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Abstract

The rapid advancement of code large lan-
guage models (LLMs) has sparked significant
research interest in systematically evaluating
their code generation capabilities, yet exist-
ing benchmarks predominantly assess mod-
els at a single structural granularity and fo-
cus on limited programming languages, obscur-
ing fine-grained capability variations across
different code scopes and multilingual sce-
narios. We introduce M2G-Eval, a multi-
granularity, multilingual framework for eval-
uating code generation in large language mod-
els (LLMs) across four levels: Class, Func-
tion, Block, and Line. Spanning 18 program-
ming languages, M2G-Eval includes 17K+
training tasks and 1,286 human-annotated,
contamination-controlled test instances. We
develop M2G-Eval-Coder models by training
Qwen3-8B with supervised fine-tuning and
Group Relative Policy Optimization. Eval-
uating 30 models (28 state-of-the-art LLMs
plus our two M2G-Eval-Coder variants) re-
veals three main findings: (1) an apparent dif-
ficulty hierarchy, with Line-level tasks easiest
and Class-level most challenging; (2) widen-
ing performance gaps between full- and partial-
granularity languages as task complexity in-
creases; and (3) strong cross-language corre-
lations, suggesting that models learn transfer-
able programming concepts. M2G-Eval en-
ables fine-grained diagnosis of code generation
capabilities and highlights persistent challenges
in synthesizing complex, long-form code.

1 Introduction

The emergence of large language models (LLMs)
specialized for code has fundamentally transformed
software engineering practices. Modern code
LLMs (Li et al., 2023; Lozhkov et al., 2024;
ByteDance Seed et al., 2025; Guo et al., 2024a),

* Equal contribution.
† Corresponding author.

def search(n, x):  
    l, r = 0, len(n)
    while l < r:
        mid = (l + r) // 2

[Random-MASK]
    return l

Python
Problem: Complete the code 
inside [MASK] so that the 
program is semantically 
complete and produces the 
expected output.

Python

def search(n, x): 
[Function-MASK & Skeleton] 
def search(n: List[int], x: 
int) -> int: 

[Description]: This is 
about a binary search 
algorithm.
[In-file & Cross-file Code 
Context]: To better guide 
the model in editing the 
code.

def search(n, x):  
    l, r = 0, len(n)

[While-Block-MASK]
    return l

def search(n, x):  
    l, r = 0, len(n)
    while l < r:
        mid = (l + r) // 2
        if n[mid] < x:
         [SingleLine-MASK]
        else: r = mid
    return l

class Finder:
[Class-MASK & Skeleton]

    def __init__(self):
pass

    def search(self, n, x):
pass

C++ C Go Java C# Verilog  Ts Js PHP 
Scala HTML Lua R Zig Swift Rust Kotlin

Figure 1: M2G-Eval provides more challenging, multi-
granularity code generation across more programming
languages than previous work.

such as KAT-Coder (Zhan et al., 2025) and Qwen3-
Coder (Qwen Team, 2025a), leverage pre-training
on massive code corpora to achieve remarkable
performance across diverse programming tasks.
These models power intelligent development en-
vironments, automate routine coding tasks, and
assist developers in navigating complex codebases,
thereby significantly accelerating software devel-
opment cycles.

Code generation represents a core capability of
modern LLMs, underpinning applications from in-
telligent code completion to automated program
synthesis. Early works focus on function-level
code generation (e.g., HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021)), while
recent works (e.g., CrossCodeEval (Ding et al.,
2023), M2RC-Eval (Liu et al., 2025), and SWE-
Bench (Jimenez et al., 2024)) assess repository-
based capabilities. However, these frameworks
adopt a single-granularity evaluation paradigm,
treating all code generation tasks uniformly, regard-
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Class FunctionBlock Lineimport sys
from typing import List
[CLASS_MASK]
o = MyClass(1)
print(o.get_data())

class MyClass:
def __init__(self, d):
def get_data(self):

from . import MyClass
o = MyClass(1)

Class for data storage.

Your task is to 
generate whole class.

Infile Context

Class Skeleton

Cross Context

Description

Task Goal

import sys
[FUNCTION_MASK]
n = int(sys.argv[1])   
res = add_n(n)
print(res)

Infile Context

def process_n(n):Func Skeleton
from . import add_n
o = add_n(10)
assert(o == 20)
print(o)

Cross Context

Add operation Function.

The task is to generate 
whole function.

Description

Task Goal

import sys
t = int(sys.argv[1])
tot, i = 0, 1
[WHILE_MASK]
print(tot)

from . import add_m
tot = add_m.run(10)
print(tot)

While block for 
looping accumulation.

Your task is to 
generate the whole 
while block.

Cross Context

Infile Context

Description

Task Goal

import sys
n = int(sys.argv[1])
[LINE_BLOCK]
print(res)

from . import mul_m
res = mul_m.compute(10)
print(res)

Line for simple variable 
computation.

Your task is to generate 
the whole line statement.

Infile Context

Cross Context

Description

Task Goal

Figure 2: Four task granularity examples for M2G-Eval. Each example uses a simple Python code snippet to
illustrate the data composition of Class, Function, Block, and Line-level tasks.

less of their structural scope. In reality, completing
a single line of code requires fundamentally dif-
ferent contextual understanding and reasoning pat-
terns than implementing a complete function or de-
signing an entire class hierarchy. This granularity-
agnostic approach obscures important variations
in model capabilities across different code scopes.
Furthermore, existing benchmarks predominantly
focus on full-granularity languages such as Python
and Java, with limited coverage of the diverse mul-
tilingual landscape characterizing real-world soft-
ware ecosystems. Consequently, the community
lacks a comprehensive evaluation framework that
systematically measures code generation capabil-
ities across multiple structural granularities and
diverse programming languages.

To address these limitations, we introduce M2G-
Eval, a multi-granularity, multilingual framework
that systematically enhances and evaluates code
generation at four distinct structural levels: Class,
Function, Block, and Line. In Figure 1, M2G-
Eval advances beyond existing benchmarks along
two critical dimensions: (1) Finer-grained granu-
larity, enabling differentiated assessment of model
capabilities across code scopes, (2) Comprehen-
sive language coverage, spanning 18 program-
ming languages, including both full-granularity and
partial-granularity languages. We first built M2G-
Eval-Instruct, a large-scale instruction dataset con-
taining about 17K training samples synthesized
from roughly 150K repositories sampled from The-
Stack-v2. Using abstract syntax tree parsing, we ex-
tract code units at multiple granularities and incor-
porate cross-file or in-file context for multilingual,
multi-granularity supervised fine-tuning (SFT) and
reinforcement learning (GRPO). For evaluation, we
construct M2G-Eval comprising 1,286 instances
sourced from repositories created or updated after
January 1, 2024, effectively mitigating pre-training
data contamination. A team of 10 graduate and
doctoral students with strong programming exper-

tise manually validated each test instance, ensuring
semantic accuracy, contextual completeness, and
appropriate difficulty calibration.

The contributions are summarized as follows:

• We introduce M2G-Eval, the first multi-
granularity code-generation benchmark that
systematically evaluates models across four
structural levels (Class, Function, Block, Line)
in 18 programming languages, featuring 1,286
human-annotated, contamination-controlled
test instances.

• We construct M2G-Eval-Instruct, a large-scale
instruction dataset with 17K+ high-quality
training tasks derived from 150K repositories,
employing Tree-Sitter-based parsing, BM25
cross-file retrieval, LLM-based description
generation, and difficulty-calibrated filtering.

• We develop M2G-Eval-Coder models using a
two-stage training pipeline (SFT followed by
GRPO reinforcement learning) on Qwen3-8B,
achieving strong performance and releasing
both models to facilitate community research.

• We provide a comprehensive evaluation of 30
state-of-the-art LLMs, including two M2G-
Coder models, revealing systematic patterns
in granularity-dependent difficulty, language-
resource disparities, and cross-lingual general-
ization, and establishing M2G-Eval as a rigor-
ous diagnostic framework for assessing code-
generation capabilities.

2 Methodology

2.1 M2G-Eval Task Definition
Overall. We treat multi–granularity code gener-
ation as filling a masked region of code. Each
example τ = (ℓ, g, P,M, y∗) consists of a
programming language ℓ, a granularity label
g ∈ {Class,Function,Block,Line}, a structured
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R Rust Python Verilog C# Swift

Go Java C++ Zig C PHP

JS TS HTML Kotlin Scala Lua

Step1 Code Collection Step2 Code Selection & Task Build

In-file Cross-file

Description
By LLM

Skeleton
By 

TreeSitter

Line/Block Task

Class/Function 
Task

Step3 Inference Candidates Result

As a {language} code generation expert, you will receive:
1 In-file-code: In-file context code
2 Cross-file-code: Cross-file context code based on BM25
3 Task-Description: What you should do to generate code
4 Skeleon: Given when Function/Class level
5 TaskType: Line, Block, Class, Function
You must return code surrounded by ``` like makrdown syntax
Here are the main things:
{ In-file-code }
{if TaskType == ‘class’ or ‘function’ return Skeleton else None}
{ Cross-file-code }
{ Task-Description}

Prompt

Python C#

Java Zig

Lua C++

...

18 Languages Training DataSet

return &Session{
UserName: s.M_nsUserName,
NOrder:   s.M_uLastTime,
NTime:    
time.Unix(int64(s.M_uLastTime), 0)
}
res := Session{
UserName: s.M_nsUserName,  
LastMessageTime:time.Unix(int64(s.M_uLas
tTime), 0)   }
return &res

True 
Answer

Inference 
Answer
by LLM

Step4 LLM Inference Example
Step5 Edit Distance Driven Filter

Loop Until End

*yŷŷ

Figure 3: We construct M2G-Eval-Instruct by first curating sources across 18 languages, categorizing the materials,
and instantiating four task granularities (class, function, block, line). Each task is wrapped as a structured prompt,
after which we perform LLM-based quality filtering to obtain the final M2G-Eval-Instruct.

prompt P , a masked span M aligned with g, and
a reference implementation y∗. As illustrated in
Figure 2, the unified prompt P = (xi, xc,K, d,G)
includes in-file context xi, cross-file context xc, an
optional class or function skeleton K (empty for
Block and Line), an LLM-generated description
d, and the task goal G. This provides a consistent
input format for all four granularities.

Inference Result. Models are required to return
only the code that fills M , which we insert into xi to
obtain the complete prediction ŷ. We then perform
syntax and static checks, strip comments, normal-
ize whitespace, and compute a length-normalized
edit similarity S = 1 − ED(ŷ, y∗)

max
(
|ŷ|, |y∗|

) , where ED

is the Levenshtein distance over token-id sequences
from a fixed code tokenizer, and | · | is the token
count. Higher S indicates better agreement with
the reference.

2.2 M2G-Eval-Instruct Construction
Goal. We construct the M2G-Eval-Instruct (Dt)
to train models for our multi-granularity task for-
mat. This instruction dataset serves both for super-
vised fine-tuning (SFT) and reinforcement learning
(RL). To ensure quality, we apply a difficulty filter
based on the edit similarity score S to each candi-
date task.

Pipeline. Our training dataset is built by the
pipeline in Figure 3. We first sample about 150K
repositories Rt from The-Stack-v2 (Lozhkov et al.,
2024) covering 18 languages and collect their
source files. To reduce noise and boilerplate, we

strip comments and configuration-heavy dependen-
cies while preserving executable semantics. We
then use Tree-Sitter1 to parse each file, locate ed-
itable units, and extract the in-file context xi, the
target code y∗, and the masked span M . Qwen3-
Coder-480B-A35B-Instruct (Qwen Team, 2025a),
denoted Gt, generates a natural-language descrip-
tion d for each snippet. For Class and Function
tasks, we also extract the skeleton K (e.g., a class’s
fields and methods, or a function’s signature). To
enrich context, we apply BM25 over the reposi-
tory to retrieve related code as cross-file context
xc, yielding the initial dataset D′

t . Finally, we run
Gt again to produce draft solutions ŷ, compute the
similarity score S, and retain only tasks with S
between 0.1 and 0.45, resulting in the final training
data Dt with about 17K tasks.

2.3 M2G-Eval Dataset Construction

Goal. We constructed the training dataset Dt in
Section 2.2. Building on this, we construct an in-
dependent, high-quality evaluation dataset, De, to
rigorously evaluate the performance of M2G-Eval-
Coder-SFT and M2G-Eval-Coder-RL and to ensure
a fair comparison with other baseline models. The
core goals of this dataset are authoritativeness and
being free from pretraining data contamination. We
ensure that the evaluation dataset is disjoint from
the training data, such that De ∩ Dt = ∅.

DataSet Construction and Quality Control. To
reduce pretraining contamination, we build Re

1https://tree-sitter.github.io/tree-sitter/
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Figure 4: Task count of Dt and De. The Y-axis is logarithmic; the left side of the dashed line is a partial-granularity
group, and the right side is a full-granularity group. The same applies below.
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Figure 5: Task input and output statistics of Dt and De.

Frameworks Primary Task Class Function Block Line Cross-file Language

HumanEval Generation – ✓ – – – Python
MBPP Generation – ✓ – – – Python
MultiPL-E Generation (translated) – ✓ – – – 18
CrossCodeEval Repo-level Completion – – – – ✓ 4
M2RC-Eval Repo-level Completion – – – – ✓ 18
CodeEditorBench Editing/Refinement – – – – – 3
CanItEdit Instructional Editing – – – – – Python
M2G-Eval (Ours) Generation (multi-granularity) ✓ ✓ ✓ ✓ retrieval 18

Table 1: Comparison of code generation frameworks

from GitHub repositories created or last updated
after January 1, 2024. Because data volume
varies widely across languages, we split the 18 lan-
guages into full-granularity and partial-granularity
groups. Languages in the full-granularity group
(e.g., Python, Java) have test cases at all four
granularities, whereas languages in the partial-
granularity group (e.g., Verilog, HTML) lack test
cases at one or more granularities. Unlike the scale-
oriented training dataset Dt, the evaluation dataset
De follows a quality-first pipeline. We first use the
strong reasoning model DeepSeek-R1 (Guo et al.,
2025a), denoted Gr, to generate candidate tasks
and apply the same S-based filter to obtain a pro-
visional set D′

e. Then, a team of 10 graduate and
doctoral students with solid programming back-
grounds reviews, tests, and refines each candidate,
ensuring semantic correctness, complete context,
and appropriate difficulty. The final De contains

1,286 carefully validated test instances, and con-
structing this set takes about 28–36 hours per lan-
guage, compared with 6–8 hours per language for
the automated training pipeline.

Comparison. Table 1 compares M2G-Eval with
mainstream code generation frameworks, high-
lighting the value of its multi-granularity de-
sign. Existing frameworks show critical limi-
tations: HumanEval/MBPP support only single-
granularity (Function-level) generation with 1
language (Chen et al., 2021; Austin et al.,
2021); CrossCodeEval/M2RC-Eval enables cross-
file completion but lacks granularity distinc-
tion (Ding et al., 2023; Liu et al., 2025); CodeEd-
itorBench/CanItEdit focuses on editing but omits
cross-file/multilingual support (Guo et al., 2025b;
Cassano et al., 2024); and MultiPL-E still re-
stricts to single-granularity (Cassano et al., 2023).
These gaps directly motivate our M2G-Eval de-
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Model Size
C C++ Go Html R Rust Verilog Average

F B C F B F B L B L F B F B L C C F B L
Closed-Source LLMs

Claude-3-7-Sonnet µ 26.2 31.9 7.5 26.0 41.4 26.6 19.0 20.8 42.0 35.6 21.2 19.8 28.7 35.0 59.0 13.0 7.5 25.7 31.5 38.5
Claude-4-Sonnet µ 28.6 31.6 14.1 24.5 38.1 24.4 18.0 21.9 35.9 38.4 20.6 22.9 27.8 27.6 29.4 10.4 14.1 25.2 29.0 29.9
o4-mini µ 27.9 30.9 1.0 23.6 31.0 26.0 14.0 44.7 49.1 51.5 17.9 19.9 31.3 24.9 29.2 4.3 11.6 22.6 26.8 37.6
gpt-4o-2024-11-20 µ 3.4 5.5 1.6 10.9 3.4 8.4 12.0 12.3 12.2 7.5 20.5 10.0 12.7 19.9 19.9 0.2 1.6 11.2 10.5 13.2
o3-mini µ 15.5 4.3 0.4 3.5 1.0 2.5 8.0 5.2 0.0 0.0 13.9 10.4 13.0 21.0 15.9 0.0 0.2 13.9 8.0 25.7
gemini-2.5-pro µ 35.4 47.0 5.0 21.9 51.2 25.4 21.0 47.8 38.7 42.5 25.9 29.1 29.2 32.4 36.5 10.4 5.0 27.6 36.6 42.3
gemini-2.5-flash µ 23.8 29.4 10.8 24.9 38.0 23.4 18.0 38.0 35.3 43.5 23.9 21.4 33.3 31.5 28.9 3.3 10.8 25.9 28.9 36.8

Open-Source LLMs
Qwen3-0.6B-Chat 0.6B 7.0 3.2 4.1 12.1 5.5 8.0 6.0 3.9 2.1 1.7 12.5 6.5 7.3 5.7 4.5 1.5 4.1 7.0 4.5 4.0
Qwen3-0.6B-Think 0.6B 7.7 5.3 4.0 12.1 2.7 10.0 - 6.6 3.2 2.8 12.0 7.1 6.0 6.8 6.8 1.3 3.5 7.9 5.1 5.5
Qwen3-1.7B-Chat 1.7B 7.2 10.9 3.3 4.5 5.4 8.7 5.0 6.3 11.9 9.5 21.9 5.5 9.7 9.4 11.4 4.3 3.3 8.7 7.6 6.3
Qwen3-1.7B-Think 1.7B 6.6 7.2 2.4 3.4 10.6 7.8 4.0 11.8 12.4 4.0 22.6 6.6 9.2 7.8 11.7 4.7 2.4 8.2 7.1 6.3
DeepSeek-R1-Distill-Qwen-7B 7B 11.2 6.0 2.1 10.3 6.8 9.1 1.9 5.7 15.2 7.2 8.6 3.2 12.4 4.6 6.5 4.0 2.1 10.3 6.3 6.5
DeepSeek-R1-Distill-Qwen-14B 14B 8.9 10.7 3.5 11.4 12.7 11.0 16.0 11.6 21.8 16.5 18.8 10.4 22.5 12.9 26.8 3.5 3.5 14.5 14.1 18.3
Qwen3-14B-Chat 14B 14.5 17.2 4.1 13.8 9.5 17.5 8.0 20.1 29.6 24.7 21.6 16.7 19.0 23.3 22.9 6.7 4.1 17.3 17.4 22.6
Qwen3-14B-Think 14B 14.9 15.5 5.6 15.6 20.5 15.3 13.0 27.8 33.7 24.1 22.3 15.6 21.4 22.2 22.0 7.2 5.6 17.9 20.1 24.6
Qwen3-30B-A3B-Instruct 3/30B 8.2 28.2 2.1 13.0 28.1 12.6 9.0 19.3 8.4 4.3 21.5 10.4 22.2 23.3 28.4 0.8 2.1 15.5 17.9 17.3
Qwen3-30B-A3B-Think 3/30B 30.4 17.2 7.1 17.4 28.0 20.4 7.0 17.2 6.9 11.1 17.8 15.4 23.6 24.6 28.4 16.9 7.1 21.9 16.5 18.9
Qwen3-32B-Chat 32B 25.8 30.1 6.2 23.3 31.5 20.4 10.0 33.5 39.3 28.3 20.7 17.8 30.2 25.9 23.2 7.6 6.2 24.1 25.8 28.3
Qwen-32B-Think 32B 24.4 29.6 6.4 21.3 28.9 19.9 9.0 23.1 27.7 32.1 20.6 16.8 29.4 34.0 31.2 7.5 6.4 23.1 24.3 28.8
DeepSeek-R1-Distill-Qwen-32B 32B 18.8 18.1 4.1 15.6 25.5 18.1 13.0 14.7 36.2 28.9 15.4 11.4 21.5 14.8 33.5 3.8 4.1 17.9 19.8 25.7
QwQ-32B 32B 22.5 15.3 7.6 22.8 22.8 21.0 9.0 22.3 30.7 24.1 19.6 16.9 23.5 22.6 28.6 7.4 7.6 21.9 19.6 25.0
DeepSeek-R1-Distill-Llama-70B 70B 11.5 24.7 4.6 8.4 17.8 14.3 6.0 13.9 21.6 19.8 19.2 13.0 22.4 19.9 28.2 2.2 4.6 15.2 17.2 20.6
Qwen3-235B-A22B-Think 22/235B 25.9 35.1 6.5 21.3 25.0 24.7 9.0 25.9 40.7 33.5 18.8 22.0 20.8 26.5 27.6 7.6 6.5 22.3 26.4 29.0
Qwen3-Coder-480B-A35B-Instruct 35/480B 23.5 43.1 8.2 22.3 28.3 24.1 14.0 49.7 38.8 46.8 24.9 20.4 28.5 38.2 35.0 4.7 8.2 24.7 30.5 43.8
DeepSeek-R1 37/671B 29.8 25.6 30.1 28.6 26.2 27.0 19.0 27.8 33.8 26.9 21.7 22.2 32.3 26.2 30.6 24.1 30.1 27.9 25.5 28.4
DeepSeek-V3 37/671B 22.3 44.9 6.4 21.0 31.2 23.4 27.0 39.4 27.2 18.2 24.2 18.0 25.9 29.1 37.8 8.6 6.4 23.4 29.6 31.8
Qwen3-8B-Chat 8B 23.9 16.3 8.3 18.1 22.0 17.9 8.0 34.0 18.6 13.6 18.0 17.1 24.9 19.2 31.9 6.0 8.3 20.6 16.9 26.5
Qwen3-8B-Think 8B 22.6 16.2 7.5 16.9 28.4 18.5 8.0 14.8 19.6 14.6 20.6 19.8 27.0 19.7 25.8 8.0 7.5 21.1 18.6 18.4

Our Method
M2G-Eval-Coder-SFT 8B 21.4 27.0 7.6 18.1 21.8 18.2 13.4 24.0 32.9 36.4 21.6 21.5 30.0 20.5 35.5 7.7 7.6 21.9 22.8 32.0
M2G-Eval-Coder-RL 8B 24.6 27.8 7.8 21.9 23.9 19.8 15.0 36.7 35.5 40.7 21.2 23.5 25.2 23.8 31.7 8.2 7.8 22.5 24.9 36.4

Table 2: Results on 7 partial-granularity languages.

sign, along with the associated M2G-Eval-Instruct,
which jointly address the lack of multi-granularity,
cross-file, and multilingual support.

Training. We use M2G-Eval-Instruct for two-
stage training on Qwen3-8B and evaluate on M2G-
Eval. Stage 1: Supervised Fine-Tuning (SFT).
Using LlamaFactory2, we run full-parameter SFT
for five epochs with a cosine LR schedule (peak
10−5, 10% warmup), BF16, and DeepSpeed ZeRO-
3. The max input length is 32,768 tokens. A per-
device batch size of 1 with grad-accum 2 yields
a global batch size of 16. We validate on M2G-
Eval every 500 steps and obtain M2G-Eval-Coder-
SFT in about 10 hours. Stage 2: GRPO Rein-
forcement Learning. Starting from M2G-Eval-
Coder-SFT, we use verl3 with GRPO, rewarding
the length-normalized edit similarity S. We train
for 15 epochs on roughly 5K tasks (a subset of
M2G-Eval-Instruct), with a global batch size of 256
(PPO mini-batch 64; micro-batch 2/GPU), Actor
LR 10−6, and KL penalty 0.001. The max promp-
t/response lengths are 28,672/8,192 tokens. This
stage performs about 300 gradient updates over 90+
hours, producing M2G-Eval-Coder-RL.

Model Evaluation. We evaluate 30 models in
total, including M2G-Eval-Coder-SFT and M2G-
Eval-Coder-RL, using the full evaluation across all

2https://github.com/hiyouga/LLaMA-Factory
3https://github.com/volcengine/verl

languages and granularities. Table 2 and Table 3 re-
port the results. These results form the basis of the
comparisons and analyses discussed in Section 3
and Section 4.

2.4 Data Analysis

Task Count for Each Language. As shown in
Figure 4, the training set Dt is much larger than the
evaluation set De, approximately 17K versus 1,286
tasks, giving broad coverage in training while keep-
ing test annotation manageable. Full-granularity
languages such as Python and Java receive sub-
stantial Class- and Function-level supervision. In
contrast, languages like HTML are concentrated
at the Block and Line levels, matching their typ-
ical usage. In De, these patterns persist but are
much sparser, especially for Verilog and R at the
Class and Function levels, making these slices of
the benchmark both rare and highly informative.

Input & Output Token Distribution. Figure 5
shows a clear context–target imbalance: on aver-
age, inputs are more than ten times longer than
outputs. C has the heaviest contextual load, with av-
erage inputs above 6,000 tokens, around ten times
those of Verilog at about 600 tokens. Yet Verilog
requires the longest completions, with average out-
puts around 550 tokens, roughly 2.2 times those of
C at about 250 tokens, revealing substantial cross-
language variation in token budgets.
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Model Size
C# Java JS Kotlin Lua PHP

C F B L C F B L C F B L C F B L C F B L C F B L
Closed-Source LLMs

Claude-3-7-Sonnet µ 13.9 28.3 28.2 45.2 20.4 31.4 10.5 24.4 9.9 19.7 18.3 18.7 21.3 25.2 11.6 42.9 30.9 19.6 24.5 11.7 25.0 32.8 31.5 22.0
Claude-4-Sonnet µ 12.6 29.0 33.1 45.2 20.4 33.2 7.7 14.8 10.1 20.8 18.7 18.7 22.5 23.7 9.0 36.6 30.2 21.9 28.0 18.5 20.2 30.8 26.8 16.8
o4-mini µ 11.2 26.3 18.3 59.5 18.0 26.1 39.5 25.5 8.2 22.9 14.6 17.8 30.0 31.1 20.5 40.8 24.3 21.2 31.1 4.1 12.6 24.9 38.8 26.0
gpt-4o-2024-11-20 µ 0.0 0.0 1.5 66.7 3.7 8.6 7.1 18.4 4.7 16.4 3.3 11.7 6.4 5.6 32.2 0.0 17.2 4.9 13.8 7.2 0.4 10.4 1.5 19.1
o3-mini µ 0.0 13.4 9.6 81.0 0.0 13.4 8.5 15.9 5.8 14.3 7.5 2.0 1.1 0.5 73.4 40.8 18.3 11.8 18.7 0.0 0.0 15.9 35.8 9.5
gemini-2.5-pro µ 12.7 31.7 36.8 67.3 24.1 35.0 19.1 27.8 10.4 26.4 23.9 39.9 23.7 28.9 45.2 33.0 40.9 23.0 36.6 13.8 21.3 37.2 46.0 21.6
gemini-2.5-flash µ 9.2 29.5 27.6 0.0 13.5 28.3 11.4 26.6 10.9 23.4 20.8 41.6 21.7 31.3 29.1 28.7 28.9 22.3 28.9 11.7 10.7 22.8 21.6 11.9

Open-Source LLMs
Qwen3-0.6B-Chat 0.6B 1.1 7.1 1.6 2.4 2.7 6.0 3.2 2.1 1.3 3.9 5.2 16.7 5.6 8.0 6.1 5.8 8.8 7.9 8.3 5.1 1.7 5.2 4.5 5.4
Qwen3-0.6B-Think 0.6B 1.2 6.7 3.7 2.4 2.7 4.9 4.1 3.2 1.3 6.4 3.8 9.8 6.1 6.3 6.4 0.0 8.2 7.4 8.7 3.8 1.7 4.6 2.6 9.8
Qwen3-1.7B-Chat 1.7B 3.4 9.0 8.2 0.0 4.4 7.2 8.6 3.6 7.5 9.9 6.0 2.3 10.0 6.4 1.7 0.0 8.9 6.4 11.0 7.5 5.6 7.3 9.7 5.2
Qwen3-1.7B-Think 1.7B 6.2 7.4 13.4 9.4 5.0 8.5 14.0 3.4 6.3 7.2 4.6 4.7 10.9 8.0 2.1 1.8 12.9 8.2 8.5 5.7 8.5 9.2 13.1 5.7
DeepSeek-R1-Distill-Qwen-7B 7B 5.2 9.8 10.1 0.0 6.9 9.5 7.5 3.6 6.0 9.3 4.6 4.3 6.5 6.1 9.1 0.0 9.6 7.9 7.3 7.9 7.6 9.1 20.8 9.4
DeepSeek-R1-Distill-Qwen-14B 14B 8.0 15.9 16.9 5.8 9.5 17.5 15.6 9.3 4.5 13.7 16.8 16.0 11.5 16.4 12.5 49.0 21.4 13.2 18.1 13.2 7.3 15.1 21.4 25.9
Qwen3-14B-Chat 14B 9.1 23.3 26.3 9.4 16.1 24.8 13.4 18.5 9.1 18.6 16.6 25.7 16.9 18.7 9.0 34.7 17.0 17.8 17.1 13.2 15.4 20.5 28.1 14.9
Qwen3-14B-Think 14B 11.9 23.1 22.1 9.4 16.0 25.8 18.6 14.4 9.2 16.2 18.4 15.6 16.1 18.8 6.5 34.7 19.5 17.6 19.0 10.3 14.5 21.0 19.7 16.9
Qwen3-30B-A3B 3/30B 4.6 21.2 28.3 61.9 8.2 26.2 21.1 19.4 6.9 14.6 18.1 17.4 16.0 14.7 36.9 22.4 23.2 12.5 20.2 11.8 2.2 18.9 24.5 16.0
Qwen3-30B-A3B-Think 3/30B 22.7 27.9 19.9 50.0 14.3 28.5 12.6 15.2 6.8 23.3 21.1 22.9 22.4 20.0 26.3 42.9 19.6 13.8 13.1 7.7 20.0 21.5 35.0 13.4
Qwen3-32B-Chat 32B 8.2 24.4 21.7 27.1 14.6 26.1 13.7 15.4 8.3 21.6 18.0 19.2 18.7 20.5 10.0 30.3 32.5 19.7 15.2 9.5 16.5 20.3 27.8 30.1
Qwen-32B-Think 32B 10.5 23.9 25.4 23.1 15.8 24.2 18.2 18.2 8.5 19.7 18.5 22.4 17.6 23.4 3.5 28.8 25.7 19.3 16.6 8.0 15.5 21.2 27.8 31.3
DeepSeek-R1-Distill-Qwen-32B 32B 5.1 19.2 18.6 6.5 9.7 15.9 1.4 12.9 5.6 16.4 18.7 9.7 10.8 15.6 34.4 27.1 28.4 16.4 16.4 13.1 8.0 19.1 29.3 18.0
QwQ-32B 32B 9.2 19.3 17.8 38.2 14.2 23.3 11.7 15.8 8.2 19.7 15.2 27.0 13.7 18.5 16.2 20.4 22.3 18.4 20.3 9.7 18.5 17.4 16.1 17.0
DeepSeek-R1-Distill-Llama-70B 70B 6.5 13.1 19.9 52.4 12.9 17.6 17.7 13.8 6.1 18.6 12.7 9.7 10.4 13.9 36.4 12.6 30.8 15.0 15.8 11.1 7.5 14.9 33.6 10.1
Qwen3-235B-A22B-Think 22/235B 8.9 29.4 23.6 59.5 16.9 26.1 23.0 24.9 7.6 25.9 17.4 24.0 17.9 22.1 46.9 22.0 29.3 21.2 22.3 15.0 13.3 20.3 35.1 15.8
Qwen3-Coder-480B-A35B-Instruct 35/480B 12.2 35.0 31.4 71.4 21.7 30.0 6.1 26.9 11.7 23.9 19.7 36.6 20.1 16.1 10.5 36.9 37.2 21.8 26.4 14.2 17.9 28.6 54.3 31.8
DeepSeek-R1 37/671B 31.0 30.0 29.3 47.6 30.0 33.2 15.8 24.9 19.9 24.3 21.5 32.0 26.5 32.0 27.1 32.0 31.0 21.8 30.7 15.4 35.2 27.6 34.8 19.6
DeepSeek-V3 37/671B 9.9 22.2 25.8 42.4 16.1 22.4 24.0 13.7 9.5 20.9 16.7 31.9 20.3 17.2 6.2 28.2 35.1 22.3 28.5 21.6 18.7 23.2 30.3 17.3
Qwen3-8B Chat 8B 8.0 22.0 21.3 9.4 10.6 22.0 20.7 15.2 8.3 18.2 15.0 22.1 16.1 20.9 20.2 42.9 21.3 15.8 11.9 11.6 14.7 17.3 36.2 10.2
Qwen3-8B Think 8B 12.3 23.6 21.0 9.4 11.8 22.2 22.3 13.8 7.6 17.5 12.9 19.9 16.6 18.7 30.8 28.7 23.0 17.5 14.3 11.9 15.1 16.8 18.2 13.7

Our Method
M2G-Eval-Coder-SFT 8B 13.5 24.6 23.9 32.4 18.1 27.4 14.2 13.9 10.0 19.3 19.7 20.5 16.8 19.8 35.4 32.5 27.7 19.4 27.6 13.6 17.5 23.8 31.7 36.2
M2G-Eval-Coder-RL 8B 13.5 21.7 27.9 73.8 19.0 31.1 21.1 17.7 9.9 18.1 19.0 27.3 17.6 19.3 36.6 33.6 31.8 19.6 27.6 16.2 17.0 24.8 34.5 36.5

Model Size
Python Scala Swift TS Zig Average

C F B L C F B L C F B L C F B L C F B L C F B L
Closed-Source LLMs

Claude-3-7-Sonnet µ 16.8 25.0 25.2 28.8 16.3 25.7 11.2 19.1 20.5 24.5 18.9 17.4 17.2 24.4 30.3 31.2 18.8 35.2 23.4 38.7 19.2 25.7 21.0 26.1
Claude-4-Sonnet µ 18.2 22.1 22.5 34.5 15.9 31.0 14.2 24.3 26.5 28.4 23.0 33.6 16.4 21.6 34.6 29.7 20.7 19.7 21.3 29.9 19.3 26.3 21.8 27.3
o4-mini µ 5.0 17.6 26.5 50.2 32.7 28.6 10.6 20.8 24.2 17.4 19.4 18.6 19.2 19.0 25.6 28.1 0.1 29.3 15.9 8.9 18.7 23.0 24.3 31.1
gpt-4o-2024-11-20 µ 1.7 7.2 1.1 12.7 6.0 10.1 7.6 8.9 0.1 4.6 14.7 11.5 10.9 6.8 0.0 8.3 11.1 8.1 10.6 10.9 5.1 7.5 8.3 16.5
o3-mini µ 2.3 4.0 11.1 8.0 4.0 0.0 8.3 28.6 0.1 2.1 20.1 0.0 3.0 4.9 0.0 16.6 12.3 0.0 13.6 26.4 3.4 8.5 9.4 14.5
gemini-2.5-pro µ 20.3 29.8 27.3 25.9 19.5 27.9 30.1 50.8 22.5 28.3 32.2 21.8 24.4 28.6 37.4 37.4 1.5 24.7 48.3 46.2 22.0 29.7 33.5 33.9
gemini-2.5-flash µ 15.3 23.0 26.3 23.9 17.0 26.6 20.7 26.2 18.9 28.5 23.4 25.6 14.5 24.9 38.6 32.9 19.9 32.3 25.3 37.6 16.1 26.1 24.8 25.7

Open-Source LLMs
Qwen3-0.6B-Chat 0.6B 4.9 8.2 5.2 7.0 6.6 6.8 5.0 5.3 4.1 4.8 4.5 10.3 3.7 6.0 0.4 5.8 0.8 4.0 7.0 2.4 3.8 6.1 4.8 6.1
Qwen3-0.6B-Think 0.6B 5.0 8.5 4.4 7.7 5.8 5.7 6.3 8.5 3.6 4.3 4.6 6.7 5.4 5.8 0.0 3.8 0.2 2.2 6.3 0.9 3.7 5.7 5.1 5.4
Qwen3-1.7B-Chat 1.7B 11.4 10.4 5.8 4.3 5.5 2.9 4.6 6.9 5.8 6.7 7.2 3.6 4.9 9.6 14.6 4.7 1.4 4.9 16.4 7.8 6.3 7.4 8.4 5.3
Qwen3-1.7B-Think 1.7B 12.1 10.4 7.4 7.4 5.1 5.1 6.3 6.2 8.3 6.4 8.5 7.5 5.9 10.6 16.4 6.3 8.7 6.4 13.5 8.0 7.9 7.7 9.3 6.9
DeepSeek-R1-Distill-Qwen-7B 7B 8.4 10.7 7.2 6.3 6.8 14.4 9.4 4.8 8.9 7.7 7.5 4.6 6.9 8.7 0.8 8.0 0.0 2.1 11.6 0.0 7.3 9.3 8.4 6.1
DeepSeek-R1-Distill-Qwen-14B 14B 9.9 13.9 13.6 16.6 9.8 15.5 10.0 9.6 8.7 12.1 15.8 11.8 7.1 13.0 16.0 18.3 18.1 6.8 30.9 8.2 9.8 14.6 15.7 17.6
Qwen3-14B-Chat 14B 16.0 19.0 19.2 39.0 11.1 24.7 12.4 15.1 15.3 14.1 18.3 4.7 13.1 14.1 6.0 24.3 18.2 9.1 16.0 14.8 13.9 19.7 16.6 20.0
Qwen3-14B-Think 14B 14.5 20.6 12.4 27.1 11.9 21.5 10.5 19.3 14.1 14.2 15.7 10.1 10.5 14.1 7.9 27.7 19.8 10.3 20.0 25.4 13.8 19.3 15.1 18.6
Qwen3-30B-A3B 3/30B 11.5 14.3 19.3 20.0 8.1 13.0 11.5 15.6 11.5 17.8 20.8 12.5 11.5 16.8 27.0 23.8 22.9 6.9 27.6 20.5 10.4 17.0 22.8 22.1
Qwen3-30B-A3B-Think 3/30B 10.8 22.0 23.5 38.2 13.6 24.0 16.1 12.1 16.5 14.6 17.9 21.5 15.9 19.6 16.6 34.2 1.4 31.7 25.0 14.0 16.3 21.5 20.2 25.8
Qwen3-32B-Chat 32B 17.9 23.0 17.7 30.5 14.0 27.1 15.5 24.7 16.4 25.4 18.1 19.9 11.5 22.2 24.9 30.1 13.4 24.6 21.7 21.2 15.9 23.0 18.3 23.7
Qwen3-32B-Think 32B 15.4 21.3 16.4 31.9 15.3 23.1 11.5 21.7 16.9 29.0 21.4 15.4 11.4 19.2 42.3 26.8 9.3 23.3 20.2 34.9 15.3 22.4 20.1 22.8
DeepSeek-R1-Distill-Qwen-32B 32B 12.3 18.5 14.2 15.0 7.1 13.4 15.5 18.6 9.5 12.3 20.7 18.8 8.8 12.8 13.4 25.7 9.0 13.6 20.3 20.5 10.5 16.0 18.3 16.5
QwQ-32B 32B 15.4 19.9 19.6 34.2 10.9 28.3 16.3 25.6 15.2 20.4 19.1 16.2 10.6 19.7 33.9 25.8 6.1 13.0 9.7 25.5 13.8 20.5 18.6 23.0
DeepSeek-R1-Distill-Llama-70B 70B 12.3 19.8 16.0 23.8 7.6 13.4 21.7 21.4 15.7 13.2 13.9 4.8 8.4 12.6 13.4 17.8 1.5 9.6 14.3 20.9 11.8 15.2 20.1 17.8
Qwen3-235B-A22B-Think 22/235B 16.4 22.3 19.9 35.9 13.2 25.5 15.7 31.0 17.4 26.4 19.8 22.1 13.3 20.5 33.8 26.1 1.5 23.8 22.4 30.0 15.4 24.0 25.8 27.6
Qwen3-Coder-480B-A35B-Instruct 35/480B 12.7 23.2 32.5 26.2 13.5 27.5 19.4 26.7 19.6 23.5 20.0 23.3 16.9 22.4 31.8 34.1 7.4 19.8 13.2 39.3 18.4 25.2 25.2 32.8
DeepSeek-R1 37/671B 25.6 27.4 20.8 33.4 22.3 33.4 24.6 27.0 21.4 27.0 25.5 28.8 30.9 30.0 25.3 30.2 11.0 24.2 26.8 29.0 27.4 28.7 25.5 29.1
DeepSeek-V3 37/671B 13.7 20.4 22.1 36.4 16.6 25.8 19.7 37.2 17.7 25.0 23.6 14.7 19.3 20.4 28.4 37.0 16.1 11.9 22.9 37.1 17.7 22.0 22.5 28.0
Qwen3-8B Chat 8B 12.6 16.7 13.9 23.8 13.4 21.3 13.5 18.8 17.3 15.7 14.8 22.4 12.6 20.1 16.4 28.9 4.3 10.1 13.5 11.6 13.5 19.0 18.4 20.5
Qwen3-8B Think 8B 12.5 17.8 16.8 14.8 14.0 22.9 14.2 11.1 20.6 14.3 15.2 15.3 14.1 18.2 22.9 22.0 8.0 13.3 14.7 13.5 14.8 19.0 18.9 16.1

Our Method
M2G-Eval-Coder-SFT 8B 12.8 20.9 21.2 38.2 12.8 19.3 9.7 22.7 17.4 22.6 13.8 28.7 14.4 20.8 21.0 27.9 16.3 21.8 32.9 18.9 16.1 21.8 21.8 26.7
M2G-Eval-Coder-RL 8B 14.3 22.0 19.2 42.5 12.6 21.9 13.0 23.0 18.4 23.0 24.5 26.9 14.3 23.5 24.5 24.9 10.7 17.4 29.3 16.0 16.8 22.5 24.8 32.2

Table 3: Results on 11 full-granularity languages.

3 Experiment

3.1 Experiment Setup

Models and Datasets. We fine-tune Qwen3-8B
with a two-stage pipeline. Training uses M2G-Eval-
Instruct and evaluation uses the human-annotated
M2G-Eval. All experiments run with 8×NVIDIA
A100-80GB.
Evaluation Baselines. Our evaluation includes
general-purpose models such as gpt-4o, o3-mini,
and o4-mini (OpenAI, 2024, 2025); Claude-3-7-
Sonnet and Claude-4-Sonnet (Anthropic, 2025a,b);
and Gemini-2.5 Pro and Flash (Comanici et al.,
2025). We also assess the Qwen3 series (Yang et al.,
2025a; Qwen Team, 2025b) and the DeepSeek fam-
ily, along with their distilled variants (Guo et al.,

2025a; DeepSeek-AI et al., 2025).

3.2 Evaluation Metric

We evaluate LLMs with a Length-Normalized
Edit Similarity S defined in Section 2.1. Raw
edit distance (ED) measures disagreement and is
therefore inversely related to quality, which makes
scores hard to compare across examples of differ-
ent lengths. We instead convert ED into a simi-
larity ratio S ∈ [0, 1] by normalizing against the
longer sequence. This follows standard practice
for Levenshtein-based similarity and yields a more
interpretable, length-robust metric.
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Figure 6: Pearson correlation of model scores across 18
languages.

Class Function Block Line
0

5

10

15

20

25

A
ve

ra
ge

 S
co

re

Partial-Languages Full-Languages All-Languages

Figure 7: Granularity difficulty in partial-granularity,
full-granularity, and all languages.

3.3 Main Result

Closed-source models such as Claude and Gem-
ini still lead, but strong open-source systems, in-
cluding Qwen3-Coder-480B-A35B-Instruct and
DeepSeek-R1, are closing the gap, particularly
on Line and Block tasks. The results show a
transparent difficulty gradient: Line is the easiest,
Block and Function are in the middle, and Class
remains the hardest. Qwen3-Coder-480B-A35B-
Instruct maintains stable performance across both
full-granularity languages, such as Java and Python,
and partial-granularity languages, such as C++ and
Rust. At the same time, weaker models fluctuate
sharply and depend heavily on the coverage of pre-
training data.

4 Analysis

Comparative Analysis. Figure 7 shows two
main trends. First, model performance consis-
tently drops as we move from Line to Block/Func-
tion to Class, confirming that Class-level tasks
are the most challenging. Second, full-granularity
languages outperform partial-granularity ones at
all levels, and this gap grows with task difficulty:
smallest at the Line level, largest at the Class level.
This suggests that partial-granularity languages are
limited by both weaker syntactic coverage and the
difficulty of generating long, structured code.

Class Function Block Line

Qwen3-8B-Chat

Qwen3-8B-Think

M²G-RL-8B

M²G-SFT-8B

Qwen3-32B-Think

Qwen3-235B-A22B-Think

Qwen3-Coder-480B-A35B-Instruct

DeepSeek-R1

Gemini-2.5-Pro

11.8 18.9 17.6 21.2

13.2 19.3 18.5 16.4

15.0 22.2 25.1 32.0

14.8 21.8 22.8 27.2

13.5 22.7 21.6 24.9

13.1 23.4 25.8 28.1

15.7 24.7 26.4 35.6

26.1 28.1 25.6 28.9

18.2 28.7 35.4 36.6

10 15 20 25 30 35 40

Average Score

Figure 8: A comparison of the model trained using our
method, the base model, and some strong models.

Language Correlation. Figure 6 reports Pearson
correlations of model scores across 18 languages.
Most cells are dark red, indicating strong positive
correlations for almost all language pairs. This
pattern suggests that models learn shared program-
ming concepts rather than memorizing language-
specific syntax. We also observe mild clustering
by paradigm: for example, Java, C#, and C++ cor-
relate more strongly with each other than with lan-
guages that differ in style and domain, such as
Verilog and Kotlin.

Model Quality Comparison. In Figure 8, we
compare our models with seven representative base-
lines. Both the SFT and RL variants clearly out-
perform the Qwen3-8B base model, while the
RL model further closes the gap to Qwen3-235B-
A22B-Think and the specialized Qwen3-Coder-
480B-A35B-Instruct, despite using only 8B param-
eters. Figure 9 aggregates scores by language and
shows that our models consistently lie above the
global mean, with the RL model concentrated in the
high-score region. This indicates that the proposed
training pipeline yields stable, language-agnostic
gains.

5 Related Works

Code Large Language Models. Leveraging ad-
vancements in NLP, pretraining techniques have
significantly bolstered code understanding and syn-
thesis. Early encoder-based models like Code-
BERT (Feng et al., 2020) and encoder-decoder
models like CodeT5 (Wang et al., 2021) adopted
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NLP-inspired architectures and objectives for tasks
such as code generation, infilling, summarization,
refinement, and translation (Lu et al., 2021; Yan
et al., 2023; Liu et al., 2024; Chen et al., 2024). The
emergence of code-specific large language mod-
els (LLMs) (Li et al., 2023; Rozière et al., 2024;
Guo et al., 2024a; Yang et al., 2025b, 2024; Zhang
et al., 2025b, 2026), exemplified by CodeGen (Ni-
jkamp et al., 2023) and Code Llama (Rozière et al.,
2024), demonstrates foundational competence in
code understanding and generation. To enhance
instruction-following capabilities, recent work has
focused on instruction tuning (Ouyang et al., 2022;
Zhang et al., 2024; Wang et al., 2023), with innova-
tions such as code Evol-Instruct (Luo et al., 2024)
and the use of real-world code in OSS-Instruct (Wei
et al., 2024) and CodeOcean (Yu et al., 2024) to im-
prove instruction data quality and realism. Inspired
by multi-agent collaboration (Guo et al., 2024b;
Wang et al., 2024), language-specific agents have
been introduced to create multilingual instruction
datasets, with multilingual benchmarks (Cassano
et al., 2023; Chai et al., 2025; Liu et al., 2026;
ByteDance Seed Foundation Code Team, 2025;
Zhuo et al., 2025; Zhang et al., 2025a) assessing
these models’ cross-lingual capabilities.

Multi-granularity Code Generation. While ex-
isting code generation benchmarks have made sig-
nificant progress, they predominantly focus on
single-level evaluation. HumanEval and MBPP
evaluate standalone function generation (Chen
et al., 2021; Austin et al., 2021), while CrossCodeE-
val and M2RC-Eval assess cross-file generation
without distinguishing task granularity (Ding et al.,

2023; Liu et al., 2025). CodeEditorBench and Can-
ItEdit evaluate code editing but typically focus on
function-level or single-file settings (Guo et al.,
2025b; Cassano et al., 2024). This level-agnostic
evaluation overlooks the fact that code generation
and editing tasks vary substantially across different
scopes; completing a single line requires a different
context and reasoning than implementing an entire
class. Our work addresses this gap by introducing
M2G-Eval, which systematically evaluates models
across four distinct code scopes (class, function,
block, and line) in 18 languages. This design en-
ables fine-grained analysis of model capabilities at
each level and across generation scopes.

6 Conclusion

This paper introduces M2G-Eval, a multi-
granularity, multilingual evaluation framework as-
sessing LLMs at four granularities (Class, Func-
tion, Block, Line). We constructed training and
test datasets, trained our M2G-Eval-Coder models
using SFT and RL, and evaluated them against 28
other LLMs. The results showed a clear difficulty
gradient (Line-level easiest, Class-level hardest)
and a performance gap between full- and partial-
granularity languages. Nevertheless, the strong
cross-language correlation indicates that models
learn transferable programming logic. M2G-Eval
thus offers a granular approach to measuring code-
LLM capabilities, highlighting challenges in com-
plex code generation and in partial-granularity lan-
guage support.
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7 Limitations

M2G-Eval has several limitations: (1) imbalanced
language coverage, with partial-granularity lan-
guages lacking certain task granularities; (2) eval-
uation focuses on syntactic similarity rather than
execution-based correctness; (3) relatively small
dataset scale (17K+ training, 1,286 test instances);
(4) human annotation, while ensuring quality, lim-
its scalability and may introduce bias.

Ethics Statement
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A Prompts for Generation of Code
Description

System Prompt

Task Description:
You are a code analysis expert. You will be given three code segments: (1) prefix code (preceding
code), (2) middle code (the core focus segment), and (3) suffix code (following code). First,
analyze the combination of prefix, middle, and suffix code as a complete program. Then determine
the functional purpose of the middle code by examining: data transformations it performs, state
changes it introduces, and its interactions with the surrounding code.

Output Constraints:
Do not reference any concrete identifiers (such as variable, function, or class names) from the
middle code. Describe the functionality only with generic computing terms (e.g., “collection”,
“resource”, “calculation”), behavioral verbs (e.g., “transforms”, “validates”, “initializes”), and
abstract data concepts (e.g., “input values”, “result set”). Do not reproduce or quote the actual
content of the middle code.

Output Format:
This code segment functions to: [natural language description]
The response must strictly follow the pattern above.

User Prompt

Here are the contexts you should use when generating the functional description of the middle
code segment.

1. In-file context
[prefix_code]
{str(prefix_code)}

————

[middle_code]
{str(middle_code)}

————

[suffix_code]
{str(suffix_code)}

2. Cross-file list
{file-name}1 {retrieved-code}:
{file-name}2 {retrieved-code}:
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B Prompts for Candidate Inference

System Prompt

As a {language} code generation expert, you will receive:

1. prefix_code – Code preceding the target segment

2. suffix_code – Code following the target segment

3. [TASK_DESCRIPTION] – Functional requirements for the target code

Execution Instructions:
1. Analyze the complete program flow (prefix + suffix).
2. Generate only the code that fulfills [TASK_DESCRIPTION].
3. Pay careful attention to the output format; it must match the pattern below.
4. If the task is about a class or function, a skeleton will be provided and your code must obey this
skeleton.

Output Format (strict):

“‘{language}
[TASK_BEGIN]
{{generated_code}}
[TASK_END]
“‘

The answer will be validated using regular-expression matching; any deviation from the format
above is considered incorrect.

User Prompt

Here are the contexts you can use when generating the target code.

{task_type}

Current File:

“‘{language}
{prefix_code}
[TASK_START]
[TASK_DESCRIPTION {code_description}]
[SKELETON {skeleton}]
[TASK_END]
{suffix_code}
“‘

Cross-file list:
{file-name}1 {retrieved-code}:
{file-name}2 {retrieved-code}:
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