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Abstract

Three examples can vary their values while repeating the same kind of input. We parsed the ordinary
tests for all 974 MBPP tasks and classified calls by a declared coarse argument-shape grammar. Every
task had three ordinary calls, but 817 tasks used only one signature; 157 used at least two.
Reference-code control flow accompanied a 14.55 percentage-point higher probability of multiple
signatures after syntax-size, instruction-length, and setup adjustment. This describes the supplied
examples under one static grammar. It does not measure branch coverage, semantic test adequacy, or
model pass rates, and identical shapes can still contain behaviorally important value differences.

Exploratory benchmark-metadata draft. Downloaded programs were parsed without execution;, human scientific review is
pending.
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Abstract

Three examples can vary their values while repeating the same kind of input. We parsed the ordinary tests
for all 974 MBPP tasks and classified calls by a declared coarse argument-shape grammar. Every task had
three ordinary calls, but 817 tasks used only one signature; 157 used at least two. Reference-code control
flow accompanied a 14.55 percentage-point higher probability of multiple signatures after syntax-size,
instruction-length, and setup adjustment. This describes the supplied examples under one static grammar.
It does not measure branch coverage, semantic test adequacy, or model pass rates, and identical shapes
can still contain behaviorally important value differences.

1. A fixed test count can hide repeated structure

Programming benchmarks often provide a small number of visible examples. Counting those examples is
straightforward, but a fixed count does not reveal how much their inputs differ. Three tests may pass three
positive integers of different magnitude, or they may include a negative value, zero, and a positive value.
They can also repeat the same collection structure while changing every contained value. We study this
limited form of input diversity without claiming that it determines whether the tests adequately specify the
task.

The Mostly Basic Programming Problems dataset contains 974 tasks intended for short Python program
synthesis (Austin et al., 2021). Its public records include a natural-language instruction, reference code,
ordinary tests, and additional fields. This combination allows a reproducible static audit of how supplied
examples vary. Our research question asks how often the ordinary calls differ under a declared coarse
grammar and whether reference-code control flow accompanies that diversity after a small set of
descriptive adjustments.

Pairwise-preference training for coding assistants in Tao and Kamata, 2026 motivates making the
evidence for a proposed change inspectable. A preference for one code edit does not remove the need for
useful tests. Our analysis provides no preference labels and evaluates no assistant. It examines one
property of the available benchmark examples that could matter when researchers later interpret code
correctness or design feedback, while leaving the causal effect of more diverse examples unmeasured.

2. Test structure is not program correctness

HumanEval-style generation in Chen et al., 2021, rigorous expanded evaluation in Liu et al., 2023, and the
evolving tasks of Jain et al., 2024 illustrate different ways to assess generated programs. Their evaluation
questions extend beyond the visible shape of a few calls. CodeRL (Le et al., 2022) uses execution-related
learning signals, whereas our workflow deliberately executes neither the downloaded reference programs
nor their tests. A syntactic audit can therefore be reproduced safely while remaining narrower than a
functional evaluation.

Code models such as Li et al., 2023, Guo et al., 2024, Fried et al., 2022, and Guo et al., 2020 differ in their
training and representations. We do not infer their weaknesses from a count of input signatures. An
assistant could fail on several values with the same shape or succeed despite limited visible diversity.



Direct Preference Optimization (Rafailov et al., 2023) and low-rank adaptation (Hu et al., 2022) likewise
describe learning procedures, not guarantees that a benchmark's ordinary examples cover every relevant
behavior.

Empirical-software guidance in Kitchenham et al., 2002 supports an explicit operational definition.
Repository-mining warnings in Bird et al., 2009, label concerns in Herzig et al., 2013, and code-review
observations in Bacchelli and Bird, 2013 all caution against converting a convenient proxy into a
complete assessment of engineering quality. We therefore name the measured construct coarse
argument-shape diversity. Terms such as test coverage, specification completeness, or semantic breadth
are reserved for analyses that actually observe those properties.

3. The signature grammar

We parse reference code and each ordinary test with Python's abstract syntax tree parser. Functions
defined at the reference module's top level supply a set of target function names. Within ordinary test
syntax, we collect calls whose called name belongs to that set, including calls nested inside another
expression. We retain their argument list and keyword names. The procedure is deterministic and does not
evaluate any expression or resolve runtime objects.

Literal booleans are identified before numbers. Numeric literals are divided into negative, zero, and
positive classes; a directly negated numeric literal is handled accordingly. Strings are separated into empty
and nonempty. Lists, tuples, and sets retain their container type and the set of recursively observed
child-shape categories. Dictionaries retain child-shape sets for keys and values. Other expressions are
flagged by abstract-syntax class rather than interpreted as if their runtime value were known.

This grammar intentionally discards most values and container cardinalities. A list of two positive
numbers and a list of five positive numbers therefore share a signature, while an empty list differs from
either. Argument order is preserved; keyword names are included in canonical sorted form. The outer
number of arguments remains visible. These choices define the measured construct, and a different
grammar could produce different diversity counts without either result being a direct measure of test
adequacy.

The task outcome equals one when at least two distinct signatures occur among ordinary reference calls.
We also preserve the number of distinct signatures itself. Challenge tests are excluded from this
calculation and are not silently appended to increase the visible budget. This distinction keeps the
question tied to the ordinary examples a benchmark user might first inspect. It does not imply that the
excluded tests are unimportant or redundant.
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Figure 1. A fixed three-call budget yields a signature-diversity indicator, reference control flow, syntax size,
instruction length, and setup presence describe variation in that indicator.

4. Features and sample integrity

All 974 records parse successfully for the required task and test components, and all contain identifiable
calls to the reference functions. Every task has exactly three ordinary tests and three collected reference
calls. No observation is excluded. Because call count is constant, it is not included as a regression
covariate. Treating it as varying information would create a rank-deficient specification and an
uninterpretable coefficient alongside the intercept.

Reference control flow is indicated by the presence of an if statement, conditional expression, loop, try
statement, match statement, or comprehension node. This includes comprehensions because their iteration
structure can be behaviorally relevant even when the source code is short. We separately count all abstract
syntax nodes and transform that count logarithmically. Instruction length is log one plus
whitespace-delimited word count, and setup presence indicates nonempty test-setup text.

There are 702 tasks with the defined control-flow indicator. The feature does not establish how many
branches execute or whether any test reaches them. A program can invoke control flow through a library
without displaying these nodes, and a visible branch can be irrelevant to the ordinary examples.
Measurement-error cautions in Carroll et al., 2006 therefore apply to both the explanatory feature and the
diversity outcome. They are structural proxies with declared limits.

Missing-data principles in Little and Rubin, 2002 motivate keeping exclusion rules visible even when the
retained count equals the released count. This full retention does not establish that MBPP is representative
of all beginner programming problems or modern coding-assistant requests. The benchmark was
assembled for a particular synthesis purpose. Its public task census provides exact descriptive counts
under our grammar, while population generalization requires an additional sampling argument.



5. Descriptive regression

We fit an ordinary linear probability model of multiple signatures on control flow, log syntax-node count,
log instruction length, and setup presence. HC3 covariance and t-based intervals address
heteroskedasticity in the binary response, following the general framework of White, 1980. No feature
selection based on significance is performed. All four declared covariates remain in the model, and the
constant ordinary-call budget is reported separately.

The interval interpretation concerns hypothetical variation across tasks resembling the retained collection
under the model assumptions. It is not uncertainty about the exact count of 157 diverse tasks in this
release. Shared authorship, task templates, or semantic families could create dependence that HC3 does
not address. The supplied metadata do not provide an adjudicated family hierarchy, so we do not invent
one from surface similarity and present it as verified task clustering.

Agreement and reliability concepts in Bland and Altman, 1986 and Koo and Li, 2016 are relevant to
future manual validation of the grammar. An independent annotation study could compare whether human
reviewers regard our distinctions as useful. We did not conduct that study and do not report inter-rater
reliability. The grammar's deterministic reproducibility is a different property from its content validity as
a measure of meaningful input variation.

Table 1. Associations with at least two ordinary-call signatures. All tasks have three calls; HC3 intervals accompany
the four varying explanatory features.

Model Term Estimate (SE) 95% CI N

M1 Reference control flow 0.1455 (0.0315) [0.0836, 0.2074] 974

M1 Log syntax nodes -0.0958 (0.0227) [-0.1403, -0.0512] 974

Ml Log(1 + instruction 0.0553 (0.0525) [-0.0477, 0.1584] 974
words)

Ml Nonempty test setup -0.1158 (0.0388) [-0.1919, -0.0397] 974

M1: fit R-squared = 0.0307 - - 974

Model labels: M1 = Multiple input-shape associations.

6. What the static audit finds

The signature counts are one for 817 tasks, two for 127 tasks, and three for thirty tasks. Thus 157 of 974
tasks, or about 16.1 percent, meet the declared multiple-signature definition. The remaining tasks are not
automatically poorly tested. Their distinct numeric values, collection lengths, or expected outputs may
exercise important behavior that this coarse grammar intentionally ignores. The result describes repeated
input structure, not duplicated test text.

After adjustment, the control-flow coefficient is 0.1455, with standard error 0.0315 and interval
approximately 0.0836 to 0.2074. Reference syntax size has a negative coefficient of -0.0958, with interval
approximately -0.1403 to -0.0512. Instruction length has an uncertain positive association, while
nonempty setup accompanies a lower diversity probability. The full model R-squared is about 0.0307.
Exact coefficients and covariance calculations are retained in the result file.

The opposing control-flow and syntax-size associations are not contradictory. The first compares the
presence of a broad structural feature conditional on code size; the second compares size conditional on
that feature and other covariates. They cannot establish that adding a branch causes benchmark authors to



choose more diverse tests. Task semantics can influence both the reference program and the selected
examples, and those semantics are not fully represented by four features.

We do not evaluate the regression as a classifier of inadequate tests. Probability calibration in Guo et al.,
2017, proper-scoring ideas in Gneiting and Raftery, 2007, ROC analysis in Fawcett, 2006, and imbalance
considerations in Saito and Rehmsmeier, 2015 would matter for a deployed screening model. Here the
response is a constructed audit indicator, not a verified defect label. Selecting a decision threshold would
add an operational claim for which no independent validation outcome has been collected.

7. Where the grammar is deliberately silent

Two inputs with identical signatures may differ at an algorithm's critical boundary. A positive number
equal to one can behave differently from a larger positive number; a sorted list can differ from an unsorted
list even when both contain positive integers. Conversely, two different signatures may lead through
exactly the same execution path. These examples show why static shape diversity cannot substitute for
branch coverage, mutation testing, or a semantic analysis of the specification.

Nonliteral expressions create another limit. An abstract-syntax call or name can evaluate to many kinds of
object, but our parser records its syntactic category. Evaluating those expressions would require execution
or richer static analysis and would change the workflow. We preserve that uncertainty instead of
fabricating runtime values. A future extension could use a separately validated abstract interpreter, but
should report its unresolved cases and compare against the present deterministic baseline.

Influence diagnostics following Cook, 1977 could locate unusual reference sizes or setup patterns, yet
removing those tasks after observing the coefficients would undermine the declared census audit. The
guidance in Wasserstein and Lazar, 2016 and concerns in loannidis, 2005 similarly support reading the
association as exploratory. The substantive result is the explicit distribution of signatures and its limited
structural association, rather than a significance-based claim that one category of programming task is
intrinsically easier to test.

8. Evidence that can be reused

The grammar also distinguishes diversity from duplication. Three tests with one signature can contain
three different function calls, different expected outputs, and different edge-relevant values. They are not
counted as copied text, and the manuscript does not accuse their authors of redundancy. The audit asks a
deliberately coarser question: whether the types and broad signs or emptiness properties presented to the
function change. That distinction is necessary if the result is to inform example design without overstating
what a static parser has learned about behavior.

A useful manual validation sample could include tasks from each signature-count group and ask reviewers
to identify the behavioral boundaries exercised by ordinary tests. Reviewers should be blinded to the
regression outcome and should use an explicit annotation protocol. Comparing those judgments with the
deterministic grammar would reveal both false reassurance and missed meaningful differences. Until such
evidence exists, a single-signature task is a candidate for closer inspection, not a confirmed specification
defect or a reason to discard the benchmark record.

The fixed call budget makes the descriptive contrast unusually clean. Differences in the outcome cannot
arise simply because one retained task contains ten ordinary calls while another contains only one. They
can still arise from task semantics, author choices, and the grammar's treatment of compound arguments.
This combination of a constant budget and an intentionally limited construct is the principal value of the



audit: it makes one hidden dimension of example design visible while leaving broader adequacy questions
open.

The processing record follows Gebru et al., 2021 by specifying the grammar, call identification rule,
ordinary-test restriction, and constant budget. Wilkinson et al., 2016 motivates retaining the public source
file, task-level features, and executable analysis logic. Downloaded program text is treated as data. No
reference solution, import statement, test assertion, or challenge test is executed to produce the reported
counts and regression.

A useful follow-up would compare the coarse signatures with manually identified boundary cases and
actual execution coverage on a reviewed task sample. Another could test whether additional examples
selected for shape diversity improve a coding assistant under a fresh evaluation design. Neither result
follows automatically from this audit. The present evidence says that a common three-test budget
frequently repeats one coarse input structure, while leaving the adequacy of those tests an open
substantive question.
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