regions, repeat conditions associated with strong directional
disagreement, and report surface, heater, hydraulic, and metrology information that can turn the present
provenance signal into a physically interpretable state. The frozen 30-condition matrix provides the next
decisive test: genuinely new measurements must challenge the predictions before any refitting is allowed.

Nomenclature

Symbol/abbreviation Definition Unit/status

Thermophysical and geometric quantities

P Pressure MPa
22.064 MPa; 1000 kg

Pesit; Go, Do, Lo, ho, qo S(;Ltr:;f]]i gteizsnure and fixed reference scales are used for E,_%()Ss_J 1 ],< ;)_()1 1; r]n,v\}
m—2

G Mass flux kgm2s!

D Tube inner diameter m

Heated length m

z Axial coordinate m

h Specific enthalpy Jkg!

ht, sat Saturated-liquid specific enthalpy Tkg!

hig Latent enthalpy of vaporization JTkg™!

Ahsub, in Inlet subcooling enthalpy deficit JTkg!

qCHF Measured critical heat flux W m™

qs Critical heat flux predicted by the Bowring anchor W m?

q Model-predicted critical heat flux W m™2
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Symbol/abbreviation

"

q

pf, Pg

ur

Tsat

Xe

A, C, fi—fy,n

Definition

Uniform imposed wall heat flux
Saturated liquid and vapor densities
Saturated-liquid dynamic viscosity
Surface tension

Saturation temperature
Thermodynamic equilibrium quality

Bowring correlation terms and pressure functions

Prediction, calibration, and evaluation

u;, ﬁi
77L{m)l ﬁgm)
(m) ~(m)
Arerir 9i
h$™, m
Mres: Mdir
Wm
Cij
MAPE:w
MAPEmacro

N: J’ nj, Ntrain, Jtrain

o

ai

Ca

CCR,u

]a, ICR,&

Dimensionless pre-CHF feature vector for record i and its outer-
training-standardized form

Model-specific logarithmic learning target and its prediction for
candidate model m

Model-specific reference heat flux and reconstructed candidate CHF
prediction

Candidate-model function, candidate set, and residual/direct model
subsets

Non-negative convex weight of candidate model m
Absolute percentage error of record i in campaign j
Record-weighted mean absolute percentage error

Mean of campaign-level mean absolute percentage errors.

Record, campaign, per-campaign, outer-training-record, and outer-
training-campaign counts

Miscoverage probability

Absolute log-residual nonconformity score
Pooled conformal log-scale half-width
Campaign-robust conformal log-scale half-width

Pooled and campaign-robust prediction intervals

Campaign transport and adaptive updating

Artv

X; S, s, t
E' Eir K' 'ES
NP ®

G g, 0¥

V(s > )
@
st

U9 (s;t)

Vmean,s,tl B
Estr Cst

Vadj,s,t

By, b(x)
8y

Ao, Iy

2
Wy, 05

Generic query condition; source set, source campaign, and target
campaign

Target/source transport coordinates, kernel, source length scale, and
12-nearest-record set

Transport-game set, game index, and between-source weight

Game-specific directed source-removal value for target t
Game-specific permutation Shapley value and predictive utility
Game-mean removal value, ridge coefficients, residual, and
standardized nuisance-covariate vector

Nuisance-adjusted directed transfer value

Few-shot design matrix, update-basis vector, and revealed zero-shot
log-residual vector

Prior precision and posterior covariance matrices
Posterior coefficient mean and Bayesian update observation variance
Outcome-blind TWIN-VALUE acquisition score; retained as a

policy/workflow label, not a digital-twin claim
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Unit/status
W m™

kg m™

Pas

Nm™!

K

dimensionless

Eq. (1)

dimensionless

dimensionless

W m—2

model quantities/sets

dimensionless
%

%

%

counts
dimensionless
dimensionless
dimensionless

dimensionless

W m™2

query/indices/set

transport-space
quantities

set/index/dimensionle

SS

MAPE points

MAPE points /
negative MAPE

model quantities
MAPE points
dimensionless

model quantities

model quantities

dimensionless



Symbol/abbreviation Definition Unit/status

Daiv, Ddom, AVpost, Ssre, Uens Dlvers1ty, domain, posterior-value, source-support, and ensemble- dimensionless
disagreement scores

.. Record, campaign, revealed-measurement, candidate-model, and .
i,j,kmg >, indices

transport-game indices

Abbreviations

CHF Critical heat flux

RID Reference-identifier campaign

MAPE Mean absolute percentage error.

RMSPE Root-mean-square percentage error

[APWS-IF97 Industrial Formulation 1997 for water and steam properties

ML Machine learning

uQ Uncertainty quantification

CFD Computational fluid dynamics

R1, R2 Phenomenological response-pattern labels from the independent response labels; not
TRACE topology audit DNB/dryout

ARI Adjusted Rand index used in response-topology stability auditing dimensionless

BIC Bayesian information criterion used in TRACE topology selection dimensionless

criterion

TRACE Independent hierarchical multiscale response-field robustness audit audit label

used to test campaign effects and response topology
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    q  B =   A +   D G   𝛥  h  sub , in 4  C + L


    𝐰 ^ =  argmin  𝐰    1   | V |   ∑  j ∈ V ​   MAPE  j  ( 𝐰 )


    e  i j = 100  |       q ^  i j    q  CHF , i j − 1 |


   MAPE rw =  1  N   ∑  j = 1  J    ∑  i = 1    n  j    e  i j ,      MAPE macro =  1  J   ∑  j = 1  J   (  1    n  j   ∑  i = 1    n  j    e  i j )


   MAPE rw =  1  N   ∑  j = 1  J    ∑  i = 1    n  j    e  i j ,      MAPE macro =  1  J   ∑  j = 1  J   (  1    n  j   ∑  i = 1    n  j    e  i j )


    a  i =  | ln ​  (     q  CHF , i      q ^  i ) |


    c  𝛼 =  Quantile higher ​  ( {   a  i  }  i = 1    n cal ,   min ​  [ 1 ,   ceil ​  [  (   n cal + 1 )  ( 1 − 𝛼 ) ]    n cal ] )


    c  𝛼 =  Quantile higher ​  ( {   a  i  }  i = 1    n cal ,   min ​  [ 1 ,   ceil ​  [  (   n cal + 1 )  ( 1 − 𝛼 ) ]    n cal ] )


    I  𝛼  ( 𝐱 ) =  [   q ^  ( 𝐱 )   e  −   c  𝛼 ,     q ^  ( 𝐱 )   e    c  𝛼 ]


    I  𝛼  ( 𝐱 ) =  [   q ^  ( 𝐱 )   e  −   c  𝛼 ,     q ^  ( 𝐱 )   e    c  𝛼 ]


    c  CR , 𝛼 =  Quantile higher ​  ( {   c  j , 𝛼 : j ∈ V } ,   1 − 𝛼 )


  A =   2 . 317  (    h  f g D G 4 )   f 1  1 + 0 . 0143     f 2 G   D  1 / 2     C =   0 . 077     f 3 D G  1 + 0 . 347     f 4    (   G 1356 )  n


    I  CR , 𝛼  ( 𝐱 ) =  [   q ^  ( 𝐱 )   e  −   c  CR , 𝛼 ,     q ^  ( 𝐱 )   e    c  CR , 𝛼 ]


    I  CR , 𝛼  ( 𝐱 ) =  [   q ^  ( 𝐱 )   e  −   c  CR , 𝛼 ,     q ^  ( 𝐱 )   e    c  CR , 𝛼 ]


      r ^  s  ( 𝛏 ) =     ∑  i ∈   𝒩 12   ( s )  ( 𝛏 ) ​  K ​  (   ∥ 𝛏 −   𝛏  i ∥   ℓ  s ) ln ​  (     q  CHF , i    q  B , i )    ∑  i ∈   𝒩 12   ( s )  ( 𝛏 ) ​  K ​  (   ∥ 𝛏 −   𝛏  i ∥   ℓ  s )


      r ^  S   ( g )  ( 𝛏 ) =     ∑  s ∈ S ​    𝜔  s   ( g )  ( 𝛏 )     r ^  s  ( 𝛏 )    ∑  s ∈ S ​    𝜔  s   ( g )  ( 𝛏 ) ,     g ∈ 𝒢


      r ^  S   ( g )  ( 𝛏 ) =     ∑  s ∈ S ​    𝜔  s   ( g )  ( 𝛏 )     r ^  s  ( 𝛏 )    ∑  s ∈ S ​    𝜔  s   ( g )  ( 𝛏 ) ,     g ∈ 𝒢


    V rem   ( g )  ( s → t ) =  MAPE  t   ( g ) ​  ( S ∖ { s } ) −  MAPE  t   ( g )  ( S ) ,     g ∈ 𝒢


    𝜙  s , t   ( g ) =   𝔼  𝜋 ​  [   U   ( g ) ​  (   S  𝜋 , s ∪ { s } ; t ) −   U   ( g ) ​  (   S  𝜋 , s ; t ) ]


    U   ( g )  ( S ; t ) = −  MAPE  t   ( g )  ( S ) ,     g ∈ 𝒢


    U   ( g )  ( S ; t ) = −  MAPE  t   ( g )  ( S ) ,     g ∈ 𝒢


    V  mean , s , t ≡  1   | 𝒢 |   ∑  g ∈ 𝒢 ​    V rem   ( g )  ( s → t ) =   𝛽 0 +   𝛃  T   𝐜  s , t +   𝜀  s , t
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    V  adj , s , t =   V  mean , s , t −  (     𝛽 ^ 0 +     𝛃 ^  T   𝐜  s , t )


    V  adj , s , t =   V  mean , s , t −  (     𝛽 ^ 0 +     𝛃 ^  T   𝐜  s , t )


    𝚺  k =    (   𝚲 0 +     𝐁  k  T   𝐁  k    𝜎  𝛿 2 )  − 1 ,       𝛍  k =   𝚺  k     𝐁  k  T   𝛅  k    𝜎  𝛿 2


      q ^  k  ( 𝐱 ) =     q ^ 0  ( 𝐱 ) exp ​  { clip ​  [ 𝐛    ( 𝐱 )  T   𝛍  k , − 0 . 80 , 0 . 80 ] }


      q ^  k  ( 𝐱 ) =     q ^ 0  ( 𝐱 ) exp ​  { clip ​  [ 𝐛    ( 𝐱 )  T   𝛍  k , − 0 . 80 , 0 . 80 ] }


    A TV  ( 𝐱 ) = 0 . 72   D div  ( 𝐱 ) + 0 . 10   D dom  ( 𝐱 ) + 0 . 08 𝛥   V post  ( 𝐱 ) + 0 . 05   S src  ( 𝐱 ) + 0 . 05   U ens  ( 𝐱 )


  h  ( z ) −  h  f , sat = − 𝛥  h  sub , in +   4   q  ′ ′ z  G D ,       x  e  ( z ) =   h  ( z ) −  h  f , sat   h  f g =   − 𝛥  h  sub , in +   4   q  ′ ′ z  G D   h  f g


    𝐮  i ,       𝐮 ~  i


    𝜂  i   ( m ) ,       𝜂 ^  i   ( m )


    q  ref , i   ( m ) ,       q ^  i   ( m )


    𝐮  i =    [    ln  ( P /   P crit ) ,   ln  ( G /   G 0 ) ,   ln  ( D /   D 0 ) ,   ln  ( L /   L 0 ) ,   ln  ( L / D ) ,   𝛥  h  sub , in /  h  f g ,   𝛥  h  sub , in /  h 0 ,   ln  (   q  B /   q 0 ) ,   ln  ( G D /   𝜇  f ) ,   ln ​  (   G 2 D /  (   𝜌  f 𝜎 ) ) ]  T


   h  𝜃   ( m ) ,   ℳ


   ℳ res ,    ℳ dir


   ℳ res ,    ℳ dir


  𝐱 ;   S ,   s ,   t


  𝛏 ,     𝛏  i ,   K ,    ℓ  s


    𝒩 12   ( s )  ( 𝛏 )


    𝒩 12   ( s )  ( 𝛏 )


  𝒢 ,   g ,     𝜔  s   ( g )


    V rem   ( g )  ( s → t )


    𝜙  s , t   ( g )


    𝜂  i   ( m ) ≡ ln ​  (     q  CHF , i    q  ref , i   ( m ) ) ,         𝜂 ^  i   ( m ) ≡  h  𝜃   ( m )  (     𝐮 ~  i )   ⇒       q ^  i   ( m ) =   q  ref , i   ( m ) exp ​  (     𝜂 ^  i   ( m ) )


    U   ( g )  ( S ; t )


    U   ( g )  ( S ; t )


    V  mean , s , t ,   𝛃


    𝜀  s , t ,     𝐜  s , t


    𝜀  s , t ,     𝐜  s , t


    V  adj , s , t


    𝐁  k ,   𝐛  ( 𝐱 )


    𝛅  k


    𝛅  k


    𝚲 0 ,     𝚺  k


    q  ref , i   ( m ) =  {      q  B , i ,  m ∈  ℳ res ,     q 0 ,  m ∈  ℳ dir .


    𝛍  k ,     𝜎  𝛿 2


  i ,   j ,   k ,   m ,   g


    q  ref , i   ( m ) =  {      q  B , i ,  m ∈  ℳ res ,     q 0 ,  m ∈  ℳ dir .


      q ^  ens , i =   q 0 exp ​  [   ∑  m ∈ ℳ ​    w  m ln ​  (       q ^  i   ( m )    q 0 ) ] ,       w  m ≥ 0 ,       ∑  m ∈ ℳ ​    w  m = 1


    𝐰 ^ =  argmin  𝐰    1   | V |   ∑  j ∈ V ​   MAPE  j  ( 𝐰 )

