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ABSTRACT

Large language models (LLMs) are increasingly used as automated judges and
synthetic labelers, especially in low-label settings. Yet these systems are stochas-
tic and often overconfident, which makes deployment decisions difficult when
external ground truth is limited. We propose a practical calibration protocol based
on controlled input interventions: if noise severity increases, task performance
should exhibit a statistically significant deterioration trend. We operationalize
this with a slope-based hypothesis test over repeated trials, using signal-to-noise-
ratio (SNR) perturbations for tabular data and lexical perturbations for text data.
Across UCI tabular benchmarks and four text classification datasets, we find clear
modality-dependent behavior. Our results reveal a modality gap: while text-based
judges degrade predictably, the majority of tabular datasets show a lack of statisti-
cally significant performance deterioration even under significant signal-to-noise
reduction. Interestingly we find that model performance is lower on datasets that
are insensitive to noise interventions. We present a reproducible methodology and
reporting protocol for robust LLM-judge calibration under distribution shift.

1 INTRODUCTION

High-quality labels remain costly and difficult to produce: annotation policy design, expert recruit-
ment, and quality control are all substantial bottlenecks (Gebru et al., 2021; Snow et al., 2008). In
parallel, LLM-based pipelines now support two high-value workflows: (1) synthetic labeling, and
(2) LLM-as-a-Judge decision systems for automated triage and ranking (Liu et al., 2023; Zheng
et al., 2023).

The practical failure mode is not only low average quality, but unreliable behavior under shift: small
input changes can create non-trivial output volatility, especially when large trusted holdout labels
are unavailable (Lin et al., 2022; Huang et al., 2025).

Core question. Can we reject an LLM judge for a target task before deployment by stress-testing
its response to controlled interventions? We frame this as a causal question in the interventionist
sense of Pearl (2009): apply a controlled perturbation to the input and test whether performance
degrades as predicted.

We formalize a monotone-deterioration hypothesis over a calibrated noise schedule. Let P denote
a task-specific performance score (e.g., accuracy for classification, R? for regression) measured on
clean inputs, and P}, the same score measured under perturbation magnitude k¥ € K, where K is
ordered from weak to strong noise. Define Ay, = Py — P. Our conceptual intervention hypothesis is
Hy : 3k;1 < ko such that E[Py,] > E[Py,], (1)
H1 : E[Pkl] > E[’sz] Vkl < kg, (2)

with at least one strict inequality under H;.

Here, Hj (the null hypothesis) states that the expected performance is not monotone under increasing
perturbation i.e., there exists at least one pair of noise magnitudes where performance improves
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despite stronger noise. H; (the alternative) encodes the expected deterioration property: as noise
increases, the expected performance does not increase, and it decreases for at least one step. The
expectation E[Py] is taken over the randomness in the procedure at severity level k, including (i) the
sampled perturbations/noise realizations and (ii) any stochasticity in the LLM inference; In practice,
we operationalize this ordered alternative using a one-sided linear trend test (negative slope) as a
pragmatic surrogate; thus sensitive indicates significant deterioration with increasing noise, which
is consistent with but not equivalent to strict monotonicity.

Intuitively, if increasing perturbation does not induce expected deterioration, the model is either
exploiting artifacts or is insufficiently sensitive to task signal, both of which reduce trust in judge-
style deployment. Conversely, when the expected deterioration holds with statistical significance,
we obtain a useful calibration signal about where the model can be trusted.

This paper presents a reproducible methodology around this idea: a pipeline for perturbation de-
sign, repeated inference, and hypothesis testing across tabular and text settings, presenting findings
which indicate that employing such a methodology prior to deployment could provide an indicator
of trustworthy LLM results.

Overview of Contributions

1. We propose a practical noise-response calibration protocol for deciding whether an LLM judge
is reliable for a specific task, based on intervention schedules and slope-based hypothesis testing.

2. We report large-scale empirical findings spanning UCI tabular tasks and four widely used text
classification datasets, performing experiments applying both correlated and uncorrelated Gaus-
sian noise for tabular data and lexical noise for text.

3. We demonstrate that for the majority of included UCI tabular tasks, performance is largely insen-
sitive to the tested noise schedules (i.e., it does not exhibit statistically significant deterioration
as noise increases). We discuss how this insensitivity can serve as a practical warning signal for
LLM-judge deployment, complementing average-performance reporting.

2 RELATED WORKS

Hallucination, alignment, and judge reliability. Recent work has studied hallucination mech-
anisms and mitigation strategies in depth, including retrieval augmentation, verification, and
calibration-oriented prompting (Huang et al., 2025). In parallel, alignment methods such as RLHF
and constitutional training have improved instruction-following behavior, but do not eliminate ro-
bustness failures under distribution shift (Ouyang et al., 2022; Bai et al., 2022).

For LLM-as-a-Judge pipelines, reporting and evaluation protocol quality is itself a major source
of variance. A central recommendation in recent methodology work is that judge results should be
reported with stronger controls for prompt sensitivity, variance, and statistical uncertainty (Lee et al.,
2026).

Perturbation sensitivity in reasoning and NLP. Our work is closely related to perturbation-based
robustness analysis. In mathematical reasoning, Mirzadeh et al. (2025) show that seemingly benign
symbolic variations can induce substantial performance changes. More broadly, LLM reasoning
has been shown to degrade under distractor-like or superficially irrelevant perturbations (Shi et al.,
2023).

For text corruption, lexical perturbation studies demonstrate that character-level noise can strongly
hurt model behavior even when semantics are mostly preserved (Belinkov & Bisk, 2018; Pruthi et al.,
2019). Our text intervention family is inspired by this line of work but is used for trust calibration
rather than adversarial training.

Causal framing and benchmark context. We adopt an intervention-based causal framing: the
perturbation operator is treated as an intervention on inputs, and the downstream performance re-
sponse is the measured effect (Pearl, 2009; Peters et al., 2017). This perspective makes explicit what
is being manipulated and what constitutes expected behavior under increasing uncertainty.
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Algorithm 1 Noise-response calibration protocol

Require: Dataset D, noise schedule N = {nk}szl, repetitions R, significance level o
1: Initialize LLM Judge for the prediction task and compute baseline performance P
2: for eachn, € N do
3 for each repetition r € {1,..., R} do
4: Generate noisy inputs, query the LLM, record performance Py, ;-
5: end for
6: end for

7: Fit linear model Py, = Bo + Sini + €

8: Perform one-sided slope test Hy : 81 > 0vs. Hy : 1 <0

9: Accept task-level trust calibration only if deterioration is significant and directionally consistent

For tabular benchmarks, we use datasets from the UCI repository (Asuncion & Newman, 2007), one
of the largest tabular datasets designed for ML prediction tasks, and include canonical datasets such
as Iris (Fisher, 1936) and Wine Quality (Cortez et al., 2009). For text experiments we use IMDB
(Maas et al., 2011), Yelp Review Full (Zhang et al., 2015), SST-2 (Socher et al., 2013), and Financial
PhraseBank (Malo et al., 2014), datasets that all revolve around sentiment classification tasks.

3 METHOD

Our procedure is conceptually close to mutation testing in software engineering where one applies
controlled perturbations, observes failure behavior, and decides whether a system should be trusted
for deployment-critical use (DeMillo et al., 1978; Jia & Harman, 2011). Designing a sufficiently
general noise family is non-trivial and domain-dependent. The intervention family can miss realistic
corruption patterns, so acceptance should be interpreted as conditional on the tested noise family,
not as a universal robustness claim. We treat this explicitly as a limitation and future direction
(Section 6).

For each dataset, we build a dynamic system prompt containing task explanation, dataset metadata,
output constraints, and provide few shot examples as part of the input. Predictions are validated
through a schema-constrained output parser, where one requires the answer to match the format of
the label. We present our noise-response calibration protocol in Algorithm 1.

3.1 TABULAR NOISE VIA SNR SCHEDULES

For tabular inputs, let X jean € RN*4 denote the full clean training matrix restricted to numeric
covariates, and let € R? denote one evaluation row. We estimate the reference covariance once on
the full clean training data, Ygna = Cov(Xclean ), and write sz_ = Yignal,j; for the empirical vari-
ance of feature j. Let D = diag(o?,...,03%) and R = Corr(Xcjean), $0 that Xgena = DRD. For a

target SNRyp, define v = 10~ SNRan/10_ Thyjs scales the noise power relative to the fixed clean-data
signal statistics, and we evaluate a fixed ordered schedule from mild to strong perturbation.

Our interventions operate only on numeric covariates; datasets with low numeric-feature coverage
receive partial or no perturbation, and non-numeric covariates are preserved. We add Gaussian noise
Tnoisy = L + € under two covariance structures:

1. Uncorrelated: ¢ ~ N'(0, aD?), equivalently € ~ N (0, adiag(c?,...,02)).
2. Correlated: ¢ ~ N (0, aXgigna ), equivalently e ~ N (0, «DRD).

Both perturbations are zero-mean and share the same per-feature marginal variances ao?; they dif-
fer only in whether cross-feature covariance is suppressed (uncorrelated) or preserved according
to the empirical correlation structure of the full clean training data (correlated). This lets us test
whether sensitivity depends only on marginal noise scale or also on the directional structure of the
perturbation.
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3.2 TEXT DATASETS

We evaluate IMDB, Yelp Review Full, SST-2, and Financial PhraseBank (Maas et al., 2011; Zhang
et al., 2015; Socher et al., 2013; Wang et al., 2019; Malo et al., 2014). All are classification tasks,
but they differ in domain, label granularity, and text length.

Noise intervention design. For text, we focus on lexical corruption inspired by prior robust and
adversarial NLP work (Belinkov & Bisk, 2018; Pruthi et al., 2019). While prior work primarily
uses such perturbations to train or harden models against corrupted inputs, we leverage the same
mechanisms to evaluate whether an LLM judge exhibits the expected degradation as corruption
increases.

Lexical noise. Letx = (wy,...,wr) be a tokenized input and o € [0, 1] a severity control. We
define

Tnoisy ~ Ca(T), 3)
where C, applies token-level corruptions with probability

p(a) = aPmax- )

For each token w;, we sample whether to corrupt, then sample an operation: word dropout, adja-
cent character swap, keyboard-adjacent typo, or random insertion/deletion relative to the corruption
severity level a.

3.3 DETERIORATION ANALYSIS

For each setting (dataset x noise type/intensity), we fit an ordinary least-squares regression

Prr = Bo + B + €kr,s o)

where k € {1,..., K} indexes the noise severity level, » € {1,..., R} indexes the independent
repetition at that level, Py, , is the observed performance score for severity k and repetition r, 3y
is the intercept (expected performance at zero added noise), ; is the slope measuring the rate of
performance change per unit of noise intensity, ny, is linear in true noise intensity (for tabular data,

ng = SNRyax — SNRy,), and €, S N (0, 02) is the residual error term. We then test
Hy: 3120, (6)
Hy: 3 <0, (7

at significance level @ = 0.05, using the standard OLS ¢-statistic for the slope coefficient (Seber &
Lee, 2012):

p——

SE(1)

where [3; is the OLS slope estimate, SE(;) is its standard error, and N = K X R is the total number

of observations. We reject H (and label the task sensitive) when t < t, ny_o, where t, n_2 is the

critical value corresponding to significance level « for a Student’s ¢-distribution with N — 2 degrees

of freedom. That is when the observed slope is significantly negative at the chosen level. This

operational test approximates the ordered alternative in Equation (1)-Equation (2) via a one-sided

negative-trend surrogate. Thus, for all the datasets we compute a one-directional test of negative

slope, to inform us as to whether the dataset in question proved sensitive or insensitive to the noise
intervention.

, t ~ Student-t_o under Hy, (8)

4 EXPERIMENTAL SETUP

We run all main experiments with OpenAl GPT-5-MINI as the base judge model. For each dataset
and noise level, we run 5 repetitions and provide 20 few-shot examples before recording the pre-
dicted value. Our goal is to give the model the best possible basis for solving the task at hand before
deliberately handicapping its odds. For the prompt serialization we rely on a fairly simple approach,
providing a dataset and task description, information about the label and output format constraints.
Further details on the prompt leveraged is described in Appendix Section B.2.
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Table 1: Stepwise UCI exclusion flow. First filter keeps datasets with > 50% numerical covariates;
second filter applies missing-value incomputability rules; the final row reports the subset used for
per-dataset slope analyses in Appendix Table 5.

Step / criterion Classification ~ Regression
Benchmark inventory declared in this paper 222 143
After > 50% numeric feature filter 190 (—32) 127 (—16)
After missing-value drop-off 185 (—5) 125 (—2)
Complete datasets included in this study 138 21

4.1 DATASETS AND TASKS
Our benchmark covers three domains:

1. UCI classification: 222 datasets.
2. UCI regression: 143 datasets.
3. Text classification: 4 datasets (IMDB, Yelp Review Full, SST-2, Financial PhraseBank).

All our datasets are split into train/valid/test fractions 0.70/0.15/0.15, with stratified training split
where applicable. Few shot examples are taken from the training set.

4.2 UCI ELIGIBILITY AND FILTERING

As previously mentioned, we rely on additive Gaussian noise and therefore apply it only to numeric
features. Not all datasets, however, have sufficiently many numerical features available. We there-
fore use explicit exclusion criteria: (i) a minimum proportion of numeric features, and (ii) removal
of datapoints with missing values. If these filters leave too few observations, we skip the dataset.
We summarize the resulting dataset eligibility flow in Table 1.

This filtering reflects a common practical limitation in tabular-LLM evaluation pipelines, where
(1) numeric-only perturbations do not apply to categorical-heavy datasets and (ii) prompt-length
constraints limit how much structured information can be provided to the model (Fang et al., 2024;
Hegselmann et al., 2023; Sui et al., 2024).

The final count of 138 classification and 21 regression datasets reflects those for which we obtained
complete experimental results across all noise levels and repetitions. Extending coverage to the
remaining eligible datasets is discussed in Section 6.

Performance metrics and configuration For the performance metrics we compute confusion
metrics such as F1, precision and recall but rely on accuracy as the primary measure for the classifi-
cation studies. Similarly, we compute Mean Squared Error, Mean Absolute Error for each regression
task while relying on R? as the primary measure for the regression studies. Unless explicitly stated
otherwise, we use n¢onext = 20 few shot examples per prompt. To control prompt length in tabular
settings, we cap the number of features shown per example (10 features maximum). For each level
of noise we repeat the experiment with five independent trials. Finally, evaluation instances are
processed in batches with 500 rows for tabular datasets and 50 examples for text.

Upon concluding the experiments for each dataset, we fit a linear regression to all performance
scores Py, and compute a one-sided ¢-test to decide whether to reject Hy in Equation (7). We
then label the task as sensitive to the noise-response protocol (Algorithm 1) if we detect significant
deterioration, and as insensitive otherwise. Across all statistical tests we use a significance level of
a = 0.05.

5 RESULTS

We present our results in Figures 1 to 3. For the UCI tabular benchmarks, we observe a heteroge-
neous response to the noise interventions: 49/138 (35.5%) classification tasks reject the null hypoth-
esis in Equation (7) and thus exhibit sensitivity to the noise schedule. Similarly, for the regression
tasks we identify 5/21 (23.8%) tasks that react significantly to the noise schedule. One possible
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Figure 1: UCI classification accuracy trajectories grouped by noise sensitivity (Sensitive vs Insensi-
tive). Curves are group means across datasets with 95% CI shading, shown separately for uncorre-
lated and correlated noise.

interpretation is that, on many tabular tasks, the LLM judge relies on shortcuts (e.g., dataset arti-
facts or memorized associations) rather than robust feature utilization, which may contribute to poor
generalization in high-stakes use-cases. Figure 1 shows aggregate accuracy values by sensitivity
group and noise type; we see little difference between uncorrelated and correlated noise in these
aggregated trajectories.

Tabular behavior While our study aimed to identify tasks where the LLM judge fails under con-
trolled interventions, it is notable that a large fraction of UCI tasks are not measurably influenced
by the tested noise patterns. This observation is consistent with recent work suggesting that LLM
performance on tabular prediction remains mixed and strongly dependent on task formulation, rep-
resentation, and prompting choices (Fang et al., 2024; Hegselmann et al., 2023; Sui et al., 2024).

Text-specific behavior We present the per-dataset trajectories in Figure 2, and Figure 3 showing
the aggregate lexical trend. Lexical-noise sensitivity is high across all datasets: all four text datasets
show statistically significant negative slopes under the one-sided deterioration test. IMDB appears
least sensitive, while Yelp Review Full exhibits the largest deterioration. One plausible explanation
is that IMDB is a binary task, where the random-guessing floor is 0.5, whereas Yelp is a 5-class sen-
timent task with a floor of 0.2, making large drops in accuracy more visible under severe corruption.
We provide an illustration of the corruption progression in Appendix Figure 6.

5.1 IN GROUP VS. OUTGROUP INDICATIONS ON TEST-SET

Suppose that a dataset’s sensitivity/insensitivity label is a proxy for whether an LLM judge will
generalize to unseen data; how can we validate this thesis? We hypothesize that an LLM judge that
proved insensitive to our noise-response protocol (Algorithm 1) will generalize poorly to unseen data
in the same domain. To test this, we ran an additional clean-baseline experiment (no additive noise)
and compared baseline performance and variability between datasets labeled sensitive vs. insensi-
tive. Due to time constraints, we limited this analysis to datasets with fewer than 1600 examples,
yielding 124 datasets total (83 insensitive, 41 sensitive). As before, we run 5 repetitions per dataset
and include 20 n¢onexe €xamples from the training set in the prompt. The results are summarized
in Figure 4 and Table 2. Overall, insensitive datasets tend to have lower performance; moreover,
aside from baseline accuracy, dispersion measures (standard deviation, interquartile range, and trial-
to-trial variation) are equal to or more than twice as large for the sensitive group. These patterns
are consistent with the interpretation that insensitivity may reflect memorization or reliance on weak
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Per-Dataset Text Accuracy vs. Lexical Noise Severity
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Figure 2: Per-dataset text accuracy vs lexical
noise severity. Curves show means across five
repetitions, with pointwise 95% confidence inter-
vals.

0.4
00 01 02 03 04 05 06 07 08 09 10
Lexical noise severity

Figure 3: Aggregate text accuracy under increas-
ing lexical noise severity.
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Figure 4: Clean test-set baseline comparison for classification datasets (sensitive vs insensitive):
ECDFs for median accuracy, trial-to-trial standard deviation, and trial range.

cues; however, higher variance in the sensitive group can also arise when predictions are closer to
the decision boundary. For additional breakdowns, see Appendix Table 5 and Table 6.

5.2 ABLATIONS AND SENSITIVITY CHECKS

To guide our model choice, and in particular to assess whether few-shot examples improve per-
formance, we ran model and few-shot ablations with {0, 5, 10, 20} context examples for GPT-40,
GPT-40-MINI, and GPT-5-NANO. As shown in Table 2, all three models benefit from few-shot exam-
ples under a paired 0-shot vs. 20-shot comparison: GPT-40 improves from 0.483 to 0.523 (+4.0%),
GPT-40-MINI from 0.412 to 0.443 (+3.0%), and GPT-5-NANO from 0.487 to 0.515 (+2.9 %). At 20-
shot, the mean-performance ordering is GPT-40 (0.523) > GPT-5-NANO (0.515) > GPT-40-MINI
(0.443), with a significant gap between GPT-40 and GPT-40-MINI (+8.0%). Notably, GPT-5-NANO
has the strongest 0-shot baseline and shows a smaller incremental gain from additional context than
GPT-40; in this ablation, GPT-40 also remains competitive with the GPT-5 family. We treat these
few-shot grid ablations as a methodological check, to verify that (i) few-shot context helps on these
tasks and (ii) performance is meaningfully model-dependent,rather than as an attempt to exhaus-
tively tune the final judge configuration. Accordingly, for the main noise-response study we fix a
single strong setting (GPT-5-MINI with 20-shot context), aiming to operate in a regime where the
judge is sufficiently capable on clean inputs so that any observed insensitivity under noise is less
likely to be an artifact of inadequate baseline capacity.
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Table 2: Test-set baseline comparison (classification). Sensitivity labels derived from training-set
perturbation. Test-set uses clean data only (5 trials/dataset). All values are medians; CIs from 10 000
bootstrap resamples.

Metric Sensitive  Insensitive ~Ratio A Median = 95% Bootstrap CI
Accuracy 0.691 0.618 1.1x +0.073 [-0.036, +0.186]

Std Dev 0.0421 0.0178 2.4x +0.0243  [-0.0013,+0.0394]
IQR 0.0233 0.0116  2.0x +0.0117  [-0.0021,+0.0490]
Range 0.1121 0.0487 2.3x +0.0634  [-0.0067,+0.0956]

Table 3: Ablation summary (mean primary metric =+ std across datasets).

Model 0-shot 5-shot 10-shot 20-shot

GPT-40 0.483 £0.235 0.509 +£0.241 0.514 £0.240 0.523 £0.245
GPT-40-MINI 0412 £0.210 0435+£0.209 0.440+0.212 0.443 £0.213
GPT-5-NANO 0.486 +0.257 0.503 £0.258 0.509 £0.263  0.515 £ 0.266
GPT-5-MINI baseline - - - 0.561 + 0.253

6 LIMITATIONS AND FUTURE WORK

While we believe reported findings are indicative of our original thesis, namely, LLM Judges that
show indifference to dramatic input changes is an indicator of an untrustworthy judge, several
methodological limits remain: Our conclusions are conditional on the chosen perturbation families,
we focus on numeric-only tabular interventions and thus under-represent datasets with substantial
categorical structure, meanwhile our findings are tied to one primary LLM and therefore do not yet
establish cross-model invariance, and finally the linear slope framework favors interpretability but
can miss non-linear deterioration regimes.

An additional limitation is diagnostic depth: we identify sensitive versus insensitive regimes but do
not fully explain why insensitivity appears for specific datasets. While we performed a simplistic
analysis, providing a breakdown by categories of the UCI datasets and their findings (Table 6), a de-
tailed analysis that could fully exonerate potential erroneous interpretations that may not have been
fully explained by the our noise protocol. This includes ablations on prompt structure, experiments
where we incorporate deniability in the model output (allowing the model to decline uncertain exam-
ples) as well as variations on noise schedules not limited by numerical covariates but all covariates
in the dataset. This would allow for a more comprehensive understanding of the extent by which the
model is confidently uninformed or confidently informed of the problem.

Future directions

Next steps are to expand the study across multiple LLM families to test whether trust decisions are
model-invariant or model-specific, extend tabular interventions to categorical and mixed-type fea-
tures for broader UCI coverage, in addition to expanding towards additional text and image datasets
as well, finally we would like to add out-of-distribution plus counterfactual perturbations to separate
true causal signal dependence from potentially spurious sensitivity.

7 CONCLUSION

We introduced an intervention-based calibration protocol for LLM judges under controlled noise.
The main empirical finding is a modality gap: lexical perturbations consistently degraded text per-
formance, whereas additive Gaussian noise elicited a response in only 36% of UCI classification
tasks and 24% of UCI regression tasks. In a post-hoc clean test-set analysis, noise-insensitive
datasets tended to have lower median accuracy, while sensitive datasets showed broader trial-to-
trial dispersion, suggesting that absent sensitivity may reflect brittle or weakly grounded behavior.
Although preliminary, these results are consistent with noise-response sensitivity tracking whether
the LLM judge is grounded in robust, task-relevant signal rather than weak or brittle cues, offering
a principled starting point for improving the reliability and trust in LLM-based judges.
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Table 4: Lexical slope estimates (1), one-sided p-values, and H decisions.

Dataset Lexical 57 One-sided p  Decision
Financial PhraseBank  -0.3687 < 10710 Reject Hy
IMDB -0.2100 <1079 Reject Hy
SST-2 -0.4199 < 10710 Reject Hy
Yelp Review Full -0.4056 <1070 Reject Hy

A ADDITIONAL RESULTS

Al

PER-DATASET TEXT LEXICAL SLOPES

Table 4 lists per-dataset lexical slope estimates for text experiments.

A.2 ALL UCI PER-DATASET SLOPES

Table 5 reports UCI per-dataset slope estimates under uncorrelated and correlated noise, for both
classification (accuracy) and regression (122). This table covers the full set of datasets with complete
per-dataset trajectories in the experiments reported in this paper.

Table 5: Per-dataset UCI slope estimates (1) from linear regression of primary metric on noise severity
(40 — SNRgp), with one-sided p-values for H; : $1 < 0. Buckets are derived using the sensitiv-
ity/insensitivity deterioration protocol defined in Algorithm 1. Classification (n=138): Insensitive=89,
Sensitive (both)=32, Sensitive (corr-only)=11, Sensitive (uncorr-only)=6. Regression (n=21): Insensi-
tive=16, Sensitive (both)=3, Sensitive (corr-only)=0, Sensitive (uncorr-only)=2.

Task Dataset B1 (Uncorr.) p (Uncorr.) (1 (Corr.) p (Corr.) Bucket
Classification abalone -0.0002 0.1896 -0.0007 0.0119 Sensitive (corr-only)
Classification acute_inflammations -0.0002 0.4039 -0.0000 0.4726 Insensitive
Classification adult +0.0008 0.8151 -0.0012 0.1322 Insensitive
Classification android-permissions +0.0000 0.7318 -0.0001 0.2699 Insensitive
Classification annealing +0.0009 0.6829 +0.0023 0.8607 Insensitive
Classification auction_.verification -0.0000 0.1738 -0.0000 0.1047 Insensitive
Classification audiology +0.0002 0.6896 -0.0002 0.2878 Insensitive
Classification autism_screening-adult -0.0002 0.2608 -0.0007 0.0130 Sensitive (corr-only)
Classification autism_screening.children -0.0055 <le -0.0049 < le~* Sensitive (both)
Classification automobile - - - — Insensitive
Classification balance.scale 00087 < le”™®  -0.0076 < le™* Sensitive (both)
Classification balloons +0.0032 0.9774 -0.0014 0.1878 Insensitive
Classification bank_marketing -0.0001 0.2688 +0.0000 0.5582 Insensitive
Classification banknote_authentication -0.0009 0.0874 -0.0004 0.2470 Insensitive
Classification blood-transfusion -0.0001 0.4184 -0.0007 0.0709 Insensitive
Classification bone_marrow-transplant -0.0002 0.2957 - — Insensitive
Classification breast_cancer -0.0006 0.0221 -0.0005 0.0484  Sensitive (both)
Classification breast_cancer_coimbra -0.0002 0.3720 +0.0010 0.9478 Insensitive
Classification breast_cancer_wisconsin_ -0.0010 0.0035 -0.0007 0.0291 Sensitive (uncorr-only)
diagnostic
Classification breast_cancer_wisconsin. 0.0076 < 1le”*  -0.0066 < le~* Sensitive (both)
original
Classification breast_cancer_wisconsin._ +0.0004 0.9005 +0.0000 0.5134  Sensitive (corr-only)
prognostic
Classification car_evaluation -0.0005 0.3019 +0.0001 0.5493 Insensitive
Classification cardiotocography +0.0000 0.5000 +0.0001 0.8262 Insensitive
Classification cdc_diabetes_indicators -0.0003 0.3448 -0.0001 0.4114 Insensitive
Classification census_income -0.0024 0.0038 -0.0002 0.4092  Sensitive (uncorr-only)
Classification cervical_cancer_behavior_ -0.0018 0.0534 -0.0015 0.0940 Sensitive (both)
risk
Classification chess_king_-rook_vs_king -0.0001 0.1147 +0.0000 0.6009 Insensitive
Classification chess_king.rook._vs_king_pawn +0.0005 0.9968 -0.0002 0.0851 Insensitive
Classification chronic.kidney.disease 00035 < le™®  -0.0037 < le™* Sensitive (both)
Classification cirrhosis_survival 0.0036 < 1le”*  -00033 < le”?* Sensitive (both)
Classification ckd._risk_factors +0.0004 0.6566 -0.0007 0.2311 Insensitive
Classification connect._4 -0.0001 0.4264 +0.0010 0.8688 Insensitive
Classification contraceptive method-choice +0.0006 0.8752 +0.0011 0.9872 Insensitive
Classification covertype +0.0002 0.7323 -0.0003 0.2363 Insensitive
Classification credit_approval -0.0009 0.0010 -0.0008 0.0099 Sensitive (both)
Classification cylinder_bands -0.0000 0.1044 +0.0000 0.6225 Insensitive
Classification default.credit_card -0.0020 0.0818 -0.0038 0.0061  Sensitive (corr-only)
Classification dermatology +0.0002 0.6595 -0.0001 0.3545 Insensitive
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Table 5 continued

Task Dataset B1 (Uncorr.) p (Uncorr.) (37 (Corr.) p (Corr.) Bucket
Classification diabetic_retinopathy +0.0001 0.6208 +0.0000 0.5718 Insensitive
Classification dota2_games -0.0000 0.4447 -0.0000 0.4794 Insensitive
Classification drug_consumption -0.0001 0.2661 +0.0000 0.5000 Insensitive
Classification dry_bean -0.0043 <le ? -0.0016 0.0174  Sensitive (both)
Classification early_stage_diabetes +0.0003 0.6591 -0.0010 0.0622 Insensitive
Classification ecoli 0.0039 < le*  -00028 < le~* Sensitive (both)
Classification eeg_eye_state +0.0000 0.5000 +0.0000 0.5000 Insensitive
Classification electrical_grid_stability -0.0000 0.4468 -0.0000 0.2516 Insensitive
Classification fertility -0.0003 0.3350 -0.0009 0.0803 Insensitive
Classification flags +0.0003 0.8951 -0.0000 0.4622 Insensitive
Classification garment_productivity -0.0001 0.0089 -0.0001 0.0020 Sensitive (both)
Classification gender_by_name +0.0000 0.5251 -0.0001 0.2565 Insensitive
Classification glass.identification 00036 < le”™®  -00032 < le™* Sensitive (both)
Classification haberman_survival 0.0018 < le”™®  -00024 < le~* Sensitive (both)
Classification hayes_roth -0.0049 <le -0.0055 < le~* Sensitive (both)
Classification hcv.data 0.0045 < le™®  -00045 < le™* Sensitive (both)
Classification heart.disease 00047 <1le* 00042 < le~* Sensitive (both)
Classification heart_failure_clinical._ -0.0045 <le -0.0041 < le~* Sensitive (both)
records
Classification hepatitis -0.0004 0.0301 -0.0005 0.0170  Sensitive (corr-only)
Classification hepatitis_.c_virus -0.0001 0.0843 +0.0000 0.7298 Insensitive
Classification higher_education_ +0.0002 0.6734 -0.0007 0.0295 Insensitive
performance
Classification horse_colic -0.0015 0.0199 - — Sensitive (uncorr-only)
Classification htru?2 -0.0008 0.0009 -0.0012 0.0006 Sensitive (both)
Classification 1ilpd +0.0019 1.0000 +0.0017 1.0000 Insensitive
Classification image_segmentation -0.0025 0.0507 -0.0044 0.0092  Sensitive (both)
Classification in_vehicle_coupon +0.0000 0.5475 +0.0002 0.7485 Insensitive
Classification ionosphere -0.0001 0.3138 -0.0002 0.0337 Sensitive (corr-only)
Classification iranian.churn +0.0003 0.8269 -0.0004 0.1692 Insensitive
Classification iris 00092 < le*  -00084 < le~* Sensitive (both)
Classification isolet -0.0000 0.2703 -0.0001 0.0344 Insensitive
Classification japanese_credit_screening -0.0001 0.0504 -0.0000 0.1616 Insensitive
Classification lenses -0.0012 0.1729 -0.0005 0.3867 Insensitive
Classification letter_recognition +0.0001 0.8953 +0.0001 0.7859 Insensitive
Classification liver_disorders -0.0010 0.0089 -0.0011 0.0328  Sensitive (both)
Classification lung._cancer -0.0010 0.0368 -0.0008 0.1179 Insensitive
Classification 1lymphography -0.0003 0.3359 -0.0009 0.1317 Insensitive
Classification magic_gamma-telescope +0.0004 0.8297 -0.0003 0.2583 Insensitive
Classification mammographic.mass 0.0048 < le”*  -00036 < le~* Sensitive (both)
Classification maternal-health.risk -0.0030 < le”*  -00032 < le™* Sensitive (both)
Classification molecular_biology-splice +0.0000 0.5000 +0.0000 0.5000 Insensitive
Classification monks_problems 0.0049 < 1le”* 200050 < le~* Sensitive (both)
Classification mushroom +0.0004 0.7615 -0.0005 0.1523 Insensitive
Classification musk_v1 -0.0006 0.2023 +0.0009 0.9304 Insensitive
Classification musk_v2 +0.0005 0.8262 +0.0008 0.8238 Insensitive
Classification myocardial_infarction +0.0000 0.5767 - — Insensitive
Classification nursery +0.0017 0.9731 -0.0015 0.0244  Sensitive (corr-only)
Classification obesity_levels -0.0057 0.0007 -0.0065 0.0001  Sensitive (both)
Classification occupancy.detection -0.0001 0.4307 -0.0003 0.2215 Insensitive
Classification online_shoppers_intention -0.0008 0.1209 -0.0005 0.1880 Insensitive
Classification optical-recognition_digits -0.0000 0.2442 -0.0002 0.0024  Sensitive (corr-only)
Classification ozone_level_detection +0.0023 0.9887 -0.0001 0.4521 Insensitive
Classification page_blocks +0.0001 0.6251 +0.0012 0.9997 Insensitive
Classification parkinsons +0.0005 0.7554 +0.0004 0.7710 Insensitive
Classification pediatric.appendicitis -0.0013 0.0758 - — Insensitive
Classification pen_digits -0.0001 0.3328 -0.0000 0.3256 Insensitive
Classification phishing_websites +0.0000 0.5562 -0.0000 0.4411 Insensitive
Classification poker_hand 0.0027 < 1le”* 00034 < le~? Sensitive (both)
Classification polish_companies_-bankruptcy +0.0000 0.6225 - — Insensitive
Classification post_operative_patient +0.0001 0.5362 +0.0000 0.5115 Insensitive
Classification predictive maintenance -0.0024 <le -0.0016 0.0004 Sensitive (both)
Classification primary.tumor +0.0017 0.9950 +0.0013 0.9707 Insensitive
Classification raisin +0.0006 0.8606 +0.0005 0.8196 Insensitive
Classification raisin_dataset -0.0009 0.0514 -0.0012 0.0052  Sensitive (corr-only)
Classification rice -0.0011 0.0368 -0.0008 0.0726 Insensitive
Classification room_occupancy.estimation -0.0022 0.0013 -0.0030 0.0010 Sensitive (both)
Classification servo -0.0004 0.0990 -0.0007 0.0036  Sensitive (both)
Classification shuttle_landing-control -0.0010 0.1451 +0.0012 0.9140 Insensitive
Classification skin_segmentation 0.0019 < 1le”*  -00021 < le~* Sensitive (both)
Classification solar_flare -0.0007 0.1716 -0.0015 0.0355 Insensitive
Classification sonar +0.0007 0.9702 -0.0000 0.4928 Insensitive
Classification soybean-large -0.0000 0.1196 +0.0000 0.7017 Insensitive
Classification soybean-small +0.0004 0.6823 +0.0024 0.9994 Insensitive
Classification space_shuttle_oring +0.0000 - +0.0000 — Insensitive
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Table 5 continued
Task Dataset B1 (Uncorr.) p (Uncorr.) (37 (Corr.) p (Corr.) Bucket
Classification spambase +0.0029 1.0000 +0.0011 0.9846 Insensitive
Classification spect_heart -0.0028 0.1240 -0.0017 0.2489 Insensitive
Classification spectf_heart -0.0003 0.4461 +0.0008 0.6299 Insensitive
Classification statlog.australian.credit -0.0003 0.0393 +0.0000 0.5028 Insensitive
Classification statlog.german._credit +0.0000 0.6225 +0.0000 0.6225 Insensitive
Classification statlog-heart -0.0021 0.0024 -0.0008 0.1294  Sensitive (uncorr-only)
Classification statlog_image_segmentation -0.0024 0.0008 -0.0040 < le~* Sensitive (both)
Classification statlog.landsat -0.0003 0.1784 -0.0007 0.0112  Sensitive (corr-only)
Classification statlog.shuttle -0.0008 0.0230 -0.0004 0.1356  Sensitive (uncorr-only)
Classification statlog-vehicle -0.0004 0.0842 -0.0004 0.1355 Insensitive
Classification steel_plates_faults +0.0000 0.5000 +0.0000 0.5000 Insensitive
Classification student_academics. +0.0004 0.7696 +0.0001 0.5626 Insensitive
performance
Classification student_performance -0.0000 0.4487 +0.0002 0.9596 Insensitive
Classification taiwanese_bankruptcy +0.0000 0.7339 +0.0000 0.5000 Insensitive
Classification thoracic_surgery +0.0000 0.5000 +0.0001 0.8999 Insensitive
Classification thyroid.cancer_recurrence +0.0000 0.5319 +0.0004 0.7767 Insensitive
Classification tic_tac_toe -0.0002 0.4207 +0.0014 0.9489 Insensitive
Classification user_knowledge-modeling -0.0037 0.0010 -0.0038 < le~* Sensitive (both)
Classification vertebral_column -0.0029 0.0079 -0.0015 0.0986 Insensitive
Classification voting.records -0.0001 0.3331 +0.0001 0.7549 Insensitive
Classification waveform -0.0001 0.2656 -0.0003 0.0547 Insensitive
Classification website_phishing -0.0005 0.2208 -0.0012 0.0251 Insensitive
Classification wine -0.0034 0.0300 -0.0014 0.1969 Insensitive
Classification wine_quality -0.0002 0.2812 -0.0003 0.1623 Insensitive
Classification yeast -0.0003 0.1673 -0.0008 0.0107  Sensitive (corr-only)
Classification youtube_spam -0.0006 0.3147 -0.0020 0.0435 Insensitive
Classification zoo -0.0033 0.0129 +0.0016 0.9152  Sensitive (uncorr-only)
Regression abalone -0.0021 0.0397 +0.0016 0.8358 Insensitive
Regression air_-quality +0.0113 0.9515 -0.0027 0.1011 Insensitive
Regression airfoil_self noise +0.0005 0.7006 +0.0002 0.7177 Insensitive
Regression appliances_energy -0.0003 0.1510 -0.0050 0.1116 Insensitive
Regression auto_mpg -0.0062 <le ? -0.0015 0.2315  Sensitive (uncorr-only)
Regression bike_sharing -0.0005 0.2273 +0.0014 0.9350 Insensitive
Regression combined_cycle_power_plant -0.0018 0.0934 +0.0009 0.7330 Insensitive
Regression computer_hardware -0.0202 0.0018 -0.0099 0.0893  Sensitive (both)
Regression concrete_compressive. +0.0000 0.5064 -0.0008 0.0383 Insensitive
strength
Regression concrete_slump -0.0000 0.3550 -0.0002 0.3203 Insensitive
Regression energy-efficiency -0.0023 0.0549 -0.0028 0.0593 Insensitive
Regression forest_fires +0.0003 0.9083 +0.0003 0.8783 Insensitive
Regression gas-turbine_emission +0.0001 0.6587 +0.0001 0.5411 Insensitive
Regression heart_failure -0.0004 0.2455 -0.0002 0.1847 Insensitive
Regression parkinson_telemonitoring -0.0028 0.0002 -0.0041 0.0071  Sensitive (both)
Regression power_consumption_tetouan +0.0007 0.9513 -0.0000 0.4605 Insensitive
Regression seoul.bike_sharing -0.0033 0.0232 -0.0017 0.1423  Sensitive (uncorr-only)
Regression servo -0.0005 0.1800 +0.0004 0.6813 Insensitive
Regression student_performance -0.0008 0.0918 -0.0007 0.1364 Insensitive
Regression superconductivity -0.0000 0.2025 -0.0001 0.2004  Sensitive (both)
Regression wine_quality -0.0008 0.0941 +0.0002 0.6447 Insensitive

A.3 NOISE-INDUCED DATAPOINT SHIFT VISUALIZATION

Figure 5 illustrates how perturbations shift point clouds and density structure under increasing noise.
Rows correspond to representative datasets; columns compare clean data to uncorrelated and corre-
lated noise at matched SNR.

A.4 BREAKDOWN OF UCI RESULTS BY ADDITIONAL LEVELS

In Table 6 we present a breakdown of the results in our study broken down by several categories of
interest. For the variety of datasets employed in our UCI study, there is little indication of domain or
dataset size dependence. However, we do note possible indications of dependency relative to large
sets of features, which may stem from our deliberate limitation of only employing 10 numerical fea-
tures to mitigate challenges with token length. Similarly it is important to note prompt serialization,
for which we have taken a simple approach of dataset description, metadata and covariate distri-
butions in addition to raw numerical values, comparable to studies such as CLLM (Seedat et al.,

2024).
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Figure 4: 2D Feature Distribution Shift Under Noise - Multiple Datasets
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Figure 5: 2D datapoint and density-shift illustration under noise perturbations Left: clean baseline.
Middle: uncorrelated Gaussian noise. Right: correlated Gaussian noise.

B IMPLEMENTATION AND REPRODUCIBILITY DETAILS

B.1 IMDB LEXICAL PERTURBATION PROGRESSION

In Figure 6 below we show a single IMDB review example and the resulting lexical corruption
sequence at four severities from 0 to 1.
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Breakdown (Count)

Factor / Level Task N Sens. Sensitive % Both  Corr. Unc.

Area of Application
Biology C 14 8 57.]1 nE— 3 3 2
R 1 0 00 0 0 0
Business C 13 3 23] - 2 1 0
R 2 1 50.0 nE— 0 0 1
Comp. Science C 20 6 30.0 n—— 5 1 0
R 7 2 28.6 mmmm 2 0 0
Health/Medicine ~ C 43 17 39.5 m— 13 2 2
R 1 0 00 0 0 0
Physics/Chem C 17 4 235 mmm 2 1 1
R 3 1 333 1 0 0
Social Science C 14 5 357 2 2 1
R 3 0 00 0 0 0
Dataset Size (Samples)
< 500 C 54 23 42.6 N 17 3 3
R 4 2 50.0 N 1 0 1
501 — 1, 000 C 20 8 40.0 nE— 5 2 1
1,001 — 5,000 C 26 6 231 mmmm 4 2 0
> 5,000 C 38 12 31.6 6 4 2
R 10 3 30.0 n— 2 0 1
Feature Count
<10 C 48 23 47.9 I 18 4 1
R 9 2 222 1 0 1
11 —20 C 40 18 45.0 — 13 2 3
21 — 50 C 33 7 21.2 mmm 1 4 2
> 50 C 17 I 59m 0 1 0
R 2 1 50.0 — 1 0 0
Class Count (Classification Only)
2 C 70 21 30.0 n— 12 6 3
3-5 C 33 12 36.4 mm— 10 1 1
6-10 C 22 12 54.5 EE— 7 3 2
> 10 C 12 4 33.3 m—— 3 1 0

Table 6: Sensitivity analysis: Relationship between dataset characteristics and performance deterio-
ration. Bars represent relative sensitivity (%). (C: Classification, R: Regression)

Severity 0.00 (clean)

I rank OPERA as one of the better Argento films. Plot holes and inconsistencies? Sure, but I
don’t think they impair this film as much as many other reviewers seem to. A lot of elements
that are in many of

Severity 0.33 (light lexical noise)
Ir ank [MASK] npe npe [MASK] bette [MASK] iflms. [MASK] oel snad inconsistenicesb? utI tihnk
imapirt his fiml a ass many [MASK] reviewers [MASK] A elemenst th atare in of

Severity 0.67 (medium lexical noise)
I rank [MASK] yoles [MASK] iconsitsneices? Sure ,It hnik hnik film film [MASK] as as A [MASK]

Severity 1.00 (maximum lexical noise)
[MASK] hte and [MASK] [MASK] [MASK] kto [MASK]

Figure 6: Lexical perturbation progression for a random IMDB sample (test_022423, label:
positive), generated with the same corruption pipeline used in the experiments. As severity increases,
token-level corruption and masking rapidly erase lexical signal.
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B.2 PROMPT CONSTRUCTION AND RUN SETUP

System prompt
Each request starts with dynamic dataset context, task definition, label space (or regression
target), and explicit output-format constraints.

User prompt

The user message contains few-shot examples as (X, y) pairs, followed by evaluation rows
as X only. For tabular settings, inputs are restricted to at most 10 numeric features to control
context length.

Run protocol

Each dataset x noise setting is run for five independent trials using fixed random seeds. Text
experiments apply the lexical corruption at the requested severity; tabular experiments apply
Gaussian perturbations under correlated or uncorrelated covariance structure.

Output schema
Model outputs are schema-validated against task-specific constraints (label set for classifica-

tion, numeric parsing for regression). Invalid schema/parse outputs are retried up to 3 times;
otherwise counted missing.
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