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Abstract001

Large Language Models (LLMs) struggle with002
code generation for Ultra Low-Resource Pro-003
gramming Languages (ULRPLs) due to the004
scarcity of training data. Existing synthetic005
data generation methods fail in this context,006
suffering from a severe cold-start problem and007
resulting in samples that lack diversity. To over-008
come these challenges, we propose CodeRise, a009
novel two-stage framework that autonomously010
generates a high-quality, diverse, and progres-011
sively complex curriculum for ULRPLs. The012
framework first tackles the cold-start and distri-013
bution issues by leveraging the full formal syn-014
tax of the target language as structural guidance015
and applying a biased sampling strategy over016
library modules. Building on this foundation,017
we fine-tune the model to generate increasingly018
complex code without explicit syntax input,019
using an adaptive curriculum and multi-turn020
self-debugging to progressively improve code021
quality. We evaluate on two ULRPLs, Tengo022
and Janet, using migrated HumanEval-Tengo023
and MBPP-Tengo, as well as our new bench-024
marks, TengoEval and JanetEval. Experiments025
show that CodeRise significantly outperforms026
both training-free and training-based baselines027
in ultra low-resource environments.028

1 Introduction029

Large Language Models (LLMs) (OpenAI et al.,030

2024b; Hui et al., 2024; Guo et al., 2024) have031

demonstrated outstanding performance across a032

wide range of code-related tasks, including code033

generation (Chen et al., 2021; Lai et al., 2023),034

code repair (Chen et al., 2024; Zhong et al., 2024;035

Tian et al., 2024), code completion (Bavarian036

et al., 2022; Ding et al., 2024), and program analy-037

sis (First et al., 2023). This remarkable success has038

been predominantly observed in the context of high-039

resource languages such as Python, where vast and040

high-quality codebases are readily available for041

training. The success is even beginning to extend042

to many Low-Resource Programming Languages 043

(LRPLs) such as R and Perl (Cassano et al., 2022; 044

Giagnorio et al., 2025; Joel et al., 2024; Cassano 045

et al., 2024). However, the powerful capabilities of 046

LLMs do not universally extend to the Ultra Low- 047

Resource Programming Languages (Mora et al., 048

2024), despite their importance in various special- 049

ized domains. These languages suffer from multi- 050

dimensional data scarcity: the volume of publicly 051

available code is inherently low, and systematic 052

collection is also challenging. For instance, many 053

ULRPLs lack unique file extensions, making them 054

invisible to automatic identification tools such as 055

GitHub Linguist1. This severe lack of data directly 056

limits the ability of models to learn the syntax, li- 057

braries, and coding patterns specific to ULRPLs. 058

A promising direction to overcome this data 059

scarcity is to leverage the LLM itself to gener- 060

ate synthetic training data, a principle exempli- 061

fied by methods like Self-Instruct (Wang et al., 062

2023) and SelfCodeAlign (Wei et al., 2024a). The 063

Self-Instruct paradigm typically operates by itera- 064

tively bootstrapping instructions from a seed cor- 065

pus, prompting a powerful teacher model to gen- 066

erate corresponding responses, and then validat- 067

ing these generations. However, existing relevant 068

techniques, which are primarily designed for high- 069

resource languages, exhibit limitations when di- 070

rectly applied to ULRPLs. A primary obstacle 071

for ULRPLs is the cold-start problem. Even with 072

state-of-the-art LLMs, their initial proficiency in 073

these languages is often so low that they fail to 074

produce even a single syntactically valid code sam- 075

ple, which prevents synthetic data generation from 076

bootstrapping. 077

A straightforward workaround to launch this pro- 078

cess is to provide the model with the complete lan- 079

guage syntax in context. However, this approach 080

is fraught with issues: the extremely long context 081

1https://github.com/github-linguist/linguist
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Module Frequency Proportion(%)

text 6202 47.8
math 1438 11.1
rand 1291 10.0
fmt 1354 10.4
json 935 7.2
enum 791 6.1
times 650 5.0
base64 284 2.2
os 17 0.1
hex 9 0.1

Table 1: Distribution of standard library usage from
an 30,000 Tengo samples dataset generated with the
SelfCodeAlign baseline. The statistics are based on the
12,971 samples that involved API calls.

leads to slow inference and a low pass rate, as082

shown in Figure 1, making it impractical for large-083

scale data generation. Furthermore, even with this084

syntax guidance, the generated data still exhibits085

a severe long-tail distribution, clustering around086

basic language features, as shown in Table 1. Such087

long-tail coverage issues have also been observed088

for self-generated instruction data in high-resource089

languages (Wang et al., 2025). In our ULRPL set-090

ting, we find that the effect is further amplified091

because the model defaults to highly transferable092

“universal programming tasks” (e.g., string manipu-093

lation).094

To overcome these challenges, we propose095

CodeRise, a two-stage framework for ULRPL096

code generation. Stage 1 (Syntax-Guided Module-097

Balanced Generation) bootstraps from near-zero098

ability by providing syntax guidance and balanc-099

ing sampling across language-specific libraries100

to obtain a syntactically valid and diverse seed101

dataset. Stage 2 (Progressive Self-Refined Genera-102

tion) removes the long syntax prompt and improves103

both difficulty and quality via an adaptive cur-104

riculum and multi-turn self-debugging. Together,105

CodeRise progressively strengthens the model and106

produces high-quality ULRPL code under extreme107

data scarcity.108

We conduct extensive experiments on two rep-109

resentative ULRPLs, Tengo and Janet. For each110

language, we use CodeRise to synthesize a high-111

quality dataset and fine-tune LLMs on the corre-112

sponding synthetic data. For Tengo, we evaluate113

on migrated versions of HumanEval-Tengo and114

MBPP-Tengo, along with our newly constructed115

TengoEval benchmark. For Janet, we evaluate116

47.71%
10.02%

16.03%

26.24%

Compile Error
Runtime Error

Testcase Error
Pass

Figure 1: Failure analysis for the Qwen-2.5-Coder-32B-
Instruct using in-context learning with the language’s
full documentation, the majority of failures are execu-
tion errors.

on our newly constructed JanetEval benchmark. 117

Results show that models fine-tuned on CodeRise 118

data consistently and significantly outperform a 119

comprehensive suite of baselines, including both 120

training-free and training-based approaches, under- 121

scoring the effectiveness of our progressive data 122

generation strategy. 123

Our contributions are as follows: 124

• We propose CodeRise, a self-improvement 125

framework designed to overcome the cold- 126

start and long-tail challenges in ULRPLs. 127

• We release benchmark suites for Tengo and 128

Janet. For Tengo, we provide migrated ver- 129

sions of HumanEval and MBPP together with 130

our newly constructed TengoEval; for Janet, 131

we release our newly constructed JanetEval. 132

2 Related Work 133

LLMs for Coding In recent years, Large Lan- 134

guage Models (Guo et al., 2024; Rozière et al., 135

2024) have achieved remarkable progress in code- 136

related tasks, such as code generation (Zheng et al., 137

2024; Han et al., 2024), code completion (Yu 138

et al., 2024a; Hayes et al., 2025) and code transla- 139

tion (Szafraniec et al., 2023; Xue et al., 2024; Pan 140

et al., 2024), and the impact is expanding across the 141

entire software engineering (Jimenez et al., 2023; 142

Xie et al., 2025; Yang et al., 2024). Besides, reason- 143

ing models like OpenAI-o1 (OpenAI et al., 2024a) 144

and DeepSeek-R1 (DeepSeek-AI et al., 2025) have 145

also demonstrated impressive coding performance 146

due to their long reasoning ability. However, de- 147
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spite these advancements, current LLMs still strug-148

gle to perform well on ULRPLs due to the scarcity149

of training data, limited exposure to syntax pat-150

terns, and the lack of task-specific supervision.151

While some prior work has addressed challenges152

in low-resource programming languages (Giagno-153

rio et al., 2025; Mora et al., 2024; Cassano et al.,154

2022, 2024), such as R and Perl, their methods rely155

on the model’s existing initial capability in those156

languages, this foundation is absent for the ULR-157

PLs setting. In addition, many of these approaches158

synthesize training data via code translation from159

high-resource languages, which can introduce task-160

domain shift.161

Data-Driven Code Tuning Instruction tuning162

further trains a pretrained LLM on instruction–163

response pairs (Ouyang et al., 2022; Wei et al.;164

Li et al., 2024) and has proven effective for code165

tasks (Muennighoff et al., 2024; Yu et al., 2024b;166

Liu et al., 2024). However, high-quality instruction167

data is costly to curate. Consequently, the Self-168

Instruct paradigm was proposed to generate syn-169

thetic instruction data from seed sets (Wang et al.,170

2023; Xu et al., 2024) and has been widely adopted171

in code (Luo et al., 2024; Wei et al., 2024b), as well172

as frameworks such as SelfCodeAlign (Wei et al.,173

2024a). Moreover, self-generated instruction data174

can be overly concentrated in a few domains, mo-175

tivating feature-aware rebalancing methods such176

as Epicoder (Wang et al., 2025). However, these177

approaches typically assume sufficient initial com-178

petence in the target language, an assumption that179

often fails in ULRPLs.180

3 Methodology181

To address the challenges of data scarcity and the182

pervasive long-tail distribution problem inherent in183

ULRPLs, we propose an iterative self-improvement184

framework. This framework adheres to a curricu-185

lum learning paradigm, enabling an LLM to au-186

tonomously generate diverse, correct, and progres-187

sively complex fine-tuning data through two dis-188

tinct stages. Stage 1, termed Syntax-Guided Data189

Generation, primarily aims to create an initial high-190

quality dataset for the preliminary fine-tuning of191

the LLM’s foundational understanding. Stage 2,192

Advanced Data Generation via Self-Debugging, is193

meticulously engineered to achieve two key objec-194

tives: generating more complex and challenging195

tasks efficiently, and substantially improving data196

quality through robust self-correction mechanisms.197

3.1 Syntax-Guided Module-Balanced 198

Generation 199

The data generation process in Stage 1 is executed 200

as a multi-step pipeline designed to create a founda- 201

tional and diverse dataset. The pipeline begins by 202

generating a composite “seed concept set” derived 203

from both code snippet analysis and a diversity- 204

focused module sampling strategy. This seed set 205

is then used to formulate a specific programming 206

instruction. Following this, the model leverages the 207

complete language syntax to autonomously gener- 208

ate both a code implementation and its correspond- 209

ing test suite. Finally, the entire script is rigorously 210

validated in a sandbox environment to ensure its 211

correctness. 212

Concept Inspiration from Code Snippets Simi- 213

lar to previous works like OSS-Instruct (Wei et al., 214

2024b) and SelfCodeAlign (Wei et al., 2024a), we 215

select a code snippet from a meticulously curated 216

open-source code corpus, typically ranging from 217

1 to 15 lines. This chosen snippet serves as an in- 218

spiration for the LLM. Prompted with this snippet, 219

the LLM is tasked with extracting and formulating 220

a set of related “programming concept” that repre- 221

sent the core functionality, algorithms, or common 222

patterns found in the snippet. This approach lever- 223

ages the LLM’s understanding of diverse coding 224

patterns to derive high-level, actionable concepts, 225

which form the building blocks for subsequent task 226

instruction generation. 227

Module Sampling Relying solely on concepts 228

derived from code snippets leads to a long-tail dis- 229

tribution in the generated dataset, with tasks cluster- 230

ing around common language features like string 231

manipulation. To counteract this bias, we employ a 232

weighted sampling strategy to select a module from 233

the language’s standard library, then this module 234

is injected as an additional concept to guide task 235

generation. The sampling weight for each module 236

is determined by our logarithmic inverse frequency 237

formula: 238

wi =
1

log(ci + 2)p
(1) 239

where ci is the frequency that module i appears in 240

correct solution. p is a hyperparameter to control 241

the intensity of this weighting. 242

Code Generation and Validation The seed con- 243

cept set from the previous step serves as the in- 244

put to a sequential pipeline that generates and val- 245

idates each data point. First, this set is embedded 246
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Figure 2: The overview of our two-stage CodeRise framework. Stage 1: Syntax-Guided Module-Balanced
Generation (Top) addresses the cold-start problem by using explicit syntax guidance and diversity-focused module
sampling to create a Warm-up Dataset. Stage 2: Progressive Self-Refined Generation (Bottom) then builds upon
the fine-tuned model, employing a curriculum-based difficulty controller and a multi-turn self-debugging guided by
external feedback to efficiently generate complex, high-quality instruction data for the final ULRPL model.

into a prompt that instructs the LLM to formulate247

a specific programming task in natural language.248

Next, this newly created instruction, along with the249

complete language syntax as a guiding scaffold, is250

provided to the LLM in a second prompt. In this251

step, the model’s task is to generate both the code252

solution and a corresponding set of unit tests. Fi-253

nally, each resulting (instruction, code, test) triplet254

is subjected to rigorous automated validation in a255

secure sandbox. An instruction-code pair is only256

accepted into our cold-start dataset if the code exe-257

cutes flawlessly and passes all associated tests, all258

other attempts are discarded.259

3.2 Progressive Self-Refined Generation260

Building upon the model fine-tuned in Stage 1,261

this advanced stage elevates the data generation262

process along two key dimensions: generation ef-263

ficiency and data quality. A significant leap in264

efficiency is achieved by no longer providing the265

complete language syntax in the prompt. This is266

viable because the model has already internalized267

foundational syntactic knowledge, which drasti-268

cally reduces context length and improves through-269

put. To enhance quality and generation yield, this270

stage replaces Stage 1’s “discard-on-failure” strat-271

egy with the multi-turn self-debugging mechanism. 272

This strategy enables the model to methodically 273

correct its errors by leveraging reliable external 274

feedback, facilitating the successful generation of 275

more complex instruction-code pairs and elevating 276

the dataset’s overall quality. 277

Curriculum-Based Difficulty Control To sys- 278

tematically increase the complexity of generated 279

tasks, Stage 2 introduces a structured curriculum 280

learning approach. While the initial seed genera- 281

tion process remains consistent with Stage 1 com- 282

bining concepts from code snippets with diversity- 283

focused module sampling, we now introduce a cru- 284

cial new dimension: explicit difficulty levels. 285

Crucially, we categorize code tasks into three dif- 286

ficulty tiers: Easy, Medium, and Hard, each with 287

a tailored prompt template. The curriculum’s pro- 288

gression is adaptive, driven by the model’s mastery 289

as quantified by its Pass@10 score p (0 ≤ p ≤ 1) 290

on recent tasks. This score dynamically adjusts the 291

sampling probability for each tier. The unnormal- 292

ized weights are calculated as follows: 293

Weighthard =α · p
Weightmedium =C
Weighteasy =α · (1− p)

(2) 294
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where α is a hyperparameter balancing the influ-295

ence of Pass@10 on hard/easy tasks, and p rep-296

resents the current Pass@10. The Medium tier’s297

weight is a fixed constant C that acts as a stable298

baseline, ensuring the model always has a default299

difficulty to fall back on.300

These unnormalized weights are then converted301

into probabilities using a softmax function with302

temperature T .303

Pi =
exp(Weighti/T)∑
j exp(Weightj/T)

(3)304

where Pi is the probability of selecting difficulty305

tier i, temperature T controls the randomness of the306

tier selection. This adaptive strategy ensures a pro-307

gressive increase in task complexity, maintaining308

appropriate control over the curriculum.309

Multi-Turn Self-Debugging A cornerstone of310

Stage 2 is the Multi-Turn Self-Debugging Mech-311

anism, designed to significantly increase both the312

success rate and quality of data generation. In a313

crucial departure from the “discard-on-failure” pol-314

icy in Stage 1, the process begins after an initial315

solution fails validation in the sandbox. Instead316

of being discarded, the system first analyzes the317

specific type of error to trigger one of two tailored318

debugging strategies, which are detailed as follows:319

Debugging Compilation or Runtime Errors.320

When a failure is caused by a compilation or run-321

time error, we employ a feedback-driven correction322

strategy. A new debugging prompt is constructed323

for the LLM, containing three key sources of in-324

formation: 1) the verbatim error message from325

the compiler or runtime; 2) a pre-authored Debug-326

ging Guideline with expert strategies for common327

language-specific issues; 3) relevant chunks from328

the documentation using BM25 retrieval. By syn-329

thesizing these combined sources of feedback, the330

LLM is tasked with diagnosing the root cause of331

the error and generating a revised code solution.332

Debugging Unit Test Failures via Pseudo333

Ground Truth. For logical flaws, we employ a334

distinct cross-lingual debugging strategy with the335

core objective of transferring the model’s strong336

reasoning capabilities from a high-resource lan-337

guage (Python) to our target language. To achieve338

this, the model is prompted to generate a Python339

solution that serves as a “Pseudo Ground Truth”.340

This Python solution is generated only upon the341

first occurrence of a logical error for a given task.342

The LLM then performs a comparative analysis to343

identify and correct logical discrepancies in its low- 344

resource code, with the process concluding once a 345

revised version successfully passes all unit tests. 346

Iterative Refinement. The two debugging 347

strategies described above both operate within an 348

iterative refinement loop. After each correction 349

attempt, the revised code is resubmitted to the sand- 350

box for re-validation, creating a “debug-correct- 351

revalidate” cycle. This cycle continues until either 352

the code successfully passes all tests or a predefined 353

maximum number of attempts is reached. Stage 2 354

enables the successful creation of more complex 355

instruction-code pairs that would otherwise be fil- 356

tered out, thereby elevating the overall quality and 357

challenge level of the final dataset. 358

4 Experiments 359

4.1 Experimental Setup 360

This section details the models, parameters, and 361

evaluation benchmarks used to validate our pro- 362

posed framework. Our research primarily fo- 363

cuses on enhancing code generation capabilities 364

for ULRPLs. For this purpose, we selected Tengo 365

and Janet as the target ULRPLs. Tengo follows 366

a paradigm similar to high-resource languages, 367

whereas Janet is a stack-based language with a 368

substantially different programming style, they rep- 369

resent two contrasting ULRPL settings under ex- 370

treme data scarcity. 371

Model We use the Qwen-2.5-Coder-32B (Hui 372

et al., 2024) as the data generator to create the 373

training datasets in both Stage 1 and Stage 2. 374

The models selected for fine-tuning are Qwen- 375

2.5-Coder-32B, Qwen-2.5-Coder-7B-Instruct (Hui 376

et al., 2024) and Llama-3.1-8B-Instruct (Grattafiori 377

et al., 2024). 378

Baseline We compare against a comprehensive 379

set of training-free and training-based baselines. 380

The training-free methods include standard Zero- 381

Shot and Few-Shot prompting, as well as richer- 382

context strategies: (i) Full-Syntax Prompting, 383

which provides the entire language manual in 384

context; (ii) Translation Rules (Giagnorio et al., 385

2025); and (iii) Translation Example (Giagno- 386

rio et al., 2025). For training-based comparisons, 387

we include three representative baselines: (i) Self- 388

CodeAlign (Wei et al., 2024a), a general self- 389

alignment approach that fine-tunes a model on self- 390

generated instruction data; (ii) MultiPL-T (Cas- 391

sano et al., 2024), which synthesizes training data 392
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Model Method HumanEval MBPP TengoEval JanetEval
Pass@1 Pass@1 Pass@1 Pass@1

Qwen-Coder-2.5-32B-Instruct

Zero-Shot 0.61 2.34 1.00 0.00
Full-Syntax Prompting 33.5 36.8 23.0 6.00
Few-Shot Examples 22.6 41.8 15.0 4.00
Translation Examples 24.4 42.6 18.0 4.00
Translation Rules 15.9 32.0 11.0 2.00
SelfCodeAlign 61.6 65.1 49.0 24.0
MultiPL-T 60.4 64.6 47.0 22.0
SPEAC 60.4 63.5 45.0 -
CodeRise (Ours) 71.3 75.5 60.0 36.0

Qwen-Coder-2.5-7B-Instruct

Zero-Shot 0.61 0.00 1.00 0.00
Full-Syntax Prompting 12.2 19.0 14.0 4.00
Few-Shot Examples 9.75 25.7 9.00 2.00
Translation Examples 4.27 6.80 6.00 2.00
Translation Rules 2.44 10.4 7.00 2.00
SelfCodeAlign 39.6 41.7 31.0 12.0
MultiPL-T 43.3 44.5 31.0 14.0
SPEAC 45.1 45.3 30.0 -
CodeRise (Ours) 50.3 57.9 39.0 20.0

Llama-3.1-8B-Instruct

Zero-Shot 2.44 3.13 2.00 0.00
Full-Syntax Prompting 9.76 10.4 10.0 2.00
Few-Shot Examples 15.2 29.0 11.0 2.00
Translation Examples 14.6 30.4 7.00 2.00
Translation Rules 3.67 2.86 6.00 0.00
SelfCodeAlign 32.9 33.6 29.0 10.0
MultiPL-T 25.0 28.6 21.0 8.00
SPEAC 27.4 31.5 20.0 -
CodeRise (Ours) 35.4 36.7 31.0 18.0

DeepSeek-R1-0528
Zero-Shot 18.3 27.8 16.0 6.00
Full-Syntax Prompting 67.1 75.5 56.0 22.0

Table 2: Pass@1 comparison of CodeRise against training-free baselines and training-based baselines on migrated
HumanEval-Tengo and MBPP-Tengo, as well as ULRPL-specific benchmarks, TengoEval and JanetEval.

for low-resource languages via code translation and393

test-based filtering; and (iii) SPEAC (Mora et al.,394

2024), which first prompts the LLM to write code395

in an intermediate language and then compiles it396

into the target language to construct training data.397

Datasets and Metric To evaluate our framework,398

we employ several benchmarks. For Tengo, since399

no standard benchmark exists, we migrate Hu-400

manEval (Chen et al., 2021) and MBPP (Austin401

et al., 2021), and construct a new benchmark, Ten-402

goEval. For Janet, we use our newly annotated403

benchmark, JanetEval. Detailed benchmark con-404

struction and statistics are provided in Appendix B.405

We report Pass@1 (Chen et al., 2021) as the pri-406

mary metric, which measures the percentage of407

problems solved in a single attempt.408

4.2 Results409

To evaluate the effectiveness of CodeRise, we con-410

ducted a comprehensive set of experiments, with411

Module Frequency Proportion(%)

text 6746 43.7 / -4.1
math 1562 10.1 / -1.1
rand 1373 8.9 / -1.1
fmt 1676 10.9 / +0.5
json 1057 6.8 / -0.4
enum 820 5.3 / -0.8
times 692 4.5 / -0.5
base64 504 3.3 / +1.1
os 652 4.2 / +4.1
hex 352 2.3 / +2.2

Table 3: Distribution of standard module usage from
our 30,000 dataset, the statistics are based on the 15,434
samples that involved API calls. The last column show-
ing the change compared to the baseline in Table 1.

the main results summarized in Table 2. From these 412

results, we can derive the following conclusions: 413

CodeRise significantly outperforms both 414

training-free and strong training-based base- 415

lines across all tested open-source models. As 416
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shown in Table 2, when applied to the powerful417

Qwen-Coder-2.5-32B-Instruct model, our method418

outperforms all training-free and strong training-419

based baselines. Furthermore, its performance is420

highly competitive with the powerful DeepSeek-421

R1-0528 model, especially considering the latter422

relies on a Full-Syntax Prompting strategy that is423

exceptionally time-consuming due to its long con-424

text requirements. This trend of superior perfor-425

mance extends to the smaller models as well, on426

both Qwen-Coder-2.5-7B-Instruct and Llama-3.1-427

8B-Instruct, CodeRise consistently outperforms all428

baselines, demonstrating the stability.429

Our framework effectively mitigates the long-430

tail distribution while preserving natural usage431

patterns. As demonstrated in Table 3, our method432

significantly rebalances the module usage distribu-433

tion compared to the baseline (e.g., os, hex). Cru-434

cially, this is achieved without artificially distorting435

the overall distribution. This demonstrates that our436

framework addresses the most extreme aspects of437

the long-tail problem, resulting in a more diverse438

yet practical training dataset.439

CodeRise significantly improves the efficiency440

and overall yield of the data generation pro-441

cess. As detailed in Table 4, CodeRise (Stage 2)442

achieves a final effective pass rate of 62.86%, a443

2.4× increase in yield over the SelfCodeAlign base-444

line. Pass Rate measures generation yield, namely445

the fraction of generation attempts that produce a446

syntactically valid solution and pass all unit tests447

after the method’s refinement and filtering proce-448

dure. It is worth noting that the initial pass rate of449

CodeRise (Stage 1) is slightly lower than the base-450

line, which is an expected trade-off because our451

diversity sampling deliberately explores more chal-452

lenging, long-tail tasks. In contrast, the translation-453

based baseline MultiPL-T exhibits a substantially454

lower yield in this setting, since the domain shift455

between the source language and the target ULRPL456

causes many translated samples to be invalid or457

not faithfully expressible, and thus fail compilation.458

Ultimately, CodeRise solves these harder problems459

through self-debugging, leading to a superior out-460

come in both data quality and overall efficiency.461

4.3 Analysis462

4.3.1 Ablation463

To better understand the contribution of each com-464

ponent in our CodeRise framework, we conduct a465

series of ablation studies on the HumanEval dataset.466

Method Syntax Pass Rate (%)

MultiPL-T ✓ 12.03
SelfCodeAlign ✓ 26.24
CodeRise (Stage 1) ✓ 23.64
CodeRise (Stage 2) × 62.86

Table 4: Data generation efficiency and yield on Qwen-
2.5-Coder-32B-Instruct for Tengo. We run 30,000 gen-
eration attempts for each method and report Pass Rate.
The Syntax column indicates whether the method in-
cludes a full language syntax prompt during generation.

Method HumanEval TengoEval

CodeRise 71.3 60.0

w/o Diversity Strategy 70.7 49.0
w/o Curriculum Learning 64.0 52.0
w/o Self-Debugging 67.1 55.0
w/o Retrieval 69.5 53.0
Stage 1 Only (30k data) 59.8 46.0
Stage 1 Only (2k data) 51.8 36.0

Table 5: Ablation study results (Pass@1) on HumanEval
and TengoEval using the fine-tuned Qwen-2.5-Coder-
32B-Instruct model.

The results are presented in Table 5. We define 467

the following ablation settings: a) Stage 1 Only: 468

The model is fine-tuned on the dataset generated 469

through the Stage 1 method; b) w/o Diversity Strat- 470

egy: Remove the module sampling component in 471

CodeRise; c) w/o Curriculum Learning: The full 472

CodeRise framework is used, but the adaptive cur- 473

riculum in Stage 2 is disabled. Tasks are gener- 474

ated without any explicit difficulty guidance or tier- 475

specific prompting; d) w/o Self-Debugging: The 476

full CodeRise framework is used, but the multi-turn 477

self-debugging mechanism in Stage 2 is disabled, 478

and failed attempts are discarded; e) w/o Retrieval: 479

The full CodeRise framework is used, but remove 480

the retrieval component in Stage 2. For a fair com- 481

parison, all models were fine-tuned on 30,000 sam- 482

ples. Based on the above ablation study, we can 483

derive the following conclusions: 484

The Stage 2 self-refinement process is the pri- 485

mary driver of performance. The results in Ta- 486

ble 5 clearly show a massive performance gap be- 487

tween our full framework and the Stage 1 Only 488

model. We attribute this significant difference to 489

the quality of the training data. The Stage 1 Only 490

dataset is generated using a simple “discard-on- 491

failure" policy without any curriculum or difficulty 492

control. This inherently biases the dataset towards 493

7



simpler problems that the model can solve in a494

single pass. In contrast, our Stage 2 process can495

generate and successfully solve much more com-496

plex problems, and training on this higher-quality497

data is what ultimately leads to the superior perfor-498

mance of our final model.499

Adaptive curriculum and multi-turn self-500

debugging are all effective components. The501

adaptive curriculum proves to be the most impact-502

ful component, its removal (w/o Curriculum Learn-503

ing) causes a substantial performance degradation.504

This highlights that systematically generating more505

challenging problems is essential for pushing the506

model beyond its initial capabilities. The self-507

debugging mechanism is the crucial counterpart508

to this process. Its removal (w/o Self-Debugging)509

leads to a 4.2% decrease in performance on Hu-510

manEval, demonstrating that providing the model511

with multiple attempts and reliable external feed-512

back is what enables it to successfully solve the dif-513

ficult tasks proposed by the curriculum. This aligns514

with our core philosophy: for ULRPLs where no515

powerful teacher model exists, it is more effective516

to introduce external, verifiable knowledge to guide517

a model’s own refinement process. Fo details on518

self-debugging, please refer to the case study in519

Appendix C.520

The diversity strategy and retrieval compo-521

nent mainly contribute to long-tail coverage522

rather than algorithmic problem solving. With-523

out the module-balanced sampling strategy in524

Stage 1, performance remains nearly unchanged525

on HumanEval but drops sharply on TengoE-526

val, demonstrating that balancing over language-527

specific modules is critical for improving standard-528

library coverage and mitigating long-tail bias. Sim-529

ilarly, removing retrieval only slightly affects Hu-530

manEval but leads to a larger degradation on Ten-531

goEval, suggesting that external documentation is532

particularly important for resolving library-related533

details in practical ULRPL usage. Overall, these534

ablations confirm that CodeRise relies on comple-535

mentary mechanisms: Stage 1 diversifies and boot-536

straps generation, while Stage 2 progressively in-537

creases difficulty and refines solutions to produce538

higher-quality and more practical training data.539

4.3.2 Sweet Spot of Warm-up540

An important consideration for CodeRise is deter-541

mining the optimal amount of Stage 1 data for the542

initial fine-tuning. The objective is to achieve two543

goals: (1) effectively reducing execution errors in544
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Figure 3: Identifying the sweet spot for the Stage 1
syntax warm-up. We plot the Execution Error Rate (%)
on Tengo (left) and the Pass@1 on HumanEval-Python
(right) against the number of fine-tuning steps.

the target language; (2) preserving the model’s gen- 545

eral ability, it supports our aim of using a single 546

model to save significant computational resources. 547

To find this balance, we tracked the model’s per- 548

formance at 100-step intervals (batch size = 8). At 549

each checkpoint, we evaluated its Execution Error 550

Rate on a unified set of 5k instructions, and the per- 551

formance on HumanEval-Python. As shown in Fig- 552

ure 3, the execution error rate on Tengo drops from 553

nearly 100% to under 30% in the first 200 training 554

steps. The intersection of these trends reveals a 555

"sweet spot" around 200-300 steps. Therefore, we 556

identify this range as the optimal warm-up point, 557

as it achieves a substantial reduction in execution 558

errors at a minimal cost to the model’s general ca- 559

pabilities. 560

5 Conclusion 561

In this paper, we addressed the critical challenge 562

of applying Large Language Models to ULRPLs, 563

where progress has been hindered by a lack of high- 564

quality training data. We identified two primary 565

obstacles for existing self-generation methods: a 566

severe cold-start problem and the tendency to pro- 567

duce datasets with a long-tail distribution. We in- 568

troduced CodeRise, a novel two-stage framework 569

that overcomes these issues. By first using syntax- 570

guided generation and a diversity-focused sampling 571

strategy, and then refining the model with an adap- 572

tive curriculum and a multi-turn self-debugging 573

mechanism, CodeRise generates a diverse, com- 574

plex, and high-quality dataset. Our experiments 575

demonstrate that CodeRise significantly outper- 576

forms a wide range of baselines, proving the ef- 577

fectiveness of our methodology. 578
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Limitations579

Our study has a key limitation that points to promis-580

ing directions for future research. Our current in-581

struction generation process does not account for582

the domain-specific of many ULRPLs. While our583

generated data is syntactically valid, it may not584

reflect the idiomatic or practical use cases of the585

target language. Future work should focus on devel-586

oping mechanisms to align instruction generation587

with the intended application scope, thereby im-588

proving the real-world relevance of the synthetic589

dataset.590
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A Implementation Details881

This section provides the implementation details of882

CodeRise to ensure full reproducibility. We report883

the key hyperparameters for our data generation884

pipeline. For all inference processes conducted885

during testing and evaluation, the sampling temper-886

ature was consistently set to T = 0.887

A.1 Syntax Warm-up888

For the initial syntax warm-up, we fine-tuned the889

Qwen-2.5-Coder-32B-Instruct model on a dataset890

of 2k samples generated from Stage 1. The training891

was conducted for 1 epoch, with a learning rate of892

2×10−5 , and the batch size is set to 8. We utilized893

a cosine scheduler and AdamW optimizer for the894

training process.895

A.2 Main Model Training896

We fine-tuned three models on the 30,000 samples897

dataset generated by CodeRise. All training runs898

were conducted for 3 epochs using the AdamW899

optimizer with a cosine learning rate scheduler and900

a maximum sequence length of 2048 tokens. No901

warm-up steps were used. For Qwen-2.5-Coder-902

32B-Instruct, we used a learning rate of 2× 10−5903

with a batch size of 8. For Qwen-2.5-Coder-7B-904

Instruct and Llama-3.1-8B-Instruct, we used a905

learning rate of 4× 10−5 with a batch size of 32.906

A.3 Seed CodeBase907

To ensure a fair comparison with prior work, we908

use the same seed codebase2(Wei et al., 2024a) as909

the SelfCodeAlign framework, which consists of910

574k functions. This dataset is a curated collec-911

tion of functions originally sourced from The Stack912

V13(Kocetkov et al., 2023) corpus, a 3.1 TB dataset913

consisting of permissively licensed source code in914

30 programming languages.915

B Benchmark Details916

We evaluate CodeRise on migrated benchmarks917

for Tengo (HumanEval and MBPP) and our newly918

constructed native benchmark suite for ultra low-919

resource programming languages, consisting of920

TengoEval and JanetEval.921

2https://huggingface.co/datasets/bigcode/
python-stack-v1-functions-filtered

3https://huggingface.co/datasets/bigcode/
the-stack

B.1 TengoEval and JanetEval 922

Scope and format TengoEval and JanetEval 923

are file-level benchmarks, each containing 100 924

problems. Unlike translation-based benchmarks, 925

both are natively designed for their target lan- 926

guages and grounded in each language’s standard 927

library, rather than translated from high-resource 928

languages. 929

Module coverage TengoEval is designed to 930

cover all native modules in the Tengo standard li- 931

brary, and each problem uses 2.3 modules on av- 932

erage. JanetEval contains 100 problems and each 933

problem uses 1.6 modules on average. 934

Unit tests and semantics All test cases are writ- 935

ten and executed under the native semantics of the 936

target language. Each task includes multiple unit 937

tests and at least one explicit edge case to reduce 938

ambiguity and improve robustness. 939

Quality control To ensure correctness and fea- 940

sibility, two senior engineers reviewed every prob- 941

lem for task feasibility and test correctness. All 942

problems, reference solutions, and unit tests are ex- 943

ecuted and validated in a sandboxed environment 944

before inclusion. 945

B.2 Migrated Benchmarks 946

We evaluate on migrated versions of HumanEval 947

and MBPP for Tengo. We use the EvalPlus (Liu 948

et al., 2023) problem sets as the source, but due to 949

limited staffing, we only migrate the original unit 950

tests provided by HumanEval and MBPP rather 951

than the additional tests introduced by EvalPlus. 952

All migrated problems and tests are manually veri- 953

fied by two engineers to ensure correctness under 954

native Tengo semantics. 955

C Case Study 956

Figure 4 presents a case study where the model was 957

tasked with calculating Euclidean distance. The ini- 958

tial code contained a compilation error, it used tuple 959

assignment to unpack coordinates, which is a com- 960

mon feature in Go but unsupported in Tengo. Upon 961

failure, it receives three complementary pieces of 962

information: the direct compiler error identifies 963

what is wrong; the pre-authored Debugging Guide- 964

line explains why it is wrong in Tengo and provides 965

the correct pattern; and the retrieved documentation 966

confirms that tuple assignment is a feature explic- 967

itly absent from the language. This multi-faceted 968
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Write a Tengo function to compute the Euclidean 

distance between a pairs of 2D points.

dist := func(p1, p2){

dx, dy := p2[0]-p1[0], p2[1]-p1[1]

…

}

Compile Error: tuple assignment not allowed

at main: 2:5

Buggy Code

Unlike Go, Tengo does not have the following:

- Declarations

- …

- Tuple assignment

- …

…

Error 3: Compile Error: tuple assignment not 

allowed. This error arises due to the use of an 

invalid variable declaration syntax. Specifically, 

Tengo does not support multiple variable 

assignments in a single statement, such as `a,b := 

1, 2`.

…

dist := func(p1,  p2){

dx :=   p2[0] - p1[0]

dy :=   p2[1] - p1[1]

…

}

Correct Code

Compiler

Retriever

Guidance

Figure 4: A case study of the CodeRise mechanism.
An Compile Error caused by tuple assignment is re-
solved after the model receives synergistic feedback
from the compiler, a documentation retriever, and our
pre-authored guidance.

feedback enables the model to effectively diagnose969

and resolve the language-specific syntactic issue.970

D Document Retrieval Strategy971

The document was divided into three structurally972

parts: (i) Basic Syntax; (ii) Built-in Functions;973

and (iii) Standard Libraries. The chunking strat-974

egy was tailored to the characteristics of each sec-975

tion. For Basic Syntax and Built-in Functions, we976

leveraged the native Markdown hierarchy, treating977

each top-level heading as an individual chunk. In978

contrast, the Standard Libraries section, which979

consists of numerous concise function descriptions,980

was uniformly partitioned by grouping every three981

consecutive function definitions into one chunk.982

This design ensures semantic coherence within983

chunks while maintaining consistent retrieval gran-984

ularity across heterogeneous documentation types.985

Since retrieval is only triggered for compi-986

lation or runtime errors, BM25(Robertson and987

Zaragoza, 2009) proves more effective than dense988

retrieval. We utilized the BM25 algorithm from989

Iterations Samples Proportion (%)

1 11,090 53.1
2 4,476 21.4
3 2,150 10.3
4 1,194 5.7
5 751 3.6
6 510 2.4
7 395 1.9
8 319 1.5
9 257 1.2

Table 6: Iteration statistics of Stage 2 self-debugging on
Tengo. We report the distribution over the number of
refinement iterations for 20,885 successfully salvaged
samples.

the Pyserini(Lin et al., 2021) with its default set- 990

tings. The feedback messages from compilers 991

often contain explicit lexical cues that directly 992

correspond to documentation text, such as “Run- 993

time Error: wrong number of arguments in call to 994

user-function:has_prefix”. In such cases, keyword- 995

based retrieval better exploits these literal overlaps, 996

whereas dense embeddings tend to smooth away 997

the precise token-level distinctions that are crucial 998

for error localization and resolution. Consequently, 999

BM25 provides more reliable and interpretable 1000

matches for this type of debugging-oriented re- 1001

trieval. 1002

E Iteration statistics 1003

To characterize the efficiency of Stage 2, we an- 1004

alyze 20,885 samples that were successfully sal- 1005

vaged by our self-debugging pipeline on Tengo. 1006

Table 6 reports the distribution over the number 1007

of refinement iterations needed to pass compila- 1008

tion/execution and all unit tests. More than half 1009

of the samples succeed in a single iteration; 74.5% 1010

succeed within two iterations, and 90.5% within 1011

four iterations. Only a small long tail (10.5%) 1012

requires five or more iterations, indicating that 1013

Stage 2 is typically efficient while still being able 1014

to rescue hard cases when needed. 1015
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