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Abstract

Short coding inputs can still trigger substantial execution work. We extracted unique literal calls from
HumanEval test text and traced screened canonical functions under fixed guards. Of 1,088 attempted
calls, 1,084 completed and four reached the source-line limit. Completed calls executed between one
and 54,713 Python source lines, with a median of nine. Input byte length had an imprecise positive
association with log line count; reference-code size and a loop indicator also contributed to a model with
R-squared 0.330. These are implementation-specific tracing results, not elapsed-time measurements.
They suggest that input length alone gives an incomplete description of this evaluation-work proxy, while
leaving hardware cost and model-generation expense unmeasured.

Bounded execution of screened canonical functions on directly literal test inputs. The study does not measure
coding-model token use, wall-clock speed, or repair correctness.
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measure coding-model token use, wall-clock speed, or repair correctness.

Abstract

Short coding inputs can still trigger substantial execution work. We extracted unique literal calls from
HumanEval test text and traced screened canonical functions under fixed guards. Of 1,088 attempted
calls, 1,084 completed and four reached the source-line limit. Completed calls executed between one and
54,713 Python source lines, with a median of nine. Input byte length had an imprecise positive association
with log line count; reference-code size and a loop indicator also contributed to a model with R-squared
0.330. These are implementation-specific tracing results, not elapsed-time measurements. They suggest
that input length alone gives an incomplete description of this evaluation-work proxy, while leaving
hardware cost and model-generation expense unmeasured.

1. A coding evaluation has more than one resource budget

Generating a program and evaluating a program consume different resources. A prompt may be short
while its supplied input leads to many iterations of a reference implementation. Conversely, a long literal
string can be processed by one compact built-in operation. Counting input bytes therefore cannot by itself
define the amount of computation performed by a test. This article examines one directly observable
proxy for that computation in a public coding resource.

The research question is how literal-input size and reference-code structure relate to executed Python
source lines. We trace the canonical functions supplied with HumanEval, introduced in Chen et al., 2021,
rather than model-generated programs. The data concern reference execution under a declared interface
and guard policy. They cannot establish the cost of producing code, the quality of an assistant's edits, or
the correctness of an unobserved candidate program.

The coding-assistant preference setting in Tao and Kamata, 2026 motivates distinguishing the resources
used to obtain an evaluation signal from the learning procedure consuming that signal. We do not
reproduce its fine-tuning or create preference pairs. The empirical contribution is narrower: an auditable
execution record can show how much variation a simple input-length budget fails to describe, without
claiming an improvement in a coding model.

2. Define the work proxy before interpreting it

We use the tracing interface documented in Python Software Foundation, 2026 to count source-line events
whose code belongs to the captured canonical functions. Repeatedly executing the same line contributes
repeatedly. Calls and generator or comprehension execution can therefore add events without adding new
source text. Python library implementation lines outside the captured source filename are not counted.
This is a specified instrumentation measure, not every instruction executed by the machine.

The distinction is substantial. A single source line can call sorting, regular-expression processing, or
another built-in with considerable implementation work. The hardware-performance perspective in
Williams et al., 2009 concerns effects not recoverable from our event counter. Technical-debt discussion
in Sculley et al., 2015 similarly reminds us that a convenient local measure can omit important system



behavior. We consequently report no speedup, memory saving, or financial cost from a lower traced

count.

Numerical accuracy and execution expense are also separate. The finite-arithmetic issues discussed by
Higham, 2002 and Goldberg, 1991 do not disappear when a program executes few lines. We do not
compare numerical error or choose a cheaper approximation. The endpoint is how the supplied reference
source runs on selected supplied inputs. Its adequacy as a budget proxy must remain distinct from
correctness, arithmetic stability, and application utility.

3. Select literal calls without executing the test harness

The captured HumanEval file contains 164 tasks, each with a prompt, a canonical solution, an entry-point
name, and test text. We parse the combined prompt and canonical solution as Python syntax. The test text
is parsed separately to locate calls to its candidate placeholder. Only arguments directly recoverable as
Python literals are eligible. Generated arguments, variable-dependent arguments, and surrounding test
loops are not executed to create more cases.

That restriction gives a reproducible, bounded interface but changes the evaluated population. Some
benchmark behavior is exercised only through generated or indirect inputs. The analysis therefore does
not claim complete hidden-test coverage or a full HumanEval pass rate. Evaluation concerns raised by Liu
et al., 2023 are relevant precisely because a subset of test evidence should not be advertised as semantic
adequacy of a task or solution.

We remove repeated literal inputs within the same task using a canonical serialized representation of
positional and keyword arguments. An input must serialize to no more than two thousand ASCII JSON
bytes, and each numeric value must have absolute magnitude at most ten thousand. These limits are
declared execution guards, not descriptions of every valid input in the task's prose specification. They
exclude sixteen unique candidate inputs after deduplication.

The extracted subset contains 1,146 literal-call occurrences after the source gate. Forty-two repeated
inputs are removed, leaving 1,104 unique inputs before the guard exclusion and 1,088 attempted calls
afterward. Reporting these stages avoids treating every assertion occurrence as an independent
observation or silently describing omitted dynamic tests as executed. The same source snapshot and
extraction rules define the dataset available for reproduction.

4. Screen the reference source and bound its execution

The source gate permits reviewed function definitions, imports from a small standard-module set,
descriptive strings, and literal module constants. Dynamic evaluation, file access, and system access are
excluded. One task, HumanEval/160, is rejected because its reference uses dynamic expression
evaluation. A module string asking for more tests is treated only as data stored in the source; it is not
followed as an instruction to change the experiment.

Arguments are copied before each call, so a function cannot mutate an input that is later reused. The trace
stops a call after 100,000 executed source lines, with an additional two-second trace guard. Generator
results are materialized under an output cap. The experiment invokes only the screened canonical
functions, not a repository-wide evaluation driver or newly generated code. These choices keep the
measured activity aligned with the declared reference-execution question.

Four calls reach the source-line budget. The other 1,084 complete without a recorded exception, and none
reaches the trace-time guard. We retain all attempted-call records, including the censored ones, while
fitting the cost regression to completed calls only. The resulting outcome distribution is conditional on



completion under the guard. A budget-reaching call is not assigned its unknown eventual cost or
described as a proof of nontermination.

Repository-extraction practices in Bird et al., 2009, empirical-review guidance in Kitchenham et al., 2002,
and the code-review context of Bacchelli and Bird, 2013 support explicit accounting of source units and
exclusions. Defect categories in Herzig et al., 2013 concern another object; our canonical executions are
not a sample of real software faults. The bounded benchmark interface can inform an evaluation-work
description while leaving industrial program behavior and failure mechanisms outside its scope.

5. Record source structure as retrospective information

For each task, we count syntax-tree nodes in its canonical entry function. This is a compact source-size
measure. We also record whether that function contains a loop or comprehension and whether it directly
calls itself. These are properties of the supplied reference implementation, not features available from a
user's prompt alone. A system choosing an evaluation budget before seeing any implementation would
need another model to obtain comparable information.

The control-flow metric discussed by McCabe, 1976 is relevant background, but our loop indicator is
much coarser and is not a cyclomatic-complexity calculation. Syntax-node count is likewise not a proof of
asymptotic time complexity. Two implementations of the same mathematical function can have different
trees, line layouts, and built-in calls. The analysis describes the captured implementation rather than an
invariant computational requirement of the underlying task.

Only two tasks with completed calls have a directly self-recursive reference. We therefore do not report a
separate clustered recursion coefficient as if many independent recursive tasks supported it. The flag
remains in the processed data for transparent description. This choice preserves a limitation of the
available task set instead of allowing a large number of calls within two tasks to create a misleading
impression of broad independent support.

6. Model completed-call line counts

The response is the logarithm of one plus executed source lines. Predictors are the logarithm of one plus
serialized input bytes, the logarithm of reference syntax-node count, and the loop/comprehension
indicator. The transformation moderates a strongly skewed positive count distribution. Count-model
perspectives in Cameron and Trivedi, 1998 offer other approaches to such outcomes, but no Poisson or
negative-binomial comparison is fitted in this article.

Calls from one task share a reference implementation and many aspects of test design. We use
task-clustered covariance following the dependence considerations in Cameron and Miller, 2015, with
160 task clusters, the recorded correction, and a t reference using 159 degrees of freedom.
Heteroskedasticity correction in White, 1980 alone would not account for that repeated implementation.
Related tasks can still share algorithmic structure across clusters, which remains an external-validity limit.
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Figure 1. Screened canonical source and unique guarded literal inputs produce completed-call line counts for a
task-clustered association model.

Table 1. Input-size and reference-structure associations with log transformed executed source lines.

Model Term Estimate (SE) 95% CI N

Ml Log(1 + input bytes) 0.3246 (0.1643) [0.0002, 0.6490] 1084

Ml Log reference syntax 0.8868 (0.1369) [0.6164, 1.1571] 1084
nodes

M1 Loop/comprehension 1.0388 (0.1800) [0.6833, 1.3944] 1084
present

M1: fit R-squared = 0.3301 - - 1084

Model labels: M1 = Reference execution-line association.

This is an explanatory association within the captured completed-call sample. It is not a held-out resource
predictor. Validation issues in Roberts et al., 2017 and model-selection concerns in Varma and Simon,
2006 would matter for using the coefficients to budget new tasks. A future prediction study should
separate tasks during development and evaluation rather than distribute calls from the same
implementation randomly across both sides.

7. Wide execution variation remains under small input guards

Completed calls execute between one and 54,713 source lines, with a median of nine. The large range
exists even after the declared numeric and serialized-size guards. It shows that the selected inputs do not
imply a uniform source-execution burden. The four capped calls also indicate that the completed-call
maximum is not a bound on every attempted reference's eventual work.

The log-input-size coefficient is 0.32462, with standard error 0.16426 and interval 0.00020 to 0.64903.
The interval is wide and sits close to zero at its lower endpoint. We describe an imprecise positive
association, rather than presenting the estimate as a sharply established resource law. Because both
response and input use one-plus transformations, the coefficient should not be treated as an exact
elasticity at every small count.



The log-syntax-size coefficient is 0.88676, with interval 0.61641 to 1.15711. The loop indicator has
coefficient 1.03884, with interval 0.68330 to 1.39439. Model R-squared is 0.3301. These estimates
indicate that source structure adds descriptive information in the selected sample, while leaving
substantial variation unexplained. They do not establish that adding a loop to an arbitrary program causes
a fixed multiplicative change in its runtime.

8. Coding-model evaluation needs additional resource measurements

Systems such as Li et al., 2023, Guo et al., 2024, Guo et al., 2020, Fried et al., 2022, and Le et al., 2022
provide different code-generation or representation settings. None is run here. A canonical reference can
differ greatly from a model-generated implementation in algorithm choice, formatting, imported libraries,
and error behavior. The current coefficients cannot be assigned to those models as estimated generation or
execution costs.

Line counts are also formatting-sensitive. Splitting an expression across source lines or implementing a
loop through a built-in can change the counter without an equivalent change in physical work.
Measurement-error reasoning in Carroll et al., 2006 helps clarify the proxy's limits: the observed counter
is precise under its instrumentation rule, but the relationship between that counter and a desired
hardware-cost construct remains imperfect. We do not repair that gap by calling the proxy compute
without qualification.

Scoring principles in Gneiting and Raftery, 2007 distinguish the measured outcome from a quality
objective. A function can complete cheaply and still give an incorrect answer on another input. We do not
execute the surrounding assertions to assign correctness labels, so completion here means completion
under the guard, not a benchmark pass. This preserves the difference between acquiring a resource
measurement and certifying the semantic adequacy of the reference or a candidate.

9. What can be learned from a bounded execution record

Influence analysis motivated by Cook, 1977 could identify tasks with unusually large leverage or
residuals. Such tasks have not been removed to improve the fit. Guidance in Wasserstein and Lazar, 2016
favors presenting the imprecise input coefficient and the proxy limitations alongside the more clearly
separated structure coefficients. Multiplicity considerations in Benjamini and Hochberg, 1995 would
apply if many source metrics and extraction policies were searched, rather than treating one selected

regression as a universal account of computational cost.

An operational evaluation budget could combine more direct measurements: elapsed time, memory, input
construction, and the consequences of a timeout. It would also need to account for generated programs
that fail or behave unexpectedly. The present study supplies none of those missing outcomes by
assumption. It contributes a preserved call-level record showing why a single easily counted input
quantity is an incomplete description of one reproducible execution-work proxy.

The attempted-call record documents literal extraction, deduplication, input guards, the line-event
definition, completion restriction, and the fitted subset (Gebru et al., 2021). Runtime observability also
appears in Yan, 2026, whose stated topic is production-failure detection through distributed tracing. Our
tracer observes canonical Python source-line events within guarded standalone calls, rather than
interservice context, latency, or failures in deployment. Its counts must remain bound to that
instrumentation boundary. Source structure describes part of their variation beyond input bytes;
translating the relationship into hardware budgets or fault causes needs evidence absent from this
experiment.
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