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Abstract

Functional programming provides strong foun-
dations for developing reliable and secure soft-
ware systems, yet its adoption remains limited
because of its steep learning curve. Recent
advances in Large Language Models (LLMs)
for code generation present new opportuni-
ties to lower these barriers. However, most
evaluations of LLMs focus on imperative pro-
gramming languages, and their capabilities
in functional programming languages remain
under-explored. To address this gap, we intro-
duce FPEval, a holistic evaluation framework
equipped with FPBench, a new benchmark
of 721 programming tasks across three diffi-
culty levels and three mainstream functional-
programming languages: Haskell, OCaml, and
Scala. FPEval combines comprehensive ex-
ecutable test suites with static-analysis tools
to assess both functional correctness and code
style and maintainability. Using this frame-
work, we evaluate seven state-of-the-art LLMs,
including GPT-5 and Claude Opus 4.6, on func-
tional programming tasks, with Java included
as an imperative baseline. Our results demon-
strate that LLM performance in functional pro-
gramming improves substantially with model
advancement; however, error rates remain sig-
nificantly higher in functional-first languages
(Haskell and OCaml) than in hybrid (Scala) or
imperative (Java) languages. More critically,
LLMs frequently generate non-idiomatic func-
tional code that follows imperative patterns,
raising concerns about code style and main-
tainability. Finally, we show that LLMs can
partially self-repair both correctness and qual-
ity issues when provided with static-analysis
feedback and hand-crafted instructions target-
ing common issue types, paving the way for
future improvements.

1 Introduction

Functional programming is a long-standing pro-
gramming paradigm that conceptualizes computa-
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tion as the evaluation of mathematical functions
rather than a sequence of state-mutating commands
in widely-used imperative programming. This
model of computation offers unique advantages
over imperative programming, resulting in soft-
ware systems that are modular, deterministic, and
susceptible to formal reasoning. For example, func-
tional programming offers immutability, which en-
sures that a variable’s value cannot be changed
during its existence. Immutability enables func-
tional programming to mitigate common sources
of software bugs in imperative programming such
as side effects and race conditions. Consequently,
functional programming is increasingly recognized
as a future paradigm for reliable and secure soft-
ware development (Achten, 2013; Hughes, 1989;
Ray et al., 2014). Despite these benefits, functional
programming poses a steep learning curve. The
paradigm requires a fundamental shift from imper-
ative commands with mutable state to high-level
abstractions of program behaviors such as recur-
sion, higher-order functions, and monads, which
many developers find difficult. Consequently, func-
tional programming remains unduly less popular
in practice than imperative programming.

The recent rise of coding assistants powered by
Large Language Models (LLMs), such as GitHub
Copilot (Chen et al., 2021), Cursor (Anysphere,
2023), and Claude Code (Anthropic, 2025a),
presents new opportunities for functional program-
ming. By supporting software developers in tasks
such as code generation (Li et al., 2022; Chen et al.,
2021), bug fixing (Xia et al., 2023; Le-Cong et al.,
2025b), and technical question answering (Xu et al.,
2023; Widyasari et al., 2023), these tools offer par-
ticular benefits to novice programmers and have
the potential to reduce the learning curve associ-
ated with programming in general (Prather et al.,
2023; Kazemitabaar et al., 2023). If similar bene-
fits extend to functional programming, these LLM-
based coding assistants could contribute to increas-
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ing the adoption of the programming paradigm
in practice. Although multilingual benchmarks
such as MultiPL-E (Cassano et al., 2023) and McE-
val (Chai et al., 2024) include functional languages,
they primarily emphasize functional correctness
across broad language inventories. Dedicated eval-
uation of whether LLM-generated functional code
is idiomatic, maintainable, and consistent with
functional-programming principles remains under-
explored.

In this work, we conduct a comprehensive em-
pirical study of LLM capabilities for code genera-
tion in functional programming. Our objective is
threefold: (1) to assess the ability of LLMs for
generating correct and high-quality code in func-
tional programming; (2) to evaluate the quality
of LLM-generated code beyond functional correct-
ness, with particular attention to coding style and
maintainability; and (3) to evaluate the effective-
ness of LLMs on self-repairing their mistakes. To
this end, we structure our study using the following
research questions:

* RQ1: How effective are LL.Ms for code gen-
eration in functional programming languages?

* RQ2: What are common coding style and
maintainability issues in code generated by
LLMs in functional programming languages?

* RQ3: How effective are self-repair mecha-
nisms in improving the correctness and code
style and maintainability of LLM-generated
functional code?

To answer these questions, we introduce FPEval,
a holistic evaluation framework designed for code
generation in functional programming. FPEval is
powered by FPBench, a multilingual benchmark
consisting of 721 programming tasks across three
difficulty levels (184 easy, 346 medium, and 191
hard) and three languages: Scala, Haskell, and
OCaml. To ensure a rigorous assessment of LLM-
generated code, we construct a comprehensive test
suite for each task by augmenting public test cases
from LeetCode with private cases targeting bound-
ary conditions and edge cases. FPEval also inte-
grates well-known static-analysis tools, including
HLint (Mitchell, 2024), OCamlFormat (OCaml-
Format Developers, 2024), and Scalastyle (Farwell
and Scalastyle Contributors, 2024), enabling a dual
assessment of functional correctness and code style
and maintainability.

Using FPEval, we evaluate seven state-of-the-
art LLMs, including GPT-5 and Claude Opus 4.6,
on functional programming tasks, with Java in-
cluded as an imperative baseline. Our evaluation
shows that LLM performance on functional pro-
gramming improves substantially with model ad-
vancement, with Claude Opus 4.6 and GPT-5 gener-
ating substantially more functionally correct code
than older and smaller models such as GPT-3.5.
However, a consistent performance gap persists
between functional-first languages (Haskell and
OCaml) and hybrid or imperative languages (Scala
and Java). Beyond correctness, we also found that
LLM-generated code frequently exhibits poor style
and maintainability, favoring imperative patterns
over best practices of functional programming.
Such low-quality code becomes more prevalent as
correctness improves, suggesting a “reward hack-
ing” phenomenon in which models optimize for
correctness at the expense of code quality. These
findings highlight the need for future LLM training
and evaluation to explicitly incorporate functional
programming best practices. Finally, we show that
LLMs can partially self-repair both correctness and
quality issues when provided with static-analysis
feedback and hand-crafted instructions targeting
common error types, paving the way for future
improvements in LLM-based code generation for
functional programming.

In summary, our main contributions include:

¢ We introduce FPEval, a holistic framework
for evaluating LLM code generation in the
functional programming paradigm. FPEval is
powered by FPBench, a curated dataset of 721
programming tasks with executable test suites
in Scala, Haskell, and OCaml, and an auto-
mated evaluation pipeline that uses software
testing and static-analysis tools to assess both
correctness and code style and maintainabil-

ity.

* We present a comprehensive evaluation of
LLMs for functional programming code gen-
eration, systematically assessing both the
functional correctness and the code style and
maintainability of LLM-generated code.

* We provide a detailed analysis of code style
and maintainability issues in LLM-generated
functional code and demonstrate the poten-
tial of LLM self-repair to address these issues
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using static-analysis feedback and detailed in-
structions for common issue types.

* We advance research in code generation for
functional programming by releasing FPE-
val under the Apache 2.0 License, lowering
barriers for academic research and establish-
ing foundational benchmarks and metrics for
future work. FPEval is available at https:
//github.com/thanhlecongg/FPEval.

2 Benchmark Construction and
Evaluation Pipeline

2.1 Benchmark Construction

Data Collection. To support a rigorous empiri-
cal study in the code generation of LLMs in func-
tional programming, we curated a comprehensive
benchmark dataset from LeetCode (LeetCode, Inc.,
2025), a widely-used platform for competitive pro-
gramming and technical interviews. From the full
collection, we filtered out premium-only content
to select 721 publicly available algorithmic tasks.
These tasks span three distinct difficulty levels con-
sisting of 184 easy, 346 medium, and 191 hard
programming tasks. For each task, we extracted
the problem description, I/O constraints, and pub-
lic test cases via LeetCode’s public API and cus-
tom HTML parsers. Collected public test cases
were incorporated into prompt construction and
later reused for initial correctness checks. Figures 1
illustrate the diversity of the dataset, i.e., FPBench.
Our data collection period from 2021 to 2025 en-
ables the capture of evolving trends in algorithm
design and problem types. FPBench also includes
programming tasks with diverse difficulty levels,
enabling us to systematically evaluate model perfor-
mance under diverse problem complexity. We de-
liberately focus on algorithmic tasks because their
explicit input—output specifications, reproducible
test oracles, and comparable difficulty levels sup-
port controlled evaluation of both correctness and
idiomaticity. This setting also avoids confound-
ing factors such as project-specific dependencies,
build systems, legacy architectures, and domain
conventions.

Language Coverage. We select Haskell, OCaml,
and Scala as complementary points in the
functional-programming design space: Haskell is
pure, lazy, and statically typed; OCaml is strict and
statically typed; and Scala supports both functional
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Figure 1: Task distribution across time

and imperative programming. This spectrum en-
ables us to examine code generation under different
functional semantics and whether LLMs revert to
imperative patterns when a language permits them.

Language Template Generation. A critical chal-
lenge to evaluating functional programming on
LeetCode tasks is the lack of support for widely-
used functional programming languages such as
Haskell and OCaml. Specifically, LeetCode does
not provide any templates for these functional lan-
guages, yielding difficulties for LLMs to under-
stand I/O and typing requirements. To bridge
this gap, we implemented a transpiler that con-
structs syntactically and semantically valid starter
templates for Haskell and OCaml from Python
templates provided by LeetCode. This transla-
tion was challenging due to fundamental differ-
ences in programming paradigms and type sys-
tem, e.g., dynamic versus static typing, impera-
tive versus functional control flows, and the lack of
one-to-one mappings for many language constructs.
Our transpiler addresses these discrepancies by (1)
performing structural translation of Python func-
tion definitions to typed signatures in Haskell and
OCaml, including parameter binding and return
types; (2) inferring types for nested and compound
data structures (e.g., mapping List[List[int]]
to [[Int]]); (3) normalizing I/O semantics to con-
form to functional patterns while preserving the
semantics of the original task specification. To en-
sure the correctness of this transpilation, we care-
fully designed our transpiler, incorporated auto-
mated validation through syntax and type checking,
and manually reviewed and rectified any remain-
ing errors. Full verification details are provided in
Appendix H.
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2.2 Evaluation Pipeline

Test validation. The FPEval pipeline begins by
assessing the functional correctness of the gener-
ated code. While prior works (Liu et al., 2024)
typically utilize public test cases from LeetCode,
this test suite is often limited in coverage and may
fail to detect subtle logical errors. To mitigate this,
we augment each task with a suite of private test
cases. Following Jain et al. (Jain et al., 2025),
we employ GPT-4o0 to synthesize these rigorous
test cases directly from task descriptions to target
boundary conditions, corner cases, and degenerate
inputs (see Appendix A for the specific prompts).
Note that, executing these tests within the func-
tional paradigm also presents a critical challenge.
Unlike Python, which supports flexible and dy-
namic execution, statically typed languages like
Haskell and OCaml require rigorous type scaffold-
ing, strict compilation, and runtime isolation. To
address this, we developed a specialized test in-
frastructure for functional programming languages
using test templates with the standard library and
a Docker-based isolated runtime environment, as
detailed in Appendix B.

Code Style and Maintainability Evaluation.
Beyond functional correctness, the code style and
maintainability of the generated code is a critical
dimension of our evaluation. A solution may sat-
isfy all test cases while still being low quality with
respect to best practices in functional programming.
Such code accumulates technical debt, rendering
systems difficult to maintain (Kruchten et al., 2012)
and even potentially introducing latent safety is-
sues (Perry et al., 2023). To systematically quan-
tify this dimension, FPEval integrates widely-used
static-analysis tools that check whether a code snip-
pet strictly adheres functional programming best
practices. Specifically, we utilize HLint and GHC
for Haskell, Dune and OCamlFormat for OCaml,
and Scalastyle for Scala. An example categoriza-
tion of the rules applied by these tools is provided
in Appendix L.

2.3 LLM Selection and Configurations, and
Computational Resources

To ensure a comprehensive evaluation across vary-
ing levels of capability and cost, we evaluate
seven LL.Ms spanning proprietary and open-source
families: GPT-3.5-turbo (OpenAl, 2022), GPT-
40 (Achiam et al., 2023), GPT-5 (OpenAl, 2025),
DeepSeek-V3.2 (DeepSeek-Al et al., 2025), De-

vstral Small 1.1 (Rastogi et al., 2025), Qwen3-
Coder-Next (Cao et al., 2026), and Claude Opus
4.6 (Anthropic, 2025b). We adopt zero-shot prompt-
ing, providing each model only with the natural
language task description and a language-specific
starter template (see Listing F.1). All models use
max_tokens = 2048 and temperature = 0.7,
except GPT-5, which fixes temperature = 1.0
by design; we also disable its reasoning for a fair
comparison. For each task, we generate a single
candidate solution and extract code blocks by dis-
carding any conversational text. We access OpenAl
and Anthropic models through their official APIs
and the remaining models through OpenRouter.
The code-generation and self-repair experiments
incurred approximately USD 500 in API costs.

3 Experiments

3.1 RQI1: Effectiveness?

To evaluate the effectiveness of LLMs for code gen-
eration in functional programming, we execute the
generated code against the comprehensive test suite
for each task. Following (Jain et al., 2025; Liu et al.,
2024), we evaluate their effectiveness via pass@1,
i.e., the proportion of tasks where the model’s first
generated solution satisfies all test cases, and clas-
sify unsuccessful generations into: (1) Compilation
Errors (syntax/type mismatches); (2) Test Failures
(logic errors); and (3) Timeouts (execution limits).
We adopt pass@1 as the primary metric because it
reflects realistic single-query deployment scenar-
i0s; a preliminary pass@ 10 analysis (Appendix G)
confirms that broader sampling raises the correct-
ness ceiling but amplifies the quality trade-offs doc-
umented in RQ2.

Main Results. Table 1 presents LLM perfor-
mance across Haskell, OCaml, Scala, and Java.
Overall, code generation in functional program-
ming improves substantially with model advance-
ment, with GPT-5 achieving roughly 3-5x the
pass rate of GPT-3.5-turbo. However, a consis-
tent performance gap persists: most models per-
form notably worse in functional-first languages
(Haskell, OCaml) compared to hybrid/imperative
ones (Scala, Java). Specifically, smaller or older
models exhibit limited functional capabilities, with
Devstral Small 1.1 and Qwen3-Coder-Next achiev-
ing pass rates of only 10.8% and 12.8% in Haskell,
respectively. While newer models demonstrate
strong upward trend, e.g., DeepSeek-V3.2 reaching
55.5% pass rates in Java, their performance gap to
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their own imperative counterparts remains wide.
For instance, GPT-5’s pass rates in Haskell (42.3%)
and OCaml (52.2%) still lag behind its Java perfor-
mance (61.1%) by approximately 19 and 9 percent-
age points. A striking exception is Claude Opus
4.6, which breaks this pattern by achieving a peak
pass rate of 73.4% in OCaml outperforming its own
Java capability by 17.8 percentage points. However,
as we will discuss in Section 3.2, this comes at a
significant cost to code quality and maintainability.
These results suggest that despite continuous LLM
scaling, the performance gap between functional
and imperative code generation remains significant
unless specialized optimizations are applied.

Compilation Errors. Unlike imperative code
generation, LL.Ms frequently generate uncompi-
lable functional code with syntax or type errors.
For instance, GPT-3.5-turbo exhibits high compi-
lation error rates of 43.1% and 25.5% in OCaml
and Haskell. This issue is magnified in models
like Qwen3-Coder-Next and Devstral Small 1.1,
where compilation error rates exceed 50% in both
languages (reaching nearly 80% for Qwen3-Coder-
Next in Haskell). While newer models like GPT-
40, DeepSeek-V3.2, and GPT-5 reduce these errors
with GPT-5 lowering OCaml compilation error rate
to 13.7% and Java to a low 4.6%, they still struggle
with Haskell’s rigid type system, where GPT-5’s
error rate remains high at 24.3%. Similarly, Claude
Opus 4.6 faces a steep 42.7% compilation error
rate in Haskell though it achieves a remarkably low
1.5% in OCaml.

3.2 RQ2: Code style and maintainability

To evaluate the code style and maintainability
of LLM-generated code, we focus on the subset
of generated code that is functionally correct, i.e.,
those that pass all test cases. Within this subset, we
utilized a suite of language-specific static-analysis
tools to evaluate the adherence of LLM-generated
code to best practices for code style and maintain-
ability in functional programming. Specifically, we
used HLint and GHC warnings for Haskell, dune
and ocamlformat for OCaml, Checkstyle and PMD
for Java, and Scalastyle for Scala. We define a code
snippet as “clean” only if it satisfies all applicable
checks without any violations.

Main Results. Table 2 illustrates the propor-
tion of clean code among the functionally correct
solutions generated by the studied LLMs. Over-
all, high code quality does not always correlate

Model Metric Haskell OCaml Scala Java
Pass 14.2% 9.4% 193% 222%

Fail 502%  43.1% 65.5% 57.3%

GPT-3.5 CE 255% 43.1% 14.0% 10.4%
Timeout  10.1% 4.3% 1.3% 10.1%

Pass 272%  362% 38.8% 43.7%

Fail 451%  39.1% 51.6% 43.0%

GPT-do CE 214%  211% 96% 62%
Timeout  6.4% 3.6% 0.0% 7.1%

Pass 423%  522% 584% 61.1%

GPT-5 Fail 32.6%  33.4% 32.4% 27.5%
CE 24.3% 13.7%  93% 4.6%

Timeout  0.8% 0.7% 0.0% 6.8%

Pass 345%  46.3% 44.4% 555%

DeepSeek-  Fail 303% 34.7% 42.771% 38.7%
V3.2 CE 33.2% 173% 13.0% 10.8%
Timeout 2.1% 1.7% 0.0% 0.0%

Pass 10.8% 9.5%  25.0% 35.0%

Devstral Fail 255%  29.4% 51.771% 44.7%
Small 1.1 CE 593%  55.7% 22.71% 18.7%
Timeout  4.5% 5.4% 0.6% 1.7%

Pass 128%  31.9% 333% 35.9%

Qwen3- Fail 7.0% 17.0% 28.0% 27.2%
Coder-Next CE 80.0% 50.8% 382% 36.9%
Timeout  0.3% 0.3% 04%  0.0%

Pass 40.7%  73.4% 41.6% 55.6%

Claude Fail 164%  25.1% 34.6% 28.7%
Opus 4.6 CE 42.7% 1.5% 239% 15.7%
Timeout  0.3% 0.0% 0.0% 0.0%

Table 1: Effectiveness of studied LLMs for code genera-
tion in Haskell, OCaml, Scala, and Java. CE = Compile
Error (syntax/type error).

with model scaling. In several specific cases,
open-source models outperform larger proprietary
counterparts on code style: for instance, Devstral
Small 1.1 achieves a higher proportion of clean
code in OCaml (50%) than DeepSeek-V3.2 (36%),
and both Devstral Small 1.1 (63%) and Qwen3-
Coder-Next (64%) achieve proportions of clean
code in Scala comparable to GPT-5 (57%). How-
ever, this advantage is not consistent across all
language—-model pairings, and proprietary models
such as GPT-4o retain strong style scores in several
settings.

Our broader analysis reveals an unexpected
trade-off between functional correctness and code
quality across almost all studied LLMs. When
ranking models by their functional correctness, we
observe a consistent inverse correlation with the
proportion of clean code. We interpret this as a
form of reward hacking: during training, mod-
els are rewarded for passing test cases, creating
an implicit incentive to produce code that satis-
fies the test oracle by any means, including falling
back on imperative shortcuts, rather than gener-
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Model Language

Haskell OCaml Scala Java
GPT-3.5-turbo 22% 63% 61% 58%
GPT-40 46% 61% T7%  63%
GPT-5 45% 44% 57% 51%
DeepSeek-V3.2 33% 36% 65% 47%
Devstral Small 1.1 36% 50% 63% 64%
Qwen3-Coder-Next 51% 43% 64% 62%
Claude Opus 4.6 57% 33% 43% 43%

Table 2: Proportion of clean code among functionally
correct solutions generated by the studied LLMs

ating idiomatic functional code. As a result, as
models grow more capable of passing tests, their
adherence to functional programming idioms and
maintainability practices systematically degrades.
For instance, in OCaml, as the pass rate increases
from Devstral Small 1.1 (9.5%) to DeepSeek-V3.2
(46.3%), the proportion of clean code drops from
50% to 36%. A similar decline is observed in Scala,
where smaller models exhibit higher proportions
of clean code while GPT-5, despite its higher pass
rate, falls to 57%. This pattern suggests that test-
passing and idiomatic functional code are, to some
degree, in tension under current training objectives.

Most notably, Claude Opus 4.6 exemplifies this
extreme trade-off: it records the lowest proportion
of clean code in OCaml at just 33%, sharply contra-
dicting and undermining its exceptionally high pass
rate. Furthermore, producing clean code in Haskell
remains universally challenging; most models, in-
cluding GPT-40 (46%) and GPT-5 (45%), fail to ex-
ceed 50%. Ultimately, this persistent trend implies
that current LLMs prioritize passing functional test
validations over code style. In practice, this can
potentially harm software systems by introducing
unnoticed technical debt, which increases the long-
term cost of maintainability.

Common Issues. To shed the light to future
improvements, we conducted a semi-automated
analysis on the low quality code with respect to best
practices in functional programming detected by
static-analysis tools. We first manually identified
recurring code style and maintainability issues and
mapped them to specific diagnostics from our static-
analysis tools; subsequently, we developed a script
to automatically parse the tool logs across the entire
dataset to quantify the prevalence of these issues.

In Haskell, the most common issues were non-
idiomatic patterns such as unnecessary lambdas
(37x), missed eta reductions (36x), and redun-
dant brackets. GHC further warned about unused

variables and non-exhaustive pattern matches. In
OCaml, most issues were code readability, raised
by ocamlformat, e.g. redundant semicolons and
parentheses. We also observed several critical is-
sues, including type errors and unintended muta-
tion of immutable data structures, although these
occurred less frequently. Overall, while these is-
sues do not compromise the functional correctness
of LLM-generated code, they violate established
best practices in functional programming and may
increase the risk of future maintenance issues.

The most interesting issues are observed in Scala.
Specifically, we found that the most frequent issue
was the use of return (236x), which is discour-
aged in idiomatic Scala, as it indicates the use of
imperative paradigm. Other violations included
magic numbers, long methods, and inconsistent
procedure definitions. The consistent presence of
imperative constructs suggests that LLMs may not
fully leverage Scala’s functional features, instead
generating code that resembles Java-style imper-
ative logic, which is allowed but not encouraged
in Scala. These observations lead us to a broader
question:

Do LLMs truly generate functional code, or they
just “hack” the functional correctness by
embedding imperative code to achieve higher
Sfunctional correctness?

Imperative Bias in LLM-Generated Func-
tional Code. Despite being explicitly prompted
for functional programming, LLMs frequently pro-
duce code exhibiting an imperative bias, using con-
structs such as return, mutable variables, and ex-
plicit loops in Scala, and mutable references or 10
effects in Haskell and OCaml, all of which betray
the core FP principles of purity, immutability, and
declarative control flow. Representative examples
of these patterns are provided in Appendix D and
E

To quantify this, we detected imperative con-
structs via keyword-based pattern matching (e.g.,
var, mutable collections, explicit loops in Scala;
mutable references and assignments in OCaml; ex-
cessive if-then-else in Haskell) across all gen-
erated code. As shown in Table 3, the bias is perva-
sive across all models and languages. Notably, the
most capable frontier models consistently show the
highest imperative bias rates: GPT-5 embeds imper-
ative patterns in 88% of Haskell, 80% of OCaml,
and 94% of Scala solutions, while Claude Opus 4.6
follows closely at 80%, 82%, and 79% respectively.
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Table 3: Percentage of LLM-generated code with im-
perative patterns

Model Haskell OCaml Scala
GPT-3.5-turbo 53% 57% 94%
GPT-40 63% 42% 88%
GPT-5 88% 80% 94%
DeepSeek-V3.2 83% 64% 90%
Devstral Small 1.1 58% 38% 69%
Qwen3-Coder-Next 65% 57% 70%
Claude Opus 4.6 80% 82% 79%

These results suggest a widespread reward hacking
pattern: as models scale and achieve higher pass
rates, they increasingly exploit imperative shortcuts
rather than generating idiomatic functional code.
Violations of Core Linguistic Properties. To
further characterize the imperative bias, we quan-
tify violations of three core functional program-
ming principles across the studied models: (1)
declarative control flow, i.e., reliance on explicit
loops or if-then-else chains rather than pattern
matching or higher-order functions; (2) purity, i.e.,
presence of IO effects or hidden side effects in
nominally pure functions; and (3) immutability,
i.e., use of mutable references or in-place assign-
ments. Declarative control flow violations are the
most pervasive, exceeding 68% in Haskell for the
strongest models, confirming a systematic rever-
sion to sequential constructs even in languages that
strongly discourage them. Immutability violations
are language-dependent, rare in Haskell due to com-
piler enforcement, but frequently exceeding 40% in
OCaml and Scala. Purity violations occur at lower
but consistent rates (5—25%) across all languages.
Together, these results confirm that the imperative
bias in Table 3 reflects multi-dimensional failures
to adhere to functional programming principles, not
merely superficial stylistic choices. Full per-model
violation rates are reported in Appendix 1.

3.3 RQ3: Self-repair

Prior work (Liu et al., 2024) suggests that LLMs
can self-repair their mistakes through feedback
loops. We investigate whether self-repair can im-
prove both the functional correctness and the code
style and maintainability of LLM-generated func-
tional code. To this end, we prompt each studied
LLM to refine its previously generated code using
explicit repair prompts.

Following (Liu et al., 2024), we evaluate four re-
pair approaches. (1) Simple Repair. We provide
the model with a high-level system instruction to

correct its previously generated solution (see List-
ing F.1 in Appendix F), without any structured guid-
ance beyond the task description and a functional
programming reminder. This serves as a minimal
repair baseline. (2) Test-feedback Repair. We
provide the failing test outputs and execution logs
as correctness-oriented feedback (see Listing F.1).
(3) Compiler-feedback Repair. We provide
language-specific compiler diagnostics, such as
syntax errors and type mismatches (see Listing F.1).
(4) Instruction-guided Repair. We combine
feedback from static analysis and test validation
with hand-crafted instructions targeting common
quality issues, including compilation errors, type
errors, and imperative coding style. The instruc-
tions are tailored to each functional programming
language and map common error categories to ac-
tionable repair guidance (see Tables 6, 7, and 8
in Appendix F). All four approaches use a single
repair turn for each generated solution.

Results. Table 4 reports functional correctness
for the initial generations and all four repair ap-
proaches. Overall, the repair approaches improve
functional correctness across most model-language
configurations. A closer examination reveals a
nuanced interaction between repair approaches
and solution quality. While Instruction-guided
Repair significantly boosts performance in certain
contexts (e.g., DeepSeek-V3.2 in Haskell: 249 —
360), it does not always strictly outperform Simple
Repair in terms of raw pass rates. For instance, in
Haskell and OCaml with GPT-5, Simple Repair
achieves slightly higher correctness (e.g., Haskell:
301 vs. 295). This phenomenon is explained by an-
alyzing code style and maintainability of the gener-
ated code. As shown in Table 12 in Appendix J, in
most of the cases, Instruction-guided Repair
yields the highest proportion of clean code, sub-
stantially outperforming Simple Repair. This
suggests that LLMs face a trade-off between code
style and maintainability and functional correct-
ness. Simple Repair allows the models to priori-
tize passing test cases by any necessary approaches,
even retaining or introducing imperative shortcuts
to fix errors. Meanwhile, Instruction-guided
Repair, by enforcing strict FP constraints, in-
creases the difficulty of the generation task. The
models attempt to find a solution that is both cor-
rect and high quality with respect to code style and
maintainability. In cases where the model cannot
synthesize a high quality solution, it may fail to
generate valid code, resulting in a slight drop in
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Table 4: Number of correct solutions (out of 721 tasks) after applying different repair strategies across languages and

models. Ha. = Haskell, Oc. = OCaml, Sc. = Scala. Bold =

best result per model per language. Claude Opus 4.6 is

excluded from the self-repair evaluation due to budget constraints, as the multi-turn repair loop incurs substantially
higher API costs; extending this evaluation is left for future work.

DeepSeek- Devstral Qwen3-
GPT-3.5-turbo GPT-40 GPT-5 V32 Small 1.1 Coder-Next
Setting Ha. Oc. Sc. | Ha. Oc. Sc. |Ha. Oc. Sc.|Ha. Oc Sc.|Ha Oc Sc. |Ha Oc Sc
Code Generated 93 68 118 | 196 261 280 | 287 376 420 | 249 334 320 | 78 68 180 | 92 230 240
Simple Repair 102 78 117 | 204 272 297 | 301 396 431|332 365 334 | 8 91 247 | 165 258 267
Test-feedback Repair 117 93 131 | 235 288 299 | 303 399 430|291 371 338 | 95 101 234 | 100 245 277
Compiler-feedback Repair | 108 92 128 | 206 283 292 | 296 388 427 | 301 376 355 | 98 105 251 | 231 306 284
Instruction-guided Repair | 98 85 139 | 209 266 288 | 295 391 433 | 360 358 342 | 93 99 245 | 184 269 288

pass rates despite the better code style and main-
tainability of the successful solutions. To isolate
the impact of specific instructions, we conducted a
rule-level ablation study. Table 5 presents the per-
centage of static-analysis violations successfully
resolved by Instruction-guided Repair, cate-
gorized by specific rules across Haskell, Scala, and
OCaml. The results demonstrate that the repair
mechanism is highly effective at addressing funda-
mental structural and paradigm-specific errors. No-
tably, the model resolves 78% of Eta reduce warn-
ings in Haskell, 77% of Cyclomatic complexity vio-
lations in Scala, and 69% of Exhaustiveness errors
in OCaml. Furthermore, critical anti-patterns such
as the explicit use of return in Scala and the Muta-
tion of immutable values in OCaml see resolution
rates of 61% and 47%, respectively. These find-
ings validate that providing LLMs with targeted,
rule-specific functional programming constraints
significantly enhances their ability to correct non-
idiomatic generation patterns.

To determine whether this trade-off persists un-
der stronger correctness-oriented repair signals, we
include two stronger baselines: Test-feedback
Repair and Compiler-feedback Repair. As de-
tailed in Appendix J, these baselines achieve high
raw correctness but exacerbate reward hacking:
on average, only 39.3% and 37.4% of their cor-
rect outputs are clean, respectively. By contrast,
Instruction-guided Repair produces 4,442
correct solutions, 96.5% of the 4,602 obtained by
selecting the stronger feedback baseline for each
model-language configuration, while increasing
the average proportion of clean code to 63.8% (a
1.6—-1.7x improvement).

The correctness
Instruction-guided
Repair is generally small.
Haskell with GPT-5, Simple

gap between
Repair and Simple
For example, on
Repair pro-

Table 5: Percentage of static-analysis violations re-
solved by Instruction-guided Repair for specific
rules in Haskell, Scala, and OCaml. Bold values indi-
cate the highest resolution rate per language.

Warning / Error Resolved (%)
Haskell
Avoid lambda 63%
Eta reduce 78 %
Redundant bracket 54%
Avoid lambda using infix 12%
Use zipWith 15%
Avoid reverse 14%
Move brackets to avoid $ 18%
Move filter 16%
Use uncurry 17%
Use infix 15%
Scala
If block needs braces 16%
Avoid using return 61%
Magic Number 21%
Cyclomatic complexity 77%
There should be a space before the plus (+) sign 25%
File line length exceeds 23%
File must end with newline character 19%
OCaml
Type error 29%
Unbound identifier 18%
Parse error 43%
Unused 36%
Exhaustiveness error 69 %
Incorrect arity 13%
Missing labeled argument 9%
Mutation of immutable 47%

duces only six more correct solutions than
Instruction-guided Repair (301 versus 295).
Together with the results for the proportion of
clean code, this finding suggests that explicit
functional-programming guidance can improve
code style and maintainability with only a modest
correctness trade-off. Such best practices should
therefore be incorporated more directly into LLM
training and inference to support code that is both
correct and idiomatic.
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4 Related Work.

Code Generation Benchmarks. Numerous
datasets have been proposed to evaluate the code
generation capabilities of Large Language Models
(LLMs). Early benchmarks primarily focused on
Python code generation, such as HumanEval (Chen
et al., 2021) and MBPP (Austin et al., 2021).
More recently, the research community has pivoted
toward multilingual evaluation through datasets
such as MultiPL-E (Cassano et al., 2023) and
HumanEval-XL (Peng et al., 2024), though these
still largely prioritize imperative programming
paradigms (e.g., C++, Java, and Go). Recent mul-
tilingual benchmarks such as McEval (Chai et al.,
2024) (covering Scala, Haskell, Scheme, Racket,
and F#, among 40 languages) and MDEval (Liu
et al., 2026) (which includes F#) extend evalua-
tion coverage across many programming languages.
However, they treat functional languages as items
in a broad multilingual inventory and assess only
functional correctness: McEval via generation, ex-
planation, and completion; MDEval via debugging.
Other lines of work have examined specification-
oriented languages, such as F* (Lahiri, 2024),
Dafny (Loughridge et al., 2024), and JML (Le-
Cong et al., 2025a). Different from these exist-
ing efforts, FPEval is purpose-built for the func-
tional paradigm: it complements correctness with
paradigm-aware quality metrics (purity, immutabil-
ity, declarative control flow) and static-analysis-
based style and maintainability assessment over
Haskell, OCaml, and Scala. This holistic approach
surfaces systematic behavioral patterns of modern
LLMs that language-agnostic benchmarks struc-
turally cannot capture, including an imperative bias
where models generate imperative-style constructs
even in functional contexts, and reward hacking
behaviors, in which models achieve functional cor-
rectness while sacrificing code quality and adher-
ence to functional programming principles.

Automation in Functional Programming. Sev-
eral works in the literature have also investigated
the automation of functional programming. No-
tably, Gissurarson et al. proposed PropR (Gissur-
arson et al., 2022), a property-based automated
program repair (APR) framework designed to fix
Haskell bugs by leveraging property-based testing
and type-driven synthesis. Recently, Van Dam et
al. (Van Dam et al., 2024) fine-tuned UniXCoder
and CodeGPT specifically for Haskell code com-
pletion, demonstrating that language-specific mod-

els can significantly outperform general-purpose
LLMs in this domain. Different from these stud-
ies, which are primarily restricted to the Haskell
ecosystem, our work expands the scope to a di-
verse set of functional programming languages, in-
cluding Haskell, Scala, and OCaml. Furthermore,
rather than focusing on fine-tuning smaller archi-
tectures, we conduct a comprehensive evaluation of
the latest frontier LLMs, including GPT-3.5, GPT-
40, GPT-5, DeepSeek-V3.2, Devstral Small 1.1 and
Qwen3-Coder-Next. This allow us to assess the ca-
pabilities of these state-of-the-art models across
multiple functional languages, providing a broader
perspective on the current boundaries of Al-driven
software engineering in functional programming.

5 Conclusion

In this paper, we presented FPEval, a compre-
hensive framework for evaluating LLM code gen-
eration in functional programming. Its dual-
assessment approach combines rigorous test suites
with static-analysis tools to evaluate both functional
correctness and the code style and maintainabil-
ity of LLM-generated code. Our findings reveal
a significant “paradigm gap” in current LLM per-
formance: these models demonstrate substantially
higher error rates in functional-first languages, such
as Haskell and OCaml, compared to hybrid or im-
perative baselines. Furthermore, our analysis in-
dicates that even when LLMs achieve functional
correctness, they frequently generate low quality
code that violate best practices in functional pro-
gramming, thereby undermining the safety and
maintainability benefits inherent to functional pro-
gramming. This risk is particularly relevant for
non-expert users, who may accept test-passing
code without recognizing violations of paradigm-
specific principles and maintainability conventions.
More broadly, our paradigm-aware evaluation ap-
proach may inform the development and assess-
ment of LLM support for other low-resource but se-
mantically sophisticated programming languages.

Despite these limitations, LLM code-generation
capabilities in functional programming improve
with model advancement. Our results also demon-
strate that LLMs can self-repair their outputs when
guided by detailed static-analysis feedback and cus-
tomized instructions. Overall, we hope that FPEval
can serve as a robust benchmark for the community
and offer empirical insights to guide the develop-
ment of LLMs for functional programming.
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6 Limitations

The limitations of this work are as follows:

First, our evaluation is constrained by the lim-
ited scope of the subject models. Although we
evaluate seven LLLMs spanning both proprietary
and open-source families,GPT-3.5, GPT-40, and
GPT-5 from OpenAl; Claude Opus 4.6 from An-
thropic; DeepSeek-V3.2 from DeepSeek; and
Qwen3-Coder-Next and Devstral Small 1.1 as open-
source representatives, the landscape of available
models is far broader. Some model families (e.g.,
Code Llama, StarCoder, Gemini) remain uneval-
uated, and our findings may not fully general-
ize to them. To minimize this risk, we selected
models that span diverse providers, architectures,
and capability tiers, including both the current
industry-leading frontier models and competitive
open-source alternatives, to ensure that our conclu-
sions reflect a representative cross-section of the
state of the art rather than the idiosyncrasies of a
single vendor.

Second, FPBench currently covers only Haskell,
OCaml, and Scala, so the results may not generalize
to other functional languages. Extending the bench-
mark to languages such as F#, Clojure, and Racket
requires manual validation of language templates,
test infrastructure, and static-analysis rules, as well
as additional computational resources. We leave
this broader language coverage to future work.

Third, all FPBench task descriptions and
prompts are written in English. The findings may
therefore not generalize to specifications in other
natural languages, where translation ambiguity and
differences in multilingual model capabilities could
affect code generation. Future versions of FPBench
should include multilingual task descriptions to
evaluate this dimension.

Fourth, this study mainly focuses on the code
generation capabilities of LLMs in functional pro-
gramming. While the generation of functionally
correct and high-quality code is a fundamental re-
quirement for practical software engineering, it rep-
resents only a subset of the developer’s workflow.
Our evaluation does not account for other essen-
tial software development tasks, such as bug repair
or code optimization. Consequently, our findings
reflect the models’ effectiveness in initial synthe-
sis but may not generalize to their performance in
iterative software evolution or debugging. How-
ever, we hope that our work can serve as a foun-
dational benchmark for functional programming

in the LLM era, providing a necessary baseline
upon which future studies into broader software
engineering automation can be built.

Fifth, this work uses FPEval for evaluation and
inference-time repair rather than model training.
Its executable tests and static-analysis feedback
could support functional-programming-specific su-
pervised fine-tuning and alignment methods, such
as reinforcement learning from tool feedback. Fu-
ture work should investigate whether combin-
ing functional-programming corpora with FPEval-
derived feedback can improve both correctness and
idiomaticity while reducing imperative bias.

Finally, our benchmark primarily comprises
problems sourced from educational and competi-
tive programming platforms. While these tasks pro-
vide rigorous constraints for evaluating algorithmic
correctness, they may not be fully representative
of industrial-scale functional programming. Real-
world software involves complex inter-module de-
pendencies, legacy architectural constraints, and
specific domain-driven design patterns that are of-
ten absent in isolated programming challenges. In
the future work, we will consider the expansion
of our dataset to include large-scale, open-source
functional programming repositories.
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A Prompt for Synthesizing Test-Case
Generators

To automatically construct high-quality and di-
verse test cases for each programming task, we em-
ploy GPT-40 to synthesize Python input-generation
code directly from the natural-language task de-
scription. The model is prompted to behave as an
expert competitive programmer and to strictly fol-
low all problem constraints when constructing test
data. Below is the exact prompt template used to
generate test-case synthesis code. The assistant
receives (i) the task description and (ii) a Python
template scaffold, and is instructed to output a sin-
gle Python function named construct_inputs() that
returns 10 diverse inputs without printing them.

Prompt for input generation

random_input_generator (1, 50,
1, 10)) # Adjust according to
constraints\n"”
return inputs_list\n\n"
"### TASK:\n"
"{task_description}\n"”
"{python_template}\n”
"Construct a random input generator
Use the format used in the
above example by returning a
single function that builds
diverse inputs named °
construct_inputs ™. Do not print
the inputs_list.\n"),

n

("system",

"You are an expert Python
competitive programmer and your
goal is to construct input
generators for testing
programming contest problems.
You will write relevant
generators and finally
construct “construct_inputs”
function that returns a list of
diverse inputs sampled from
the generator. Remember to
strictly follow the
instructions and constraints

present in the problem
statement.\n"

) ,

("human",

"### INSTRUCTIONS:\n"

"- Identify the constraints from
the problem statement.\n”

- Construct a Python function
construct_inputs ()" that
generates diverse test cases.\n

n

n

n

- Ensure all generated values
strictly follow the constraints
An\n”"

"### EXAMPLE REFERENCE:\n"

"import numpy as np\n”

"def random_input_generator (

weight_min, weight_max,

size_min, size_max):\n"
weights_size = np.random.
randint (size_min, size_max+1)\n

n

n

weights = np.random.randint(
weight_min, weight_max, size=
weights_size).tolist()\n"
" k = np.random.randint (1,
weights)+1)\n"

return weights, k\n\n"

construct_inputs():\n"

inputs_list = [J\n"

## random inputs\n”

for i in range(8):\n"

inputs_list.append(

len(

"def

B Test Execution.

To ensure the execution of public and private
test cases, we developed a specialized test infras-
tructure for functional languages that operates in
four stages. First, FPEval generates per-problem
unit tests using standard libraries (e.g., OUnit2 for
OCaml, HUnit for Haskell). Second, it constructs
compilation-ready test templates, into which the
LLM-generated solutions are injected. Third, the
infrastructure validates both public and private test
cases by compiling and executing the resulting files
in an isolated environment using Docker. Finally,
it captures execution logs to rigorously distinguish
between syntax errors, static type mismatches, run-
time failures and functional errors. The infras-
tructure also automatically handles differences in
data formats (e.g., booleans, lists, strings), supports
docstring-based type extraction, and performs type-
aware formatting of test inputs and expected out-
puts. This automation was essential for scaling
evaluation across hundreds of problems and ensur-
ing a high-quality assessment of LLM effectiveness
in functional programming languages.

C Data Contamination.

We also investigate the potential impact of data
contamination on the studied LLMs. We specifi-
cally select GPT-40 and DeepSeek-V3.2 for this
analysis, as their clearly defined knowledge cutoffs
provide a balanced distribution of tasks between the
pre-cutoff and post-cutoff periods in our evaluation
data. To quantify the impact of data contamina-
tion, we partition the programming tasks into dis-
tinct chronological periods based on their release
dates. For GPT-4o, the tasks are partitioned into six
periods: (1) before September 2022, (2) October
2022-March 2023, (3) April-September 2023, (4)
October 2023—March 2024, (5) April-September
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Figure 2: Pass@1 performance of GPT-40

2024, and (6) after October 2024. Figure 2 illus-
trates the pass rates of GPT-40 in the four studied
programming languages. We can see that GPT-40
shows a substantial post-cutoff performance drop
in Java and Scala, i.e., from 52.0% to 32.8% in
Java and from 35.8% to 21.6% in Scala. These
results suggest possible data contamination in the
pre-training data for mainstream languages. In con-
trast, the model maintains a low and stable accu-
racy in OCaml and Haskell throughout, consistent
with their limited presence in pre-training corpora.
To analyze DeepSeek-V3.2, we align the timeline
with its official knowledge cutoff in July 2024,
grouping tasks into: (1) before December 2022, (2)
January—July 2023, (3) August-December 2023,
(4) January—June 2024, (5) July—-December 2024,
and (6) after January 2025. Figure 3 illustrates its
Pass@1 performance. Notably, DeepSeek-V3.2
exhibits a sharp and immediate post-cutoff perfor-
mance decline beginning in the July—December
2024 period. In mainstream languages, accuracy
drops from 55.4% to 38.0% in Java, and from
43.4% to 32.1% in Scala. Interestingly, unlike
GPT-40, DeepSeek-V3.2 also experiences a severe
degradation in functional languages post-cutoff,
with Haskell plummeting from 36.9% to 19.2%
and OCaml dropping from 47.5% to 34.6%. This
uniform drop across all studied languages strongly
suggests extensive data contamination in its pre-
training corpora, impacting both mainstream and
niche programming languages prior to its July 2024
cutoff.

D Representative Examples of Imperative
Code Patterns

1. Mutable Variables

* Imperative-style (incorrect):

var count = 0
count = count + 1

0.0
~Dec2022 Jan2023-Jul2023 Jul2023-Dec2023  Jan2024-Jun2024  Jul2024-Dec2024 Jan2025~

Figure 3: Pass@1 performance of Deepseek-V3.2

// Functional-style (preferred)

val count = 0
val newCount = count + 1

In FP, variables are ideally immutable (val in
Scala, let without reassignment in OCaml).
However, GPT often generates code using mu-
table bindings (var) or reassignment opera-
tors.

2. Imperative Loops

* Imperative-style (incorrect):

for (i <- @ until n) {
println(i)
}

* Functional-style (preferred):

(@ until n).foreach(println)

¢ Or recursion (in OCaml):

let rec print_numbers i n =
if i < n then (
print_int 1i;
print_newline ();
print_numbers (i + 1) n

)

GPT frequently defaults to for, while, or do
while loops common in imperative languages
but less idiomatic in FP. A functional solution
would use higher-order functions or recursion.

3. In-place Mutation of Data Structures

* Imperative-style (incorrect):

val arr = Array(1, 2, 3)
arr(0Q) = 42

* Functional-style (preferred):

val arr = Vector (1, 2, 3)
val newArr = arr.updated(@, 42)
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Instead of treating data structures as im-
mutable, GPT often produces code that mu-
tates arrays or lists directly, especially in
performance-related contexts. This contra-
dicts the functional principle of constructing
new values rather than mutating existing ones.

4. Use of null Instead of Option Types

* Imperative-style (incorrect):

def findUser (name: String): User = {
if (db.contains(name)) db(name)
else null

* Functional-style (preferred):

def findUser(name: String): Option[
User] = db.get(name)

FP discourages the use of null, favoring safer
alternatives like Option, Maybe, or pattern
matching.

E Imperative Bias in LLM-Generated
Functional Code

Although LLMs are prompted to generate code in
functional programming languages such as Haskell,
OCaml, and Scala, their outputs often reflect an im-
perative programming bias. This section provides
representative examples and quantitative evidence
of this phenomenon.

Example 1: Scala

* Imperative-style (incorrect):

import scala.collection.mutable

def countAlternatingSubarrays(nums:

List[Int]): Int = {

val n = nums.length

// Mutable variable 'n'

var count = 0

//Mutable variable (var)

var left = 0

//Mutable variable (var)

var right = 0

// Mutable variable (var)

val set = mutable.HashSet[Int]()

// Uses mutable collection (
HashSet)

while (right < n) {

//Imperative loop

// Side-effect: mutating set
while (set.size > 2) {
set.remove (nums(left))
//Side-effect: mutating
set
left += 1
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//Mutation
3
count += right - left + 1
//Mutation
right += 1
//Mutation

count

Problem: Count alternating subarrays

* Functional-style (preferred):

def countAlternatingSubarrays(nums:
List[Int]): Int = {
nums.indices.foldLeft((@, 0, Map.
empty[Int, Int]l, 0)) {
case ((left, right, fregMap,
count), r) =>
val num = nums(r)
val updatedFreq = freqMap.
updated (num, freqgMap.
getOrElse (num, @) + 1)

// Slide left pointer while
more than 2 distinct
elements

val (newLeft, newFreq) =
Iterator.iterate((left,
updatedFreq)) {

case (1, fmap) =>
val leftNum = nums(l)

val newCount = fmap(
leftNum) - 1
val newFmap = if (newCount

== @) fmap - leftNum
else fmap.updated(
leftNum, newCount)
(1 + 1, newFmap)
}.dropWhile { case (_, fmap) =
> fmap.size > 2 }.next()

val newCount = count + (r -
newLeft + 1)
(newLeft, r + 1, newFreq,
newCount)
}._4
}

The functional version uses an immutable
‘Map‘ instead of a mutable ‘HashSet*, elimi-
nates all ‘var® declarations, and replaces reas-
signment with state threading via ‘foldLeft".
It also employs ‘Iterator.iterate‘ to express the
sliding window logic in a recursion-inspired
style.

set.add(nums(right)) Example 2: OCaml

» Imperative-style (incorrect):

let minTime (skill: int list) (mana:
int list) : int =
let n = List.length skill in



let m =
let dp

in
(xuses
dp. (0)

List.length mana in
Array.make_matrix n m @

mutable arrayx)
.(0) <- skill.(@) * mana. (@)

(*mutation using "<-"%)
for j =1 tom -1 do
(xImperative loop *)
dp. (@) .(j) <- max dp.(@).(j-1) (
skill. (@) * mana.(j));
(xMutation inside loopx)
done;
for i =1 ton -1
(xImperative loop*)
dp.(i). (@) <- dp.(i-1).(0) +
skill. (i) * mana.(Q);
(*Mutationx)
for j =1 tom -1
(x*Nested loopx)
dp.(i).(J) <- max dp.(i).(j-1)
dp.(i-1).(j) + skill. (i)
* mana.(j);
(xMutationx)
done;
done;
dp.(n-1).(m-1)

do

do

* Functional-style (preferred):

Problem: Find the minimum amount of time to brew
potions

let minTime (skill: int list) (mana:
int list) int =
let rec build_dp prev_row i
match List.nth_opt skill i with
| None -> prev_row
| Some s ->
let row
List.mapi (fun j m ->
let from_left = if j = 0
then None else Some (

List.nth row (j - 1))
in
let from_top = List.nth

prev_row j 1in
let cell_value =
match from_left with

| None -> from_top + s *
m
| Some 1 -> max 1
from_top + s * m
in
cell_value
) mana
in
build_dp row (i + 1)
in
match skill with
| [] -> 0
| s@ rest ->

let first_row
snd (List.fold_left (fun (
max_val, acc) m ->
let curr = max max_val (s0@ =*
m) in
(curr, acc @ [currl])
) (min_int, []) mana)
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in

let final_dp build_dp
first_row 1 in

List.hd (List.rev final_dp)

In this version:

* The dp matrix is reconstructed immutably us-
ing List.fold_left and pure functions.

* There are no imperative loops or mutation (<-
is gone).

e Recursion and list transformations maintain
purity and immutability.

Example 3: Haskell

* Imperative-style (incorrect):

import Data.lList
maxOperations
maxOperations nums
where
helper nums count
| length nums < 2 count
| otherwise let score = sum
$ take 2 nums
in helper (delete (head
nums) $ delete (head
$ reverse nums)
nums) (count + 1)

[Int] — Int
helper nums 0

Problem: Maximum number of operations with the
same score ii

* Functional-style (preferred):

maxOperations
where
go count (x:xs@(_:_))
let mid init xs
in go (count + 1) mid
go count count

go 0

F Prompt Design and Language-specific

Self-repair Instructions

This appendix details the prompting strategies
and language-specific repair mappings used in
our experiments.
(1) the prompt templates for code genera-
tion, self-repair, Test-feedback Repair, and
Compiler-feedback Repair; and (2) the map-
ping between common compiler warnings or errors
and the corresponding self-repair instructions for
each functional language (Haskell, OCaml, and
Scala).

It consists of two parts:



F.1 Prompt Templates

The first part presents the exact prompts used for
the baseline code generation and self-repair set-
tings.

Prompt for generating code

"4## CODE:
"### TEST:
)

\n{pre_code}\n"
\n{test_case}\n"

Prompt for Compiler-feedback Repair

("system”,
"You are an expert {lang}
programmer. You will be given a
question (problem
specification) and will
generate a correct {lang}
program that matches the
specification and passes all
tests. You will NOT return
anything except for the program
AND necessary imports.\n",
) ’
("human”,
"### QUESTION:\n{description}\n”"
"### FORMAT: You will use the
following starter code to write
the solution to the problem
and enclose your code within
delimiters.\n{template}\n"
"### ANSWER: (use the provided
format with backticks)\n"”
)

("system",

"You are a helpful programming
assistant and an expert {lang}
programmer. The previously
generated code failed to compile

or produced compiler feedback.
Please provide a better code
implementation as expected by
the task description and the
function using idiomatic
functional programming style.
You must put the entire fixed
program within code delimiters
only once.",

),

("human",

"### CODE: \n{pre_code}\n"

"### COMPILER FEEDBACK:\n{
compiler_output}\n”

)

Prompt Baseline for self-repair

("system”,

"You are a helpful programming
assistant and an expert {lang}
programmer . The previously
generated code has quality
issues, does not pass the tests,

and is not idiomatic functional
programming. Please provide a
better code implementation as
expected by the task description
and the function using
idiomatic functional programming
style. You must put the entire
fixed program within code

n

delimiters only once.”,

),
("human”,
"### CODE: \n{pre_code}\n”
)
Prompt for Test-feedback Repair
("system”,

"You are a helpful programming
assistant and an expert {lang}
programmer. The previously
generated code does not pass all

the tests. Please provide a
better code implementation as
expected by the task description

and pass all the tests. You
must put the entire fixed
program within code delimiters
only once."”,

) ’

("human",

F.2 Language-specific Self-repair Mappings

The appendix part summarizes detailed mappings
between compiler feedback and the corresponding
self-repair instructions. These mappings in table 6,
7, 8 serve as structured guidance for the model to
correct errors and improve code style and maintain-
ability during the self-repair process.

G Preliminary Pass@k Analysis

Higher-k£ Correctness Evaluation To investi-
gate whether increasing the number of sampled
candidates improves performance, we expanded
our preliminary evaluation to pass@1, pass@5,
and pass @10 using three models (DeepSeek-V3.2,
Devstral Small 1.1, and Qwen3-Coder-Next) on a
random subset of 300 tasks from FPBench. The
subset was selected once using seed 42 and was
shared across all model-language configurations.
For each task, model, and language, we sampled ex-
actly ten candidates using the same generation set-
tings as those described in Section 2.3. Pass@5 and
pass@ 10 were computed from this common pool
of ten candidates using the standard HumanEval
pass@k estimator, without reranking or filtering
candidates before evaluation. The new results con-
firm that increasing the sampling budget substan-
tially improves functional correctness across all
models and languages. Averaged across the nine
model-language configurations, the pass rate in-
creases from 28.2% at pass@1 to 36.7% at pass@5
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Table 6: Instruction mapping for Haskell self-repair

Warning / Error Instruction for Self-repair

Avoid lambda Avoid using lambda expressions when a function or operator already
exists.

Eta reduce Remove unnecessary parameters by applying eta-reduction.

Redundant bracket Eliminate redundant brackets to simplify the expression.

Avoid lambda using infix
Use zipWith

Avoid reverse

Move brackets to avoid $
Move filter

Use uncurry

Replace lambda expressions with infix operators when possible.
Use zipWith for parallel list operations instead of combining map
and zip.

Avoid using reverse before head, last, or indexing, as it is ineffi-
cient.

Prefer parentheses over excessive use of the $ operator for readability.
Apply filter closer to the data source to reduce unnecessary com-
putation.

Use uncurry when applying a function to a tuple.

Use infix Use infix notation for better readability when working with operators.
Table 7: Instruction mapping for OCaml self-repair

Warning / Error Instruction for Self-repair

Type error Check type annotations and ensure expressions match expected types.

Unbound identifier

Parse error

Unused

Exhaustiveness error
Incorrect arity

Missing labeled argument

Mutation of immutable

For example, if a function expects an int but receives a string,
convert or adjust the type.

Declare the identifier before using it, or fix the spelling. Make sure
the correct module is opened/imported.

Fix OCaml syntax: check missing in, ->, ; ;, or misplaced parenthe-
ses/brackets.

Remove unused variables, or prefix them with _ if they are intention-
ally unused.

Add missing cases in pattern matching to cover all constructors, or
use _ as a catch-all case.

Check the number of arguments when calling a function. Supply
missing arguments or remove extra ones.

Add the required labeled argument when calling the function (e.g., f
~x:value if the function expects ~x).

OCaml values are immutable by default. Rewrite code to avoid
mutation, and use new bindings (let x = ...) instead of trying to
update old ones.

and 43.6% at pass@10. This trend is consistent
across all three models. As shown in Table 9, for
DeepSeek-V3.2, the pass rates on Haskell, OCaml,
and Scala increase from 34.0%, 44.5%, and 48.0%
at pass@1 t049.0%, 62.0%, and 63.0% at pass@ 10,
respectively. Devstral Small 1.1 improves from
11.3%, 10.3%, and 25.7% to 20.3%, 23.0%, and
39.7%, while Qwen3-Coder-Next improves from
12.0%, 33.0%, and 35.0% to 26.3%, 54.0%, and
54.7%. These results show that higher-£ sampling

meaningfully increases the likelihood of obtaining
functionally correct solutions and that FPBench
can capture model improvements under broader
sampling budgets.

Pass Rate-Imperative Bias Trade-off The ex-
panded higher-k evaluation also confirms that
the central finding of the paper remains robust:
higher pass rates do not necessarily imply better
adherence to functional programming principles.
For each value of k, we compute the imperative-
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Table 8: Instruction mapping for Scala self-repair

Warning / Error

Instruction for Self-repair

If block needs braces

Avoid using return
Magic Number

Cyclomatic complexity of

Always wrap if blocks with braces {} for clarity and to avoid
ambiguity.

Do not use return; rely on expression values instead.

Replace magic numbers with named constants or enums for
readability.

Refactor the function into smaller ones or use functional con-
structs (map, fold, recursion) to reduce complexity.

There should be a space before the
plus (+) sign

File line length exceeds

File must end with newline character

Add proper spacing around operators (e.g., a + b not a+b).

Split long lines into multiple shorter lines for readability.
Ensure the file ends with a newline character.

Table 9: Functional correctness at pass@ 1, pass@5, and pass@ 10 across 300 FPBench tasks.

DeepSeek-V3.2

Devstral Small 1.1

Qwen3-Coder-Next

Metric

Haskell OCaml Scala Haskell OCaml Scala Haskell OCaml Scala
Pass@1 34.0% 445% 48.0% 11.3% 103% 257% 12.0% 33.0% 35.0%
Pass@5 41.3% 56.3% 55.0% 18.0% 17.7% 32.0% 21.7% 44.6% 44.0%
Pass@10 49.0% 62.0% 63.0% 20.3% 23.0% 397% 263% 54.0% 54.7%

violation rate over the functionally correct candi-
dates among the top-k samples; that is, the numer-
ator counts passing candidates that contain at least
one imperative-pattern violation, and the denomina-
tor counts all passing candidates considered under
the same pass@Fk setting. As pass@Fk increases,
this rate also increases substantially. Across the
same nine model-language configurations, the av-
erage rate of imperative-pattern violations among
passing candidates rises from 50.1% at pass@1 to
63.4% at pass@5 and 79.2% at pass@10.

These results strengthen our original conclu-
sion: although higher-k sampling helps models
find more passing solutions, many of the additional
passing solutions rely on imperative shortcuts such
as branch-heavy control flow, mutable-style pat-
terns, or other non-idiomatic constructs. Thus, im-
provements in pass@k should not be interpreted
as equivalent improvements in functional program-
ming quality, which is consistent with the “reward-
hacking” pattern documented in Section 3.2. We
report pass@1 as the primary metric throughout
the paper because it reflects realistic single-query
deployment settings.

H Transpiler Verification Details

To ensure the semantic integrity of the transpiled
templates, we implemented a two-step verifica-
tion process. All generated templates underwent
automated syntax and type checking (via ghc,
ocamlopt, and scalac), followed by a manual au-
dit of the full dataset to confirm the strict preserva-
tion of problem constraints and I/O mappings. The
automated stage rejected 4.3% of templates overall
(6.1% for Haskell, 2.9% for OCaml), primarily due
to unsupported type constructs (e.g., nested gener-
ics, callback types) and ambiguous overloaded op-
erators that could not be resolved without runtime
context; these tasks were excluded from the bench-
mark. In the manual audit, we observed some mi-
nor differences in I/O formatting, all of which were
corrected before finalizing the dataset. This rigor-
ous verification process ensures that the templates
used for evaluation are both syntactically valid and
semantically faithful to the original problem speci-
fications, providing a reliable foundation for assess-
ing LLM performance in functional programming.

I Violations of Core Linguistic Properties.

To provide a deeper investigation into the nature of
the imperative bias, we extend our analysis to ex-
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Table 10: Percentage of LLM-generated solutions containing imperative patterns across 300 FPBench tasks.

DeepSeek-V3.2

Devstral Small 1.1

Qwen3-Coder-Next

Metric

Haskell OCaml Scala Haskell OCaml Scala Haskell OCaml Scala
Pass@1 33% 36% 65% 36% 50% 73% 51% 43% 64%
Pass@5 54% 43% 76% 50% 68% 77% 72% 58% 73%
Pass@10 79% 65% 84% 69% 86% 82% 89% 74% 85%

plicitly quantify violations of three core linguistic
principles of functional programming: (1) declar-
ative control flow (reliance on explicit loops or
if-then-else chains instead of pattern matching
or higher-order functions); (2) purity (presence of
10 effects, monadic misuse, or hidden side effects
in nominally pure functions); and (3) immutabil-
ity (use of mutable references or in-place assign-
ments). Table 11 reports the violation rates across
DeepSeek-V3.2, Devstral Small 1.1, Qwen3-Coder-
Next, and Claude Opus 4.6.

Violations of declarative control flow are the
most prevalent across all models and languages,
exceeding 68% in Haskell for the strongest models
and remaining between 31% and 47% in OCaml
and Scala. This indicates a systematic reversion to
sequential, imperative constructs even in languages
that strongly discourage them. Immutability vio-
lations are strongly language-dependent: rare in
Haskell (under 5%), reflecting stricter compiler en-
forcement, but common in OCaml and Scala (often
exceeding 40%), where the language permits but
discourages mutable state. Purity violations oc-
cur at lower rates (approximately 5-25%) but are
present across all languages, suggesting recurring
difficulty in preserving referential transparency and
correct monadic structure. Together, these find-
ings confirm that the imperative bias documented
in Table 3 reflects systematic, multi-dimensional
failures to adhere to functional programming prin-
ciples, not merely superficial stylistic choices.

J Comparison to Stronger Repair
Baselines

In this appendix, we present the detailed empirical
results comparing our Instruction-guided
Repair against two stronger, feedback-driven
baselines: Test-feedback Repair and
Compiler-feedback Repair. Test-feedback
Repair augments the prompt with the exact error
outputs and execution logs from failing test cases,
while Compiler-feedback Repair provides the

Table 11: Percentage of LLM-generated code with vio-
lations of core functional programming properties. Decl.
Ctrl. Flow = Declarative Control Flow.

Model Property Haskell OCaml Scala
DeepSeek.  Decl: Cul. Flow  75.92%  37.53%  36.50%
\% 5 Purity 578% 1321% 16.40%
' Immutability 1.04% 41.08% 47.10%
Devsiral | Decl Cul. Flow  47.01%  32.34%  42.20%
ooy Purity 2541% 7.48%  11.00%
ML Immutability 0.76% 41.45% 46.80%
Owens.  Decl Cul Flow  72.50%  30.33%  4296%
Coutomex;  Purity 11.02% 18.00% 12.81%
OGN Immutability 0.40% 36.78% 44.09%
Decl. Ctrl. Flow  68.33% 31.69%  46.39%

Claude Rk
Omsgg  Puity 11.65% 1731% 11.35%
pus 4. Immutability 4.69% 49.25% 41.88%

model with language-level compiler diagnostics
(e.g., type mismatches or syntax errors). Table 12
reports the proportion of clean code across all
model-language configurations, and Table 13
details the raw number of functionally correct
solutions achieved. Consistent with the findings
discussed in answering RQ3, the results reveal
a stark trade-off. Test-feedback Repair and
Compiler-feedback Repair typically achieve
the highest absolute number of correct solutions.
However, they do so at a severe expense to
code quality: their proportions of clean code
average only 39.3% and 37.4%, respectively.
This indicates that providing raw error feedback
encourages models to "hack" the tests by relying
heavily on imperative constructs. In contrast,
Instruction-guided Repair successfully
mitigates this reward-hacking behavior. It achieves
a significantly higher average proportion of
clean code (63.8%, an approximate 1.6—1.7x
improvement), while still retaining 96.5% of
the correct solutions achieved by the strongest
feedback-based baseline overall (4,442 versus
4,602 solutions). Thus, Instruction-guided
Repair produces a competitive volume of correct
solutions while substantially improving adherence
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to fundamental functional programming principles.

Table 12: Proportion of clean code among functionally
correct outputs. Origin, Sim. Rep., Test. Feed., Comp.
Feed., and Ins. Rep. denote the original generated
code and code repaired using Simple Repair,
Test-feedback Repair, Compiler-feedback
Repair, and Instruction-guided Repair, respec-
tively.

Model Method Haskell OCaml Scala
Origin 22% 63% 61%

Sim. Rep. 46% 78% 75%

GPT-3.5 Test. Feed. 17% 42% 43%
Comp. Feed. 20% 49% 52%

Ins. Rep. 61% 87% 79 %

Origin 46% 61% 77 %

Sim. Rep. 48% 92% 61%

GPT-40 Test. Feed. 31% 41% 48%
Comp. Feed. 38% 44% 47%

Ins. Rep. 56% 78% 66%

Origin 45% 44% 57%

Sim. Rep. 58% 87% 62 %

GPT-5 Test. Feed. 37% 39% 46%
Comp. Feed. 41% 40% 51%

Ins. Rep. 63% 91% 60%

Origin 33% 36% 65%

Sim. Rep. 46% 49% 67%

Dei}’izek' Test. Feed.  31%  32%  56%
Comp. Feed. 29% 29% 51%

Ins. Rep. 47 % 43% 71%

Origin 36% 50% 63 %

Devstral Sim. Rep. 38% 53% 61%
Small 1.1 Test. Feed. 23% 40% 42%
Comp. Feed. 19% 37% 47%

Ins. Rep. 48 % 59% 62%

Origin 51% 43% 64%

Qwen3- Sim. Rep. 54% 48% 68 %
Coder-Next Test. Feed. 44% 40% 56%
Comp. Feed. 26% 25% 29%

Ins. Rep. 55% 56 % 67%

K Static Analysis Rule Categorization

To ensure that our measurement of the proportion
of clean code is reproducible, we provide a cat-
egorization of the static-analysis rules employed
by FPEval. Table 15 details the specific configu-
rations used for each language. These rules are
selected to detect two primary types of violations:

» Imperative Bias: Constructs that are syntac-

tically valid but violate functional program-
ming principles (e.g., use of mutable variables,
explicit loops, or procedural control flow).

* Non-Idiomatic Usage: Code that fails to
leverage the expressive power of the language.

For Haskell, we rely on HLint to detect redun-
dant constructs and suggest higher-order replace-
ments. For OCaml, we invoke the compiler di-
rectly using the -warn-error +a flag to enforce
strict static semantics. For Scala, we employ the
default Scalastyle configuration, which reflects
the community’s standard for idiomatic code. How-
ever, to prioritize semantic correctness over format-
ting minutiae, we explicitly disabled all whitespace-
related rules (e.g., tab checking, spacing align-
ment), focusing strictly on logic and paradigm vio-
lations.

L. Static Analysis Rule Categorization

To ensure that our measurement of the proportion
of clean code is reproducible, we provide a cat-
egorization of the static-analysis rules employed
by FPEval. Table 15 details the specific configu-
rations used for each language. These rules are
selected to detect two primary types of violations:

* Imperative Bias: Constructs that are syntac-
tically valid but violate functional program-
ming principles (e.g., use of mutable variables,
explicit loops, or procedural control flow).

* Non-Idiomatic Usage: Code that fails to
leverage the expressive power of the language.

For Haskell, we rely on HLint to detect redun-
dant constructs and suggest higher-order replace-
ments. For OCaml, we invoke the compiler di-
rectly using the -warn-error +a flag to enforce
strict static semantics. For Scala, we employ the
default Scalastyle configuration, which reflects
the community’s standard for idiomatic code. How-
ever, to prioritize semantic correctness over format-
ting minutiae, we explicitly disabled all whitespace-
related rules (e.g., tab checking, spacing align-
ment), focusing strictly on logic and paradigm vio-
lations.
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Table 13: Number of functionally correct solutions across repair methods. Sim. Rep., Test. Feed., Comp. Feed.
and Ins. Rep. denote results obtained from the code repaired using Simple Repair, Test-feedback Repair,
Compiler-feedback Repair, and Instruction-guided Repair, respectively.

Setting GPT-3.5 GPT-40 GPT-5 DeepSeek-V3.2 | Devstral Small 1.1 | Qwen3-Coder-Next
Ha. Oc. Sc. | Ha. Oc. Sc. | Ha. Oc. Sc.|Ha Oc. Sc. |Ha Oc. Sc. Ha. Oc. Sc.
Code Generated | 93 68 118 | 196 261 280 | 287 376 420 | 249 334 320 | 78 68 180 92 230 240
Sim. Rep. 102 78 117 | 204 272 297 | 301 396 431|332 365 334 | 8 91 247 165 258 267
Test. Feed. 117 93 131|235 288 299 | 303 399 430|291 371 338 | 95 101 234 100 245 277
Comp. Feed. 108 92 128 | 206 283 292 | 296 388 427 | 301 376 355 | 98 105 251 231 306 284
Ins. Rep. 98 85 139|209 266 288|295 391 433|360 358 342 | 93 99 245 184 269 288
Table 14: Categorization of Static Analysis Rules employed in FPEval
Language Tool Rule/ID Description & Rationale
Use map / fmap Suggests replacing explicit recursion or list compre-
. hensions with higher-order functions (e.g., map), en-
HLint s .
Haskell forcing idiomatic FP style.

Redundant do Flags do blocks containing a single expression, en-
couraging pure functional expressions over monadic
sequencing.

Use let Recommends let bindings over monadic generators
(<-) for pure values.

Eta reduce Encourages point-free style by removing redundant
function arguments.

GHC -Wall Enables all warnings, strictly flagging shadowed vari-
ables and unused matches common in imperative
logic porting.

VarChecker (Standard) Detects mutable variables (var), promot-

Scalastyle ing the use of immutable va.lu.es (val).

Scala ReturnChecker (Standard) Detects the explicit return keyword, en-

(Default Profile) . . .
suring expression-oriented control flow.

NullChecker (Standard) Disallows null, enforcing type-safe error
handling via Option.

CyclomaticComplexity (Standard) Penalizes methods with high complexity
(> 10), often caused by nested imperative if-else
blocks.

PublicMethodsHaveType (Standard) Requires explicit return types for public
methods, ensuring type clarity in functional APIs.

-warn-error +a Strict Mode: Treats all warnings as fatal errors. This

OCaml Compiler ensures generated code adheres strictly to OCaml

(ocaml -c) static semantics.

Warning 8 Partial match: Enforced via strict mode. Rejects
pattern matching that fails to cover all cases.

Warning 26 Unused variable: Enforced via strict mode. Rejects
unused bindings often left behind by procedural logic
generation.

OCamlFormat Formatting Enforces community-standard indentation, discour-

aging deep nesting structures typical of imperative
code.
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Table 15: Categorization of Static Analysis Rules employed in FPEval

Language

Tool

Rule / ID

Description & Rationale

Haskell

HLint

Use map / fmap

Redundant do

Use let

Eta reduce

Suggests replacing explicit recursion or list compre-
hensions with higher-order functions (e.g., map), en-
forcing idiomatic FP style.

Flags do blocks containing a single expression, en-
couraging pure functional expressions over monadic
sequencing.

Recommends let bindings over monadic generators
(<-) for pure values.

Encourages point-free style by removing redundant
function arguments.

GHC

-Wall

Enables all warnings, strictly flagging shadowed vari-
ables and unused matches common in imperative
logic porting.

Scala

Scalastyle
(Default Profile)

VarChecker
ReturnChecker
NullChecker

CyclomaticComplexity

PublicMethodsHaveType

(Standard) Detects mutable variables (var), promot-
ing the use of immutable values (val).

(Standard) Detects the explicit return keyword, en-
suring expression-oriented control flow.

(Standard) Disallows null, enforcing type-safe error
handling via Option.

(Standard) Penalizes methods with high complexity
(> 10), often caused by nested imperative if-else
blocks.

(Standard) Requires explicit return types for public
methods, ensuring type clarity in functional APIs.

OCaml

Compiler
(ocaml -c)

-warn-error +a

Warning 8

Warning 26

Strict Mode: Treats all warnings as fatal errors. This
ensures generated code adheres strictly to OCaml
static semantics.

Partial match: Enforced via strict mode. Rejects
pattern matching that fails to cover all cases.
Unused variable: Enforced via strict mode. Rejects
unused bindings often left behind by procedural logic
generation.

OCamlFormat

Formatting

Enforces community-standard indentation, discour-
aging deep nesting structures typical of imperative
code.
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