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Abstract

Small language models are increasingly used as lightweight reasoners over structured records, but their behavior under
tabular distribution shift is poorly characterized. This paper evaluates whether counterfactual feature interventions improve
robustness when rows are verbalized as reasoning examples. We construct an oracle synthetic benchmark of mixed-type
tabular rules with threshold, conjunction, disjunction, exception, and interaction families; generate matched no-augmentation,
random-row augmentation, nuisance-counterfactual, label-preserving perturbation, and decisive counterfactual-intervention
regimes; and evaluate 625 method, shift, rule, and seed cells. Decisive counterfactual intervention augmentation improves mean
out-of-distribution accuracy by 21.3 percentage points over no augmentation and 17.0 points over random-row augmentation,
with bootstrap intervals above zero. It also improves paired counterfactual consistency by 35.5 and 29.4 points over the same
baselines. The original success criterion is only partly met because in-distribution accuracy retention is -2.3 points relative
to the no-augmentation baseline, exceeding the pre-specified tolerance. The evidence supports counterfactual interventions
as a useful robustness stressor and training signal in oracle tabular rule tasks, while limiting claims about real data until
intervention-feasibility and shift manifests are available.

1 Introduction

Language models are now asked to reason over records that look less like prose and more like small databases: patient summaries,
credit applications, experiment logs, audit sheets, and product tables. In these settings, a model is not merely recalling a sentence
from pretraining; it is expected to map a row of features into a decision while respecting which feature actually changes the
answer. This is a robustness problem as much as a reasoning problem. A system that obtains high in-distribution accuracy by
leaning on a spurious field can fail when a deployment population changes, when a shortcut reverses, or when an adversary
perturbs an irrelevant attribute. Such failures are familiar in distribution shift studies [15, 22, 31], shortcut learning analyses
[12], and invariant prediction work [2, 30]. They are also acute for small language models because small models often have
limited capacity to infer latent task rules from sparse prompts, yet they are attractive for privacy-sensitive, low-latency, and
resource-constrained workflows.

Counterfactual examples offer a direct way to test whether a model has learned the feature that matters. Instead of adding
random rows or paraphrases, a counterfactual intervention edits a semantically decisive feature while holding irrelevant features
fixed and recomputing the label under an explicit rule. This idea connects causal reasoning [28, 29], counterfactual data
augmentation in NLP [21, 35], contrast-set testing [11], and behavioral model evaluation [32]. The promise is simple: if a model
repeatedly sees matched rows whose labels differ only because a decisive feature crossed a rule boundary, then the model may
learn a more stable decision rule than it would from random augmentations. The risk is equally simple. Bad counterfactual edits
can be invalid, unrealistic, or causally incoherent; even valid edits may improve a synthetic benchmark without transferring to
real tables where the intervention semantics are contested [20, 26, 36].

This paper tests the falsifiable claim in a controlled setting. The benchmark uses oracle tabular rule tasks rather than
external real datasets so that the decisive feature, irrelevant features, label function, and distribution shifts are known by
construction. The evaluated regimes are matched by rule family, random seed, split, and augmentation budget. The primary
comparison asks whether decisive counterfactual feature intervention augmentation improves out-of-distribution accuracy and
paired counterfactual consistency over no augmentation and standard random-row augmentation, while retaining in-distribution
accuracy within a small tolerance. The answer is mixed. The counterfactual regime gives large positive OOD and consistency
gains, but the in-distribution retention condition is not satisfied. The negative part matters because a robustness intervention that
buys shift performance by giving up too much ordinary accuracy is not a clean win for deployment.

The contributions are:

* We define an oracle benchmark for tabular rule reasoning in which decisive, nuisance, and spurious feature changes can be
separated under known label functions.

* We compare no augmentation, random-row augmentation, nuisance counterfactuals, label-preserving perturbations, and
decisive counterfactual interventions under matched budgets across five rule families and five random seeds.



* We report executed evidence for OOD accuracy, paired counterfactual consistency, calibration, in-distribution retention,
intervention validity, and injected edit-noise sensitivity.

* We identify a boundary condition: decisive counterfactuals help most when edits are valid and oracle-aligned, but the run
does not justify claims for real tables without feasibility manifests.

The broader point is not that synthetic benchmarks settle robust tabular reasoning. Rather, a controlled benchmark can
reveal which part of a counterfactual claim is supported before the same method is moved into noisier domains. This distinction
is especially important for benchmark and challenge design: a positive synthetic result should expose a mechanism and a
reproducible stress test, while a negative or mixed result should identify which deployment assumptions remain untested. The
rest of the paper therefore keeps provenance explicit: the benchmark is an executed local oracle suite, the real-table candidates
are descriptor-only, and claims are stated at the level supported by the evidence.

2 Related Work

Counterfactual data augmentation has been studied most visibly in natural language classification, where human or automatic
edits change a decisive attribute while preserving other content [21, 35]. Its strength is local contrast: examples can expose
features that a model should use or ignore. Its limitation is validity. In text, small edits may accidentally change pragmatics, world
knowledge, or label semantics; in tables, an apparently small field edit can violate causal, temporal, or feasibility constraints.
Contrast sets [11] and CheckList-style behavioral tests [32] share the local perturbation perspective, but they are often evaluation
tools rather than matched training regimes. This work uses the same local-decision-boundary intuition while making the oracle
label function and intervention validity measurable.

Distribution-shift research provides the second foundation. Dataset-shift taxonomies distinguish changes in covariates, labels,
mechanisms, and environments [31]; WILDS and domain-generalization studies show that average validation accuracy can
hide large deployment failures [15, 22]; group distributionally robust optimization emphasizes worst-case groups when group
labels are known [33]. Invariant risk minimization and invariant prediction ask models to rely on mechanisms that remain stable
across environments [2, 18, 30]. These methods are stronger when environments and invariances are correctly specified, but their
assumptions are often hard to verify in natural datasets. The present benchmark chooses a narrower path: it does not claim to
solve domain generalization, but it creates environments where the stable rule and spurious reversals are explicit.

Tabular learning adds a distinct set of concerns. Tree ensembles remain highly competitive on many tabular tasks [4, 10, 14],
and deep tabular methods have a mixed record unless architecture and data regimes are carefully matched [3, 13, 19]. Language-
interfaced tabular systems convert rows into text so that language models can use instruction following, priors, or few-shot
demonstrations [5, 7, 23, 24, 37]. This interface is convenient, but it can obscure whether the model learned a rule or a verbal
shortcut. The benchmark in this paper keeps the row-to-text interface but evaluates rule consistency on paired rows so that
shortcut behavior is harder to hide.

Calibration is another relevant axis. Accuracy alone does not show whether a model knows when it is uncertain; expected
calibration error and reliability diagrams are common diagnostics [16, 27]. In robustness settings, calibration can degrade even
when average accuracy improves, especially if augmented examples shift the confidence distribution. This paper therefore reports
ECE alongside accuracy and paired consistency. The calibration result is not the main positive claim: decisive counterfactual
augmentation improves OOD accuracy and consistency, while calibration remains a diagnostic boundary rather than a solved
objective.

Finally, counterfactual explanations and algorithmic recourse warn that not every counterfactual is a valid intervention
[20, 25, 36]. A loan applicant can sometimes change savings but not age; a criminal-justice score may include historically loaded
fields whose manipulation is ethically and legally fraught [1, 17]. Those concerns explain why the real-data candidates in this run
are not results-visible. Adult Income, COMPAS, Bank Marketing, and Titanic descriptors have known feature schemas [1, 8],
but this run did not include oracle rules, causal edit constraints, shift manifests, or access and license manifests sufficient for
the specific counterfactual claim. The gap motivating this paper is therefore a benchmark gap: before counterfactual tabular
prompting can be evaluated credibly on external data, we need a controlled oracle regime that separates decisive edits from
invalid or merely random augmentation.

A further contrast is with ordinary automated augmentation. RandAugment and related policies are powerful when
transformations preserve labels by design or by empirical convention [6, 34]. In tabular reasoning, however, the same assumption
is often false. Changing income, dosage, count, or eligibility history may change the correct label, whereas changing an
irrelevant identifier should not. The present benchmark therefore treats augmentation as a semantic operation rather than a
generic perturbation. The useful comparison is not counterfactuals versus no extra data alone; it is decisive counterfactuals
versus random rows and label-preserving edits under the same budget.

The study also differs from work that treats tabular prediction as a pure supervised-learning contest. Strong tabular learners
can outperform language-model interfaces on many datasets [3, 14], but the question here is narrower: when a small language
model is used because the interface, explanation style, or deployment stack requires verbalized rows, which examples improve



rule robustness? The benchmark therefore does not claim that language models dominate tree ensembles. It asks whether
counterfactual construction improves a language-model reasoning pipeline relative to plausible prompting and augmentation
controls.

3 Problem Setting

Let R be a finite set of rule families and let S be a finite set of random seeds. In the executed benchmark, R contains threshold,
conjunction, disjunction, exception, and interaction rules, and S = {101,202, 303,404, 505}. For each (r,s) € R x S, the

generator defines a feature space X ; = Xr(,ls) X - XT( s) containing real-valued, binary, and categorical coordinates. A row is
x = (x1,...,24) € Xy s. The oracle label functlon is fr.s : Xprs — {0, 1}, and a verbalization map v, s : X, s — T converts
a row into a text prompt in a token sequence space 7. The model or prompting pipeline is represented as a score function
go : T — [0,1], where gg(v(x)) is interpreted as the predicted probability of label one.

A shift condition is an index e € £, with £ containing in-distribution sampling, covariate shift, spurious-correlation reversal,
irrelevant-feature perturbation, and adversarial counterfactual shift. Each condition induces a distribution P, ; . over X,. ;. The
label remains f, s(z) in all reported conditions, so the benchmark evaluates covariate and nuisance changes rather than concept
drift. This restriction is important: the results do not apply to settings where the target rule itself changes across environments.

We define a decisive intervention operator for a coordinate j as I; ,, : X, s — &, s, where I; , () equals z on all coordinates

except j and assigns a feasible value a € Xr(fs) at coordinate j. An intervention is label-flipping when f, s(I; o(2)) # frs(x)
and label-preserving when equality holds. A valid paired counterfactual in this benchmark satisfies three constraints: exactly one
coordinate changes, the changed coordinate is permitted by the rule family, and the label is recomputed by the oracle. These
constraints are specific to this benchmark and are not borrowed from real-data recourse definitions, though the intervention
language follows the causal literature [20, 28].

For any evaluation set D = {(z;,y;)}1—, with y; = f,. s(z;), accuracy is

n
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For a paired set C' = {(x;, 2)}™ , with oracle labels y; = f(z;) and y; = f(x}), paired counterfactual consistency is
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where §; = 1[go(v(z;)) > 1/2] and g} = 1[ge(v(z})) > 1/2]. Expected calibration error partitions predictions into bins

By, ..., Bk and computes
K
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where acc(By,) is empirical accuracy and conf(By,) is mean predicted confidence in bin & [16]. The primary OOD score averages
(1) over all non-ID shift conditions and all (r, s) cells. The success criterion requires decisive counterfactual intervention
augmentation to improve mean OOD accuracy by at least five percentage points over both baselines, improve paired consistency
by at least ten points across most rule families, and keep ID accuracy degradation within the pre-specified tolerance.

4 Benchmark and Methods

The benchmark also deliberately separates three forms of robustness that are often conflated. Covariate robustness asks whether
the model remains accurate when the marginal feature distribution changes but the rule is stable. Spurious-correlation robustness
asks whether a feature that was predictive in training can be ignored when its association reverses. Counterfactual robustness
asks whether a prediction changes appropriately when a decisive feature changes and other features remain fixed. These are
related but not identical: a model can pass covariate shift by interpolation, fail spurious reversal through shortcut dependence,
and still produce plausible confidence scores. The experimental design therefore reports separate shifts before averaging OOD
outcomes, and it interprets the aggregate only after checking the mechanism-level consistency metric.

The use of small language-model reasoning pipelines also shapes the interpretation. A row verbalization can expose feature
names and values in a human-readable form, but it does not guarantee symbolic execution of the rule. The model may rely on
lexical priors, order effects, memorized correlations from pretraining, or superficial similarities between examples. Counterfactual
intervention augmentation is intended to reduce those degrees of freedom by presenting local contrasts. When two rows differ in



Table 1: Executed benchmark cells and primary measurement roles. The table rewrites the run ledger into manuscript terms: each rule family
is evaluated under five seeds, five regimes, and five shifts, producing 625 method—shift-rule—seed cells. The same cells support the OOD
accuracy, paired consistency, calibration, and budget-discipline claims.

Component  Values Role in the evaluation

Rule families 5 Threshold, conjunction, disjunction, exception, and interaction
rules test different kinds of tabular logic.

Seeds 5 Seeds 101, 202, 303, 404, and 505 provide independent generator
instances for intervals.

Regimes 5 No augmentation, random rows, nuisance counterfactuals, label-
preserving perturbations, and decisive counterfactual interven-
tions.

Shifts 5 ID, covariate shift, spurious reversal, irrelevant-feature perturba-
tion, and adversarial counterfactual shift.

Primary cells 625 Complete factorial evaluation over method, shift, rule, and seed
conditions.

one decisive coordinate, a shortcut tied to an irrelevant coordinate cannot explain both labels. This is why paired consistency is
more diagnostic than ordinary accuracy for the central mechanism.

The benchmark is designed to isolate whether row-level counterfactual interventions teach a decision rule more effectively
than random augmentation. Each rule family defines a different form of feature dependence. Threshold rules depend on a single
numerical boundary. Conjunction and disjunction rules combine binary predicates. Exception rules introduce a default rule with
a local override. Interaction rules require one feature to modulate the effect of another. This spread is small enough for controlled
execution but broad enough to test whether counterfactuals help only on simple monotone boundaries or also on multi-feature
logic.

The evaluated regimes are matched by augmentation budget. The no-augmentation regime supplies the original training or
in-context examples. Random-row augmentation adds extra rows sampled from the same generator without enforcing a decisive
edit. Nuisance counterfactual augmentation changes a feature that should not alter the oracle label. Label-preserving perturbation
augmentation changes a permitted feature while preserving the label. Decisive counterfactual feature intervention augmentation
changes a semantically decisive coordinate and recomputes the label. The distinction matters because random augmentation can
add diversity without teaching a contrast, while nuisance edits can teach invariance to irrelevant features but not necessarily
sensitivity to the decisive feature.

For a training multiset A produced under regime b € 13, the empirical objective can be written as

wa):Mi S Uge(e(2), 1), 4

tl wirea,

where ¢ : [0,1] x {0,1} — Ry is the binary prediction loss used by the lightweight training or prompting surrogate. The
benchmark does not claim that (4) is optimized globally. It uses matched regimes to evaluate the behavioral effect of changing
Ay while holding rule, seed, split, and budget fixed. The reported deltas compare the decisive counterfactual regime with no
augmentation and random augmentation using the same set of non-ID cells.

The executed workflow is compact enough to state directly. For each rule and seed, the generator samples train, development,
ID test, and shifted test rows under the oracle. It then constructs intervention pairs, filters for one-coordinate valid edits,
instantiates the five regimes, evaluates scores on every shift, and aggregates accuracy, consistency, and calibration. Bootstrap
intervals are computed across seed-task units following the nonparametric bootstrap tradition [9]. The analysis uses the pair and
validity audits to guard against a common failure mode: a method can appear robust if its counterfactual examples are actually
random rows or if labels are not recomputed after an edit.

S Experimental Protocol

The run evaluates five random seeds for each rule family. Each seed creates a distinct oracle task instance, including feature
distributions, spurious associations, and shifted test splits. The benchmark uses deterministic generation so that rerunning the
same configuration reproduces the same row sets and intervention pairs. This matters because the comparison is within matched
cells: the decisive counterfactual regime and the baselines are tested on the same rule, seed, and shift, so reported deltas are not
confounded by different task draws.
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Figure 1: Out-of-distribution robustness summary for the executed oracle benchmark. The figure aggregates accuracy deltas over non-ID shift
conditions and shows that decisive counterfactual feature intervention augmentation improves mean OOD accuracy over both no augmentation
and random-row augmentation, with uncertainty intervals above zero. The same evidence also shows the retained caveat: in-distribution
accuracy falls by 2.3 percentage points relative to no augmentation, so the original no-degradation success condition is not fully met.

The primary out-of-distribution score excludes the ID split and averages over covariate shift, spurious-correlation reversal,
irrelevant-feature perturbation, and adversarial counterfactual shift. The paired consistency score uses matched row pairs from
the counterfactual audit. A pair contributes positively only when both original and edited rows receive their oracle labels, as
defined in (2). This is stricter than measuring whether predictions change, because changing in the wrong direction would not
indicate rule understanding. Calibration is summarized by ECE in (3); lower ECE is better, but this run treats calibration as a
diagnostic rather than a success criterion.

All comparisons use confidence intervals over 100 seed-task units for the primary OOD and consistency deltas. The
table sidecars also retain full long-form metrics for every method, shift, rule, and seed cell. The validity audit checks 2,000
constructed pairs in total: 25 rule-seed cells with 80 valid pairs per cell. Every audited cell has a single-coordinate-change
rate of 1.0 and oracle recomputation rate of 1.0, which supports the claim that the decisive intervention condition is not
merely random augmentation under another name. The injected edit-noise analysis then deliberately violates validity at rates
n € {0.10,0.25,0.50} to test whether the mechanism is robust to bad edits.

The protocol treats rule family and seed as the unit of repeated measurement. This choice avoids pretending that thousands
of rows from the same generated task are independent evidence for the augmentation claim. Rows within a task share the
same oracle, feature distributions, and verbalization template; using them as independent units would understate uncertainty.
Aggregating at the seed-task level is a conservative compromise for this benchmark size. It also keeps the analysis aligned with
the practical question: if a practitioner instantiates a new tabular reasoning task with a different rule and sampling seed, how
often does the counterfactual regime improve over the baselines?

The public label Oracle synthetic tabular rule benchmark v1, also referred to in the evidence ledger as the executed oracle
tabular benchmark, is used only for results-visible evidence. Descriptor-only real-data candidates are excluded from the results
section because they did not instantiate the same validity conditions. This distinction is not cosmetic. If a table has no manifest
saying which features may be intervened on, which changes are feasible, and which shifted splits test the intended failure mode,
then a counterfactual edit may conflate intervention, distribution shift, and label noise. The protocol therefore prioritizes fewer,
cleaner executed claims over broader but unsupported coverage.

6 Results

The results-visible evidence unit is the Oracle synthetic tabular rule benchmark v1, the executed oracle tabular benchmark used
for all result claims in this section. It is an executed local benchmark suite, not a descriptor or planned experiment: the run
produced full metrics, bootstrap intervals, intervention-validity audits, edit-noise summaries, and final QA-passed figures. It
matters because it directly tests the stated robustness claim under conditions where the true rule and shifted distributions are
known. The evidence supports two important positive findings and one important negative finding.

First, decisive counterfactual feature intervention augmentation improves OOD accuracy in the controlled regime. The mean
OOD accuracy delta over no augmentation is 0.213 with a 95% interval from 0.166 to 0.264. The mean delta over random-row
augmentation is 0.170 with a 95% interval from 0.127 to 0.214. These values clear the five-point improvement threshold by
a large margin, as summarized in Figure 1 and Table 2. Because the comparison is matched across rules, seeds, shifts, and
augmentation budgets, the result is evidence against the explanation that counterfactual augmentation merely benefits from more
examples.

Second, paired counterfactual consistency improves even more sharply. The decisive counterfactual regime improves



Table 2: Primary bootstrap intervals for decisive counterfactual intervention augmentation. Positive deltas compare the decisive counterfactual
regime against the named baseline over matched non-ID seed-task units. The intervals exclude zero for OOD accuracy and paired consistency,
but the broader success criterion remains mixed because ID retention is negative.

Comparison Metric Mean delta 95% low 95% high
CFI minus no augmentation OOD accuracy 0.213 0.166 0.264
CFI minus random rows OOD accuracy 0.170 0.127 0.214
CFI minus no augmentation Paired consistency 0.355 0.299 0.417
CFI minus random rows Paired consistency 0.294 0.238 0.350
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Figure 2: Mechanism and validity evidence for the decisive counterfactual regime. The figure links paired consistency improvements with
intervention-validity checks, showing that the constructed pairs are not arbitrary extra samples: each audited pair changes one coordinate and
recomputes the oracle label. The result supports a rule-sensitivity interpretation within the oracle benchmark while leaving external validity to
datasets with explicit intervention schemas.

consistency by 0.355 over no augmentation and 0.294 over random-row augmentation, with intervals excluding zero. This
supports the mechanism that decisive edits teach the model to respond to the rule-changing feature. Figure 2 also includes
the validity audit, which verifies that intervention pairs changed one coordinate and recomputed labels under the oracle. The
mechanism claim remains empirical: it is measured in this oracle suite, not proved for all tabular tasks or all language models.

The negative result is the in-distribution retention gap. The decisive counterfactual regime loses 0.023 ID accuracy relative to
the no-augmentation baseline. That drop is small in absolute terms but large enough to violate the pre-specified no-degradation
condition. The result should therefore be read as mixed support for the original hypothesis, not a clean success. In many
deployment settings, a two-point ID loss may be acceptable if OOD failures are costly; in others, especially high-volume triage
or screening, the loss may be unacceptable. The benchmark does not choose that tradeoff for the reader.

Calibration gives a secondary diagnostic. Figure 3 shows that counterfactual interventions do not automatically solve
confidence quality. ECE varies across regimes and shifts, and injected invalid-edit noise tracks the intended invalid rate. At
n = 0.10, the observed invalid rate is 0.110; at n = 0.25, it is 0.239; and at n = 0.50, it is 0.524. These values are useful
because they turn a vague warning into a measured boundary. Counterfactual interventions depend on edit validity. When the
edit generator violates its own constraints, the mechanism that produced gains becomes less trustworthy.

Rule-family variation is important for interpretation. Threshold tasks are closest to a single-boundary decision rule, so
decisive edits can directly place examples across the boundary. Conjunction and disjunction tasks require the model to combine
predicates rather than inspect one value in isolation. Exception and interaction tasks are harder because they require a local
override or a conditional dependence between features. The aggregate result would be less informative if gains came only from
threshold tasks. The long-form metrics retain the per-family cells needed to inspect this issue, and the final figures summarize
the family-level pattern without exposing internal run identifiers.

The benchmark also shows why paired consistency should accompany OOD accuracy. A method can improve OOD accuracy
by exploiting a shifted marginal distribution while still failing local counterfactual pairs. Conversely, a method can improve
paired consistency near the rule boundary while losing some ID accuracy on the dominant distribution. Reporting both metrics
makes this tradeoff visible. In this run, the decisive counterfactual regime improves both OOD accuracy and paired consistency,
while the ID retention caveat prevents the result from being reduced to a single success label.

7 Discussion

The run clarifies what counterfactual feature interventions are good for in this benchmark. They are good at making the model
respond to decisive features under known rule shifts. The OOD and paired-consistency deltas are large, matched, and supported
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Figure 3: Calibration and edit-validity boundary analysis. The calibration panel treats confidence quality as a diagnostic rather than the main
success claim, while the edit-noise panel shows that observed invalid edits track injected noise levels. The takeaway is that counterfactual
interventions are most defensible when the edit generator is valid, oracle-aligned, and audited.

by intervals above zero. This aligns with the intuition behind counterfactual augmentation [21, 35]: examples that isolate the
difference that changes the label can be more informative than extra samples that leave the model free to use shortcuts.

The same run also clarifies what the method does not guarantee. It does not guarantee no loss of ID accuracy. It does not
guarantee calibration improvement. It does not show transfer to real datasets. It does not prove that all counterfactual edits are
beneficial. The validity and eta-noise analyses matter because they locate the boundary of the evidence. When an edit is known
to be decisive, feasible in the benchmark space, and labeled by the oracle, it can help. When those properties are unknown, the
result should be treated as a hypothesis for future validation rather than an established deployment claim.

A useful interpretation is that decisive counterfactuals act as a targeted curriculum. Random-row augmentation broadens
support but may preserve spurious correlations. Nuisance counterfactuals can teach invariance, but if they never flip the label they
may not teach where the decision boundary is. Decisive counterfactuals place examples across the boundary while holding other
coordinates fixed. That local contrast can make the rule easier to infer for a small language model or prompt-based classifier.
The cost is that the curriculum is only as good as the intervention generator.

The executed oracle tabular benchmark also suggests a design principle for future augmentation pipelines. Counterfactuals
should not be generated as unfiltered text transformations or arbitrary cell edits. They should be generated from a representation
that knows the rule-relevant feature, the feasible value set, and the expected label transition. When such a representation is
unavailable, the method should fall back to descriptor-only status or require human validation. This principle is consistent with
recourse and explanation work, where actionability and plausibility are central, but it is adapted here to robustness evaluation
rather than individual explanation.

Another implication is that benchmark reports should separate evidence strength from narrative appeal. Counterfactual
examples are intuitively compelling because they resemble human explanations: one changed fact changes the decision. That
intuition can encourage overclaiming. The executed evidence here is strong for matched oracle shifts and weak for external
transfer. Stating both facts makes the benchmark more useful. It tells method developers where the intervention idea works today
and tells dataset builders what metadata must be added before the same claim can be tested on real tables.

8 Limitations and Future Work

The strongest limitation is dataset fit. The executed oracle tabular benchmark matches the hypothesis where the hypothesis
assumes known ground-truth rules, controlled shifts, and feasible decisive edits. It has low relevance to claims about real tables
that lack those ingredients. Adult Income, COMPAS, Bank Marketing, and Titanic were considered as real-table candidates, but
none was results-visible because the run did not include an oracle-rule manifest, counterfactual edit schema, shift manifest, and
access or license manifest sufficient for this intervention study. This is not a model failure; it is a condition-fit failure.

The second limitation is that the benchmark evaluates a small family of rule structures. Threshold, conjunction, disjunction,
exception, and interaction rules cover useful cases, but they do not capture temporal leakage, relational tables, missingness
mechanisms, causal feedback, or human-in-the-loop data entry. Future work should add rule families with monotonic constraints,
hierarchical categorical features, measurement error, and multiple simultaneous decisive features. It should also evaluate whether
counterfactual interventions remain useful when verbalization templates vary or when row descriptions contain distractor prose.

The third limitation is the ID tradeoff. The original claim required OOD gains without meaningful ID degradation.
The executed run missed that condition. A follow-up should sweep counterfactual density, mix counterfactual and random
augmentation, tune confidence thresholds on development splits, and evaluate whether a smaller number of high-validity



interventions preserves ID accuracy. The eta-noise result suggests that validity filtering should be part of any such sweep.

A fourth limitation concerns model diversity. The benchmark is framed around small language-model reasoning pipelines,
but the run does not exhaust model architectures, prompt formats, decoding choices, or fine-tuning procedures. A stronger
external study would include several small model sizes, a non-language tabular baseline, and a prompt-only versus fine-tuned
comparison. That extension would clarify whether the observed gains come from the verbal interface, from the counterfactual
curriculum, or from generic exposure to boundary examples.

A fifth limitation concerns human semantics. The oracle rules are transparent, but real users may disagree about which
features are decisive, mutable, fair, or policy-compliant. In a medical table, changing age, diagnosis history, or treatment status
has different ethical and causal meanings. In a finance table, mutable financial behavior differs from protected attributes. The
benchmark cannot resolve those disputes. It instead gives a clean test bed for the mechanics that a real deployment would need
to constrain through domain governance.

9 Conclusion

Counterfactual feature intervention augmentation improves OOD accuracy and paired counterfactual consistency in the executed
oracle tabular rule benchmark, outperforming no augmentation and random-row augmentation under matched budgets. The result
supports the central mechanism in a controlled setting: decisive edits can teach a small language-model reasoning pipeline to
attend to the feature that changes the label. The original success criterion is nevertheless only partly met because in-distribution
accuracy retention is negative and because real-data candidates lack the manifests needed for results-visible counterfactual
claims. The paper therefore contributes a benchmarked, bounded result rather than a broad deployment guarantee: counterfactual
interventions are promising for robust tabular reasoning when decisive edits are valid, auditable, and aligned with the target rule.

The practical recommendation is to use decisive counterfactuals as a measured component of a robustness workflow, not as a
universal replacement for ordinary data collection. They are most useful when the task has a well-defined rule, a constrained edit
space, and a validation suite that checks both shifted accuracy and local pair behavior. Under those conditions, they can reveal
and reduce shortcut dependence. Outside those conditions, the first research task is to build the intervention manifest, not to
report headline gains.
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A Appendix: Formal Details

This appendix expands the formal setting used in the main text. For every rule family r and seed s, the benchmark generator fixes
a product space X ; and an oracle f, ;. The oracle is deterministic, so uncertainty in the evaluation comes from sampled rows,
shift conditions, and seed-task variation rather than label noise. A decisive coordinate is a coordinate whose feasible intervention
can change f, s(z) for at least one row in the support of the relevant distribution. A nuisance coordinate is one whose permitted
intervention is designed to preserve the label for the audited pair. These notions are benchmark-specific; they are not asserted for
arbitrary real-world features.

The metrics in (1), (2), (3), and (4) have different validity regimes. Accuracy applies to any labeled evaluation set with oracle
or observed labels. Paired consistency applies only to paired examples with two labels and a known relation between the rows.
ECE applies only to probabilistic scores whose numeric value is meaningful as confidence. The empirical risk expression is a
modeling abstraction for the augmentation comparison; it does not imply convexity, smoothness, or global optimality. These
restrictions are why the paper avoids theorem-level claims about general language-model behavior.

The finite audit for the executed oracle tabular benchmark can be reproduced by checking three predicates for each pair. The
first predicate counts coordinates whose serialized feature values differ. The second verifies that the changed coordinate belongs
to the permitted intervention set for the rule family. The third recomputes the oracle label after the edit rather than copying the
source label. Passing all three predicates is sufficient for the metric interpretation in the proposition, but it is not sufficient for
real-world actionability. Real-world actionability would additionally require causal feasibility, temporal consistency, policy
constraints, and human review for sensitive domains.

Proposition 1. If every audited intervention pair changes exactly one coordinate and recomputes both labels under the oracle
fr.s» then paired consistency in (2) evaluates correctness on the original row and on the edited row under the same rule family
and seed.

Proof. Consider any audited pair (z;, ;) in C. By the audit condition, there exists exactly one coordinate j such that z;; # j
and all other coordinates are equal. The labels used in the metric are y; = f, s(z;) and y; = f, s(x}). The indicator in (2) is one
exactly when the thresholded model prediction equals y; on z; and equals ¥} on x;. Therefore the metric evaluates both members
of the pair against the same oracle rule instance, with the only audited input change being coordinate j. This proves the stated
property. O

The proposition is intentionally modest. It validates the interpretation of the metric under the benchmark audit conditions; it
does not show that a high paired-consistency score implies causal understanding outside the benchmark. If the pair generator
changes more than one coordinate, if the edit is infeasible, or if the label is not recomputed by the relevant oracle, the proposition
does not apply.

B Appendix: Reproducibility and Implementation Details

The executed full run uses five seeds: 101, 202, 303, 404, and 505. It evaluates five rule families and five regimes across five
shift conditions, producing 625 metric cells. The reported bootstrap intervals use 100 seed-task units for the primary OOD and
consistency deltas. The benchmark stores long-form metrics for each rule, seed, shift, and regime, plus a separate validity audit
table and an eta-noise summary. The run was CPU-tractable and deterministic under the saved configuration.

The augmentation budget is matched across regimes. This design is important because otherwise a counterfactual regime
could win simply by seeing more examples. The decisive counterfactual condition uses intervention pairs that flip or test the
oracle-relevant decision boundary. The nuisance and label-preserving regimes provide controls that separate label-changing
contrast from generic perturbation. The random-row baseline provides a standard augmentation control in which extra examples
are sampled without enforcing local contrast.

The implementation uses generated CSV sidecars for metrics and pairs, PDF figures for manuscript graphics, and JSON
summaries for registry and quality evidence. Code paths are intentionally kept out of the prose body, but the package includes
the generator, metrics, symbolic audit, and experiment runner. The symbolic audit checks finite predicates over the generated
benchmark objects rather than proving properties of arbitrary tabular distributions. This distinction keeps the reproducibility
claim aligned with what was executed.

The run records the configuration that determines the rule families, seeds, augmentation regimes, and shift definitions.
Approximation enters through the lightweight reasoning surrogate and through bootstrap interval estimation, not through
stochastic dataset construction after the seed is fixed. The reported confidence intervals are therefore best understood as
uncertainty over generated task instances in this benchmark family. They are not population intervals for all tabular datasets and
not guarantees for a future model release.

A reproducibility check should verify that the PDF figures are regenerated from the same metric tables, that the validity
audit still reports one-coordinate changes and oracle recomputation, and that the primary deltas match the table in the main text.
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If any of these checks fail, the manuscript claims should be downgraded before publication. This is especially important for
counterfactual methods because a small bug in edit generation can silently turn a decisive intervention into a nuisance edit or an
invalid multi-coordinate perturbation.

C Appendix: Extended Result Interpretation

The positive OOD result is robust in the aggregate because both decisive-counterfactual comparisons have intervals above zero.
The comparison against no augmentation is larger than the comparison against random-row augmentation, which is expected
because random rows provide some diversity. The remaining gap against random rows is the key evidence that the local contrast
structure adds value beyond sample count. The paired consistency gain is even more direct because the metric evaluates both
sides of the edited pair under the oracle.

The ID retention result prevents a clean success label. The decisive counterfactual regime drops ID accuracy by 0.023
relative to no augmentation. This may reflect a curriculum tradeoff: examples near the decision boundary improve shift behavior
but can move the model away from the dominant ID distribution. Another possibility is calibration of the decision threshold.
The run does not separate these explanations. A follow-up should evaluate counterfactual density, threshold tuning, and mixed
augmentation schedules.

The eta-noise analysis gives a practical warning. When invalid edit noise is injected at 0.10, 0.25, and 0.50, observed invalid
rates are 0.110, 0.239, and 0.524. The close tracking means the audit can detect validity degradation, but it also means the
method depends on validity filtering. In applications without an oracle, the burden shifts to domain constraints, human review,
causal graphs, or conservative edit policies.

The calibration evidence should be read conservatively. ECE is sensitive to binning, sample size, and score scaling. The
benchmark uses it to detect whether confidence quality obviously improves or worsens under augmentation, but it does not
optimize calibration. A future study could add temperature scaling, conformal prediction sets, or abstention rules. Those
additions would be valuable if the target application uses probabilities for triage rather than only binary decisions.

D Appendix: Real-Data Fit Audit

The real-data candidates were considered because they are familiar tabular datasets, but the study’s assumptions are stronger than
ordinary supervised-learning metadata. A dataset must provide or support an oracle-like rule, a valid intervention schema, a
shift manifest, and access constraints that permit counterfactual editing. Adult Income and Bank Marketing have structured
features, yet common uses of these datasets do not define a causal intervention policy for every decisive feature. Titanic is useful
as a teaching dataset but too small and historically contingent for a serious robustness benchmark. COMPAS raises additional
concerns because labels and features are socially contested and fairness-sensitive.

This fit audit explains why the manuscript does not present those datasets as failed experiments. They are descriptor-only
candidates in this run. Their exclusion narrows the claim but improves the integrity of the result. A future semi-synthetic
extension should choose one candidate, define a rule or label surrogate with stakeholder justification, specify mutable and
immutable features, construct shift splits, and pre-register which interventions are allowed. Only then would a real-table result
test the same hypothesis as the oracle benchmark.

The manifest requirement is also a way to prevent benchmark drift. Without it, a later phase could quietly swap from oracle
rules to observational labels and still call the result counterfactual robustness. That would change the estimand. In the oracle
benchmark, the estimand is rule robustness under controlled shifts. In a real observational table, the estimand might be predictive
stability under historical labels, fairness under constrained recourse, or causal effect robustness. These are different scientific
questions and should be reported as such.

E Appendix: Equation Usage Map

Equation (1) defines the accuracy metric used for ID and shifted test splits. Equation (2) defines the stricter paired counterfactual
consistency metric used to test whether both original and edited rows are classified according to the oracle. Equation (3) defines
the calibration diagnostic used in the confidence analysis. Equation (4) defines the empirical risk abstraction that motivates the
matched augmentation regimes. The equations are included to make the evaluated quantities precise; the empirical conclusions
are supported by the executed benchmark tables and figures rather than by asymptotic theory.
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