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Abstract—Large language models (LLMs) have shown strong
code generation ability, yet most benchmarks concentrate on
high-resource languages such as Python, Java, and C++, leav-
ing a gap in evaluating LLM performance on low-resource
and legacy languages. Languages including COBOL, Fortran,
Ada, and Prolog remain in financial infrastructure, aerospace
systems, scientific computing, and symbolic reasoning, but are
supported by far less training data and lack widely accepted
benchmarks. To fill this gap, we present CodeFORGE, an
automated benchmark synthesis framework tailored to data-
scarce programming languages. Our method uses LLMs to
generate programming tasks together with corresponding test
suites through a designed pipeline. CodeFORGE adopts a model-
cascading verification strategy: multiple LLMs attempt each
generated task in sequence, leveraging iterative feedback from
earlier failures to enable cross-validation and ensure benchmark
reliability. Only tasks that satisfy automated checks inside iso-
lated Docker environments are included in the final benchmark.
With this framework, we build CodeFORGE-Bench, a compre-
hensive benchmark spanning 12 low-resource languages across
diverse paradigms, including procedural, functional, and logic
programming. Extensive experiments evaluating state-of-the-art
LLMs reveal performance gaps relative to high-resource lan-
guages, offering insights into current limitations when LLMs face
linguistically diverse and data-scarce code generation settings.

I. INTRODUCTION

Large language models (LLMs) have recently achieved
strong results on program synthesis and competitive-
programming-style tasks, benefiting from larger model scale
and the abundance of training data for mainstream lan-
guages [1]. Progress is typically quantified through execution-
based benchmarks such as HumanEval and related program
synthesis suites, where a generated program is compiled
when applicable and then executed against hidden tests [2]-
[4]. Recent systems further push toward competition-level
settings and large-scale sampling-and-filtering pipelines [5].
Despite these advances, current evaluation practice remains
concentrated on a small set of high-resource languages, most
notably Python, Java, and C++, which leaves a central question
insufficiently answered: how reliably do LLMs generalize to
programming languages that are rare in training data and less
supported by tooling?

This gap is practical. Long-tail languages still underpin crit-
ical infrastructure and specialized workflows: from enterprise
and finance to scientific/numerical computing and symbolic
programming, yet public benchmarks and standardized eval-
uation harnesses for them are scarce. Without comparable
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Fig. 1. A demonstration in CodeFORGE for solution generation (Model A),
QA-style test generation (Model B), and verification in the pass@k loop.

and executable evaluation, it is difficult to quantify capability
gaps and diagnose language-specific failure modes beyond
mainstream ecosystems.

Building such benchmarks manually is costly and brittle:
each language requires its own compilation/runtime environ-
ment, entrypoint conventions, and I/O rules, and naive porting
can introduce library or numerical mismatches. Moreover,
weak tests can inflate pass@k and mis-rank models, so bench-
mark construction must include rigorous executable verifica-
tion [6]. To address these challenges, we present CodeFORGE,
an automated framework for synthesizing executable multi-
language code-generation benchmarks. Rather than relying on
manually written problem statements, CodeFORGE starts from
a small set of task families (e.g., arrays, strings, arithmetic) and
uses an LLLM to synthesize many concrete, language-agnostic
I/O instructions. For each language—instruction pair, we de-
couple solution generation (Model A) from test generation
(Model B). Model A produces a complete single-file program
that follows a strict stdin/stdout contract; Model B produces
a JSON list of I/O tests without seeing the solution. We
execute candidates inside a unified Docker environment with
per-language compile/run commands, and admit only tasks
that pass automated checks for parseable tests, deterministic
behavior, and executable correctness.

A central ingredient is model-cascading pass-%k verifica-



tion. Multiple verifier models attempt each task in sequence
for up to k tries, receiving concise feedback between attempts
(compiler diagnostics or the first failing input, without reveal-
ing expected outputs). A task enters the benchmark as soon as
any verifier succeeds under the same harness; tasks that fail
all verifiers are retained separately as unverified. This multi-
round design reduces spurious rejections caused by any single
model’s language-specific blind spots while preserving a clear,
reproducible admission rule.

Using CodeFORGE, we construct CodeFORGE-Bench
, a fully executable benchmark spanning 12 low-resource
and legacy languages (Ada, COBOL, D, Fortran, Julia, Lisp,
Lua, OCaml, Octave, Prolog, REXX, Tcl). The benchmark
is stored in a uniform JSONL format with per-task test
suites, supports reproducible Docker-based evaluation, and is
extendable to new languages and models with minimal en-
gineering overhead. We evaluate seven state-of-the-art LLMs
on CodeFORGE-Bench under a pass@5 protocol, revealing
large and systematic performance disparities across languages.
This enables systematic measurement of how model capability
varies across programming ecosystems and supports diagnosis
of failure patterns that are otherwise hidden when evaluation
is confined to a narrow set of high-resource languages.

We summarize our main contributions as follows:

1) Framework. We introduce CodeFORGE, a pipeline
that synthesizes executable multi-language code-generation
benchmarks from task families and LLM-synthesized I/O
specifications.

2) Verification. We propose feedback-driven pass-k verifica-
tion with multi-round, model-cascading admission.

3) Benchmark. We release CodeFORGE-Bench, a curated
12-language benchmark with per-task I/O tests and a re-
producible Docker harness.

4) Empirical study. We evaluate a diverse set of LLMs on
CodeFORGE-Bench, surfacing long-tail language gaps
and characteristic failure patterns.
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II. BACKGROUND AND RELATED WORKS
A. Execution-based evaluation for code generation

A common setting for code generation benchmarks [1]
is I/O programming: each task specifies an input format, a
required computation, and an output format. A model is asked
to generate a complete program that reads from standard input
and writes the required output to standard output. AlphaCode
similarly adopts this execution-based paradigm for competitive
programming evaluation [5]. Correctness is then evaluated
by compiling (when applicable) and executing the generated
program against a hidden test suite [2], [3].

Because LLM outputs are stochastic, modern benchmarks
often report pass-k metrics: a task is considered solved if any
of k independently sampled programs passes all tests [2]. This
paper adopts execution-based pass@5 (Section IV), which
measures a model’s probability of solving tasks when allowed

'Our code is  publicly available at:
NYU-Serendipity-LLM4Coding/CodeFORGE.

https://github.com/

up to five attempts under the same runtime harness. A recur-
ring challenge is that test suites are often incomplete, meaning
that apparently “passing” code can still be semantically incor-
rect; recent work (e.g., EvalPlus) emphasizes strengthening
evaluation by augmenting tests and using more rigorous auto-
mated checking [6]-[8]. Moreover, benchmark contamination,
where evaluation instances (or near-duplicates) appear in the
pretraining corpus which can further inflate execution-based
scores and complicate their interpretation [9].

B. Multi-language benchmarking and the low-resource gap

Most widely used code generation benchmarks focus on
high-resource languages, which have abundant training data,
mature tooling, and standardized evaluation environments [2]—
[4], [10]. Recent efforts have expanded evaluation to multiple
languages, notably via translation- or porting-based suites
such as MultiPL-E and massively multilingual settings such
as McEval and xCodeEval [11]-[14]. However, in practice
these benchmarks still concentrate on mainstream ecosystems
and only partially cover legacy or niche languages, leaving
a blind spot: strong performance in Python or Java does
not necessarily imply robust generalization to languages with
different paradigms, stricter compilation constraints, or less
common runtime conventions.

Low-resource and legacy languages introduce additional
evaluation friction. Toolchains may be less standardized, build
and execution conventions vary (e.g., entrypoint requirements,
script vs. compiled workflows), and minor mismatches in I/O
formatting can dominate measured performance even when
underlying algorithmic reasoning is correct. Beyond evaluation
harness issues, there is also evidence that cross-language
transfer in programming languages is uneven and can depend
strongly on syntactic and semantic distance, dataset compo-
sition, and training objectives [15]. These factors motivate
benchmarks that are deliberately designed around low-resource
language toolchains and uniform, reproducible execution.

C. Automated benchmark synthesis and verification

One scalable approach to benchmark construction is bench-
mark synthesis: generate candidate tasks, solutions, and tests
using LLMs, then filter aggressively to retain only reliable,
executable items. Such generation-and-filtering paradigms ap-
pear in both instruction data bootstrapping (e.g., Self-Instruct,
WizardLM, ReST) [16]-[18] and in code-generation systems
that rely on large-scale sampling plus behavioral filtering (e.g.,
AlphaCode, DOCE) [5], [19]. For executable programming
benchmarks, synthesis pipelines face two recurring issues: (i)
executability noise (syntax/compilation/runtime errors), and
(ii) self-consistency failures (tests that do not match the
intended specification, or solutions that fit some tests but not
the true task).

CodeFORGE addresses these issues with a verification-
centric pipeline built around two principles.

a) Separation of generation roles: We decouple solution
generation from test generation by assigning them to two
separate LLM calls. Model A produces a single-file canonical



solution that follows strict stdin/stdout conventions, while
Model B produces a diverse I/O test suite based only on the
natural language instruction, avoiding tight coupling between
tests and a particular implementation.

b) Cross-validated, feedback-driven verification: Even
with careful prompting, some candidates are flawed.
CodeFORGE therefore verifies every task by executing pro-
grams inside a unified Docker environment and applying a
pass-k solver procedure with iterative feedback: when an
attempt fails to compile or fails a test, the verifier receives
a concise failure signal (compiler error excerpt or a failing
input) and retries, similar to recent self-debugging approaches
that leverage execution feedback to iteratively refine generated
code [20]. To reduce idiosyncratic false negatives from a single
verifier, we run multiple verification rounds with different
solver models in a cascade and admit a task if any verifier
succeeds within budget.

Together, these design choices yield a benchmark whose
tasks are both executable and self-consistent under a single,
reproducible evaluation harness, enabling meaningful compar-
isons of LLM code generation capability across low-resource
and legacy programming languages.

III. METHODOLOGY

Building executable benchmarks for low-resource languages
poses unique challenges: each language requires its own
compilation environment, entrypoint conventions, and reliable
test cases, making manual curation prohibitively expensive.
CodeFORGE addresses these challenges through an automated
pipeline that generates candidate tasks via LLMs and filters
them through feedback-driven, multi-model verification. The
remainder of this section details each stage of this pipeline;
evaluation is covered in Section IV.

A. Pipeline Overview

CodeFORGE builds executable benchmarks by synthesizing
language-agnostic I/O task instructions from task families and
transforming each language—instruction pair into a verified
programming problem with a reference solution and com-
prehensive I/O tests. Central to our approach is a model-
cascading verification strategy: multiple LLMs attempt each
task in sequence, leveraging iterative feedback from earlier
failures, and a task is admitted to the benchmark only if at least
one model succeeds. This design filters out noisy or ambiguous
candidates while avoiding spurious rejections caused by any
single model. The pipeline is automated and readily extensible
to new languages and models. The construction proceeds
through four stages:

1) Task family specification. We define collections of pro-
gramming problems organized by category, such as string
manipulation, numeric computation, and data structures,
and use an LLM to synthesize many concrete, language-
agnostic I/O task instructions from these families.

2) LLM-based candidate generation. For each language-
instruction pair, we prompt LLMs to generate a canonical
solution and an I/O test suite. Crucially, solution generation

and test generation are assigned to separate model calls to

avoid coupling tests to implementation artifacts. Candidates

are collected in an incoming pool.

3) Feedback-driven verification. Each candidate is compiled
and executed in an isolated Docker environment. A se-
quence of LLM verifiers attempts to solve the task, each
receiving feedback from previous failures. A task enters
the benchmark set once any verifier succeeds within a fixed
attempt budget; tasks that fail all verifiers are moved to an
unverified pool.

4) Model evaluation and difficulty bucketing. We evaluate
diverse LLMs on the verified benchmark and derive em-
pirical difficulty labels based on cross-model success rates,
as detailed in Section IV.

Figure 2 illustrates this pipeline. Each task is stored as a
JSON object containing the language identifier, natural lan-
guage instruction, canonical solution, I/O tests, and verification
metadata. We maintain separate per-language files for the
incoming, benchmark, and unverified splits in JSON Lines
format, ensuring a uniform representation across all stages.

B. Programming Language Selection

CodeFORGE targets the long tail of languages underrepre-
sented in standard LLM coding benchmarks. In this release, we
include 12 rare/legacy languages: Ada, COBOL, D, Fortran,
Julia, Lisp, Lua, OCaml, Octave, Prolog, REXX, and Tcl. The
selection follows four criteria:

o Complementarity. We prioritize languages underrepre-
sented in existing benchmarks such as HumanEval,
MultiPL-E, and McEval [2], [11], [12], while ensuring
diversity across paradigms and toolchains.

« Real-world relevance. We select languages with meaning-
ful deployment in industry or research, including numerical
computing, embedded systems, and symbolic reasoning,
rather than purely academic or toy languages.

« Tooling availability. Each language must have a command-
line compiler or interpreter installable in a non-interactive
Docker environment, enabling fully automated execution.

« Single-file execution. Tasks must be solvable with a single
source file and a simple compile-or-run command. Lan-
guages requiring complex build systems are excluded.

The resulting benchmark covers procedural, functional, and
logic programming paradigms, both static and dynamic typing,
and varying ecosystem maturity. While the initial languages set
is fixed for our experiments, the pipeline can accommodate
additional languages with minimal engineering effort.

C. Task Families and LLM-Synthesized Instructions

A core design goal is to scale task authoring without
relying on human-written problem statements. Instead, we
start from a small set of task families (topics) such as array,
string, and number theory, and use an LLM to synthesize
many concrete task instructions within each family. Each
instruction is language-agnostic and explicitly specifies: (i) the
input layout, (ii) the computation, and (iii) the output format.
Example synthesized instructions include:
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e “Read n then n integers; print the 1-based index of the first
occurrence of the maximum value.”

e “Read n then n integers; print the length of the longest
contiguous block where all numbers are equal.”

e “Read n then n integers (which may be negative); print the
maximum subarray sum over all contiguous subarrays.”
We emphasize that these instructions (and the associated

short natural-language descriptions used for readability) are

LLM-synthesized, not human-written. Manual additions are

supported when needed (e.g., to cover underrepresented top-

ics), but are not required for the pipeline to function.

D. LLM-based Task and Test Generation

Given the pool of task instructions and the set of target
languages, we generate candidate tasks by querying LLMs
in a batched and balanced manner. The generation process
separates responsibilities across two distinct LLM calls, which
we denote as Model A and Model B.

a) Solution generation (Model A): For each language—
instruction pair, Model A is prompted to act as a coding assis-
tant in the target language. Its objective is to implement the
specified I/O behavior as a complete program. The generated
program is required to:

« read all inputs from standard input in the format implied by
the instruction,;

o write only the required outputs to standard output using a
fixed and predictable format; and

« avoid interactive prompts, diagnostic messages, and non-
deterministic behavior.

If successfully generated, the program is recorded as canoni-
cal solution of the task. The corresponding instruction is stored
in both instruction and prompt fields of the task object.

b) Test generation (Model B): Given the instruction,
Model B is prompted to act as a QA engineer for the same
target language and to generate a list of input—output examples
in JSON format. Crucially, Model B has access only to the
natural language instruction and does not see the canonical
solution. This separation ensures that test generation remains
implementation-agnostic and conceptually consistent across
languages. The prompt enforces the following requirements:

e a minimum number of diverse test cases;

e a single, consistent layout for all "input" fields, for
example, ”n on the first line, followed by n integers on
the second line”;

e "output" fields that match what a correct program would
print for the corresponding input, without additional text.

Because LLM outputs may include extraneous commentary
or formatting artifacts such as code fences, we apply a robust
JSON extraction procedure to recover the test cases. If the
extracted list is empty or below the required size, we re-prompt
the model up to a fixed number of attempts.

c) Pre-deduplication and ingest validation: Each can-
didate is assigned a language-specific fingerprint fp(L, )
computed by normalizing the instruction text I and hashing
together with the language L. If the fingerprint already exists
in any split (incoming/benchmark/unverified), the candidate
is discarded to avoid duplicates. Otherwise, we assign a
stable per-language identifier L/ XXXX (e.g., Ada/0101) and
append the candidate to the incoming pool.

E. Program Verification and Benchmark Construction

The incoming pool contains noisy candidates, including
tasks with syntax errors, underspecified I/O, or inconsistent
tests. We therefore apply execution-based verification in a
unified sandbox.

a) Execution environment: We build a Docker image
with the necessary compilers/interpreters for all target lan-
guages and define per-language compile/run commands. For
compiled languages, we compile first and record failures
as COMPILE_ERROR. Each test case is then executed with
a timeout and stdout is compared to the expected output
after whitespace normalization. This yields a deterministic,
reproducible acceptance test for every task.

b) Pass-k verification with feedback: We verify each
candidate by attempting to solve it under the same harness.
Let 7 be the test suite and Sy,...,Sk be up to k solution
attempts produced by a verifier model. A task is verified iff

He{l,...,k}: Exec(S;, T) = OK.



In practice, we optionally run the candidate’s current

canonical_solution first; if it already passes all tests,

the task is immediately verified. Otherwise, we query the
verifier model for up to % attempts using full feedback
between attempts:

« If the previous attempt fails to compile, we provide a short
compiler error excerpt.

o If it compiles but fails, we provide the input of the first
failing test case (without revealing the expected output),
encouraging the model to fix parsing or corner cases while
avoiding label leakage.

Verification stops early once any attempt passes all tests. For

every task we store verification metadata including: verifier

model name, k, the number of attempts used, and timestamps.
¢) Model-cascading across rounds: A single verifier may
fail on solvable tasks due to idiosyncratic weaknesses. To
reduce spurious rejections, we run verification in multiple
rounds with different verifier models. After each round, only
tasks still unverified are passed to the next verifier. A task
enters the benchmark split once any verifier succeeds within
pass-k; tasks that fail all verifiers across rounds are retained
in the unverified pool. This cascading design preserves a clear
admission criterion while improving recall of valid tasks.

F. Benchmark Statistics

We generate an incoming pool of 120 candidate tasks per
language. After multi-round verification, 1,196 tasks across
12 languages are retained in the benchmark split, while 244
tasks are assigned to the unverified split, yielding 1,440 total
candidates. Each verified task is paired with an I/O test suite;
on average, a task contains 13.62 tests (Table I).

TABLE I
DATASET STATISTICS BY LANGUAGE. “VERIFIED” TASKS FORM THE
BENCHMARK; “UNVERIFIED” ARE EXCLUDED.

Language Verified Unverified Avg. #Tests Test Range

Ada 109 11 13.80 12-24
COBOL 85 35 13.42 10-20
D 109 11 13.63 12-18
Fortran 96 24 13.36 10-20
Julia 100 20 13.87 12-20
Lisp 100 20 13.89 12-28
Lua 106 14 13.85 12-30
OCaml 105 15 13.67 12-20
Octave 97 23 12.99 10-19
Prolog 87 33 13.37 10-18
REXX 100 20 13.73 12-18
Tcl 102 18 13.77 12-24
All 1196 244 13.62 10-30

Figure 3 highlights that our benchmark only partially over-
laps with prior multilingual suites, and that several of our
target PLs are entirely missing from widely used evaluation
stacks. Even for overlapping PLs, our benchmark provides
orthogonal signals: MultiPL-E is primarily translation-based
from Python-centric benchmarks, while McEval emphasizes
human-authored multilingual tasks. In contrast, our construc-
tion targets legacy/long-tail ecosystems with a different exe-
cution and task-design perspective.

CodeFORGE-Bench

Prior Benchmarks  vs.

Fig. 3. Programming-language (PL) coverage of our benchmark versus prior
multilingual code-generation suites (HumanEval [2], MultiPL-E [11], and
McEval [12]). The overlap region contains PLs shared with at least one prior
suite; we additionally introduce legacy/long-tail PLs that are absent from all
three (Ada, COBOL, Octave, OCaml, Prolog, and REXX).

IV. EXPERIMENT
A. Evaluation Protocol

We evaluate CodeFORGE-Bench with execution-based
correctness using pass@k. For each task, we sample 5 can-
didate programs from the target model (temperature 0.2) and
evaluate them independently in a Dockerized runtime: compile
(when applicable), then execute against the task test suite. We
compute pass@k (k € {1,3,5}) by marking a task as solved
if any of the first k candidates passes all tests. Unless stated
otherwise, the runner uses a 120s request timeout (up to 5
retries), a 30s compilation timeout, and a 10s per-test runtime
limit.

B. Aggregation

Let T} be the task set for language ¢, and let s(k) €{0,1}
indicate whether model m solves task ¢ within the first k
attempts (k € {1,3,5}). We report per-language pass@Fk:

|Té| 2 stin M

teTy

Pass@k(m, ¢)

To avoid languages with more tasks dominating the summary,
we also report a macro-average over languages:

Overall®)_ (m) Z Pass@k(m, £), 2
|£| teL
where L is the set of benchmark languages.

C. Difficulty Bucketing

To study performance as a function of difficulty, we assign
each task a post hoc difficulty label from cross-model out-
comes under pass@1 protocol. Let R be a fixed reference set
of models. For each task ¢, we compute the solve rate

St 3)

meR

"
and define a difficulty score dy = 1 —r; (higher is harder). As
languages have different base success rates, we bucket tasks
within each language ¢ by splitting {d;}:c7, into terciles,
yielding easy/medium/hard. We store the bucket results in
each task’s metadata (field difficulty) for analysis.
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Fig. 4. Topic-wise performance (%) across 10 task topics for the evaluated LLMs. Left: pass@1. Middle: pass@3. Right: pass@5.

D. Setup and reported scope

We evaluate seven LLMs via OpenRouter: anthropic/claude-
sonnet-4.5, deepseek/deepseek-v3.2-speciale, google/gemini-
3-pro-preview, openai/gpt-5.1-codex-max, qwen/qwen3-max,
x-ai/grok-4, and z-ai/glm-4.6v. We report results on 12 bench-
mark languages (Ada, COBOL, D, Fortran, Julia, Lisp, Lua,
OCaml, Octave, Prolog, REXX, Tcl) using the Dockerized
pass@5 harness described above.

V. RESULTS
A. Overall performance on 12 rare/legacy languages

Table II summarizes macro-averaged execution-based per-
formance across the 12-language reported subset (each
language weighted equally). Overall, Gemini 3 Pro is
the strongest model, achieving the best macro pass@ 1/3/5
(80.7%/88.7%/90.2%). DeepSeek v3.2 Speciale and
GPT 5.1 Codex-Max form the second tier with compara-
ble pass@5 (~83-84%), while Claude Sonnet 4.5 and
Grok 4 occupy the third tier (~62-79%). Qwen3-Max and
GLM 4.6v lag behind substantially, with pass@1 below 40%.

A notable trend is the sample-efficiency gap: some models
obtain large gains when increasing the number of attempts
from 1 to 5. For example, GLM 4.6v improves by over
24 percentage points (33.7%—58.1%), whereas Gemini 3
Pro gains only 9.5 points. This suggests that weaker models
may still contain correct solutions in their candidate set but
exhibit higher variance across stochastic generations, making
them potentially more sensitive to search/reranking strategies.

We also observe a performance ceiling: even the best model
saturates below 91% pass@5, compared to near-perfect scores
often reported on Python benchmarks such as HumanEval.

This gap underscores that rare/legacy languages pose funda-
mentally harder challenges, whether due to sparser training
data, stricter syntax constraints, or less forgiving toolchains.

Key findings.

o Strong overall leader: Gemini 3 Pro consistently
ranks first across pass@1/3/5, with a 15+ point margin
over second-tier models at pass@]1.

o High-variance models: GLM 4.6v, Grok 4,and GPT
5.1 Codex-Max benefit disproportionately from mul-
tiple attempts, indicating larger per-attempt variance and
potential gains from better decoding strategies.

o Performance ceiling: No model exceeds 91% pass@5,
revealing persistent challenges in rare/legacy settings that
high-resource benchmarks do not capture.

« Language-specific brittleness: Performance gaps across
languages are substantial (up to 40+ points within a
single model), implying that rare/legacy settings expose
weaknesses invisible in Python-centric evaluations.

B. Cross-language variation and robustness

Table II reports per-language pass@1/3/5 over the 12-
language subset. We observe substantial cross-language varia-
tion shared across models, with per-language pass@1 spanning
from 1.2% (Qwen3-Max on COBOL) to 91.0% (Gemini 3
Pro on Julia/Lisp), a nearly 90-point range that underscores
the heterogeneity of rare/legacy language difficulty.

COBOL is consistently the hardest language. In the
pass@1 breakdown, most models drop sharply on COBOL
compared to other languages: five models score below
30% pass@1, with Qwen3-Max achieving only 1.2%. Even
the strongest model (Gemini 3 Pro) reaches just 63.5%



pass@1: over 25 points below its average on other languages.
This aligns with the intuition that COBOL tasks are both syn-
tactically rigid and toolchain-sensitive (compile/link/runtime
quirks), amplifying failure rates. The fixed-column formatting,
verbose division structure, and strict data type declarations
create compounding error sources that LLMs struggle to
satisfy simultaneously.

Easiest languages cluster around dynamic and functional
ecosystems. Lisp, Lua, Tcl, and Julia consistently show higher
pass rates across models, with top performers exceeding 90%
pass@5. These languages share characteristics that favor LLM
generation: flexible syntax, forgiving runtimes, and lightweight
I/O conventions. Notably, OCaml, despite being statically
typed, also performs well, suggesting strong type inference
and concise syntax may partially offset compilation strictness.

Compiled vs. interpreted gap. A secondary pattern
emerges when grouping by execution model: interpreted lan-
guages (Lua, Tcl, Lisp, Octave) average 7—12 points higher
pass@1 than compiled languages (Ada, COBOL, D, Fortran)
across most models. This gap reflects not only syntactic
differences but also the absence of a separate compilation
phase where errors can accumulate before execution.

No single model dominates every language. While
Gemini 3 Pro is the best overall performer, GPT 5.1
Codex—-Max attains the best pass@1 on Lua (87.7%),
Tcl (86.3%), and Octave (80.4%), and DeepSeek v3.2
Speciale leads on Lua at pass@5 (91.5%). This highlights
that cross-language robustness is not perfectly correlated with
overall ranking. Models exhibit complementary strengths, sug-
gesting potential gains from ensemble or routing strategies.

Key findings.

« Extreme variance: Per-language pass@1 spans nearly
90 points (1.2%-91.0%), revealing that “rare/legacy” is
not a monolithic category but a spectrum of difficulty.

e COBOL as stress test: COBOL uniquely stresses LLM

code generation, with most models failing on >70% of

tasks at pass@1, making it a valuable diagnostic for
toolchain and syntax robustness.

Interpreted advantage: Dynamic/interpreted languages

consistently outperform compiled counterparts, suggest-

ing that compilation strictness amplifies LLM error rates.

Complementary model strengths: No model domi-

nates all languages; cross-model routing could exploit

language-specific expertise.

C. Topic-level difficulty patterns

We report a coarse topic-level breakdown by aggregating
tasks into 10 task topics. Figure 4 shows that data-structure-
centric and execution-sensitive topics (e.g., stack/queue, 1/O,
interval logic, expression evaluation, graphs) are systemati-
cally harder than text-centric tasks (string manipulation and
basic parsing). A likely driver is that these topics demand
sustained state tracking, invariant maintenance, boundary-case
reasoning, and exact control over execution order and output
formatting, where small deviations compound into failures.

In contrast, many text-centric tasks reduce to more local
transformations with stronger surface cues and fewer inter-
acting constraints. This pattern supports the hypothesis that
rare/legacy settings magnify brittleness in stateful reasoning
and strict I/O adherence.

D. Failure mode analysis

Beyond pass@k, we analyze how models fail
by aggregating per-attempt outcomes into  coarse
categories (OK, WRONG_ANSWER, COMPILE_ERROR,
RUNTIME_ERROR). Figure 5 reveals qualitatively different
failure profiles, which are informative because each error type
maps to a distinct bottleneck in rare/legacy code generation.

GLM-4.6V
Grok-4

Qwen3 Max
GPT-5.1 Codex
Gemini-3 Pro
DeepSeek-V3.2

Claude-4.5
I T T T T T
0 20 40 60 80 100
Attempts (%)
Em OK Wrong B Compile B Runtime

Fig. 5. Outcome distribution per model aggregated over the 12 reported
languages and all attempts.

Compile-heavy failures suggest syntax/toolchain mis-
match. Some models exhibit more compilation failures, con-
sistent with difficulties in producing language-idiomatic boiler-
plate, correct module/import usage, and toolchain-compatible
build artifacts under strict harnesses. In legacy languages, mi-
nor deviations (e.g., missing pragmas, incorrect file structure,
nonstandard compiler flags) can be unrecoverable, making
compilation rate a proxy for “environment alignment.”

Runtime-heavy failures indicate semantic fragility. Mod-
els with fewer compile errors may still fail frequently at
runtime due to incorrect I/O handling, missing corner cases,
or subtle language-specific semantics (e.g., integer division,
string parsing, or backtracking behavior in logic languages).
These failures often arise from stateful control flow and edge
cases that are easy to under-specify in single-shot generation.

Wrong-answer failures reflect reasoning gaps under
legacy constraints. Even when code runs, correctness can
drop due to algorithmic errors or mismatch between the gen-
erated solution and the exact input/output contract which is an
issue exacerbated when the language’s standard library differs
from mainstream defaults. Notably, wrong-answer dominates
when models can “speak” the syntax but struggle to satisfy
stricter problem constraints end-to-end.

E. Scaling with task difficulty

To test whether rare and legacy languages amplify hardness
effects, Figure 6 reports pass@1/3/5 stratified by difficulty
(easy, medium, hard). All models degrade as difficulty in-
creases, but the rate of degradation differs.



Robust models degrade more gracefully. Top-tier models
maintain comparatively strong pass@ 1/3/5 on hard tasks, sug-
gesting better algorithmic generalization and stronger control
over language-specific details even under stricter constraints.

Weaker models collapse on hard tasks. Weaker models
show a pronounced drop from easy to hard, consistent with
compounding failures that combine incorrect reasoning with
brittle realization in legacy languages and I/O contracts.
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Fig. 6. Pass@{1,3,5} (%) stratified by difficulty (easy/medium/hard), aggre-
gated over the 12 reported languages (k=5 attempts per task). Top/middle/bot-
tom: pass@]1, pass@3, pass@5.

The three panels separate first-shot robustness (pass@1)
from multi-sample recoverability (pass@3/5). When moving
from pass@1 to pass@5, improvements indicate that a model
can self-correct through sampling even under strict legacy-
language constraints, while the remaining gap on hard tasks
highlights persistent brittleness beyond simple resampling.

VI. LIMITATIONS

CodeFORGE is currently limited to command-line, single-
file programming tasks that assume standard I/O conventions.
It does not cover languages and ecosystems such as MATLAB
and ABAP, or other domain-specific toolchains that rely on
proprietary runtimes, specialized frameworks, graphical in-
terfaces, or heavyweight build systems. Moreover, while the
multi-LLM cascading strategy substantially improves bench-
mark reliability, it also increases token consumption and oper-
ational cost, making it necessary to balance iterative feedback
depth with overall computational efficiency when scaling to
larger and more heterogeneous task sets. Future work will ex-
tend CodeFORGE to support multi-module project structures
and external library dependencies, thereby relaxing the current
single-file constraint and broadening its applicability.

VII. CONCLUSION

This paper presents CodeFORGE, an automated benchmark
synthesis framework that narrows the evaluation gap for
low-resource and legacy programming languages. To address
the scarcity of high-quality datasets for these languages, we

propose a multi-LLM cascading verification strategy com-
bined with iterative feedback and cross-validation in iso-
lated Docker environments, enabling the generation of reli-
able and functionally correct programming tasks. We release
CodeFORGE-Bench, covering 12 languages, as a standard-
ized benchmark for assessing the generalization performance
of modern LLLMs on diverse programming ecosystems.
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