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Abstract

Current code generation evaluation measures
functional correctness on well-formed in-
puts that satisfy all input preconditions. This
paradigm has a critical limitation: task de-
scriptions often leave these preconditions im-
plicit, while evaluation filters out inputs that
violate them. As a result, generated code may
achieve high pass@k scores while failing to
enforce the preconditions that the task actu-
ally requires. To address this gap, we intro-
duce ContractEval, a benchmark for evalu-
ating whether generated code enforces such
preconditions—commonly referred to as con-
tracts. Built on HumanEval+ and MBPP+,
ContractEval consists of 364 tasks, each
with three components: (i) descriptions re-
constructed to explicitly state the contracts,
(ii) test cases synthesized through a neuro-
symbolic pipeline that pairs an LLM with
an SMT solver to evaluate whether generated
code satisfies these contracts, and (iii) ref-
erence code combined with contracts. Using
ContractEval to evaluate five representative
open-source code LLMs, we reveal a stark dis-
parity between functional correctness and con-
tract satisfaction. Under standard prompting,
these models achieve pass@ 1 of 75-82% with
0% contract satisfaction. Even when contracts
are explicitly stated in the prompt, the satisfac-
tion rate reaches only 23—41%. This indicates
that current LLMs struggle to satisfy contracts
in their generated code, establishing contract
satisfaction as a crucial and previously over-
looked axis of code generation quality. Our
code is available at https://github.
com/suhanmen/ContractEval.

1 Introduction

Current code generation benchmarks (Chen et al.,
2021; Austin et al., 2021; Liu et al., 2023; Ouyang

“Equal contribution.
Corresponding author.

et al., 2026) have driven strong progress on func-
tional correctness. They measure pass@k (Kulal
et al., 2019; Chen et al., 2021) over well-formed
inputs. Test cases satisfy all input preconditions
by construction. Evaluation then judges generated
code on input—output correspondence alone.

This paradigm leaves a critical blind spot. Real-
world software must reject ill-formed inputs: in-
valid data that violate input validity constraints.
Otherwise, invalid inputs slip through and cause
failures deep inside the program. In practice, de-
velopers widely enforce these constraints with
assert statements at function entry. A statisti-
cal analysis of the most starred Python reposito-
ries on GitHub (averaging 60,898 stars) reveals
that 22% include input-validation assertions inside
their functions, indicating that rejecting ill-formed
inputs via assertions is a standard defensive prac-
tice. Following Design by Contract (Meyer, 1992),
we call such assertion-level checks contracts. De-
spite their prevalence in real-world code, con-
tracts are largely overlooked by current bench-
marks. Surprisingly, this issue persists even in
benchmarks that acknowledge such contracts. Hu-
manEval+ and MBPP+ (Liu et al.,, 2023) al-
ready annotate each task with contracts as a dedi-
cated dataset field. Yet their evaluation suites filter
out every contract-violating input by construction.
Contract satisfaction thus remains unmeasured.

We introduce ContractEval, a benchmark that
fills this gap. ContractEval evaluates whether the
generated code implements contract-satisfying as-
sertions that reject ill-formed inputs. It extends
HumanEval+ and MBPP+ by augmenting each
task with three additions: (i) a contract-aware
description stating input constraints from refer-
ence assertions, (ii) a set of contract-violating
tests (CVTs) that violate a specific contract clause
while remaining feasible under the rest, and (iii)
reference code combined with these contracts.
We construct CVTs through a neuro-symbolic
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pipeline. An LLM translates assertions into SMT
constraints. An SMT solver (Barrett and Tinelli,
2018) then enumerates satisfiable violation com-
binations, yielding precisely targeted test inputs.
Using ContractEval, five code LLMs achieve
0% contract satisfaction with standard prompting.
Their pass@1 on the same tasks ranges from 75%
to 82%. Programs that look correct silently accept
inputs any robust implementation should reject.
This gap is an illusion of correctness that pass@k
cannot detect. Contract satisfaction also shifts un-
der prompt-level interventions. Even when con-
tracts are explicitly stated in the prompt, the satis-
faction rate reaches only 23-41%. However, show-
ing models a small set of CVT examples lifts con-
tract satisfaction further to 49-53%. This improve-
ment preserves 92% of the original pass@1. These
findings indicate that current LLMs still struggle
to satisfy contracts in their generated code. By
exposing this blind spot, ContractEval establishes
contract satisfaction as a crucial, yet previously
overlooked, axis of code generation quality.

2 Related Work

2.1 Code Generation Evaluation

Most code generation benchmarks evaluate mod-
els by executing generated programs on unit tests
and reporting pass@k (Wang et al., 2025; Jain
et al., 2025), which captures functional correct-
ness on well-formed inputs (Chen et al., 2021;
Hendrycks et al., 2021; Li et al., 2022). Recent
extensions (Chen et al., 2023; Liu et al., 2023)
improve coverage by adding stronger or more di-
verse valid tests, yet their evaluation suites still
target only well-formed inputs. In particular, Hu-
manEval+ and MBPP+ (Liu et al., 2023) anno-
tate each task with a dedicated contract field, but
use it solely to filter out contract-violating inputs
from the test suite rather than to evaluate rejec-
tion behavior. As a result, even benchmarks that
already encode validity constraints leave the re-
jection axis entirely unmeasured, and whether a
generated program rejects ill-formed inputs that
violate those constraints remains an open ques-
tion. While adjacent domains like hardware design
have recently begun evaluating LLM-generated
assertions (Pulavarthi et al., 2025), this type of
assertion-aware evaluation remains absent in soft-
ware code generation. ContractEval addresses this
critical blind spot in software benchmarks by in-
troducing a contract-satisfaction axis that executes

contract-violating inputs rather than filtering them
out from the evaluation process.

2.2 Contract Validity and Robustness

Design by Contract (DbC) treats preconditions,
postconditions, and invariants as part of the spec-
ification, and emphasizes checking them in ex-
ecutable conditions such as assertions (Meyer,
1992). Contracts most commonly appear as
assertion-level input validity checks that de-
limit the intended input space. Recently, this
DbC paradigm has been integrated into LLM-
based program synthesis, enabling automated
contract inference (Greiner et al., 2024), natu-
ral language-based formal contract synthesis (Ye
et al., 2026) and test assertion generation (Primbs
et al., 2025), while utilizing explicit contracts
as design constraints to improve accuracy (New-
comb et al., 2025). Despite this growing interest,
prior work on robustness-oriented testing studies
failure-inducing inputs that trigger generic excep-
tions (Zhang et al., 2025; Zhong et al., 2025).
However, a crashing input does not necessarily
correspond to any particular contract assertion.
For instance, consider a function that requires a list
of positive numbers. An input None may trigger a
TypeError regardless of the intended rule, “all
numbers must be positive.” In contrast, contract
evaluation requires tests that intentionally violate a
chosen contract while remaining feasible with re-
spect to others. This distinction highlights the need
for systematic methods that can precisely target
formal contract specifications rather than just trig-
gering arbitrary errors. ContractEval targets this
assertion-level notion of contracts and evaluates
whether the generated programs reject ill-formed
inputs as intended, using reference assertions in
HumanEval+ and MBPP+ as a starting point.

3 ContractEval Benchmark

ContractEval extends each HumanEval+ and
MBPP+ (Liu et al., 2023) task with three addi-
tions: (i) a contract-aware query that states input
constraints explicitly, (ii) a set of verified CVTs
derived from reference assertions, and (iii) refer-
ence code combined with these contracts. Figure 1
illustrates the overall construction pipeline. We
also define metrics that quantify both CVT qual-
ity and contract satisfaction of generated code.
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Figure 1: An overview of our ContractEval construction.

3.1 Contract-Aware Query Reconstruction

Contract-Specification  Alignment Check.
Contract satisfaction evaluation assumes that each
contract captures input constraints either stated
or implied by the task description. However,
irrelevant, overly restrictive, or contradictory
contracts make evaluation noisy rather than infor-
mative. We therefore assess contract—specification
alignment before any downstream analysis using
an LLM judge that reads each task’s description
together with its reference contracts and decides
whether they are consistent. Across 542 tasks that
include reference assertions, 88.04% are judged
specification-aligned. Tasks with misaligned
contracts are excluded from the benchmark.

Query Reconstruction. For each retained task,
we reconstruct a contract-aware query that re-
states the reference assertions as explicit input
constraints. A commercial LLM interprets each
assertion and rewrites the original query to include
the corresponding constraint. This step standard-
izes how contract information is presented to code
generation models and enables controlled compar-

isons that isolate a model’s ability to satisfy explic-
itly stated constraints.

3.2 Contract-Violating Test Construction

CVT Synthesis Pipeline. We propose a two-
stage neuro-symbolic pipeline that combines the
semantic translation capability of LLMs with
the mathematical guarantees of SMT solvers for
strictly satisfying logical constraints. The pipeline
produces CVTs that violate a chosen subset of
contracts while remaining feasible under the rest.
The first stage converts contract assertions into
SMT-LIB constraints over an Algebraic Data
Type (ADT). The second stage enumerates con-
tract subsets, checks their satisfiability, and syn-
thesizes concrete inputs from the resulting combi-
nations of constraints, yielding targeted CVTs.

Formalization with a Canonical ADT Tem-
plate. Programs may accept inputs that com-
bine primitive and structured values. These in-
clude nested containers with mixed element types.
Such inputs are hard to encode in SMT directly.
Most solvers assume statically typed signatures
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and require explicit constructors for structured
data. We address this challenge with a canonical
value ADT embedded in an SMT-LIB template,
as detailed in Appendices G-H. The ADT pro-
vides a unified representation for integers, floats,
strings, booleans, and nested containers. Contracts
are then encoded as SMT constraints over this sin-
gle representation using shared constructors and
auxiliary predicates. This uniform formalization
supports the systematic construction of constraint
sets for any targeted violation combination across
all contract subsets. An LLM automates this pro-
cess by translating reference contracts into ADT-
level constraints. The resulting SMT-LIB instance
is syntactically strict and preserves the semantics
required by the solver.

Combinatorial Synthesis via SMT Solving.
The pipeline generates test cases that cover dis-
tinct and logically feasible violation scenarios.
Specifically, for a task with n contracts, we con-
sider all 2 — 1 non-empty subsets as potential vio-
lation targets. For each target subset, we construct
an SMT query that deliberately negates the tar-
geted contract predicates while enforcing the sat-
isfaction of all remaining predicates. The solver
then evaluates these queries, discarding UNSAT
targets that logically conflict with the enforced
constraints. For each SAT query, the solver re-
turns an ADT-level model assignment, which con-
stitutes a CVT within the encoded space. Finally,
we decode this assignment into an executable test
input by converting ADT constructors into run-
time values and recursively rebuilding nested con-
tainers. This process yields CVTs that are both
precisely targeted and logically consistent, which
then proceed to the feasibility filtering stage.

Feasibility Filtering for CVTs. Test cases syn-
thesized by the SMT solver are logically consis-
tent with the contract predicates. Logical consis-
tency alone does not ensure that an input is suit-
able for evaluating contract satisfaction. A valid
CVT must be functionally feasible while violating
the intended contract. The same input should run
successfully when contract checks are removed,
and should then fail with the intended assertion
when those checks are enabled. If an input instead
crashes with a generic runtime exception, such as
TypeError or IndexError, it reflects func-
tional invalidity rather than contract enforcement.

Accordingly, we filter synthesized CVTs by ex-
ecuting each input on the reference implemen-

tation under two configurations: (i) with asser-
tions removed to verify functional feasibility, and
(i1) with assertions intact to confirm the targeted
violation. As a consequence of this input-level fil-
tering, tasks that fail to retain any functionally
valid CVTs are also excluded from the benchmark.
Combined with the alignment filter from Sec-
tion 3.1, 364 tasks remain for downstream evalu-
ation. The retained tasks ensure that ContractEval
measures contract enforcement rather than robust-
ness to errors.

3.3 Combining Contracts and Code

We integrate the reference assertions into each
task’s canonical implementation to create a
contract-aware reference program. This program
strictly enforces every validity constraint at the
function entry. Specifically, we locate the target
function header using a regular expression an-
chored to the specified function name. This robust
matching reliably identifies the correct signature,
even when helper definitions, imports, or deco-
rators appear in the same file. Immediately after
the matched header, we insert the task’s assertion-
level contracts as a contiguous block preceding
the original function body. The resulting combined
program preserves the functional behavior of the
reference implementation on well-formed inputs
and raises an AssertionError on any input
that violates a contract clause.

3.4 ContractEval Metrics

ContractEval reports four metrics. Assertion vio-
lation capture (AVC) and target specificity (TS)
validate the CVTs themselves. pass@k mea-
sures functional correctness on well-formed in-
puts. Contract satisfaction rate (CSR) measures
whether generated code rejects CVTs.

CVT Quality Metrics (AVC, TS). Let A =
{ai1,...,a,} be the set of contract assertions and
T = {t1,...,tn} be the generated test cases. For
atestcase t € T, let F; C A denote the set of as-
sertions violated when executing . AVC measures
the fraction of generated test cases that success-
fully trigger at least one assertion violation:

{t|teTA|F]> 0}

AVC =
7]

A higher AVC indicates that the generator more
consistently produces CVTs that elicit at least one
assertion failure.
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TS evaluates how each CVT matches its in-
tended contract targets. Let Tye, = {t € T |
|F;| > 0} be the set of tests that trigger at least one
assertion violation. For each t € Tjyeq, let V; C A
denote the set of assertions that ¢ is intended to vi-
olate. TS measures the Jaccard similarity between
the intended target set V; and the actually violated
set F; and averages it over The:

1 |Fy N Vi

[Tl

TS .
|Fy U Vi

tGTneg

A TS of 1 indicates that each test violates exactly
its intended target set. A smaller TS indicates that
a test misses some intended violations, triggers un-
intended violations, or both.

Contract Satisfaction Rate (CSR) To evaluate
contract enforcement against contract-violating
inputs, we use verified CVTs obtained from our
filtering process. Let Tyer = {t1,...,%;} denote
the verified CVT set. For a generated code snippet
C, let Tr; C Tyer be the subset of inputs that C
rejects by raising an assertion failure or an explicit
rejection. CSR quantifies the fraction of verified
CVTs that are rejected by C::

{t|te Ty Nt € Trej}
’Tver|
A higher CSR indicates that the generated code

more reliably enforces the specified contracts by
successfully rejecting contract-violating inputs.

CSR:|

4 Experimental Settings
4.1 Datasets

We evaluate on ContractEval built on Hu-
manEval+ and MBPP+ (Liu et al., 2023). For each
task, we use the reference well-formed tests to
measure functional correctness and a set of ver-
ified CVTs to measure contract satisfaction. Ta-
ble 1 summarizes the benchmark statistics: Con-
tractEval comprises 364 tasks with an average of
2.29 assertions per task, 2.89 satisfiable violation
combinations per task, and a total of 4,907 verified
CVTs after feasibility filtering.

4.2 Prompting Conditions

We probe ContractEval under three prompting
conditions to assess how sensitive contract sat-
isfaction is to the information available in the
prompt. The standard condition uses the ref-
erence natural-language query. Contract spec-
ification (CS) uses the contract-aware rewrite

Table 1: Distributional statistics of contracts and gen-
erated CVTs in the ContractEval benchmark.

Metric Value
Average Assertions per Task 2.29
Average SAT Subsets per Task 2.89
Average CVTs per Task 13.48
Total Verified CVTs (Filtered) 4,907

from Section 3.1. Example-augmented specifica-
tion (EAS) further appends verified CVTs as con-
crete examples of inputs that should be rejected.

4.3 Evaluation Metrics

ContractEval introduces three dedicated metrics as
detailed in Section 3.4. AVC and TS validate the
quality of generated CVTs. CSR directly measures
whether generated code rejects contract-violating
inputs by executing CVTs against the implemen-
tation, providing a definitive signal of contract
satisfaction. We retain pass@k on well-formed
tests to track functional correctness. As supple-
mentary analysis, we additionally report CODE-
BLEU (Ren et al., 2020) and an LLM-as-judge
score, which approximate the syntactic and se-
mantic quality of generated assertion checks but
do not verify actual rejection behavior.

4.4 Evaluated Models

We employ o4-mini as the primary en-
gine for contract-violating test case genera-
tion and contract-aware query reconstruction,
and as the LLM-as-judge. We justify select-
ing o4-mini over larger models in Ap-
pendix C. For our code generation experiments,
we evaluate a set of open-source models in-
cluding gemma-3-12B-it (gemma-3), DeepSeek-
R1-Distill-Qwen-14B  (DeepSeek-R1), Qwen3-
14B (Qwen-3), Phi-4-reasoning (Phi-4), and Phi-
4-reasoning-plus (Phi-4-plus). We provide de-
tailed implementation settings in Appendix D for
completeness and reproducibility.

5 Main Results

We use ContractEval to measure how well cur-
rent LLMs generate contract-checking assertions
alongside the functional body. Functional correct-
ness is reported as pass@1 on well-formed tests,
and contract satisfaction is reported as CSR on
verified CVTs. We compare three prompting con-
ditions from Section 4.2: Standard, CS, and EAS.
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Table 2: Functional correctness and contract satisfaction in code generation. Adding contract descriptions (CS)
helps, and adding a few ill-formed examples (EAS) yields large gains in contract satisfaction.

. Functional Contract Satisfaction

Model Instruction
pass@1 (1) CSR(T) CodeBLEU (1) LLM-as-judge (1)
Standard 80.81% 0.00% 0.00% 0.00%
DeepSeek-R1  CS 73.29% 27.24% 34.29% 53.05%
EAS 70.87%  52.66% 54.51% 81.49%
Standard 81.76% 0.00% 0.00% 0.00%
gemma-3 CS 74.75%  22.69% 29.97% 41.74%
EAS 69.56% 48.54% 48.88% 72.04%
Standard 75.39% 0.00% 0.00% 0.00%
Phi-4 CS 71.29%  40.71% 46.66% 69.33%
EAS 72.99%  50.73% 50.86% 75.63%
Standard 75.97% 0.00% 0.00% 0.00%
Phi-4-plus CS 70.83%  38.24% 44.38% 65.31%
EAS 73.21% 50.94% 51.04% 75.98%
Standard 74.79% 0.00% 0.00% 0.00%
Qwen-3 CS 70.62%  24.29% 35.05% 49.71%
EAS 69.65% 51.83% 53.30% 77.27%

Standard Prompting Produces an Illusion of
Correctness. Table 2 shows that the standard
prompt yields 0% CSR for every base LLM de-
spite 75-82% pass@1. The models implement the
requested functionality, yet they do not reject even
a single CVT. We read this as evidence that stan-
dard natural-language task descriptions lead mod-
els toward implementing functionality without in-
put validation. Writing a function that “returns the
number of odd digits in a list of strings” invites
an implementation rather than a rejection policy.
The description says nothing about what types or
ranges the inputs must satisfy, so the model has no
textual cue to insert an input-validation check. Be-
cause pass@k only executes well-formed inputs,
the absence of input validation slips past the eval-
uation. ContractEval exposes this gap by execut-
ing CVTs that a contract-respecting implementa-
tion should reject rather than silently accept.

Explicit Contracts Close Most of the Gap. CS
lifts CSR by 23-41%p over the standard prompt.
The range is wide and uneven across models.
The variation suggests that translating the contract
clauses surfaced in CS into assertion code depends
heavily on how the model parses modifiers such as
“positive integer” or “non-empty list”. EAS yields
the largest gains, adding another 10-30%p on top

of CS. On average, EAS achieves 50.94%p CSR
improvement over the standard prompt and pre-
serves 92% of the original pass@ 1. The preserved
pass@]1 deserves attention. It indicates that con-
tract checks are largely additive to the functional
body rather than a substitute. The small pass@1
drop therefore reflects a mild interference effect,
not a structural trade-off between them.

Auxiliary Metrics Agree with CSR. Code-
BLEU and LLM-as-judge both score 0% under
the standard prompt, because the generated code
contains no contract-checking assertions to com-
pare against. Under EAS, the two scores exceed
CS by 13.65%p and 20.65%p. The LLM-as-judge
gap is the larger of the two because LLM-as-judge
evaluates whether generated assertions check the
same conditions as the reference, while Code-
BLEU measures token overlap. In Python, asser-
tion syntax is compact enough that semantically
different checks can share most of their tokens,
which inflates CodeBLEU and narrows its gap.
The wider LLM-as-judge gap, therefore, suggests
that EAS assertions check the right conditions, not
merely that they are present.

Contract Satisfaction Does not Saturate, Even
Under EAS. When we restrict the evaluation to
tasks where the generated program already scores
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Table 3: Alignment rate of contract specification judg-
ments across different evaluators on a 100-task sample.

Evaluator Alignment Rate
Human evaluation 92.00%
GPT-40 96.48%
Gemini-3-flash 97.80%

pass@ 1= 100%, the mean CSR lies in the 51%—
59% range across models. Even when a program
solves the task correctly, it still misses close to half
of the contract clauses that the reference enforces.
A perfect pass@1 does not entail a high CSR be-
cause the two metrics capture different proper-
ties: pass@1 tests whether the function computes
the right output on valid inputs, while CSR tests
whether it rejects inputs that violate the contract.
Solving the task and guarding its boundary are
separate objectives, and evaluating only the former
leaves the latter unmeasured. We provide an analy-
sis of this conditional behavior across models and
prompting conditions in Appendix J.

6 Analysis

Our analysis has two goals. Sections 6.1 and 6.2
examine whether ContractEval itself is trustwor-
thy as a measuring instrument for contract satis-
faction, covering the reliability of the alignment
filter and the precision of the generated CVTs.
Sections 6.3, 6.4, and 6.5 then use the bench-
mark to interpret how code generation models ac-
tually behave. Section 6.3 shows that functional
failure demonstrations alone do not induce con-
tract checks, no matter how many are added to
the prompt. Section 6.4 then asks whether popu-
lar prompting techniques layered on top of EAS
improve the pass@1 versus CSR trade-off. Sec-
tion 6.5 extends the study to commercial LLMs
and shows that contract failure persists at scale.

6.1 Alignment Reliability

Contract satisfaction evaluation only makes sense
when the reference assertions capture what the
task description actually asks for. HumanEval+
and MBPP+ provide reference assertions as a
dataset field, but they do not guarantee semantic
consistency between those assertions and the nat-
ural language task description. We filter tasks us-
ing an LLM judge in Section 3.1. A single judge
model may be biased, so we validate this filter

Table 4: Comparison of contract-violating test cases
generated by o4-mini and by ContractEval (ours).

Method AVC (1) TS (1) Average (1)
04-mini 97.58% 72.69%  85.13%
ContractEval (ours) 94.11% 84.92%  89.52%

with two independent checks: human evaluation
and cross-model agreement.

Two computer science experts assessed the se-
mantic alignment on a 100-task sample and re-
solved disagreements by discussion. They agreed
with the filter on 92.00% of tasks. The remain-
ing 8.00% were cases where the original assertions
over-constrained vague natural-language prompts.
For example, while the text might broadly ask for
“a list”, the assertion explicitly narrows the ele-
ment types down to integers. Re-running the filter
with GPT-40 and Gemini-3-flash produced align-
ment rates of 96.48% and 97.80%, as summarized
in Table 3. The three rates—from one human pair
and two LLM judges—fall within a 6%p band.
The band is narrow enough to treat the filtered task
set as reflecting a shared judgment across evalua-
tors rather than an artifact of any single judge.

6.2 Precision of Generated CVTs

A useful CVT violates exactly the contracts it is
supposed to violate. If it trips additional unrelated
assertions, or fails before any assertion fires, it
measures something other than contract enforce-
ment. We compare two generators along this pre-
cision axis. A direct o4-mini baseline gener-
ates ill-formed tests without SMT assistance. Our
neuro-symbolic pipeline pairs an LLM translation
step with an SMT solver.

Table 4 summarizes the outcome. Both ap-
proaches reach high AVC, with 97.58% for the
LLM baseline and 94.11% for ContractEval. The
more informative number is TS, which rises
from 72.69% to 84.92% under our pipeline. The
12.23%p gap indicates that our CVTs land on the
intended target set much more often than the base-
line does. When the LLLM baseline reaches high
AVC, it typically does so by triggering whichever
assertion is easiest to violate, even if that assertion
is not the chosen target. The SMT step removes
this ambiguity, because the solver returns only in-
puts that satisfy the exact combination of violated
and satisfied clauses that we asked for.

The slight AVC drop for our pipeline is a di-
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Figure 2: Contract satisfaction of generated code un-
der three prompting settings. Standard and negative-
example prompts yield 0%, while the contract prompt
achieves approximately 50%.

rect consequence of this precision. The LLM base-
line spends most of its budget on easy-to-violate
clauses, which keeps AVC high but leaves harder
target combinations untouched. Our pipeline in-
stead enumerates every feasible combination, in-
cluding those that require tightly constrained in-
puts such as a non-empty list of positive integers
with a bounded length. Such combinations are in-
trinsically harder to satisfy, and some do not trig-
ger any assertion. This marginally lowers AVC but
substantially broadens the space of contract com-
binations that the benchmark actually covers.

We view this trade-off as favorable for con-
tract evaluation. Contract enforcement in real code
must hold across interacting clauses, not just the
one that is easiest to violate. A benchmark that
pins down precise targets therefore gives a cleaner
signal of whether a generated program respects
the full contract, rather than whether it happens
to catch the single weakest link. A case study of
baseline-specific failure patterns, including logi-
cally contradictory target subsets produced by the
direct LLM approach, appears in Appendix E.

6.3 Functional Failure Demonstrations vs.
Contract Checks

Contract-level prompting such as EAS lifts CSR
from 0% to roughly 50%. We now exam-
ine whether functional failure demonstrations—
wrong input—output pairs on well-formed inputs—
can achieve a similar effect.

We compare three prompting conditions. The
standard prompt uses the reference natural-
language description. The negative-example
prompt augments the standard prompt with a
small set of wrong input—output pairs for the

Table 5: Comparison of additional prompting strate-
gies. Multi-turn recovers pass@1 while maintaining
competitive contract satisfaction.

Model Instruction  pass@1 (1) CSR (1)
EAS 70.87%  52.66 %
DeepSeek-R1 + CoT 61.11% 35.00%
+ Multi-Turn = 72.96%  45.44%
EAS 69.56%  48.54%
gemma-3 + CoT 70.46%  50.37%
+ Multi-Turn  71.34%  49.26%
EAS 72.99% 50.73%
Phi-4 + CoT 3.66% 1.91%
+ Multi-Turn  71.88%  46.58%
EAS 73.21% 50.94 %
Phi-4-plus + CoT 0.00% 0.00%
+ Multi-Turn  77.42%  48.52%
EAS 69.65% 51.83%
Qwen-3 + CoT 71.13% 45.24%
+ Multi-Turn = 71.70%  49.23%

same task. Consider a function that should map
the input O to the output 1. A negative example
takes the form “input 0, output 3, with the output
explicitly marked as incorrect. Such examples
encode functional mistakes on well-formed inputs
and do not touch the input boundary. The contract
prompt is our EAS setting: a contract-aware
description paired with CVTs.

Figure 2 summarizes the outcome. The
negative-example prompt stays 0% across models,
indistinguishable from standard, while the con-
tract prompt lifts CSR to roughly 50%. The reason
is a mismatch of semantic layer. A wrong-output
example signals that a particular input-output
mapping is incorrect. It concerns the function’s
behavior on a valid input. The model may adjust
the function body. It has no reason to add an
assert at the function entry, because the input
itself was never flagged as invalid. Contract-level
prompting operates at a different layer. The
contract-aware description names invariants in a
form that the model can translate into contract
checks, and the CVTs anchor those checks with
concrete ill-formed inputs. The two together carry
boundary-level information, which a contract
check actually encodes. A bug report and a
contract violation look similar on the surface, but
only the latter speaks the contract language.
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6.4 Effect of Prompting Strategies

After establishing that EAS is effective for
eliciting contract-aware behavior, we analyze
whether additional prompting techniques im-
prove the trade-off between functional correctness
and contract satisfaction. We consider Chain-of-
Thought (CoT) prompting and a refinement-style
multi-turn strategy that first generates a solution
with functional logic and then refines the code
with contract information. Table 5 summarizes the
impact of these techniques across our base LLM:s.

While CoT yields small pass@1 gains of under
1.5%p for gemma-3 and Qwen-3, it frequently de-
grades both pass@1 and CSR for the remaining
models. More critically, CoT catastrophically fails
on Phi-4 and Phi-4-plus, collapsing both pass@1
and CSR to 0-4%. This suggests that CoT is
not appropriate in our setting, where the output
must remain executable and simultaneously reject
CVTs as intended.

In contrast, the multi-turn strategy is stable
across models and improves functional correct-
ness over EAS in most cases, raising pass@1
by 1.8%p on average. For instance, Phi-4-plus
increases pass@1 from 73.21% to 77.42%, and
DeepSeek-R1 increases from 70.87% to 72.96%.
This gain is typically accompanied by a modest
drop in CSR of 2-7%p, indicating that refinement
tends to prioritize preserving functional behavior
over implementing every contract check.

Overall, EAS remains the strongest single-turn
strategy for contract satisfaction, while the multi-
turn strategy is the most reliable way to boost
pass@1 on top of EAS. None of the tested prompt-
ing variants achieves both high pass@1 and near-
perfect CSR, motivating future methods to be eval-
uated under ContractEval.

6.5 Contract Failure in Commercial LLMs

Our main results use open-source models in the
12-14B range, leaving open whether stronger
commercial models behave differently once con-
tract information reaches the prompt. We evaluate
GPT-40 and Gemini-3-flash on a 100-task sam-
ple drawn from ContractEval under the same three
prompting conditions.

Table 6 shows that commercial models repro-
duce the open-source pattern rather than escap-
ing it. Under the standard prompt, GPT-40 and
Gemini-3-flash reach 90.04% and 94.46% pass@1
with 0% CSR, confirming that without explicit

Table 6: Functional correctness and contract satisfac-
tion of commercial LLMs on a 100-task sample.

Model Instruction pass@1 (1) CSR (1)
Standard 90.04 % 0.00%
GPT-40 CS 81.58%  36.09%
EAS 75.45%  56.51%
Standard 94.46 % 0.00%
Gemini-3-flash CS 86.57%  36.02%
EAS 86.44%  62.94%

contract information in the prompt no model en-
forces contracts regardless of scale. CS lifts CSR
into the 36% range for both commercial mod-
els, and EAS extends this further to 56.51% for
GPT-40 and 62.94% for Gemini-3-flash. Even at
larger scale with contract-aware prompts, roughly
40% of CVTs remain silently accepted. Therefore,
scale improves contract satisfaction but does not
eliminate the gap, and contract-aware prompting
remains necessary at every scale.

7 Conclusion

ContractEval reframes code generation evalua-
tion by testing not only functional correctness
on well-formed inputs, but also whether gener-
ated programs reject CVTs via intended asser-
tions. Built on HumanEval+ and MBPP+, Con-
tractEval augments each task with three compo-
nents: (i) a contract-aware query that restates in-
put constraints explicitly, (ii) a set of contract-
targeted CVTs constructed through a neuro-
symbolic pipeline that pairs an LLM with an SMT
solver, and (iii) a reference program that combines
the canonical implementation with its assertion-
level contracts. ContractEval further introduces
dedicated metrics to quantify both the precision of
generated CVTs (AVC and TS) and the contract
satisfaction of generated programs (CSR). Empir-
ically, we find that standard prompts for code gen-
eration yield 0% contract satisfaction, failing to
reject CVTs. This reveals a blind spot in conven-
tional benchmarks. By contrast, EAS raises mean
contract satisfaction from 0% to 50.94% while
preserving 92% of the standard prompt’s pass@1.
Overall, ContractEval provides a benchmark and
methodology for evaluating assertion-level con-
tract checks as an essential axis of robustness in
LLM code generation.
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Limitations

ContractEval is designed to make assertion-level
contract satisfaction measurable and comparable,
but several practical constraints define its current
scope and point to natural extensions.

Scope of contracts. ContractEval derives con-
tracts from reference assertions, which may be in-
complete with respect to all validity constraints
that developers intend. We mitigate misalignment
by filtering tasks whose assertions are judged in-
consistent with the natural-language specification,
but ContractEval does not claim to exhaustively
capture every invalid input boundary for each task.

Coverage of invalid inputs. CVTs are clause-
targeted and feasibility-checked, but they still
represent a finite set of contract-violation pat-
terns. They may not cover all semantically in-
valid inputs (e.g., distributional shifts, adversarial
edge cases, or domain-specific constraints not ex-
pressed as assertions). Future versions could com-
bine ContractEval’s targeted CVTs with comple-
mentary robustness tests (e.g., fuzzing-style per-
turbations) while preserving interpretability.

Cost and evaluation dependencies. SMT enu-
meration and feasibility filtering introduce compu-
tational overhead compared to purely LLM-based
test generation, and any auxiliary model-based
judgments (e.g., contract—specification alignment
checks or semantic scoring) may inherit bias from
the judge model. Reducing reliance on model-
based judgments and improving efficiency are
practical directions for scaling ContractEval. We
detail the computational costs of our construction
pipeline, including execution time measurements
for the filtering process, in Appendices A—B.
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A Computational Cost of CVT
Generation

Table 7 details the computational time cost for
CVT generation across the entire dataset. Generat-
ing the complete benchmark requires 126.89 min-
utes of o4-mini inference and 228.23 minutes of
SMT solver operations.

While the SMT solver introduces additional
construction time, this computational investment
significantly enhances TS. The SMT-based filter-
ing pipeline achieves a TS score 12.23%p higher
than relying solely on o4-mini. Rigorous feasibil-
ity checks guarantee the logical consistency of ev-
ery synthesized test case. Consequently, this sub-
stantial improvement in precise target specificity
and absolute structural validity fully justifies the
supplementary runtime cost.

Table 7: Computational time cost for CVT generation
across the entire dataset.

Model Time Cost (min)
o4-mini 126.89
SMT solver 228.23

B Efficiency of Feasibility Filtering

Table 8 reports the minimal computational time
required for the final feasibility filtering phase.
The ContractEval pipeline completes this entire
validation process in merely 1.75 minutes across
the complete benchmark. Such rapid execution
demonstrates that the rigorous quality control
step imposes virtually no overhead on the overall
construction timeline. Consequently, the pipeline
seamlessly integrates strict feasibility checks with-
out sacrificing operational efficiency.

Table 8: Computational time cost for feasibility filter-
ing.

Pipeline Feasibility Filtering (min)

1.75

ContractEval

C Sensitivity to LLM Engine Selection

Various commercial models struggle with gener-
ating valid CVTs. Table 9 compares AVC and TS
across o4-mini, GPT-40, and Gemini-3-flash.
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The empirical results reveal a clear trade-
off rather than a uniform performance advan-
tage. GPT-40 and Gemini-3-flash improve TS
scores, achieving 78.73% and 84.18%, respec-
tively, against the 74.11% of o4-mini. However,
they concurrently experience a noticeable drop
in AVC, falling from 98.68% to 93.41% and
95.70%, respectively. Because stronger models
fail to maximize both metrics simultaneously,
deploying them incurs unnecessarily high com-
putational and financial costs without delivering
strictly superior generation. Therefore, we employ
04-mini as our primary LLM engine.

Table 9: Comparison of AVC and TS across different
models, evaluated on a 100-task sample.

Model AVC TS
04-mini 98.68% 74.11%
GPT-40 93.41% 78.73%
Gemini-3-flash  95.70%  84.18%

D Implementation Detail

We wuse o4-mini for contract-violating
test generation, contract-aware query re-
construction, and LLM-as-judge, with

temperature = 1.0 and num_samples = 1
per query. For open-source code generation,
we run inference with batch_size = 10,
num_samples = 1, max_length = 4096,
and max_new_tokens = 2048. All experi-
ments are conducted on 2xNVIDIA RTX A6000
GPUs and an AMD Ryzen Threadripper 3960X
(24-core) CPU.

E Case Study: Logical Contradictions in
Direct LLM Test Case Generation

HumanEval As shown in Figure 3, this task
includes three sequential contracts: assert_0
checks if the input is a list, assert_1 ver-
ifies that all elements in the list are strings,
and assert_2 ensures that all strings consist
only of digits. A critical dependency exists be-
tween these contracts. Specifically, assert_2
can only be evaluated if assert_1 is satisfied,
because the isdigit () method is only valid
for string types. A test case designed to vio-
late assert_1 while satisfying assert_0 and
assert_2 would therefore be a logically con-
tradictory combination, as a non-string element

would cause a TypeError before assert_2
could be checked. Despite this, a direct LLM
generation approach often produces such in-
valid combinations. For instance, when tasked
to generate test cases, the LLM produces in-
putssuchas [123, "456"],["789", [0]],
and ["456", false]. These examples fail to
isolate a specific contract violation. This high-
lights a fundamental weakness of the approach,
as the LLM tends to generate simplistic contract-
violation test cases that fail to respect the logical
relationships among contracts.

HumanEval/113

def odd_count (1lst) :
assert type(lst) == list, "
invalid inputs" # $_CONTRACT_S$
assert all(isinstance(s, str) for
s in 1lst), "invalid inputs" #
$_CONTRACT_S

assert all(s.isdigit () for s in

1st), "invalid inputs" # $_
CONTRACT_S$
ans, template = [], "the number

of odd elements in the string
i of the input."
for s in 1st:
odd_cnt = len(list(filter(
lambda ch: int (ch) % 2 ==
1, s)))
ans.append (template.replace ("
i", str(odd_cnt)))
return ans

nwn

Contract List:

assert_0: assert type(lst)
invalid inputs

assert_1: assert all(isinstance(s,
str) for s in 1lst), "invalid
inputs

assert_2: assert all(s.isdigit () for
s in 1lst), "invalid inputs

== list, "

nwn

Figure 3: Code and contracts for HumanEval.

MBPP As shown in Figure 4, this task includes
four main contracts, which can be grouped by their
dependency. The initial contracts, assert_0
and assert_1, perform type checking to ver-
ify that both inputs are of a numeric type, such
as an integer or a floating-point number. The sub-
sequent contracts, assert_2 and assert_3,
check numeric properties, such as ensuring the
numbers are positive or fall within a specific
range. A critical dependency exists between these
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groups of contracts. Specifically, the numeric
property checks in assert_2 and assert_3
can only be evaluated if the type checks in
assert_0 and assert_1 are satisfied. For ex-
ample, a non-numeric type like a string or
null cannot be evaluated for properties like
being positive. Therefore, creating a contract-
violation test case that violates the initial type
contracts (assert_0 or assert_1) while si-
multaneously satisfying the subsequent property
contracts (assert_2 and assert_3) is a log-
ical impossibility. Despite this, a direct LLM gen-
eration approach often produces such logically
flawed combinations. For instance, when tasked
to generate test cases, the LLM produces inputs
such as ["abc", null], [null, "abc"],
([11, {"x":1}], and [{"r":1}, [2]].
Crucially, while these examples successfully vio-
late the initial type contracts, they all inherently
fail to satisfy assert_2 and assert_3, yet
they are generated as if such a combination were
possible. This highlights a fundamental weakness
of the approach, as the LLM tends to generate sim-
plistic contract-violation test cases that fail to re-
spect the logical relationships among contracts.

MBPP/731

import math
def lateralsurface_cone(r,h):

assert isinstance(r, (int, float)),
"invalid inputs" # $_CONTRACT_S
assert isinstance(h, (int, float)),
"invalid inputs" # $_CONTRACT_S$
assert r > 0, "invalid inputs" # S$_
CONTRACT_S
assert h > 0,
CONTRACT_S
1l = math.sgqrt(r » r + h x h)
return math.pi » r * 1

"invalid inputs" # S$_

wnn

Contract List:

assert_0: assert isinstance(r, (int,
float)), "invalid inputs

assert_1: assert isinstance(h, (int,
float)), "invalid inputs

assert_2: assert r > 0, "invalid
inputs

assert_3: assert h > 0, "invalid

inputs
nmnnn

Figure 4: Code and contracts for MBPP.

F Case Study: Contract Enforcement
under Different Prompting Conditions

We present a direct comparison of code snippets
that the DeepSeek-R1 model generated for the
MBPP/11 task under two prompting conditions.
This comparison illustrates why providing CVTs
is more effective than relying on natural language
descriptions alone.

MBPP/11

nwn

Write a python function that removes
the first and last occurrence of a
given character from the string;
the first input must be a non-
empty string and the second input

must be a string of length one.
mmww

def remove_Occ (s, char):
assert len(s) > 0, "First input
must be a non-empty string."
assert len(char) == 1, "Second
input must be a string of
length one."

first = s.find(char)
last = s.rfind(char)

if first == -1:
return s

return s[:first] + s[first+l:last
] + s[last+1l:]

Figure 5: Code generated by DeepSeek with the con-
tract specification (CS) prompt.

Figure 5 shows the code snippet produced
when the model received the contract specifica-
tion (CS) prompt that describes contracts in natu-
ral language. The prompt contains enough infor-
mation to infer all necessary contracts. It speci-
fies two explicit contracts, namely that the first
input must be a non-empty string and that the
second input must be a string of length one.
It also implies two type contracts that both in-
puts must be strings. The generated code snip-
pet correctly implements the explicit length-
based contracts with assert len(s) > 0
and assert len(char) == 1. However, it
omits the implicit type checks and treats the word
“string” as descriptive context rather than a strict
precondition. As a result, the function fails to en-
force the contracts under non-string inputs.

In contrast, Figure 6 displays the output when
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the prompt was augmented with concrete CVTs
such as remove_Occ (2.0, 3.0). These
test cases provide an unambiguous and exe-
cutable signal that non-string inputs are in-
valid and must be rejected. The model gener-
ates a more robust implementation that now in-
cludes the crucial isinstance (s, str) and

isinstance (char, str) assertions.

This comparison shows that natural language
descriptions may contain all required information,
yet their inherent ambiguity can prevent the model
from adhering to the contract. CVTs make these
implicit contracts explicit and enforceable. They
compel the model to produce a code snippet that is
more comprehensive and adheres to the intended
contracts.

MBPP/11

wnn

Write a python function that removes
the first and last occurrence of a
given character from the string;
the first input must be a non-—
empty string and the second input
must be a string of length one.

# Contract Test Cases:

>>> remove_Occ (2.0, 3.0)
"AssertionError: invalid input"
>>> remove_Occ (5.0, 4.0)
"AssertionError: invalid input"
>>> remove_Occ('', 2.0)
"AssertionError: invalid input"
>>> remove_Occ (2.0, '")

"AssertionError: invalid input"
nmnwn

def remove_Occ (s, char):
assert isinstance(s, str) and len
(s) > 0, "invalid input"
assert isinstance (char, str) and
len (char) == "invalid input

first_occ = s.find(char)
last_occ = s.rfind (char)
if first_occ == -1:

return s

+ s[first_
+ s[last_occ

return s[:first_occ]
occ+l:last_occ]
+1:]

Figure 6: Code generated by DeepSeek with the
example-augmented specification (EAS) prompt.

G Formalizing Contracts into SMT-LIB

This section details the structure of the SMT-LIB
template used in the construction of ContractEval.
SMT-LIB is a standardized, text-based language
used to interface with SMT solvers. It provides
a formal syntax for declaring variables, defining
functions, and asserting logical formulas, allowing
complex problems to be translated into a format
that a solver can systematically analyze for satisfi-
ability. Our framework leverages this language to
translate nuanced, natural language contracts into
a formal representation that can be reasoned about
with logical precision.

Figure 7 shows the base template we designed
for this purpose. It is composed of several key
components, each serving a distinct role in the test
generation process. The placeholders within this
template are populated as follows:

¢ CANONICAL PYTHON-LIKE ADT: This
fixed block defines a universal data structure
for representing common Python types. This
allows the SMT solver to reason about vari-
ous input types in a standardized way.

« HELPER FUNCTIONS: This section is
populated with custom functions needed to
define the contracts for a specific task. For ex-
ample, a function to check if a string contains
only digits would be defined here.

* INPUT: The input variables for the function
under test are declared here.

e BASIC_STRUCTURE: This section defines
fundamental structural constraints on the in-
puts, such as ensuring a variable is a list com-
posed of integer values.

* CONTRACT_DEFS: The specific logical
rules of each contract are translated into for-
mal predicates in this section.

* COMBINATION: This is the core logic for
generating a test case. It contains assertions
stating which contracts must be satisfied and
which must be violated. The SMT solver then
attempts to find a concrete model that satis-
fies this exact combination of constraints.

H Case Study: Formalizing
HumanEval/11

Figure 8 presents the ground-truth Python im-
plementation for the HumanEval/11 task. This

42562



The SMT-LIB template

ADT_BASE_TEMPLATE = """
(set-logic ALL)

; ==== CANONICAL PYTHON-LIKE ADT (DO

NOT MODIFY) ====
(declare-datatypes ((Value 0)) (

((Intval (ival Int))

(FloatVal (fval Real))

(Strval (sval String))

(BoolVal (bval Bool))

(N1i1)

(Cons

(head Value) (tail Value)))

))

; === ADD HELPER FUNCTIONS HERE ===
<<HELPER_FUNCTIONS>>

; === Inputs ===
<<INPUT>>

; === BASIC STRUCTURE ===
<<BASIC_STRUCTURE>>

; === Contract predicates ===
<<CONTRACT_DEFS>>

; === COMBINATION ===
<<COMBINATION>>

(check-sat)
(get—-model)

wnn

Figure 7: The SMT-LIB template used for formalizing
contracts.

specific problem requires a function accept-
ing two binary strings of equal length. Fig-
ure 9 illustrates the corresponding SMT-LIB for-
malization of these requirements. The Python
code contains three explicit assert statements,
which map directly to three formal contract
definitions in the SMT-LIB script: CO veri-
fies the type constraints, corresponding directly
to the statement assert isinstance (a,
str) and isinstance (b, str). C1 en-
forces the length equality, mirroring the assert
len(a) == len(b) condition. C2 evaluates
the character-level validity using a custom
isBinaryString helper function. This logi-
cal block perfectly translates the Python set oper-
ations (assert set (a).issubset ({"0",
"1"})) into standard regular expression con-
straints (str.in. re) within the SMT domain.

The formalization process introduces special-
ized helper functions to bridge the fundamental

HumanEval/11

from typing import List

def string_xor(a: str, b: str) -> str

assert isinstance(a, str) and
isinstance (b, str), "invalid
inputs" # $_CONTRACT_S

assert len(a) == len(b), "invalid
inputs" # $_CONTRACT_S

assert set (a).issubset ({"O0", "1"
}) and set (b) .issubset ({"0", "
1"}), "invalid inputs" # S$_
CONTRACT_S

[(i1) *

for i in range (len(

return "".join(str (int (a
int (b[il]))
a)))

Figure 8: The ground-truth implementation in Hu-
manEval/11

semantic gap between Python’s dynamic typing
and SMT-LIB’s strict static typing. The universal
ADT encapsulates various Python variables, yet
interacting with these encapsulated types requires
rigorous safety mechanisms. For instance, the
Safe_Sval function safely extracts string values
from the custom ADT. By explicitly defining fall-
back behaviors—such as returning an empty string
when encountering non-string types—this helper
function prevents catastrophic type-matching er-
rors during solver execution. Such structural safe-
guards guarantee that the automated pipeline re-
mains highly resilient, even when processing com-
plex or unexpected inputs.

The COMBINATION block dictates the ulti-
mate objective of the test case generation by defin-
ing the exact combinatorial space of the con-
tracts. By deliberately asserting either a contract
predicate, such as (assert CO), or its logical
negation, such as (assert (not CO0)), the
pipeline commands the SMT solver to systemat-
ically explore specific constraint subsets. This tar-
geted exploration isolates distinct fault domains,
allowing the framework to evaluate whether a lan-
guage model fails on a single edge case or across
multiple interacting constraints. The specific in-
stance in Figure 9 asserts the negation of all three
contracts simultaneously. Consequently, the solver
synthesizes a singular concrete test case that vio-
lates every precondition at once. This mathemati-
cally verified control allows ContractEval to gen-

42563



erate diverse, strictly valid CVTs.

The SMT-LIB template

ADT_BASE_TEMPLATE = """
(set-logic ALL)
; ==== CANONICAL PYTHON-LIKE ADT (DO
NOT MODIFY) ====
(declare-datatypes ((Value 0)) (
((Intval (ival Int))
(FloatVal (fval Real))
(Strval (sval String))
(BoolvVal (bval Bool))
(N1i1)
(Cons (head Value) (tail Value)))
))
; === ADD HELPER FUNCTIONS HERE ===
(define—-fun Safe_Sval ((x Value))
String
(ite (is-StrVval x) (sval x) "M))
(define-fun isBinaryString ((s Value)
) Bool
(and (is-Strval s)
(str.in.re (Safe_Sval s) (re.x
(re.union (str.to.re "O")
(str.to.re "1"))))))
; === Inputs ===
(declare—-const a Value)
(declare-const b Value)
; === BASIC STRUCTURE ===

; === Contract predicates ===

(define—-fun CO () Bool (and (is-—
StrvVal a) (is-StrVal b)))

(define—-fun C1 () Bool (= (str.len (
Safe_Sval a)) (str.len (Safe_Sval
b))))

(define—-fun C2 () Bool (and (
isBinaryString a) (isBinaryString
b)))

; === COMBINATION ===

(assert (not CO0))

(assert (not Cl))

(assert (not C2))

(check-sat)
(get—-model)

wnn

Figure 9: An example of the SMT-LIB template popu-
lated for HumanEval/11

I Full Results of Prompting Strategies

Table 10 reports the full metrics for the prompt-
ing variants discussed in Section 6.4. Beyond
pass@1l and CSR, we include CodeBLEU and
LLM-as-judge to capture syntactic and semantic
alignment of the generated contract checks with
the reference. Overall, CoT prompting is high-
variance and often harmful: it can substantially de-
grade both functional correctness and contract sat-
isfaction, and it catastrophically collapses for Phi-

4 and Phi-4-plus (near-zero across all metrics). In
contrast, the multi-turn strategy is markedly more
stable. It typically recovers pass@1l relative to
the single-turn EAS baseline (e.g., up to +4.2%p
for Phi-4-plus), while keeping CSR competitive
(within roughly 0-7%p of EAS across models).
The auxiliary metrics largely track CSR: when
CSR drops under a prompting variant, CodeBLEU
and LLM-as-judge tend to drop as well, suggest-
ing that performance changes are driven by miss-
ing or altered contract checks rather than superfi-
cial formatting differences.

J Contract Evaluation on Functionally
Correct Programs

Through ContractEval, our experiments show that
prompting LLMs with contract information (e.g.,
CS and EAS) substantially improves contract sat-
isfaction on ill-formed tests. However, contract
satisfaction is only meaningful when the gener-
ated program is also functionally correct on well-
formed inputs. If a program already fails on valid
inputs, then its behavior on ill-formed inputs is
ambiguous: it may “reject” an input simply be-
cause it crashes (e.g., due to unrelated bugs),
rather than because it implements the intended
contract checks. We disentangle true contract be-
havior from incidental failures by analyzing con-
tract satisfaction conditioned on functional cor-
rectness in both Figure 10 and Table 11.

Let f; € [0,1] denote the functional test pass
rate of a generated program for task ¢ (measured
on well-formed tests), and let ¢; € [0, 1] denote its
contract satisfaction (measured by CSR on Con-
tractEval’s ill-formed tests). For a functionality
threshold ¢, we consider the subset S; = {i |
fi > t} and report: (i) the conditional mean con-
tract satisfaction E[c | f > ¢], and (ii) the prob-
ability of perfect contract satisfaction Pr(c = 1 |
f > t). Intuitively, increasing ¢ filters to progres-
sively more functionally reliable programs, and
reveals whether contract satisfaction improves as
functional correctness improves.

Across models, we observe that contract satis-
faction does not reliably track functional correct-
ness. After removing the most functionally incor-
rect outputs (e.g., t > 0.25), E[c | f > t] becomes
largely flat: making a program more function-
ally correct does not automatically make it more
contract-satisfying. Even among fully functionally
correct programs (f = 1), a substantial frac-
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Table 10: Comparison of additional prompting strategies. Multi-turn recovers pass@ 1 while maintaining competi-
tive contract satisfaction with the standard EAS prompt.

. Functional Contract Satisfaction

Model Instruction
pass@1 (1) CSR (1) CodeBLEU (1) LLM-as-judge (1)
EAS 70.87% 52.66% 54.51% 81.49%
DeepSeek-R1  + CoT 61.11% 35.00% 40.35% 62.46%
+Multi-Turn 72.96%  45.44% 45.75% 65.34%
EAS 69.56% 48.54% 48.88% 72.04%
gemma-3 + CoT 70.46%  50.37% 50.68% 71.23%
+Multi-Turn 71.34% 49.26 % 49.62 % 72.45%
EAS 72.99% 50.73% 50.86 % 75.63 %
Phi-4 + CoT 3.66% 1.91% 8.14% 13.28%
+Multi-Turn 71.88%  46.58% 48.44% 73.42%
EAS 73.21% 50.94 % 51.04 % 75.98 %
Phi-4-plus + CoT 0.00% 0.00% 2.92% 4.96%
+Multi-Turn 7742% 48.52% 49.87% 75.01%
EAS 69.65% 51.83% 53.30% 77.27 %
Qwen-3 + CoT 71.13% 45.24% 50.01% 75.62%
+Multi-Turn 71.70%  49.23% 50.97% 76.98%

tion still fails to reject contract-violating inputs.
For example, under our contract-aware prompt-
ing setting, only about half of functionally cor-
rect programs achieve perfect contract satisfaction
(Pr(c = 1| f = 1) is roughly in the 51%-59%
range across models), indicating that many solu-
tions that “solve the task™ still omit essential va-
lidity checks.

This conditional analysis supports the central
premise of ContractEval: functional correctness
on well-formed inputs is insufficient to charac-
terize robustness. Contract satisfaction remains a
distinct and non-trivial dimension of code quality,
and ContractEval’s ill-formed tests expose failures
that are invisible under pass @k-style evaluation.
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Contract satisfaction conditioned on functionality (mean CSR)
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Figure 10: Contract satisfaction depending on the performance of functional correctness.
Table 11: Contract satisfaction evaluation on functionally correct programs.
Model Instruction Correct Functions Contract Satisfaction
Ratio (1) CSR (1) CodeBLEU (1) LLM-as-judge (1)
DeenSeek-R1 CS 63.19% 32.89% 35.96% 55.38%
e EAS 59.34%  56.75% 55.01% 83.01%
3 CS 64.84% 26.53% 31.98% 44.61%
gemma- EAS 57.14%  54.29% 54.20% 79.99%
Phi CS 61.26% 52.01% 52.25% 78.34%
EAS 61.81% 61.78% 56.33% 84.21%
CS 59.89%  49.58% 48.11% 71.89%
Phi-4-plus EAS 62.91% 61.82% 55.31% 83.31%
Qwen-3 CS 60.99% 30.05% 39.93% 55.83%
EAS 59.34% 58.76 % 57.79 % 85.18%
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