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Abstract

TabPFN-style in-context prediction can be degraded by corrupted support labels. When
the deployed support context is cached, version-locked, shared, or otherwise operationally
constrained from refresh, external adaptation pipelines can still use newly available clean
evidence without modifying that served context. We propose StaCOR (Stability-aware
Coupling-Regularized Output Refinement), a selectively constrained fixed-context refine-
ment method for frozen TabPFN. StaCOR leaves the noisy support context unchanged and
trains a lightweight output-side correction head using auxiliary clean evidence. Regular-
ized multiclass coupling controls correction capacity at the parameter level, while Selective
Decision Stability (SDS) applies a training-time zero-margin penalty only to clean examples
that the noisy-support baseline predicts correctly; baseline errors remain unconstrained
by this stability term. We evaluate seven tabular datasets, including four development
benchmarks and three frozen external-validation datasets under symmetric and instance-
dependent support-label noise using probabilistic and decision metrics, paired statistical
analysis, direct-context alternatives, and serving measurements. Relative to a regularized
affine calibration baseline, StaCOR has a statistically indistinguishable benchmark negative
log-likelihood (NLL) under symmetric noise and incurs a small NLL cost under instance-
dependent noise, while reducing harmful-flip rates from 0.0195 to 0.0124 and from 0.0202
to 0.0124, respectively. External-validation results show the same decision-stability trend,
although the calibration baseline can retain higher Macro-F1. SDS ablation further shows
more consistent decision preservation, with small measurable NLL costs in some settings.
When context modification is feasible, directly using clean examples generally yields lower
NLL and higher Macro-F1. StaCOR therefore targets fixed-context or refresh-constrained
deployments where a more favorable probability—decision trade-off is desired without

modifying the original served support context.
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set of labeled examples is provided at inference time, and the model returns a predictive
posterior for query examples conditioned on that support context [1,2]. This design makes
the support examples an active part of the predictive computation rather than merely a
source of offline training data.

The same in-context property also makes support-label quality important. In practical
use, support examples may be assembled from historical records, weak labels, partially
audited data, or labels that have changed across data versions. Some support labels can
therefore be incorrect. Noisy support labels may degrade the predictive posterior, distort
class probabilities, and alter downstream classifications. This paper studies that issue in
controlled label-noise settings, focusing on symmetric noise (SN) and instance-dependent
noise (IDN) as repeatable perturbation protocols rather than as complete models of all real
annotation errors [3-5].

One natural response is to leave the TabPFN backbone and its original served support
context fixed during an evaluated deployment cycle, then refine the output posterior
using a lightweight correction model trained on auxiliary clean evidence. This is an
operational rather than informational assumption: clean evidence can be available to
an external adaptation pipeline even when the served context is cached, version-locked,
shared across a serving system, audited, or costly to rebuild and revalidate. It separates
two deployment choices that are often conflated: changing the examples seen by the in-
context predictor versus correcting the posterior after the frozen predictor has run. When
context modification is operationally acceptable, direct clean-context utilization is the more
direct intervention. Output-side calibration methods, including temperature-style rescaling,
Dirichlet-style transformations, and last-layer correction models, provide useful reference
points for the fixed-context intervention [6-8].

However, improving probability quality is not the same objective as preserving hard
classification decisions. Negative log-likelihood (NLL) evaluates the probability assigned
to the clean label over the full predictive distribution, while a deployed classifier typically
acts on the argmax decision. A correction can redistribute probability mass in a way that
improves probabilistic fit while moving a low-margin, originally correct prediction across
the decision boundary. Conversely, a correction that avoids such transitions may accept
a small probability cost. This distinction motivates examining posterior refinement and
decision preservation jointly, especially when the noisy-support baseline already makes
some useful decisions that should not be disturbed without evidence [9-11]. The central
question is therefore not whether posterior refinement may change decisions, but which
decisions should be selectively protected from change.

The structure of the correction model also matters. A purely diagonal transformation
can rescale classes independently, but it cannot represent interactions in which evidence
for one class should affect another class’s corrected logit. A fully flexible cross-class
transformation can represent richer adjustments, but the additional degrees of freedom may
also permit unnecessary cross-class changes. In the noisy-support setting, this motivates a
capacity-control question: the correction should be expressive enough to repair systematic
posterior distortions, while restrained enough to avoid avoidable changes to decisions that
the frozen baseline already handled correctly. This motivates regularizing, rather than
eliminating, cross-class coupling.

This paper introduces StaCOR (Stability-aware Coupling-Regularized Output Re-
finement), a selectively constrained fixed-context output refinement method for TabPFN
under noisy support labels. StaCOR leaves the TabPFN model and the noisy support set
unchanged, uses the frozen TabPFN log posterior as input, and trains only a lightweight
correction head on clean head-training evidence. The method combines parameter-level
control of multiclass posterior correction with sample-level selective protection of baseline-
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correct decisions. Regularized Class Coupling (RCC) controls cross-class correction capacity
by retaining off-diagonal correction capacity while shrinking cross-class interactions. Se-
lective Decision Stability (SDS) provides a zero-margin boundary-violation penalty for
clean training examples that the frozen noisy-support baseline already predicts correctly.
Baseline-wrong examples are not constrained by this stability term, so they retain the
possibility of beneficial decision changes under the full training objective. This stability
term is not a harmful-flip detector and does not predict future query errors; it is a reactive
training penalty defined from baseline-correct clean examples.

We evaluate StaCOR on four development benchmarks—Yeast, Wine, PageBlocks,
and Optdigits—and on three frozen external-validation datasets—Gas Sensor Drift, Crop
Mapping, and Landsat Satellite—under SN and IDN protocols. The comparisons include
the noisy TabPFEN baseline, temperature scaling, Dirichlet calibration (DC), Variational
Bayesian Last Layers (VBLL)-inspired VBLL-D mean and VBLL-full Monte Carlo (MC),
the Selective Decision Stability ablation, direct clean-label context policies, and serving-
efficiency measurements. The results support StaCOR as offering a competitive probability—
decision trade-off rather than as a universal NLL optimizer. In particular, DC retains a small
benchmark IDN NLL advantage and higher external Macro-F1, whereas StaCOR provides
lower harmful-flip rates and higher retention relative to DC. The ablation indicates that
Selective Decision Stability improves the measured decision metrics while carrying small
NLL costs in some settings. Direct context utilization generally remains preferable for NLL
and Macro-F1 when clean samples can be inserted into or used to replace context examples,
so StaCOR is targeted primarily to fixed-context or refresh-constrained deployments.

The main contributions of this work are as follows:

1. We frame noisy-support TabPFN refinement as a selectively constrained fixed-context
problem, in which auxiliary clean evidence is used to improve posterior quality
without unnecessarily overturning baseline-correct decisions identified on auxiliary
clean training examples.

2. We develop StaCOR by combining regularized multiclass posterior correction with
Selective Decision Stability, a training-time zero-margin penalty applied only to clean
examples correctly predicted by the frozen noisy-support baseline. Baseline-wrong
examples receive no decision-preservation constraint from this term.

3. We provide a system-level evaluation across four development benchmarks and three
frozen external-validation datasets under SN and IDN protocols, covering probability
quality, hard-decision stability, paired statistics, ablations, direct-context alternatives,
and serving measurements. The experiments characterize when fixed-context refine-
ment is useful and when direct clean-label context utilization remains preferable.

2. Related Work
2.1. TabPEN and Tabular Foundation Models

Prior-data fitted networks and TabPEN introduced an important route for tabular
foundation modeling: rather than fitting a new predictor for each dataset, a transformer
is trained across many synthetic tasks and then performs prediction by conditioning
on a support set at inference time [1]. This turns the table supplied at inference into
a context for amortized Bayesian-style prediction, allowing small tabular classification
tasks to be solved with little or no task-specific optimization. The later Nature version
substantially broadened the practical scope of this idea, reporting stronger performance
on small-data tabular benchmarks and adding support for larger datasets, regression,
categorical variables, missing values, reusable embeddings, density estimation, and related
foundation-model capabilities [2].
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Recent tabular foundation model work has extended this line in several directions.
TabICL studies how tabular in-context learning can scale to larger tables through a two-
stage architecture that separates row embedding from efficient in-context prediction [12].
TabSTAR explores transfer learning when tabular data include text fields, using semanti-
cally target-aware representations to connect tabular prediction with pretrained language
representations [13]. EquiTabPFN addresses target-permutation equivariance, an architec-
tural constraint that is particularly relevant when the set or order of classes changes across
tasks [14]. These works indicate that tabular foundation models are moving beyond the
original small-data classification setting toward larger datasets, richer metadata, and more
explicit architectural invariances.

Applications are also beginning to evaluate these models in engineering domains. For
example, a recent Electronics study compared TabPFN and TabICL for tabular intrusion
detection, using cybersecurity datasets to examine how foundation models behave relative
to traditional machine-learning baselines in an applied setting [15]. At the same time,
robustness questions have started to receive direct attention. Nawaz et al. evaluated the
robustness of the Tabular Prior-Data Fitted Network classifier in the ICML 2025 Foundation
Models for Structured Data workshop, including corrupted-label conditions [16]. This is
important context for the present work: existing work has begun to assess the intrinsic
robustness of TabPFN under corrupted support labels. Our focus is the subsequent fixed-
context refinement problem, after TabPFN has already been conditioned on a noisy support
set and the deployment constraint is to leave that context unchanged. This separates
robustness evaluation from output-side posterior repair.

2.2. Learning and Calibration Under Label Noise

Learning with noisy labels is a long-standing problem because corrupted supervision
can bias estimation, degrade generalization, and eventually be memorized by high-capacity
models. The survey of Frenay and Verleysen provides a broad taxonomy of label-noise
mechanisms and learning strategies, including random, class-conditional, and instance-
dependent corruption models [3]. Loss-correction approaches formalize label corruption
through transition matrices and modify the training objective to compensate for class-
dependent noise [17]. Sample-selection methods, such as co-teaching, use the tendency of
neural networks to fit clean examples earlier than noisy ones and train paired networks
that exchange small-loss examples during optimization [18].

Instance-dependent noise is especially relevant for tabular prediction because errors
may depend on feature values, measurement conditions, or ambiguous cases rather than
only on the true class. Xia et al. proposed part-dependent label noise as an approximation
to instance-dependent corruption and modeled how different parts of an input can imply
different noise transition behavior [4]. Cheng et al. studied instance-dependent label
noise through a sample-sieve approach that separates likely clean and corrupted examples
without requiring known noise rates [5]. These works motivate evaluating both symmetric
noise and IDN in the present paper: SN gives a repeatable class-agnostic stress test, while
IDN better reflects corruption processes tied to example difficulty or feature patterns.

Noisy labels also interact with probability calibration. In many pipelines, noisy
supervision affects not only the final classifier but also the reliability of the posterior prob-
abilities used for thresholding, risk scoring, or downstream decision support. Zong et
al. explicitly studied prediction calibration for learning with noisy labels and proposed
a Dirichlet-based calibration approach for this setting [19]. Domain-specific work in Elec-
tronics similarly reflects the practical importance of noisy-label learning, for example in
time-series modeling for electrical power edge-end interaction, where noisy labels are
handled with time-frequency representation and consistency components [20].
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The present setting differs from most noisy-label learning methods because it does
not retrain the base classifier, relabel the support set, or replace the noisy examples seen by
TabPFN. The TabPEN backbone and the noisy support context are frozen before refinement
begins. Clean evidence is used only to train and select an output-side correction head. This
makes StaCOR closer to post hoc posterior refinement under label-noise-induced distortion
than to conventional robust training under noisy labels.

2.3. Posterior Calibration and Decision Stability

Post hoc calibration methods modify a trained model’s outputs using held-out calibra-
tion data. Temperature scaling is a simple and widely used baseline that rescales logits with
a scalar temperature while preserving the argmax decision [6]. More expressive variants
use ensembles, compositions, or input-dependent temperatures to improve calibration flex-
ibility while controlling data efficiency and decision behavior [9,21]. Surveys of classifier
calibration emphasize that calibration quality depends on the metric, data regime, and
intended decision use, and that post hoc calibration is not a single objective independent of
deployment context [22].

Dirichlet calibration is particularly relevant to this paper because it applies an affine
transformation to log probabilities before a softmax, allowing class-coupled multiclass
calibration [7]. Kull et al. also proposed Dirichlet calibration with off-diagonal and intercept
regularization (ODIR), making it a direct precedent for parameter-level regularization of
expressive multiclass calibration maps. The DC baseline in this paper should therefore be
interpreted as a Dirichlet-style, ODIR-related matrix-scaling comparator rather than as an
unrelated calibration family. StaCOR uses related output-side capacity-control intuition
inside a frozen noisy-support TabPEN refinement setting and combines it with a separate
sample-level decision-stability objective.

A parallel line of calibration work studies when a calibration map should preserve
classifications or rankings. Mix-n-Match explicitly includes accuracy preservation among
its calibration desiderata [9]. Intra-order-preserving calibration constrains the calibration
function so that within-instance class orderings are retained [10]. Meta-Cal introduces
a ranking-based framework that explicitly controls miscoverage and coverage accuracy
after calibration [11]. More recent work continues this theme through accuracy-preserving
probabilistic modeling on the simplex and instance-wise monotonic calibration, both of
which underline that calibrated probabilities and stable decisions can be coupled by design
rather than assessed only after the fact [23,24]. StaCOR uses known baseline correctness on
auxiliary clean training examples and embeds a selective zero-margin boundary penalty
directly into correction-head training. Unlike rank-preserving maps that constrain all
samples or all class orders, this term protects only a selected subset and only against
boundary violations observed during head training. That selectivity leaves room for
beneficial flips on examples that the noisy-support baseline misclassifies.

Bayesian last-layer methods provide another reference point for lightweight output
uncertainty modeling. Variational Bayesian Last Layers define a deterministic variational
formulation for Bayesian last-layer inference that can improve uncertainty estimation and
calibration in neural networks [8]. The baselines in this paper are therefore described as
VBLL-inspired stochastic last-layer baselines rather than as implementations of the original
VBLL training objective. This distinction matters because the formal baselines use the
frozen TabPFN posterior representation, 10 Monte Carlo samples for the full MC variant,
prior variance 1, initial log standard deviation —3, and Kullback-Leibler (KL) mode none.

Related Electronics work also reflects the practical breadth of calibration and uncer-
tainty estimation. Stochastic weight averaging has been studied as a confidence-calibration
mechanism for deep neural networks [25]; predictive uncertainty has been used for open-
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set malware traffic recognition [26]; and hybrid uncertainty calibration has been proposed
for multimodal sentiment analysis under noisy or low-quality data [27]. These studies are
not the same deployment setting as frozen-context TabPFN refinement, but they reinforce
the broader point that calibrated probabilities, uncertainty, and decision behavior are en-
gineering concerns in operational systems. StaCOR contributes within that landscape by
jointly evaluating probability quality, harmful flips, retention, context policy, and serving
cost for noisy-support TabPFN deployments.

3. Materials and Methods

StaCOR (Stability-aware Coupling-Regularized Output Refinement) is an output-side
correction method for a deployment setting in which the TabPFN context is fixed and
may contain noisy support labels. The method leaves the TabPFN backbone and the
original context unchanged, and trains only a lightweight correction head on auxiliary
clean evidence. Figure 1 provides an overview of the framework and its Selective Decision
Stability mechanism.

it oy st S (a) Fixed-context StaCOR refinement (b) Selective Decision Stability
X T3 91(2) = maxzy — zy,

Base.line Refined Fros
posterior py; StaCOR

posterior p;

= 1 (trainable correction R Boundary violation
Frozen 2. =lo . head) softmax | 0.6 g9:(2) >0
! TabPFN v log =% BP0 zi=Wet +b 023 9i() <0
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training only Only StaCOR parameters are updated; m; =0 : baseline error — no SDS
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Figure 1. Overview of the StaCOR framework and Selective Decision Stability (SDS). (a) The noisy
support context and TabPFN remain fixed, while the trainable StaCOR correction head refines the
baseline posterior using auxiliary clean evidence for training supervision. Regularized Class Coupling
provides parameter-level correction-capacity control, while the Selective Decision Stability term uses
baseline correctness on clean examples to penalize decision-boundary violations. Only StaCOR
parameters are updated during training; the solid forward path is retained at inference. (b) SDS
applies a zero-margin penalty to baseline-correct clean examples when the refined logits cross the
true-class decision boundary, whereas baseline-wrong examples receive no SDS constraint. Loss-label
abbreviation: negative log-likelihood (NLL).

3.1. Problem Setting

Let Snoisy denote the original TabPFN support context used at serving time. Its feature
vectors are observed, but its support labels may be corrupted by label noise. In addition,
let C = {(x;,y)};<, denote a clean calibration set used only for training and selecting the
output-side correction head, and let Q denote the held-out query or evaluation set. The
query set is never used to train the correction head or to select its checkpoint.

For a query or calibration input x, the frozen TabPFN model with context Shoisy
produces a baseline posterior

PO(x) = Po(]/ | X, Snoisy) € AK_l/ 1)
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In Equation (1), K is the number of classes in the current dataset. StaCOR operates on the
corresponding log-posterior vector

£(x) =logpo(x). (2)

Equation (2) defines the log-posterior vector. The TabPFN backbone parameters are frozen,
and the noisy context Spoisy is assumed to remain fixed during the evaluated deployment
cycle; only the output-side correction head is trainable. This is operational rather than
informational: an external adaptation pipeline may use clean calibration evidence even
when the served context is cached, version-locked, shared, audited, or costly to rebuild and
revalidate. This distinguishes the setting from policies that directly append clean samples
to the TabPFN context or replace noisy context samples with clean ones. All class-indexed
vectors and matrices use the fixed canonical class order recorded in the frozen split artifact
(label_categories). Raw dataset labels therefore need not be consecutive integers or
start at zero; they are mapped into the canonical order before constructing TabPFN output
vectors, correction matrices, training caches, and evaluation summaries.

3.2. Fixed-Context Output-Side Correction

StaCOR maps the baseline log posterior £ to corrected logits z through an affine
class-coupled correction head. In column-vector notation, the head is

z(x) = We(x) + b, ©)
Equation (3) gives the corrected logits, followed by the corrected posterior
p(x) = softmax(z(x)). 4)

Using Equation (4), the final prediction is /(x) = argmax py(x). Because the correction
head is applied after TabPFN inference, inference still uses the original fixed noisy context;
no clean calibration samples are inserted into the TabPFN support set at serving time.

For K input log-posterior components, the affine head has K? + K parameters. This
compact parameterization is appropriate for the available clean calibration regime, permits
direct interpretation and regularization of cross-class entries, and adds only a lightweight
serving operation. Nonlinear correction heads are possible extensions, but this study does
not make a comparative claim about multilayer perceptrons.

3.3. Regularized Class Coupling

Following the general principle of off-diagonal regularization in expressive multiclass
calibration [7], StaCOR uses a dedicated coupling penalty to control cross-class correction
capacity in frozen noisy-support TabPFN output refinement. This parameter-level role is
complementary to the sample-level decision constraint introduced in Section 3.4.

The correction matrix is decomposed into diagonal rescaling terms and off-diagonal
class-coupling terms:

W = diag(D) + O ® Mg, (5)

In Equation (5), D € RK, O € RK*K M g is zero on the diagonal and one off the diagonal,
and © denotes element-wise multiplication. The diagonal terms adjust each class log
posterior independently, whereas the off-diagonal terms allow evidence for one class to
affect the corrected logit of another class. With the column-vector convention in (3), Wj;
maps the input log-posterior component for class j to the corrected output logit for class i.

The decomposition is an unconstrained reparameterization of a full affine matrix W:
it neither adds expressive power nor imposes a hard structural constraint. Its utility is to
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separate diagonal self-class scaling from cross-class coupling, support identity-centered ini-
tialization, and expose the off-diagonal terms for targeted regularization and interpretation.

Unrestricted full coupling can improve probability quality but may also introduce
unnecessarily large cross-class perturbations. StaCOR therefore keeps the coupling capacity
but regularizes its off-diagonal magnitude:

['offdiag = K(Kl—l) ,; Wz% (6)
)

In Equation (6), for i # j, Wj; = O;; under (5), so this is an algebraic clarification of the same

loss rather than a changed objective. The term provides parameter-level control over how

freely the multiclass correction map can redistribute evidence across classes while retaining

the ability to model systematic class interactions.

3.4. Selective Decision Stability

Output-side calibration can improve NLL while changing hard decisions. Some
changes are beneficial, but changes away from a baseline-correct prediction are harmful
under the clean calibration label. StaCOR addresses this with a zero-margin reactive
boundary-violation penalty defined only on calibration samples for which the frozen
TabPFEN baseline is already correct:

Scorrect = {i . arg ml?x by = ]/i}' )

Equivalently, using Equation (7), let CT = Scorrect and define the decision-boundary
violation score

gi(z) = fkl;ayi( Zik — Ziy;-
The condition g;(z) < 0 means that the corrected logits remain in the true-class decision
region for sample i. Selective Decision Stability can be interpreted as a soft relaxation of the
selective feasibility constraints

g,'(Zg) <0, ieCt.

We implement these selective constraints through a zero-margin hinge penalty rather than
an explicit constrained optimizer. For i € C™, the stability penalty is active only when the
corrected true-class logit no longer exceeds the strongest wrong-class logit:

1
W Y icc+ max (0, MaXjy, Zik — Zi]/i)/ |C+| >0,

0, It =0.

(8)

‘Cstab =

Thus, Equation (8) gives Lgp = |CT| 7! Ticc+ [9i(z)]+ when Ct # @, and Ly, = 0 when
C*™ = @. This is not a positive-margin barrier: the penalty is zero for g;(z) < 0 and becomes
positive only after the zero-margin decision constraint is violated. Samples that the baseline
originally classifies incorrectly are unconstrained by SDS, so they retain the possibility of
beneficial decision changes under the full soft objective. The term does not know which
future query changes will be harmful; it is not a harmful-flip detector.

3.5. Training and Inference

The final StaCOR training objective is

L= LN+ )‘off‘coffdiag + ;B‘Cstabr )
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In Equation (9), Lny1 is the cross-entropy loss of the corrected logits on clean head-training
samples. In the frozen final experiments, Ay = 1 and = 1. The recorded implementation
setting is v = 0: no gamma-controlled uncertainty, gate, pairwise, or allocation term is
active in the final objective.

At inference time, StaCOR uses the fixed noisy context Spoisy, Obtains the frozen
TabPFN log posterior £(x), applies the trained correction head in (3), and predicts from the
corrected posterior in (4). Regularized Class Coupling and Selective Decision Stability are
training-design components of the objective, not two separate inference-time modules.

3.6. Experimental Setup
3.6.1. Datasets and Evaluation Roles

The study uses four development benchmarks and three frozen external-validation
datasets. The development benchmarks are Yeast [28], Wine [29], PageBlocks [30], and
Optdigits [31]. Gas Sensor Drift [32], Crop Mapping [33], and Landsat Satellite [34] are used
as external-validation datasets after the method design and hyperparameters were frozen.
The external datasets therefore did not participate in the selection of the loss design or the
fixed values Ay = 1 and B = 1. Table 1 reports the dataset characteristics and evaluation
roles from the frozen table artifact.

Table 1. Dataset characteristics and evaluation roles. Abbreviation: imbalance ratio (IR).

Dataset Domain Samples Features Classes Class Imbalance }E{\(lj(leuatlon
Bio- Develop-
Yeast . . 1484 8 10 5-463 (IR=92.60) ment
informatics benchmark
. Develop-
Wine Wine 4898 1 7 2198 ment
quality (IR = 439.60) benchmark
Develop-
PageBlocks Document 5473 10 5 28-4913 ment
analysis (IR =175.46) benchmark
f/_vlilrtlt(:len 554-572 Develop-
Optdigits - 5620 64 10 ment
digit (IR =1.03) benchmark
recognition
. Frozen
Ga§ Sensor Chemlcal 13,910 128 6 1641-3009 external
Drift sensing (IR =1.83) L
validation
Remote Frozen
f/f:p o sensing/ 325,834 174 7 (1111;"3_;52%4)‘ external
pping agriculture oo validation
Landsat Remote 626-1533 Frozen
. sensing/ 6435 36 6 B external
Satellite (IR =2.45) S
land cover validation

3.6.2. Noise Protocol

The benchmark protocol evaluates both symmetric noise (SN) and instance-dependent
noise (IDN). For the four development benchmarks, the target noise levels are
n € {0.0,0.1,0.2,0.3,0.4}, with seeds 0—4 and 20 accepted episodes per dataset-noise—
noise-level-seed condition. The support and query caps are MAXSUP = 256 and
MAXQRY = 1024, rather than fixed episode sizes: Yeast has 223 support and 223 query
examples, while each of the other six formal datasets has 256 support and 1024 query
examples. The 7 = 0 setting provides a clean or no-noise reference, while the main noisy-
condition comparisons aggregate 7 > 0, i.e.,, 7 € {0.1,0.2,0.3,0.4}. The external-validation
protocol inherits the common protocol and methods from the frozen benchmark protocol.
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SN and IDN are treated as distinct perturbation mechanisms; the target # value is not
interpreted as an identical realized flip rate across both noise generators.

3.6.3. Baselines

We compare StaCOR with five main baselines. Noisy Base is the frozen TabPFN
model evaluated with the noisy support context and no output correction. Temperature
scaling (TS) is applied to the baseline posterior [6]. DC denotes the Dirichlet calibration
baseline used in the tables [7]. Its implementation takes noisy-base probabilities, clips
and logs them, centers the log probabilities across classes, applies a full K x K affine map
z = Wlcentered + b, and returns softmax(z). The head is initialized with W = Tand b = 0,
and it is trained with cross-entropy plus 10~ mean((W — I)?) and 10~ mean(b?), with
parameter selection by validation NLL. This is an ODIR-related Dirichlet-style baseline
with full trainable coupling, diagonal shrinkage toward identity, and bias regularization;
it is not the canonical off-diagonal-only ODIR objective. VBLL-D mean and VBLL-full
MC are VBLL-inspired stochastic last-layer baselines [8]. VBLL-D mean uses a diagonal
Gaussian stochastic last-layer parameterization and is evaluated by its posterior mean,
whereas VBLL-full MC uses a fully class-coupled Gaussian parameterization with Monte
Carlo predictive averaging. The formal VBLL settings use 10 Monte Carlo samples for the
MC baseline, prior variance 1.0, initial log standard deviation —3.0, and KL mode none;
VBLL-D and VBLL-full differ by the diagonal-only setting.

The clean-label usage and serving experiments additionally compare direct context
policies. Direct Append appends clean samples to the TabPFN context, thereby increasing
the context size. Direct Replace keeps the context size fixed by replacing noisy support
examples with clean ones when the policy is feasible; it is evaluated only for B < 128,
because the original Yeast support has 223 examples. These direct policies are not StaCOR
variants; they represent different deployment policies in which the TabPFN context can
be refreshed.

3.6.4. Frozen Selective-KL Comparator

To test whether the observed trade-off is specific to SDS rather than to any auxiliary
regularizer, we evaluate a frozen Selective-KL comparator. It uses the same baseline-correct
subset C" as (7), leaves baseline-wrong examples unconstrained, and uses the detached
frozen baseline posterior as the target:

1 ~
Lsxi, = ] Y. KUpolPi), [CT[>0. (10)

ieCt

Using the divergence in Equation (10), the comparator objective is LnLL + Loftdiag + %d LsKL-
For each dataset, o is a deterministic scale match computed as

_ Lsps <6RCC, head_train)
"~ Lskr.(frcc, head_train)

%]

The scale is computed from the frozen RCC-only reference checkpoint and head-training
cache; it is not performance-tuned, grid-searched, or selected by evaluation metrics. The
recorded B = 0 for this comparator is legacy/schema compatibility only; its active KL
coefficient is stability_weight = ;. Full frozen scales and results are provided in
Supplementary Section S2.

3.6.5. Evaluation Metrics

Probabilistic performance is measured by negative log-likelihood (NLL), with lower
values indicating better probability assignments. Decision performance is measured by
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Macro-F1. To quantify whether an output-side correction disturbs useful baseline decisions,
we also use harmful flip and retention. A harmful flip is a query for which the baseline
prediction is correct, but the corrected prediction is wrong. A beneficial flip, used in
supporting analyses, is a query for which the baseline prediction is wrong but the corrected
prediction is correct. Retention is the fraction of baseline-correct predictions that remain
correct after correction:

#{i:yp; =y;and §; = y;}
#{i: 0 = vi}

Retention = , (11)
In Equation (11), ¥p; is the frozen TabPFN baseline prediction and ¥; is the corrected
prediction. Expected calibration error (ECE) and Brier score are recorded in the frozen
episode artifacts, but the main paper tables focus on NLL, Macro-F1, harmful flip, and
retention.

3.6.6. Aggregation and Statistical Analysis

Main results use condition-equal and dataset-equal aggregation over noisy conditions.
Episode-level metrics are averaged within each dataset-noise-noise-level condition be-
fore aggregation. For the main tables, the four noisy levels > 0 are equally weighted
within each dataset and noise kind, and datasets are then equally weighted within the
development-benchmark and external-validation scopes.

Paired statistical comparisons use a 10,000-replicate paired percentile bootstrap with
seed 20260815. Paired episode differences are resampled with replacement within each
fixed dataset-noise—noise-level condition. Dataset identities are kept fixed rather than
resampled. Condition-level estimates are subsequently aggregated with equal weighting
across noisy levels and datasets. The resulting confidence intervals therefore quantify
sampling variability over the fixed evaluated datasets and paired episodes, not over all
possible tabular datasets.

As a read-only sensitivity analysis, we also form paired episode differences using
the retry-aware key, average the 20 episodes within each dataset-kind-#7—seed cluster,
and resample the five seed means per condition with replacement. This sensitivity uses
10,000 percentile replicates with seed 20260815, > 0, condition-equal and dataset-equal
weighting, and fixed dataset identities; it does not replace the primary episode-level
analysis. Supplementary Section S3 reports the side-by-side intervals.

3.6.7. Implementation Details

The formal protocol uses a TabPFN v2.5 classifier checkpoint recorded in the frozen
protocol manifest. Each dataset is split 70/30 into calibration and final evaluation parti-
tions. The calibration partition is then split 80/20 into head-training and head-validation
partitions by proportional stratification, not class-balanced allocation. For the main cal-
ibration baselines, checkpoint or parameter selection is based on head-validation NLL.
The frozen split artifact records clean calibration indices, evaluation indices, and separate
head-training and head-validation indices. The head-training subset is used to fit the
output-side correction heads, while the head-validation subset is used for checkpoint or
parameter selection. Final query/evaluation samples are disjoint from those head-training
and head-validation roles.

The primary formal evaluation environment used Python 3.10.12, PyTorch 2.5.1+cul24,
TabPEN Python package 6.0.6, NumPy 1.26.4, pandas 2.3.3, and scikit-learn 1.7.2, with
CUDA execution on an NVIDIA GeForce RTX 4090 graphics processing unit (GPU)
(NVIDIA Corporation, Santa Clara, CA, USA). The TabPFN package version is distinct
from the v2.5 classifier checkpoint specified above.
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For StaCOR, the head is initialized as the identity map plus zero bias: D =1, O = 0,
and b = 0. A separate correction head is fitted for each dataset/task; heads are not
shared across datasets. Within a dataset, the same dataset-specific head is used across
SN, IDN, all formal # € {0,0.1,0.2,0.3,0.4}, and all formal seeds, with no per-kind, per-
1, or per-seed heads. Training uses the clean head-training cache of frozen TabPEN log
posteriors and clean labels, and selects the stored checkpoint by head-validation NLL on
the head-validation cache. The final objective uses Ay = 1, f = 1, and recorded v = 0.

The clean-label quantity-sensitivity experiment is limited to Yeast and Optdig-
its. It uses budgets B € {16,32,64,128,256}, with five clean-subset realizations at
B =16,32,64,128 and one singleton realization at B = 256. The budget-specific
NEW_METHOD_B heads are trained for a fixed 20 epochs without validation-based check-
point selection. This is a clean-label quantity and clean-subset realization sensitiv-
ity study, not a distribution-shift robustness study; the complete formal protocol is in
Supplementary Section S1.

The development chronology was frozen before external validation. Yeast and Opt-
digits were used for method discovery, which fixed ordinary off-diagonal regularization
and A, = 1. Selective Decision Stability was then evaluated on head-validation evi-
dence from Yeast and Optdigits, and B = 1 was frozen using the observed Macro-F1,
harmful-flip, retention, and NLL trade-off. Wine and PageBlocks were subsequently used
as confirmation datasets with Ao = 1 and B = 1 already fixed, and Gas Sensor Drift, Crop
Mapping, and Landsat Satellite were used only for frozen external validation. The final
query/evaluation samples never participated in method development, head fitting, or
hyperparameter selection.

The frozen StaCOR checkpoints record ordinary off-diagonal regularization mode,
Adam optimization, learning rate 0.001, 20 training epochs, batch size 256, train seed 0,
and data-order seed 0. No weight-decay field is recorded, and the training implementation
instantiates Adam without a weight-decay argument.

4. Results
4.1. Probabilistic Performance

Table 2 summarizes NLL across the seven final datasets. On the development bench-
marks under SN, StaCOR and DC are nearly identical in average NLL: 0.7594 for StaCOR
versus 0.7592 for DC. Under IDN, DC has the lower benchmark average NLL, 0.6720 versus
0.6738 for StaCOR. Thus, the NLL comparison with DC should be interpreted as close
under benchmark SN and slightly unfavorable to StaCOR under benchmark IDN.

Relative to the VBLL baselines, StaCOR is competitive or better in the aggregate NLL
columns. The paired bootstrap comparison supports lower benchmark NLL for StaCOR
than for VBLL-full MC under both SN (difference —0.00295, 95% confidence interval (CI)
[—0.00367, —0.00223]) and IDN (difference —0.00425, 95% CI [—0.00504, —0.00348]). On
the external-validation datasets, DC again has slightly lower average NLL than StaCOR
under both SN and IDN, while StaCOR improves over VBLL-D mean and VBLL-full MC
in the external averages. These results support StaCOR as an output-side correction with
competitive probabilistic performance, but its main motivation is the probability—decision
trade-off examined next.
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Table 2. Probabilistic performance across seven datasets. Lower negative log-likelihood (NLL) is

better. Boldface marks the lowest numerical value within each panel and dataset or aggregate column;

it is metric-specific rather than an overall method ranking. Abbreviations: symmetric noise (SN);

instance-dependent noise (IDN); temperature scaling (TS); Dirichlet calibration (DC); Variational
Bayesian Last Layers (VBLL); Monte Carlo (MC). Development benchmarks.

Panel Method Yeast Wine PageBlocks Optdigits Bencl;ns;rk
Panel A:SN  Noisy Base 1.3340 1.2340 0.4185 0.6885 0.9187
Panel A:SN TS 1.2772 1.2052 0.2540 0.4397 0.7940
Panel A:SN  DC 1.2297 1.1304 0.2419 0.4347 0.7592
Panel A:SN  VBLL-D mean 1.2401 1.1508 0.2420 0.4492 0.7705
Panel A: SN VBLL-full MC 1.2262 1.1301 0.2443 0.4488 0.7624
Panel A: SN S5taCOR 1.2223 1.1402 0.2420 0.4331 0.75%4
Panel B: IDN  Noisy Base 1.1715 1.1896 0.2961 0.3233 0.7451
Panel B: IDN TS 1.1542 1.1816 0.1958 0.2640 0.6989
Panel B: IDN DC 1.1291 1.1153 0.1935 0.2503 0.6720
Panel B: IDN  VBLL-D mean 1.1385 1.1317 0.1950 0.2483 0.6784
Panel B: IDN  VBLL-full MC 1.1476 1.1162 0.1946 0.2537 0.6780
Panel B: IDN  StaCOR 1.1307 1.1257 0.1930 0.2459 0.6738
Panel Method Gas Crop Landsat Exte;nal

vg.
Panel A:SN  Noisy Base 0.5707 0.4858 0.7183 0.5916
Panel A:SN TS 0.3575 0.2396 0.5791 0.3921
Panel A: SN DC 0.3564 0.2211 0.5413 0.3729
Panel A:SN  VBLL-D mean 0.3656 0.2352 0.5488 0.3832
Panel A: SN VBLL-full MC 0.3633 0.2354 0.5396 0.3794
Panel A: SN S5taCOR 0.3587 0.2263 0.5373 0.3741
Panel B: IDN  Noisy Base 0.3154 0.2612 0.5241 0.3669
Panel B: IDN TS 0.2141 0.1474 0.4602 0.2739
Panel B: IDN DC 0.2089 0.1410 0.4413 0.2637
Panel B: IDN  VBLL-D mean 0.2100 0.1437 0.4456 0.2665
Panel B: IDN  VBLL-full MC 0.2103 0.1458 0.4409 0.2657
Panel B: IDN  StaCOR 0.2096 0.1429 0.4402 0.2643

4.2. Decision Performance and Probability—Decision Trade-Off

Table 3 reports Macro-F1, harmful flip, and retention. On the development benchmarks
under SN, StaCOR has a benchmark-average harmful-flip rate of 0.0124, lower than DC at
0.0195 and VBLL-full MC at 0.0331. Its retention is 0.9781, higher than DC at 0.9655. Under
IDN, the same pattern holds against DC: StaCOR has a harmful flip of 0.0124 versus 0.0202,
and retention of 0.9781 versus 0.9628.

External validation shows the same decision-stability emphasis, while also showing
the Macro-F1 trade-off against DC. Under SN, DC has the higher external-average Macro-
F1, 0.7935 versus 0.7907 for StaCOR, but StaCOR has lower harmful flip, 0.0042 versus
0.0090, and higher retention, 0.9951 versus 0.9894. Under IDN, DC again has the higher
external-average Macro-F1, 0.8440 versus 0.8426, while StaCOR has lower harmful flip,
0.0027 versus 0.0062, and higher retention, 0.9969 versus 0.9930.

Figure 2 plots NLL against harmful flip for the four benchmark/external and SN/IDN
panels. The plotted front is an empirical Pareto front among the compared methods, not a
theoretical frontier. The figure illustrates the central trade-off: probability-oriented calibra-
tion can lower NLL while increasing harmful decision changes, whereas StaCOR is designed
to obtain a more favorable balance between probability quality and decision stability.
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Table 3. Decision performance across seven datasets. Macro-F1 and retention are higher-is-better;
harmful flip is lower-is-better. Boldface marks the numerical optimum within each panel, metric, and
dataset or aggregate column; it is metric-specific rather than an overall method ranking. For Noisy
Base and temperature scaling (TS), zero harmful flip and full retention are structural consequences
of retaining the noisy-base decision and do not indicate overall predictive superiority. Abbrevia-
tions: symmetric noise (SN); instance-dependent noise (IDN); Dirichlet calibration (DC); Variational
Bayesian Last Layers (VBLL); Monte Carlo (MC). Development benchmarks.

Panel Metric Method Yeast Wine  PageBlocks Optdigits Ben[;}‘:rgnark
Panel A: SN Macro-F1 Noisy Base 0.3104 0.1900 0.4008 0.8673 0.4421
Panel A: SN Macro-F1 TS 0.3104 0.1900 0.4008 0.8673 0.4421
Panel A: SN Macro-F1 DC 0.3047 0.1804 0.3920 0.8667 0.4359
Panel A: SN Macro-F1 VBLL-D mean 0.2845 0.1684 0.3830 0.8671 0.4257
Panel A: SN Macro-F1 VBLL-full MC 0.2802 0.1744 0.3871 0.8647 0.4266
Panel A: SN Macro-F1 StaCOR 0.2994 0.1854 0.3947 0.8688 0.4371
Panel A: SN Harmful Flip ~ Noisy Base 0.0000 0.0000 0.0000 0.0000 0.0000
Panel A: SN Harmful Flip TS 0.0000 0.0000 0.0000 0.0000 0.0000
Panel A: SN Harmful Flip  DC 0.0168 0.0450 0.0011 0.0150 0.0195
Panel A: SN Harmful Flip ~ VBLL-D mean 0.0162 0.0423 0.0018 0.0064 0.0167
Panel A: SN Harmful Flip ~ VBLL-full MC 0.0573 0.0559 0.0024 0.0168 0.0331
Panel A: SN Harmful Flip ~ StaCOR 0.0232 0.0177 0.0014 0.0072 0.0124
Panel A: SN Retention Noisy Base 1.0000 1.0000 1.0000 1.0000 1.0000
Panel A: SN Retention TS 1.0000 1.0000 1.0000 1.0000 1.0000
Panel A: SN Retention DC 0.9694 09115 0.9989 0.9822 0.9655
Panel A: SN Retention VBLL-D mean 0.9700 0.9163 0.9981 0.9923 0.9692
Panel A: SN Retention VBLL-full MC 0.8944 0.8903 0.9974 0.9800 0.9406
Panel A: SN Retention StaCOR 0.9572 0.9651 0.9985 0.9914 0.9781
Panel B: IDN  Macro-F1 Noisy Base 0.3746 0.2136 0.4717 0.9257 0.4964
Panel B: IDN  Macro-F1 TS 0.3746 0.2136 0.4717 0.9257 0.4964
Panel B: IDN  Macro-F1 DC 0.3697 0.2079 0.4565 0.9257 0.4899
Panel B: IDN  Macro-F1 VBLL-D mean 0.3491 0.1935 0.4487 0.9257 0.4792
Panel B: IDN  Macro-F1 VBLL-full MC 0.3294 0.2023 0.4477 0.9251 0.4761
Panel B: IDN  Macro-F1 StaCOR 0.3661 0.2082 0.4625 0.9266 0.4908
Panel B: IDN  Harmful Flip  Noisy Base 0.0000 0.0000 0.0000 0.0000 0.0000
Panel B: IDN  Harmful Flip TS 0.0000 0.0000 0.0000 0.0000 0.0000
Panel B: IDN  Harmful Flip  DC 0.0221 0.0483 0.0014 0.0089 0.0202
Panel B: IDN  Harmful Flip ~ VBLL-D mean 0.0143 0.0301 0.0021 0.0023 0.0122
Panel B: IDN  Harmful Flip ~ VBLL-full MC 0.0631 0.0590 0.0029 0.0095 0.0336
Panel B: IDN  Harmful Flip ~ StaCOR 0.0259 0.0176 0.0016 0.0045 0.0124
Panel B: IDN  Retention Noisy Base 1.0000 1.0000 1.0000 1.0000 1.0000
Panel B: IDN  Retention TS 1.0000 1.0000 1.0000 1.0000 1.0000
Panel B: IDN  Retention DC 0.9617 0.9006 0.9985 0.9903 0.9628
Panel B: IDN  Retention VBLL-D mean 0.9751 0.9380 0.9978 0.9975 0.9771
Panel B: IDN  Retention VBLL-full MC 0.8908 0.8787 0.9970 0.9898 0.9391
Panel B: IDN  Retention StaCOR 0.9552 0.9636 0.9983 0.9951 0.9781
Panel Metric Method Gas Crop Landsat Exte:‘;;l

Panel A: SN Macro-F1 Noisy Base 0.8816 0.7413 0.7540 0.7923

Panel A: SN Macro-F1 TS 0.8816 0.7413 0.7540 0.7923

Panel A: SN Macro-F1 DC 0.8806 0.7378 0.7623 0.7935

Panel A: SN Macro-F1 VBLL-D mean 0.8805 0.7320 0.7530 0.7885

Panel A: SN Macro-F1 VBLL-full MC 0.8797 0.7233 0.7507 0.7846

Panel A: SN Macro-F1 StaCOR 0.8817 0.7356 0.7549 0.7907

Panel A: SN Harmful Flip ~ Noisy Base 0.0000 0.0000 0.0000 0.0000

Panel A: SN Harmful Flip TS 0.0000 0.0000 0.0000 0.0000

Panel A: SN Harmful Flip  DC 0.0097 0.0063 0.0109 0.0090

Panel A: SN Harmful Flip ~ VBLL-D mean 0.0039 0.0035 0.0065 0.0046

Panel A: SN Harmful Flip ~ VBLL-full MC 0.0111 0.0069 0.0116 0.0099

Panel A: SN Harmful Flip ~ StaCOR 0.0040 0.0031 0.0054 0.0042

Panel A: SN Retention Noisy Base 1.0000 1.0000 1.0000 1.0000

Panel A: SN Retention TS 1.0000 1.0000 1.0000 1.0000

Panel A: SN Retention DC 0.9886 0.9931 0.9865 0.9894

Panel A: SN Retention VBLL-D mean 0.9954 0.9962 0.9919 0.9945

Panel A: SN Retention VBLL-full MC 0.9870 0.9925 0.9856 0.9884

Panel A: SN Retention StaCOR 0.9953 0.9966 0.9934 0.9951

Panel B: IDN  Macro-F1 Noisy Base 0.9355 0.8039 0.7933 0.8442

Panel B: IDN  Macro-F1 TS 0.9355 0.8039 0.7933 0.8442

Panel B: IDN  Macro-F1 DC 0.9353 0.7967 0.8000 0.8440

Panel B: IDN  Macro-F1 VBLL-D mean 0.9353 0.7977 0.7871 0.8400

Panel B: IDN  Macro-F1 VBLL-full MC 0.9348 0.7750 0.7891 0.8330

Panel B: IDN  Macro-F1 StaCOR 0.9353 0.8005 0.7920 0.8426

Panel B: IDN  Harmful Flip  Noisy Base 0.0000 0.0000 0.0000 0.0000
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Table 3. Cont.
Panel Metric Method Gas Crop Landsat Exte[:r‘;;l.
Panel B: IDN Harmful Flip TS 0.0000 0.0000 0.0000 0.0000
Panel B: DN Harmful Flip  DC 0.0047 0.0036 0.0103 0.0062
Panel B: IDN  Harmful Flip ~ VBLL-D mean 0.0015 0.0014 0.0064 0.0031
Panel B: IDN Harmful Flip VBLL-full MC 0.0054 0.0044 0.0099 0.0066
Panel B: IDN  Harmful Flip =~ StaCOR 0.0019 0.0017 0.0045 0.0027
Panel B: IDN Retention Noisy Base 1.0000 1.0000 1.0000 1.0000
Panel B: IDN  Retention TS 1.0000 1.0000 1.0000 1.0000
Panel B: IDN Retention DC 0.9949 0.9962 0.9878 0.9930
Panel B: IDN Retention VBLL-D mean 0.9984 0.9985 0.9924 0.9964
Panel B: IDN  Retention VBLL-full MC 0.9942 0.9954 0.9882 0.9926
Panel B:IDN  Retention StaCOR 0.9980 0.9982 0.9946 0.9969
—— Empirical Pareto Front
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NLL { NLL !

Figure 2. Probability-decision Pareto comparison. Each panel plots aggregated negative log-
likelihood (NLL) against harmful flip for the compared methods; lower values on both axes are
preferred. The front shown is empirical within the compared method set. Downward arrows indicate
that lower values are better. Abbreviations: symmetric noise (SN); instance-dependent noise (IDN);
temperature scaling (TS); Dirichlet calibration (DC); Variational Bayesian Last Layers (VBLL); Monte
Carlo (MC).

4.3. Selective Decision Stability Ablation

Table 4 and Figure 3 compare the final = 1 StaCOR objective against the capacity-
only § = 0 variant. The deltas are computed as final StaCOR minus capacity-only. Positive
Macro-F1 deltas and retention deltas therefore favor § = 1, while negative harmful-flip
deltas favor g = 1.
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Table 4. Selective Decision Stability ablation. Deltas are final StaCOR minus the capacity-only
B = 0 variant, with 95% paired percentile bootstrap intervals. Abbreviations: symmetric noise (SN);

instance-dependent noise (IDN); negative log-likelihood (NLL). Probability and classification metrics.

Dataset Noise Delta NLL Delta Macro-F1
Voust N —0.00023 +0.00438
cas [—0.00058, +0.00013] [+0.00295, +0.00588]
—0.00268 +0.00760

Yeast IDN [—0.00326, —0.00213] [+0.00522, +0.01002]
, +0.00138 +0.00575
Wine SN [+0.00105, +0.00171]  [+0.00476, +0.00677]
, +0.00445 +0.00474
Wine IDN [+0.00387, +0.00505] [+0.00373, +0.00577]
PaseBlocks N +0.00007 +0.00334
g [—0.00004, +0.00017] [+0.00245, +0.00432]
—0.00072 +0.00619

PageBlocks IDN [—0.00081, —0.00062] [+0.00480, +0.00767]
. +0.00009 +0.00028
Optdigits SN [—0.00009, +0.00027] [+0.00010, +0.00046]
o +0.00006 +0.00018
Optdigits IDN [—0.00007, +0.00019] [+0.00004, +0.00031]
—0.00026 +0.00104

Gas SN [—0.00059, +0.00006] [+0.00066, +0.00144]
s DN —0.00011 +0.00023
[—0.00032, +0.00012] [+0.00003, +0.00044]

+0.00016 +0.00214

Crop SN [+0.00006, +0.00026]  [+0.00137, +0.00302]
—0.00012 +0.00196

Crop IDN [—0.00019, —0.00004] [+0.00103, +0.00302]
Landsat N +0.00057 +0.00452
[+0.00041, +0.00074] [+0.00401, +0.00502]

—0.00040 +0.00369

Landsat IDN [—0.00054, —0.00025] [+0.00327, +0.00413]
Dataset Noise Delta Harmful Delta Retention
—0.00659 +0.01201

Yeast SN [—0.00738, —0.00583] [+0.01058, +0.01348]
—0.00900 +0.01556

Yeast IDN [—0.00996, —0.00807] [+0.01396, +0.01719]
_ —0.02313 +0.04549
Wine SN [—0.02478, —0.02148] [+0.04214, +0.04889]
, —0.02440 +0.04990
Wine IDN [—0.02562, —0.02325] [+0.04734, +0.05252]
—0.00032 +0.00034

PageBlocks SN [—0.00039, —0.00025] [+0.00027, +0.00041]
—0.00045 +0.00048

PageBlocks IDN [—0.00053, —0.00037] [+0.00040, +0.00056]
o —0.00134 +0.00158
Optdigits SN [—0.00147, —0.00121] [+0.00143, +0.00174]
. —0.00090 +0.00097
Optdigits IDN [—0.00100, —0.00081] [+0.00087, +0.00108]
—0.00148 +0.00174

Gas SN [—0.00171, —0.00127] [+0.00149, +0.00200]
—0.00058 +0.00062

Gas IDN [—0.00071, —0.00045] [+0.00048, +0.00075]
—0.00057 +0.00062

Crop SN [—0.00067, —0.00048] [+0.00053, +0.00072]
—0.00030 +0.00032

Crop IDN [—0.00037, —0.00024] [+0.00025, +0.00039]
—0.00179 +0.00216

Landsat SN [—0.00200, —0.00157] [+0.00190, +0.00244]
Landsat DN 0.00203 +0.00242

[—0.00222, —0.00186] [+0.00220, +0.00264]

https://doi.org/10.3390/ electronics15204784


https://doi.org/10.3390/electronics15204784

Electronics 2026, 15, 4784 17 of 28
e SN IDN
(a) Macro-F1 (b) Harmful Flip
favors f=1 - « favors B=1

Development Benchmarks |
Yeast — SN - —e— HOH
Yeast — IDNq{ | i
Wine — SN+ | e —.—i
Wine — IDN{ | |
PageBlocks — SN{ —e— ¢
PageBlocks — IDNq | ]
Optdigits — SN{ i °
Optdigits —IDN+{ ! |
Fr¢:>zen External Validation ;
Gas Sensor Drift — SN{ | re- !
Gas Sensor Drift — IDN-{ ¢ |
Crop Mapping — SN{ | +—e— o
Crop Mapping — IDN- | |
Landsat Satellite — SN{ | o °
Landsat Satellite — IDN-{ ! |

0.0000 0.0025 0.0050 0.0075 0.0100 ~0.02 ~0.01 0.00

AMacro-F1 (B=1 — B=0) AHarmful Flip (B=1 — B=0)

Figure 3. Selective Decision Stability ablation. Positive Macro-F1 deltas and negative harmful-flip
deltas favor the final B = 1 objective. The arrows indicate these favorable directions; the dashed
vertical lines mark zero difference. Abbreviations: symmetric noise (SN); instance-dependent noise
(IDN); confidence interval (CI).

On the four development benchmarks, Macro-F1 improves in all eight dataset-noise
cells, harmful flip decreases in all eight cells, and retention increases in all eight cells. The
frozen external-validation datasets show the same directional consistency across all six
dataset—noise cells. These results support a contribution of Selective Decision Stability to
the observed decision-protection behavior.

The ablation also indicates small NLL costs in some settings. NLL deltas are positive in
five of eight development cells and two of six external-validation cells, including Wine SN
and IDN, Crop SN, and Landsat SN, with confidence intervals above zero. Other cells show
neutral or negative NLL deltas. The appropriate interpretation is therefore that Selective
Decision Stability consistently improves the decision metrics measured here, with small
measurable NLL costs in some settings.

4.4. Paired Statistical Comparison

Table 5 reports paired differences against DC, VBLL-D mean, and VBLL-full MC. On
the development benchmarks under SN, the StaCOR-DC NLL difference is +0.00022 with
95% CI [—0.00025, +-0.00068], so the paired interval does not reliably separate the two
methods in NLL. In the same scope, StaCOR improves Macro-F1 by +0.00112, reduces
harmful flip by —0.00710, and improves retention by +0.01259.

https:/ /doi.org/10.3390/ electronics15204784


https://doi.org/10.3390/electronics15204784

Electronics 2026, 15, 4784

18 of 28

Table 5. Paired statistical comparison against key baselines. Differences are StaCOR minus the
reference method. For negative log-likelihood (NLL) and harmful flip, negative values favor StaCOR;
for Macro-F1 and retention, positive values favor StaCOR. Abbreviations: symmetric noise (SN);
instance-dependent noise (IDN); Dirichlet calibration (DC); Variational Bayesian Last Layers (VBLL);
Monte Carlo (MC); confidence interval (CI). Probability and classification metrics.

Comparison Delta NLL Malnzl'f(l)tj F1
Benchmark—SN

+0.00022 +0.00112

StaCOR-DC [—0.00025, +0.00068] [+0.00040, +0.00184]

—0.01108 +0.01133

StaCOR-VBLL — D mean [—0.01146, —0.01069] [+0.01047, +0.01219]

—0.00295 +0.01047

StaCOR-VBLL — full MC
Benchmark—IDN

[—0.00367, —0.00223]

[+0.00932, +0.01165]

+0.00176 +0.00091
StaCOR-DC [+0.00124, +0.00228] [+0.00005, +0.00177]
—0.00458 +0.01162
StaCOR-VBLL — D mean [—0.00507, —0.00407] [+0.01062, +0.01266]
—0.00425 +0.01473
StaCOR-VBLL — full MC [—0.00504, —0.00348] [+0.01335, +0.01615]
External Validation—SN
+0.00119 —0.00282
StaCOR-DC [+0.00053, +0.00182] [—0.00383, —0.00177]
—0.00904 +0.00222
StaCOR-VBLL — D mean [—0.00943, —0.00866] [+0.00172, +0.00274]
—0.00532 +0.00616

StaCOR-VBLL — full MC
External Validation—IDN

[—0.00597, —0.00463]

[+0.00490, +0.00752]

+0.00053 000143
StaCOR-DC [+0.00000, +0.00104] [—0.00239, —0.00046]
—0.00220 +0.00256
StaCOR-VBLL — D mean [—0.00249, —0.00191] [+0.00210, +0.00306]
—0.00142 +0.00960
S5taCOR-VBLL — full MC [—0.00196, —0.00088] [+0.00792, +0.01133]
Comparison Delta Harmful Delta Retention
Benchmark—SN
—0.00710 +0.01259
StaCOR-DC [—0.00766, —0.00656] [+0.01153, +0.01369]
—0.00432 +0.00887
5taCOR-VBLL — D mean [—0.00486, —0.00378] [+0.00780, +0.00992]
—0.02075 +0.03752

StaCOR-VBLL — full MC
Benchmark—IDN

[—0.02182, —0.01971]

[+0.03560, +0.03957]

—0.00779 +0.01526
StaCOR-DC [—0.00825, —0.00734] [+0.01435, +0.01617]
+0.00020 +0.00096
StaCOR-VBLL — D mean [—0.00021, +0.00062] [+0.00020, +0.00170]
—0.02122 +0.03898
StaCOR-VBLL — full MC [—0.02223, —0.02025] [+0.03721, +0.04081]
External Validation—SN
—0.00483 +0.00567
StaCOR-DC [—0.00510, —0.00456] [+0.00535, +0.00598]
—0.00048 +0.00058
StaCOR-VBLL — D mean [—0.00063, —0.00033] [+0.00040, +0.00077]
—0.00574 +0.00672
StaCOR-VBLL — full MC [—0.00607, —0.00541] [+0.00635, +0.00711]
External Validation—IDN
—0.00349 +0.00394
StaCOR-DC [—0.00367, —0.00330] [+0.00373, +0.00415]
—0.00039 +0.00049
StaCOR-VBLL — D mean [—0.00051, —0.00028] [+0.00036, +0.00063]
—0.00386 +0.00432

StaCOR-VBLL — full MC

[—0.00406, —0.00366]

[+0.00410, +0.00454]
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Under benchmark IDN, StaCOR has a small but statistically supported increase in
NLL relative to DC: +0.00176 with CI [+0.00124, +-0.00228]. The decision metrics still favor
S5taCOR in this paired comparison, with lower harmful flip and higher retention. On the
external-validation datasets, DC also has lower NLL and higher Macro-F1 in the paired
comparisons under both SN and IDN, while StaCOR retains consistent harmful-flip and
retention advantages. This pattern reinforces that StaCOR is not a universal NLL winner
over DC; its advantage is concentrated in decision stability.

Against VBLL-full MC, StaCOR has lower NLL, higher Macro-F1, lower harmful flip,
and higher retention in both benchmark noise regimes and both external-validation noise
regimes. Against VBLL-D mean, the comparisons are also mostly favorable for StaCOR,
with the main exception that the benchmark IDN harmful-flip interval crosses zero.

4.5. Frozen Selective-KL Comparator and Seed-Clustered Sensitivity

The frozen Selective-KL comparator isolates an alternative selective regularizer under
the same fixed-context protocol. Across all four development/external and SN/IDN scopes,
SDS has higher Macro-F1, lower harmful flip, and higher retention than scale-matched
Selective-KL. For NLL, SDS is significantly lower under development SN and external SN;
the development-IDN and external-IDN paired intervals include zero. Thus, under the
evaluated fixed-context protocol, SDS provides a more favorable probability—decision trade-
off than this scale-matched Selective-KL comparator, rather than establishing superiority
over alternative objectives generally.

The primary paired episode-level bootstrap remains unchanged. In the independent
seed-clustered sensitivity analysis, all 64 point-estimate directions and all 64 zero-exclusion
conclusions agree with the episode-level reference; no previously zero-excluding interval
becomes zero-including, and 15 of 64 seed-clustered intervals are wider. These results
support robustness of the reported conclusions to this more conservative five-seed-cluster
sensitivity analysis, without asserting independence of episodes or clusters. Full compara-
tor and side-by-side interval results are in Supplementary Sections S2 and S3.

4.6. Clean-Label Usage and Context Policies

Table 6 and Figure 4 evaluate how the same clean-label subset and budget B are used
under different deployment policies on Yeast and Optdigits. Direct Append appends
the clean subset Cp to the TabPFN context, Direct Replace uses the same Cp to replace B
noisy support samples when feasible so that context size remains fixed, and StaCOR keeps
the original noisy context unchanged while using the same Cp to train the output-side
correction head. When clean samples can be directly incorporated into the TabPFN context,
direct context utilization generally outperforms output-side correction.

For example, on Yeast with budget 128, Direct Append reaches NLL 1.1431 and
Macro-F1 0.4177, while StaCOR has NLL 1.2668 and Macro-F1 0.3050. On Optdigits with
budget 128, Direct Append reaches NLL 0.3604 and Macro-F1 0.9360, compared with
StaCOR at NLL 0.4186 and Macro-F1 0.8768. There are local metric-specific exceptions, such
as StaCOR having fewer harmful flips than Direct Replace in some budget cells, but the
overall conclusion is that StaCOR is most appropriate when the original TabPFN context is
fixed, cached, version-locked, or expensive to refresh.
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Table 6. Clean-label usage under equal clean-label budgets for different context policies. Abbreviation:
negative log-likelihood (NLL).

Dataset Budget Method NLL Macro-F1 =~ Harmful  Retention
Yeast 16 Direct Append 1.2626 0.3402 0.0221 0.9597
Yeast 16 Direct Replace 1.2716 0.3342 0.0356 0.9350
Yeast 16 StaCOR 1.5369 0.2445 0.1136 0.7954
Yeast 64 Direct Append 1.2038 0.3779 0.0351 0.9357
Yeast 64 Direct Replace 1.2279 0.3632 0.0630 0.8852
Yeast 64 StaCOR 1.3515 0.2889 0.0639 0.8848
Yeast 128 Direct Append 1.1431 0.4177 0.0451 0.9174
Yeast 128 Direct Replace 1.1528 0.4062 0.0843 0.8466
Yeast 128 StaCOR 1.2668 0.3050 0.0441 0.9200
Optdigits 16 Direct Append 0.5344 0.8967 0.0081 0.9905
Optdigits 16 Direct Replace 0.5465 0.8910 0.0174 0.9796
Optdigits 16 StaCOR 1.0788 0.5971 0.2369 0.7310
Optdigits 64 Direct Append 0.4419 0.9193 0.0092 0.9893
Optdigits 64 Direct Replace 0.4632 0.9068 0.0260 0.9700
Optdigits 64 StaCOR 0.4577 0.8691 0.0280 0.9672
Optdigits 128 Direct Append 0.3604 0.9360 0.0088 0.9899
Optdigits 128 Direct Replace 0.3625 0.9214 0.0290 0.9669
Optdigits 128 StaCOR 0.4186 0.8768 0.0183 0.9785
—8— Direct Append Direct Replace --h- StaCOR
(a) Yeast — NLL (b) Yeast — Macro-F1
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Figure 4. Clean-label budget and context-policy comparison on Yeast and Optdigits. Direct Append
and Direct Replace use clean samples through the TabPFN context, whereas StaCOR keeps the original
context fixed and applies output-side correction. Downward arrows for negative log-likelihood (NLL)
indicate that lower values are better; upward arrows for Macro-F1 indicate that higher values
are better.
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4.7. Serving Efficiency

Table 7 and Figure 5 compare the serving context and measured inference cost for
Noisy Base, Direct Append, Direct Replace, and StaCOR. StaCOR keeps the original serv-
ing context size fixed: 223 for Yeast and 256 for Optdigits in Table 7. Its correction-head
latency is small relative to total measured inference latency. For example, Optdigits at
budget 128 reports adapter latency 0.238 ms and steady-state latency 240.67 ms, approxi-
mately 0.1% of the measured steady-state latency.

Direct Append changes the serving context as the clean-label budget grows. In Table 7,
Optdigits budget 128 increases the context size from 256 to 384 and incremental peak GPU
memory from 181.31 MB for StaCOR to 191.91 MB for Direct Append. Its steady-state
latency is 265.71 ms, about 10.4% higher than the corresponding StaCOR value in the same
table, and its refresh-plus-first-predict latency is 408.01 ms versus 352.49 ms. Figure 5
includes the broader budget curve, where the latency effect becomes larger for Optdigits at
higher appended budgets.

The Yeast measurements show why the latency conclusion should remain workload-
dependent. Direct Append changes the context size and memory footprint, but its measured
steady-state latency differs only slightly from StaCOR in the displayed Yeast budget cells.
Thus, context expansion consistently changes serving context and memory requirements,
while latency impact depends on the workload and budget.

—e— Direct Append —— Yeast Noisy Base — Yeast
—m— Direct Replace ---- Optdigits Noisy Base — Optdigits
—— StaCOR
(a) Context Size g (b) Steady-State Latency
= 3001 —7
500 1 > ===
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Figure 5. Serving efficiency and context scaling. Direct Append increases context size with
clean-label budget, whereas StaCOR keeps the original serving context fixed and adds only the
correction-head latency. Abbreviation: graphics processing unit (GPU). MB denotes megabytes.
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Table 7. Serving context and inference cost. Abbreviation: graphics processing unit (GPU). MB
denotes megabytes. Context, steady-state and adapter latency.

- A
Context Steady-State dapter

Dataset Budget Method Si Latency Latency
ize
(ms) (ms)
Yeast N/A Noisy Base 223 128.72 0.000
Yeast 16 Direct Append 239 129.57 0.000
Yeast 16 Direct Replace 223 129.70 0.000
Yeast 16 StaCOR 223 128.34 0.148
Yeast 128 Direct Append 351 129.33 0.000
Yeast 128 Direct Replace 223 128.43 0.000
Yeast 128 StaCOR 223 130.16 0.152
Optdigits N/A Noisy Base 256 238.55 0.000
Optdigits 16 Direct Append 272 240.35 0.000
Optdigits 16 Direct Replace 256 239.34 0.000
Optdigits 16 StaCOR 256 239.54 0.244
Optdigits 128 Direct Append 384 265.71 0.000
Optdigits 128 Direct Replace 256 238.99 0.000
Optdigits 128 StaCOR 256 240.67 0.238

Refresh + Incremental
First-Predict Peak GPU

Dataset Budget Method Latency Memory
(ms) (MB)

Yeast N/A Noisy Base 193.92 62.96
Yeast 16 Direct Append 189.64 63.02
Yeast 16 Direct Replace 189.92 62.96
Yeast 16 StaCOR 191.15 62.96
Yeast 128 Direct Append 193.26 65.60
Yeast 128 Direct Replace 190.97 62.96
Yeast 128 StaCOR 192.33 62.96
Optdigits N/A Noisy Base 353.38 181.31
Optdigits 16 Direct Append 362.78 181.62
Optdigits 16 Direct Replace 344.04 181.31
Optdigits 16 StaCOR 357.22 181.31
Optdigits 128 Direct Append 408.01 191.91
Optdigits 128 Direct Replace 356.85 181.30
Optdigits 128 StaCOR 352.49 181.31

5. Discussion
5.1. Probability Quality Versus Decision Stability

The results indicate that probabilistic quality and decision stability should be treated
as related but distinct evaluation targets. NLL evaluates the probability assigned to the
true label over the full predictive distribution, whereas Macro-F1 depends only on the final
hard decision after taking the argmax. Harmful flip and retention focus on a still narrower
question: whether a correction changes predictions that the noisy-support TabPFN baseline
had already classified correctly. A post hoc correction can therefore improve the probability
vector while still moving a low-margin sample across a decision boundary. In this setting,
probability redistribution may improve NLL but can also create correct-to-wrong transitions
that are invisible if only distributional fit is inspected.

The comparison with DC illustrates this distinction. DC already uses regularized
full affine calibration and validation-NLL selection, and on the benchmark SN setting
S5taCOR and DC are not reliably separated in NLL. Under benchmark IDN, DC has a small
but stable NLL advantage, but StaCOR still improves the decision-stability metrics in the
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paired comparison. Thus, the appropriate interpretation is not that StaCOR dominates
DC. Rather, DC can provide slightly stronger probability optimization in some settings,
whereas StaCOR shifts the trade-off toward preserving baseline-correct decisions. This
pattern supports the interpretation that parameter regularization alone does not impose
sample-specific preservation of decisions that clean evidence verifies as correct.

The external-validation results further sharpen this point. Across the frozen external
datasets, DC has higher pooled Macro-F1 than StaCOR under both SN and IDN, while
StaCOR retains lower harmful flips and higher retention. This pattern reinforces that
decision preservation is not equivalent to maximizing Macro-F1. Macro-F1 summarizes
final classification performance across classes, while retention asks whether the correction
avoids regressing on decisions that were already correct for the frozen baseline. Both
quantities are useful, but they answer different deployment questions.

The VBLL-full MC comparison suggests a complementary lesson. More flexible full
class coupling does not automatically yield a better probability—decision operating point.
The observed results are consistent with the possibility that excessive cross-class adjustment
contributes to an unfavorable probability—decision trade-off in this setting. StaCOR should
therefore be interpreted as a method for choosing a particular probability—decision trade-off,
not as a method whose primary claim is to minimize NLL in every comparison.

5.2. Interpreting the Two StaCOR Components

The two controls in StaCOR operate at different levels. Regularized Class Coupling is
a parameter-level capacity control. It allows the correction head to use cross-class informa-
tion, which can be more expressive than purely diagonal calibration, while off-diagonal
shrinkage discourages excessive class-to-class adjustments. In this sense, it provides an in-
termediate regularization regime between independent per-class rescaling and unrestricted
full coupling. The empirical results are consistent with this design choice in the evaluated
setting, but they should not be read as establishing a universal coupling structure.

Selective Decision Stability is instead a sample-level boundary-violation penalty. It
acts only on clean head-training samples for which the frozen noisy-support baseline is
already correct, and it is reactive: it penalizes corrected logits only when such a sample
crosses the decision boundary. It does not predict whether a future query correction will
be harmful, and it is not an oracle or a detector of harmful flips. RCC controls the global
parameter-level flexibility of the correction map, whereas SDS imposes a local sample-level
penalty when a verified baseline-correct decision crosses the classification boundary.

The B = 1 versus B = 0 ablation is consistent with this interpretation. Across the
development benchmarks, the final objective improves Macro-F1, reduces harmful flip,
and improves retention in every dataset—noise cell; the frozen external-validation results
show the same directional pattern for the reported decision metrics. At the same time,
the stability term can incur a small probability-quality cost. The ablation shows small
measurable NLL costs in some pooled and dataset-level settings. This supports the view
that Selective Decision Stability trades a small amount of probabilistic fit for more consistent
preservation of baseline-correct decisions.

The frozen Selective-KL comparator provides a narrower objective-level check. Its
scale-matched results favor SDS on Macro-F1, harmful flip, and retention in all four reported
scopes, while its NLL comparison is significant only under development SN and external
SN. This supports the stated SDS trade-off under the evaluated protocol, not a general
ranking of all decision-preserving objectives.

This conservatism can also suppress some beneficial changes. Because the stability
term prioritizes baseline-correct samples, it reduces the freedom of the correction head
after those samples cross decision boundaries. That asymmetry is intentional: StaCOR
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prioritizes avoiding regressions on predictions that were already correct. Regularized Class
Coupling and Selective Decision Stability are therefore not redundant. The two controls are
designed to provide complementary forms of control: global regularization of cross-class
correction and local penalties for baseline-correct boundary violations.

5.3. Applicability Under Fixed-Context Constraints

StaCOR is intended for deployments in which the original TabPFN context is assumed
to remain fixed, cached, version-locked, shared, audited, or costly to refresh during the
serving cycle. This is an operational rather than informational boundary: clean calibration
evidence can still be available to an external adaptation pipeline. The boundary is important
because the clean-label usage experiments show that, when clean samples can be inserted
directly into the TabPFN context, direct context utilization generally remains preferable.
Under the same clean-label budget, Direct Append usually provides the strongest NLL and
Macro-F1 performance, while Direct Replace also generally improves these two metrics
over output-side correction despite keeping the context size fixed. The advantage of Direct
Replace indicates that the direct-context benefit cannot be explained only by a larger context;
the experiments indicate that direct incorporation of clean labels is generally more effective
for NLL and Macro-F1.

This does not make the direct-context policies StaCOR variants or weak baselines.
They represent a different deployment regime in which the serving context can be changed.
In such settings, using clean labels directly in the context is usually the more effective
strategy. StaCOR is instead designed for cases where that option is operationally restricted:
the support set may be cached for reproducibility, locked for auditability, shared across
a serving system, or expensive to rebuild and validate. In those cases, output-side re-
finement provides a way to use auxiliary clean evidence while leaving the original noisy
context unchanged.

The serving results support this deployment distinction. StaCOR adds only a small
correction-head overhead relative to the measured total latency in the evaluated workloads,
while preserving the original context size. Direct Append, by contrast, necessarily increases
the serving context as the clean-label budget grows. Table 7 and Figure 5 show that this
context expansion consistently changes memory and context requirements, whereas the
latency effect varies substantially across workloads. Thus, the serving conclusion is not
that appending clean samples always imposes a large latency penalty, but that its resource
impact is workload- and budget-dependent.

These results define StaCOR’s intended use case rather than establishing direct context
utilization as an inferior strategy. When context modification is feasible and operationally
acceptable, direct clean-label utilization should generally be preferred. When the original
TabPEN context must remain fixed or is inconvenient to refresh, StaCOR offers a lightweight
output-side alternative with an explicit decision-stability objective.

5.4. Limitations and Future Directions

Several limitations follow directly from the experimental evidence. One limitation
is that StaCOR does not minimize NLL in all comparisons. In particular, DC has a small
but stable NLL advantage under benchmark IDN, and it also has favorable Macro-F1 on
the frozen external-validation datasets. This limitation is consistent with the method’s
positioning: StaCOR is designed to improve the probability—decision trade-off, especially
harmful-flip reduction and retention, rather than to serve as a pure NLL optimizer.

Second, StaCOR is not the preferred strategy when clean labels can freely be incor-
porated into the TabPFN context. The clean-label usage experiments indicate that Direct
Append and Direct Replace generally make better use of the same clean-label budget. This
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constrains the deployment scope of StaCOR to fixed-context settings. It also suggests a
useful direction for future work: output-side correction and context-refresh policies could
be studied as complementary tools rather than mutually exclusive alternatives.

Third, Selective Decision Stability is intentionally conservative. By protecting baseline-
correct decisions, it can reduce harmful changes, but it can also suppress potentially
beneficial corrections near the decision boundary. The ablation further shows that decision
preservation carries a small measurable NLL cost in some settings. Future work could
investigate adaptive stability strength based on decision geometry, calibration evidence, or
deployment-specific risk tolerance, with the goal of providing finer Pareto control between
probability fit and decision preservation.

Fourth, the evaluation scope remains limited. The formal study covers seven datasets:
four development benchmarks and three frozen external-validation datasets. These datasets
provide useful diversity, but they do not cover all tabular domains or all deployment
regimes. Sensorless Drive Diagnosis was also excluded from the formal evaluation because
the frozen TabPFN configuration used in this study did not support the 11-class Sensor-
less task under the adopted evaluation pipeline. Broader multi-class regimes and larger
benchmark suites remain important future validation targets.

Finally, the label-noise protocols are controlled synthetic perturbations. SN and IDN
are useful for repeatable stress testing, but real annotation errors may involve richer forms
of instance dependence, annotator effects, structured corruption, or temporal variation
that are not fully represented by the controlled protocols used here. StaCOR also requires
additional auxiliary clean evidence, so it is not applicable when no trusted labels are
available after deployment. Future work should therefore examine broader real-world
noise processes, larger and more diverse tabular benchmarks, and integrations between
output-side stability objectives and practical context-management policies.

6. Conclusions

Noisy support labels can degrade TabPFN predictions, and output-side calibration can
improve posterior quality while disturbing hard decisions that were already correct. This
paper introduced StaCOR, a selectively constrained fixed-context output refinement method
that leaves the noisy TabPFN support set unchanged and trains a lightweight correction
head on auxiliary clean evidence. The method combines Regularized Class Coupling,
which controls cross-class correction capacity, with Selective Decision Stability, which
discourages boundary-crossing regressions on baseline-correct clean training examples.

Across four development benchmarks and three frozen external-validation datasets
under SN and IDN protocols, StaCOR provides a competitive probability—decision trade-off.
Its clearest contribution is the joint design of parameter-level cross-class capacity control
and sample-level selective protection of baseline-correct decisions in fixed-context output
refinement. The stability ablation and frozen Selective-KL comparator support the role of
SDS in this evaluated trade-off, while also showing that decision preservation can carry a
small NLL cost in some settings.

The results also define the method’s boundary. When clean samples can be inserted
into or used to replace the TabPEN context, direct clean-label utilization generally remains
preferable. StaCOR is most relevant when the original served context is operationally
fixed, cached, version-locked, shared, audited, or costly to refresh. More broadly, the
study suggests that posterior correction for noisy-support TabPFN deployments should be
evaluated jointly in terms of probability quality and decision stability.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/ electronics15204784/s1, Section S1: detailed formal protocol and
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clean-label budget; Section S2: frozen Selective-KL comparator; Section S3: seed-clustered bootstrap
sensitivity. Table S1: Frozen formal protocol and clean-label budget details. Support/query values are
caps except where actual values are stated. Table S2: Frozen dataset-specific Selective-KL scale factors
g, taken directly from the frozen normalization configuration. Table S3: Frozen three-way aggregate
results at 7 > 0, with equal weighting over eta cells and fixed datasets. Lower is better for NLL and
Harmful; higher is better for Macro-F1 and Retention. Table S4: Paired bootstrap differences, StaCOR
(SDS) minus Selective-KL, from the frozen C5 comparison. Negative favors SDS for NLL/Harmful;
positive favors SDS for Macro-F1/Retention. Table S5: Episode-level versus seed-clustered paired
bootstrap sensitivity. Differences are SDS minus the reference method; negative favors SDS for
NLL/Harmful and positive favors SDS for Macro-F1/Retention.
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Abbreviations

The following abbreviations are used in this manuscript:

DC Dirichlet calibration.

ECE Expected calibration error.
IDN Instance-dependent noise.
NLL Negative log-likelihood.
SN Symmetric noise.

StaCOR  Stability-aware Coupling-Regularized Output Refinement
TabPFN  Tabular Prior-Data Fitted Network.
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