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Abstract

ATKTS is the primary programming language
for Huawei’s HarmonyOS ecosystem, which
has expanded across smartphones, tablets, and
IoT devices. While large language models
have demonstrated strong code generation ca-
pabilities for mainstream languages, their per-
formance on ArkTS remains largely unex-
plored. To address this gap, we introduce
ARKREPOBENCH, the first repository-level
code completion benchmark for ArkTS, 7,519
samples collected from 20 official HarmonyOS
repositories. The benchmark covers multiple
difficulty levels and further categorizes com-
pletion instances into Single-File, Cross-File
Independent, and Cross-File Dependent set-
tings based on dependency analysis, distin-
guishing the mere presence of cross-file con-
text from its actual necessity. Our experi-
ments show that: (1) ArkTS completion con-
sistently underperforms mainstream languages
under our experimental settings, suggesting
language-specific challenges associated with
this emerging language; (2) open-source 7B
models achieve performance comparable to
close-source models; (3) cross-file context is
a double-edged sword, with sparse retrieval
(Jaccard) outperforming dense methods on
ArkTS; and (4) HarmonyOS API documenta-
tion consistently improves performance, sug-
gesting the benefits of domain-specific enhance-
ments in low-resource settings. We release the
code and data at https://anonymous. 4open.
science/r/Ark_Repo_Bench/

1 Introduction

HarmonyOS has emerged as a rapidly growing
operating system ecosystem, with deployment on
over one billion devices and millions of develop-
ers. As the primary application development lan-
guage for HarmonyOS, ArkTS introduces unique
syntactic constructs, platform-specific APIs, and
distinctive programming patterns tailored for cross-
device development scenarios (Huawei Developer,

2024). Meanwhile, recent advances in LLMs
have revolutionized code intelligence tasks. Both
closed-source models (e.g., GPT-5, Claude-4, and
Gemini-2.5) and open-source code-centric mod-
els (e.g., DeepSeek-Coder and Qwen2.5-Coder)
have demonstrated strong capabilities in code un-
derstanding and generation, making LLM-powered
code completion increasingly accessible. Given
the rapid expansion of the HarmonyOS ecosys-
tem, coupled with ArkTS’s nature as a typical
low-resource language, there is a pressing need
to investigate model adaptability in this data-scarce
scenario, paving the way for future technical en-
hancements.

Despite the maturity of LLM-based code as-
sistance for mainstream languages, the capabili-
ties of these models on ArkTS remain underex-
plored. Existing research on ArkTS has primar-
ily focused on language translation rather than
code completion (Zhou et al., 2025). Existing
benchmarks (Chen, 2021; Austin et al., 2021; Lu
et al., 2021) target mainstream languages exclu-
sively, and recent repository-level benchmarks (Liu
et al., 2023; Zhang et al., 2023; Liu et al., 2025)
that advance cross-file code completion evaluation
also do not include ArkTS. This creates a critical
gap between the practical needs of HarmonyOS
developers and our ability to assess LLM perfor-
mance on this emerging language. Additionally,
ArkAnalyzer (Chen et al., 2025), the primary static
analysis tool for ArkTS, may occasionally miss
certain import patterns (e.g., multiple side-effect
imports in a single file), posing minor challenges
for complete dependency extraction.

To bridge this gap, we introduce ArkRepoBench,
the first repository-level code completion bench-
mark tailored for ArkTS. ArkRepoBench com-
prises 7,519 high-quality samples extracted from
20 official HarmonyOS repositories, reflecting real-
istic ArkTS development patterns. During the con-
struction, we perform dependency-aware context


https://anonymous.4open.science/r/Ark_Repo_Bench/
https://anonymous.4open.science/r/Ark_Repo_Bench/
https://anonymous.4open.science/r/Ark_Repo_Bench/

extraction to associate each completion instance
with relevant cross-file context when applicable,
enabling faithful repository-level scenarios. We
structure ArkRepoBench along two orthogonal di-
mensions to enable a comprehensive evaluation.
First, regarding difficulty and granularity, we ex-
plicitly constructed three distinct tasks (Random
Span, Atomic API, and Extended API Comple-
tion) to test varying spans and structural complexi-
ties. Second, for dependency analysis, we stratify
instances into three categories: Standalone (SA),
Cross-File Independent (CFI), and Cross-File De-
pendent (CFD). This taxonomy allows us to sys-
tematically investigate the model’s behavior based
on the necessity of external context, disentangling
the mere presence of related files from their actual
utility.

We conduct extensive experiments on ArkRe-
poBench with a diverse set of LLMs across differ-
ent scales and architectures. Our empirical eval-
uation reveals four key findings: (i) ArkTS code
completion consistently underperforms main-
stream programming languages, with a 3-7%
gap in Exact Match and a substantially larger 17—
22% gap in Edit Similarity compared with Java and
Python. (ii) Open-source 7B models achieve per-
formance comparable to closed-source models;
for example, DeepSeekCoder-7B attains similar
repository-level Exact Match to GPT-40 (5.13%
vs. 4.70%) and even outperforms it on context-
enriched completion. (iii) Cross-file context acts
as a double-edged sword for ArkTS completion:
retrieval improves True Cross-File cases (e.g., from
11.80% to 16.36% Exact Match on 7B models) but
yields marginal or negative gains for Single-File
and Pseudo Cross-File cases, with sparse retrieval
consistently outperforming dense methods. (iv) In-
corporating HarmonyOS API documentation
consistently improves performance, increasing
overall Exact Match by more than 3% on 7B mod-
els and approaching oracle-level performance.

Our main contributions are summarized as fol-
lows:

* We introduce ArkRepoBench, the first
repository-level code completion benchmark
for ArkTS, providing a foundation for evalu-
ating and advancing LLM assistance for the
rapidly growing HarmonyOS developer com-
munity.

* We present a benchmark -construction
methodology that captures multiple difficulty

levels and distinguishes between single-file
and cross-file completion scenarios, enabling
nuanced analysis of model capabilities.

* We conduct systematic empirical evaluations
showing that ArkTS code completion remains
challenging for current LLMs, and we derive
actionable insights for retrieval augmentation
and domain-specific knowledge enhancement.

* We publicly release our benchmark and evalu-
ation framework to facilitate future research
on code intelligence for OpenHarmony and
ArkTs.

2 Related Work

We provide an extended review of the literature in
Appendix A.

2.1 Large Language Models for Code

Large language models for code have advanced
significantly, with proprietary models such as GPT-
5 (OpenAl, 2025), Claude-4 (Anthropic, 2025), and
Gemini-2.5-Pro (Google DeepMind, 2025) demon-
strating strong coding capabilities. Open-source
alternatives including DeepSeek-Coder (Guo et al.,
2024) and Qwen2.5-Coder (Hui et al., 2024) have
achieved competitive results through instruction
tuning and fill-in-the-middle training.

2.2 Repository-Level Code Completion
Benchmarks

Early benchmarks such as HumanEval (Chen,
2021), MBPP (Austin et al., 2021), and
CodeXGLUE (Lu et al., 2021) evaluate code com-
pletion at the function level. Recent work intro-
duce repository-level benchmarks including Re-
poBench (Liu et al., 2023), RepoEval (Zhang et al.,
2023), CrossCodeEval (Ding et al., 2023), and
M2RC-Eval (Liu et al., 2025) to address cross-file
dependencies.

2.3 ArkTS and HarmonyOS Development

ArkTS is the primary development language for
HarmonyOS, featuring declarative UI and platform-
specific APIs (Huawei Developer, 2024). Despite
the rapid growth of HarmonyOS, academic re-
search has so far largely focused on language migra-
tion (Zhou et al., 2025) and ecosystem analysis (Li
et al., 2025b).
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import { BaseResponse } from

'../types/ResponseTypes';

public getScheduleConfig(): Promise<BaseResponse<CourseScheduleConfigResp>> {
return request.get({ url: RequestUrl.SCHEDULE_CONFIG });

public queryDayCourse(req: QueryDayCourseReq): Promise<BaseResponse<QueryDayCourseResp>> {
return request.post({
url: RequestUrl.QUERY_DAY_COURSE,
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Figure 1: The three-stage construction pipeline of ArkRepoBench: (I) Repository selection from official HarmonyOS
ArkTS application templates; (II) Dependency analysis via import extraction and dependency graph construction;
(IIT) Target code selection for three benchmark types (Random Span Completion, Atomic API Completion, and
Extended API Completion) with dependency-aware context.

3 ArkRepoBench

We construct ArkRepoBench through a three-
stage pipeline (Figure 1). The benchmark com-
prises three task types: Random Span Completion,
Atomic API Completion, and Extended API Com-
pletion. Each instance is classified into dependency
categories based on cross-file requirements.

3.1 Respository Selection

We collect 20 official ArkTS application templates
(API version 5.0.0-5.0.4) from Huawei’s Gitee
repository!. All repositories satisfy three crite-
ria: (1) successful compilation and execution; (2)
syntactically valid ArkTS code; (3) representa-
tive real-world development patterns. We exclude
GitHub repositories due to version incompatibility
and compilation failures in preliminary analysis.

3.2 Dependency Analysis

We perform dependency analysis to extract cross-
file relationships essential for repository-level com-
pletion. Since existing parsers (e.g., Tree-sitter)
do not support ArkTS and ArkAnalyzer provides
limited coverage, we implement a custom parser
for ArkTS-specific constructs.

Dependency Graph Construction. Algo-
rithm 1 outlines our approach. We first parse
oh-package. json5 configuration files to build
module name-to-entry mappings. For each
ETS file, we extract import statements and re-

lhttps://gitee.com/appgallery_connect/
agc-template-market-harmonyos-demos

Algorithm 1 Dependency Analysis for ArkTS

Require: Project root path P

Ensure: File sequence S in topological order
1: M < PARSEMODULECONFIGS(P)
2: F < FINDETSFILES(P)
3: for each file f € ' do
4 I < EXTRACTIMPORTS( f)
5: for each import i € I do
6 t < RESOLVEPATH(i, M)
7 Glf] < GlfTu{t}
8 end for
9: end for

10: S <~ TOPOLOGICALSORT(G) return S

solve them to target files. Relative imports
(e.g., ./component) probe .ets extensions or
Index.ets entries. Module imports use pre-built
mappings. This yields a dependency graph G with
4,950 nodes and 30,221 edges across all reposito-
ries.

Dependency Category Classification. We ap-
ply topological sorting to G and classify instances
into three categories based on their position and
dependency requirements.

» Standalone (SA): Files at the top of topo-
logical order with no incoming edges. These
completions require only local context.

* Cross-File Independent (CFI): Files with
dependencies exist, but the completion target
uses only locally defined entities.
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* Cross-File Dependent (CFD): Comple-
tions require entities from dependency files
(related_files).

3.3 Target Code Selection

We construct three completion tasks with varying
granularity and difficulty. All tasks attach depen-
dency files as related_files to enable repository-
level evaluation.

3.3.1 Random Span Completion Data

This task targets arbitrary code spans to evaluate
general completion capabilities. For each file f,
we tokenize the source code Cy using regex-based
segmentation, producing tokens t = [t1,...,txN].
We sample a random span from the token sequence
as follows:

Pstart ~ Uniform([aNT, [N ]), (D
U ax = Min(lmax, N — pyare — 0),  (2)
I ~ Uniform(lyin, lyax ), 3)
Clarget = C[Pstart * Pstart + 1], 4)

where «, 3 define boundaries that exclude file
edges to ensure sufficient context, and J prevents
buffer overflow.

3.3.2 Atomic API Completion Data

This task focuses on single API call completion.
We identify dot-chained API expressions (e.g.,
object.method()) in each file using our custom
parser. To emphasize cross-file dependencies, we
prioritize API calls whose root objects are imported
from other modules. If no such calls exist, we sam-
ple from all detected APIs. Each file contributes at
most one instance to prevent over-representation.
The masked target corresponds exactly to the API
span (e.g., method(args)). The surrounding code
serves as context.

3.3.3 Extended API Completion Data

This task extends Atomic API Completion to
longer, syntactically complete fragments. After
selecting an API call, we expand the masked span
rightward. We incorporate subsequent tokens un-
til reaching syntactic boundaries (e.g., balanced
parentheses, semicolons) or exceeding a predefined
token limit. This produces targets averaging 22.67
tokens compared to 12.53 for atomic APIs (Ta-
ble 1).

Data Cleaning: During construction, we
filter instances involving logging APIs (e.g.,
console.log). These calls contain arbitrary user-
defined strings that introduce evaluation noise.

Table 1: Statistics of ArkRepoBench. SA: Standalone,
CFTI: Cross-File Independent, CFD: Cross-File Depen-
dent. #Samples: number of instances; #Tokens: average
target length (regex-based tokenization).

Benchmark Category #Samples #Tokens

SA 1,531 47.20

Random Span CFI 336 44.48
Completion CFD 2,496 54.80
Overall 4,363 49.89

SA 284 12.38

Atomic API CFI 453 11.95
Completion CFD 856 13.11
Overall 1,593 12.53

SA 284 22.88

Extended API CFHFI 270 21.05
Completion CFD 1,039 23.48
Overall 1,593 22.67

3.4 Benchmark Statistics

Table 1 summarizes ArkRepoBench statistics. Ran-
dom Span Completion has the longest targets
(49.89 tokens average). Atomic API Completion
has the shortest (12.53 tokens). Extended API
Completion lies in between (22.67 tokens). The
distribution across dependency categories reflects
real-world ArkTS development patterns.

4 Experimental Setup

This section describes the experimental configura-
tions used throughout the evaluation. We introduce
models, retrieval methods, benchmarks, and met-
rics below.

4.1 Models

To evaluate code completion performance across
different model families and parameter scales, both
open-source and proprietary LLMs are included in
the study.

Open-source Models: DeepSeek-Coder-Base
(1.3B, 7B)and Qwen2.5-Coder-Base (0.5B, 1.5B,
7B) are evaluated, covering model sizes from 0.5B
to 7B parameters.

Closed-Source Models: GPT-40, Claude 3.5-
Haiku, and Gemini 2.5-Flash are selected as rep-
resentative proprietary models from three major
LLM providers, due to their relatively favorable
trade-offs between performance, cost, and infer-
ence speed.”

Specific model versions:
claude-3-5-haiku-20241022,

gpt-40-2024-11-20,
and gemini-2.5-flash



4.2 Retrieval Methods

To quantify the impact of cross-file context on code
completion, several retrieval strategies are com-
pared under a unified retrieval pipeline. For all
retrieval methods, the top-10 relevant code snip-
pets are retrieved from related files within the same
project.

No Retrieval (Baseline): This setting uses only
in-file context without any cross-file information,
serving as the baseline for evaluating the contribu-
tion of retrieval-augmented approaches.

Oracle: This setting directly provides the ground-
truth function definition as cross-file context, serv-
ing as an approximate upper bound on retrieval
quality.

Sparse Retrieval: BM25 (Robertson et al.,
2009) and Jaccard Similarity are evaluated as
sparse retrievers. BM25 is a classical lexical re-
trieval method based on term frequency and inverse
document frequency, while Jaccard Similarity mea-
sures token overlap between the query and candi-
date code snippets.

Dense Retrieval: Following recent retrieval-
augmented generation frameworks (Phan et al.,
2025), we utilize UniXcoder (Guo et al., 2022)
for dense retrieval to efficiently encode code snip-
pets into fixed-dimensional vectors.

4.3 Benchmark

To enable a standardized comparison between
ArkTS and other programming languages under
the same evaluation protocol, CCEval is adopted
as the benchmark suite, and the Python, Java, and
TypeScript subsets are selected as reference lan-
guages for evaluation.

4.4 Evaluation Metrics

To capture both strict correctness and partial over-
lap between predictions and ground truth, two com-
plementary metrics are reported.

Exact Match (EM): This metric measures the
proportion of generated completions that exactly
match the ground truth. It is a strict evaluation
criterion, requiring character-level equivalence.

Edit Similarity (ES): This metric computes
similarity between the generated completion and
ground truth based on Levenshtein distance: £'S =

(with thinking disabled).

L shtei d,gt . .
1 — Levenshtein(pred,gl) 1 5o 1 ore Jenient toward
max([pred],|gt|)

partially correct completions.

4.5 Implementation Details

To ensure reproducibility and consistent decoding
behavior across all settings, a unified inference
configuration is applied.

All models are configured with temperature 0
(greedy decoding) and a maximum generation
length of 256 tokens. Experiments with open-
source models are conducted on two NVIDIA
A100 GPUs (80GB).

5 [Evaluation Results

5.1 ArkTS vs. Mainstream Languages

To understand how LLM-based code completion on
ArkTS compares with other mainstream program-
ming languages, we conduct a cross-language com-
parison between ArkTS and several widely used
languages. CCEval serves as the baseline bench-
mark, from which Java, Python, and TypeScript are
selected for comparison.For evaluation, we employ
DeepSeek-Coder-Base at two scales (1.3B and 7B
parameters) as the backbone model and UniXCoder
for cross-file context retrieval.

For a fair comparison, we align the evaluation
settings between ArkRepoBench and CCEval. For
Java, Python, and TypeScript, the Atomic API
Completion subset is used as the task formulation,
and the average completion length is comparable
to that in CCEval.

From the experimental results presented in Ta-
ble 2, we observe that ArkTS consistently under-
performs relative to mainstream programming
languages. Specifically, ArkTS trails Java and
Python by margins of 3% to 7% in Exact Match
(EM) scores and 18% to 22% in Edit Similarity
(ES). Although the EM scores for ArkTS are com-
parable to those of TypeScript (14.44% compared
to 15.41% on the 1.3B model), the disparity in ES
remains significant at 43.92% compared to 52.45%.
This divergence indicates that even when ArkTS
completions achieve similar rates of exact correct-
ness, the incorrect predictions tend to deviate more
substantially from the ground truth. The consis-
tently pronounced gap in ES across all comparisons
suggests that errors in ArkTS completions are quali-
tatively more severe. These findings underscore the
distinct challenges ArkTS presents as an emerging
language with limited representation in pretraining
corpora.



Table 2: Cross-language comparison of code completion performance.

Model ArkTS Java Python TypeScript
EM ES EM ES EM ES EM ES

DeepSeekCoder-1.3B 14.44 43.92 17.71 61.88 17.67 65.91 15.41 52.45

DeepSeekCoder-7B 16.26 48.06 22.39 65.75 23.33 69.93 19.34 56.29

5.2 Performance of Different LLMs on ArkTS

To investigate the performance of different LLMs
on ArkTS code completion, we evaluate a diverse
set of both closed-source and open-source models
on the ArkTS benchmark. The evaluated mod-
els cover multiple model families and parame-
ter scales, including GPT-40, Gemini 2.5 Flash,
Claude 3.5-Haiku, DeepSeek-Coder-Base (1.3B,
7B), and Qwen2.5-Coder-Base (0.5B, 1.5B, 7B).
For retrieval-augmented code completion, we adopt
UniXcoder as the unified retriever across all ex-
periments to ensure consistency. All models are
assessed under the same evaluation protocol to en-
able a fair comparison of their code completion
capabilities on ArkTS.

Based on the experimental results in Table 3, we
draw the following conclusions. A finer-grained
breakdown by dependency category is provided in
Appendix C.1, revealing how model performance
varies across SA, CFI, CFD.

(1) Impact of Model Scale: Within a single
model family, increasing parameter size consis-
tently correlates with enhanced performance across
all benchmarks. For the Qwen2.5-Coder series,
scaling from 0.5B to 7B parameters yields steady
improvements; specifically, Exact Match (EM)
scores rise from 3.52% to 5.32% on the Repo-Level
task and from 13.64% to 18.14% on Atomic API
Completion. Analogous trends are evident in the
DeepSeekCoder family, suggesting that model ca-
pacity is a critical determinant of efficacy in ArkTS
code completion.

(2) Closed-Source versus Open-Source Mod-
els: While proprietary models generally exhibit su-
perior performance, with Claude 3.5 Haiku leading
on both Atomic API Completion (22.38% EM) and
Extended API Completion (10.30% EM). Gemini
2.5-Flash achieving the highest results on Random
Span (6.53% EM) Notably, Qwen2.5-Coder-7B
nearly matches GPT-40 on the Random Span task,
achieving 5.32% EM compared to 5.37%, and ac-
tually surpasses it on Extended API, scoring 8.35%
against 6.49%. This indicates that lightweight
open-source models offer a viable alternative to

large proprietary models for ArkTS code comple-
tion, particularly in scenarios prioritizing deploy-
ment cost, inference latency, or data privacy.

(3) Performance Variability Across Bench-
marks: No single model establishes dominance
across all evaluation metrics. Gemini 2.5-Flash
secures the best performance on Random Span
(6.53% EM), whereas Claude 3.5 Haiku excels
in Atomic API Completion (22.38% EM) and Ex-
tended API (10.30% EM). This variability indicates
that different models possess distinct strengths:
Gemini proves more effective in Random Span
contexts, while Claude demonstrates superior ca-
pability in API-centric tasks. Consequently, model
selection for ArkTS code completion should be tai-
lored to the specific nature of the task rather than
relying on a universally dominant architecture.

5.3 Impact of Cross-File Context on ArkTS
Completion

To investigate how cross-file context affects code
completion performance, we conduct experiments
on the Atomic API Completion benchmark, which
represents the most typical cross-file completion
scenario. We evaluate DeepSeekCoder-1.3B and
DeepSeekCoder-7B with different retrieval strate-
gies: no context (Baseline), sparse retrieval meth-
ods (BM25, Jaccard), dense retrieval (UniXcoder),
and Oracle retrieval that provides ground-truth rel-
evant code snippets. To gain deeper insights into
when cross-file context is truly beneficial, we fur-
ther analyze the results across the three dependency
categories: SA, CFI, CFD.

Based on the experimental results in Table 4,
we draw the following conclusions. We also con-
duct a supplementary analysis in Appendix C.2 that
further partitions samples by whether they require
official HarmonyOS API knowledge, revealing the
underlying factors that determine retrieval effec-
tiveness.

(1) Cross-File Context is a Double-Edged
Sword for ArkTS: The impact differs across de-
pendency categories. For SA samples, retrieval
shows minimal variance (EM stays flat around



Table 3: Cross-benchmark comparison of code completion performance.

M Random Span Atomic API Extended API
odel
EM ES EM ES EM ES

DeepSeekCoder-1.3B 2.87 36.24 14.44 43.03 6.40 40.18
DeepSeekCoder-7B 5.13 40.11 16.26 48.06 7.53 43.03
Qwen2.5-Coder-0.5B 2.82 36.19 13.18 40.41 6.09 36.23
Qwen2.5-Coder-1.5B 4.10 38.93 15.44 44.33 7.16 39.93
Qwen2.5-Coder-7B 4.61 41.52 17.83 49.56 8.29 43.79
GPT-40 4.70 42.19 20.02 52.76 6.71 41.94
Gemini 2.5-Flash 591 46.04 22.67 57.76 7.84 45.25
Claude 3.5 Haiku 4.84 43.51 20.71 56.74 10.29 50.76

Table 4: Impact of cross-file context on API completion across different dependency categories.

Model Retriever SA CFI CFD Overall
EM ES EM ES EM ES EM ES

No Retrieval ~ 19.37 47.78 14.13 44.93 10.28 40.93 12.99 43.29
BM25 19.37 47.62 13.69 43.73 12.15 41.20 13.87 43.06

DeepSeekCoder-1.3B  Jaccard 19.72 47.65 14.13 43.84 14.95 43.28 15.57 44.22
UniXcoder 19.37 47.73 13.91 44.36 13.08 42.42 14.44 43.92
Oracle 19.37 47.67 13.91 44.27 19.86 50.08 18.08 48.00
No Retrieval ~ 20.77 51.14 15.45 47.82 11.80 44.94 14.44 46.87
BM25 20.77 51.22 16.34 47.05 13.79 46.03 15.76 47.25

DeepSeekCoder-7B Jaccard 20.77 51.21 15.89 47.28 16.36 47.93 17.01 48.33
UniXcoder 20.77 51.27 15.89 47.60 14.95 47.24 16.26 48.06
Oracle 20.77 51.21 15.89 47.60 23.95 56.37 21.09 52.96

20%) as no external dependencies are involved. For
CFI samples, the effect is mixed; retrieval hampers
the 1.3B model but improves the 7B model, im-
plying that irrelevant API snippets can act as noise
for smaller models. Only for CFD samples does
retrieval consistently improve performance across
all models. This indicates that effective ArkTS
completion requires accurately identifying when
HarmonyOS API context is truly necessary.

(2) Sparse Retrieval Outperforms Dense Re-
trieval on ArkTS: In contrast to standard assump-
tions, the dense retriever UniXcoder does not out-
perform sparse methods on ArkTS. On CFD sam-
ples, Jaccard achieves 14.95% and 16.36% EM on
DeepSeekCoder-1.3B and 7B respectively, surpass-
ing UniXcoder’s 13.08% and 14.95%. A likely
reason is that UniXcoder was primarily trained on
mainstream languages and therefore may not ad-
equately capture ArkTS-specific constructs. This
points to the necessity for retrieval models specifi-
cally adapted to emerging languages like ArkTS.

(3) Retrieval Quality is one of the Key Bottle-
necks for ArkTS Completion: Oracle retrieval
substantially outperforms all automatic methods,
with the gap widening for larger models. On
CFD samples, the best automatic retriever (Jac-
card) achieves 14.95% and 16.36% EM, while

Oracle reaches 19.86% and 23.95%, a gap of ap-
proximately 5-8 percentage points. Larger mod-
els benefit more from Oracle context (12.15 com-
pared to 9.58 percentage points improvement over
baseline), indicating they can better utilize Har-
monyOS API documentation when correctly re-
trieved. This demonstrates that for ArkTS, improv-
ing retrieval accuracy, particularly for HarmonyOS-
specific APIs and type definitions, which is more
critical than scaling model size alone.

5.4 Effectiveness of Domain-Specific
Enhancements for ArkTS

Building on RQ3’s finding that retrieval quality is a
key bottleneck, we explore enhancing code comple-
tion with domain-specific knowledge from official
HarmonyOS documentation. We extract API ex-
ample code from the official documentation and
retrieve relevant examples based on import state-
ments in the current file, simulating a realistic IDE
scenario. We evaluate five configurations: (i) Base-
line with no context, (ii) UniXcoder retrieval, (iii)
Import-based Doc with API documentation, (iv)
UniXcoder + Doc combining both, and (v) Oracle
Doc providing ground-truth API documentation as
an upper bound.

The results in Table S demonstrate that inte-



Table 5: Effectiveness of HarmonyOS API documentation on code completion. Import-based Doc retrieves API
documentation based on import statements; Oracle Doc provides ground-truth API documentation.

Model Context SA CFI CFD Overall
EM ES EM ES EM ES EM ES

No Retrieval 19.37 47.78 14.13 44.93 10.28 40.93 12.99 43.29
UniXcoder 19.37 47.73 13.91 44.36 13.08 4242 14.44 43.92

DeepSeek-1.3B Import-based Doc ~ 21.48 54.63 15.01 48.91 11.10 43.06 14.06 47.13
UniXcoder + Doc  21.13 54.54 14.79 48.46 13.32 43.63 15.03 47.17
Oracle Doc 21.48 54.49 14.79 49.00 11.33 43.21 14.09 47.24
No Retrieval 20.77 51.14 15.45 47.82 11.80 44.94 14.44 46.87
UniXcoder 20.77 51.27 15.89 47.60 14.95 47.24 16.26 48.06

DeepSeek-7B Import-based Doc ~ 22.89 55.97 19.65 54.32 14.25 48.72 17.25 51.55
UniXcoder + Doc  23.24 56.11 20.97 55.65 16.36 50.00 18.96 52.64
Oracle Doc 22.89 56.07 19.65 54.52 13.90 48.60 17.11 51.55

grating HarmonyOS API documentation signifi-
cantly enhances ArkTS code completion. Specif-
ically, the Import-based Doc strategy consistently
improves performance over the baseline, while its
combination with code retrieval yields the optimal
outcome. This synergy indicates that documen-
tation supplies essential semantic knowledge re-
garding HarmonyOS specifications, whereas code
retrieval captures project-specific usage patterns.
Notably, the Import-based approach marginally out-
performs the Oracle Doc setting; we attribute this
to the broader API context helping the model com-
prehend the wider HarmonyOS ecosystem, thereby
compensating for its limited pretraining exposure
more effectively than narrowly focused ground-
truth documentation. However, despite these gains,
the analysis in Appendix C.3 reveals that a perfor-
mance disparity persists for official API-dependent
samples, suggesting that while external knowledge
injection is beneficial, it cannot entirely substitute
for the fundamental lack of ArkTS representation
in pretraining corpora.

5.5 Side-Effect Import Extraction Coverage

Side-effect imports (e.g., import ’./module’) are
commonly used in ArkTS for module registration
and initialization. We evaluate the extraction cover-
age of side-effect imports across all 20 repositories.
As shown in Table 6, ArkAnalyzer captures ap-
proximately 77% of side-effect imports due to its
internal storage mechanism that overwrites entries
when multiple side-effect imports exist in the same
file. Our augmented pipeline addresses this limita-
tion through source-level parsing, achieving 100%
extraction coverage.

Table 6: Side-effect import extraction coverage.

Method Coverage
ArkAnalyzer T7%
Ours 100%

6 Conclusion

In this paper, we present ArkRepoBench, the
first repository-level code completion benchmark
specifically designed for ArkTS, 7,519 carefully
curated samples distributed across three difficulty
levels, featuring a fine-grained categorization of
cross-file dependencies.

Our empirical evaluation reveals that ArkTS con-
sistently underperforms compared to mainstream
languages, confirming the unique challenges inher-
ent to this emerging language. While closed-source
models achieve the best performance, we find that
open-source 7B models offer a competitive and
cost-effective alternative. Furthermore, cross-file
context proves to be a double-edged sword: it is
essential for true cross-file completions but can
be detrimental when it introduces noise. Interest-
ingly, sparse retrieval outperforms dense methods
on ArkTS, largely due to the strict naming con-
ventions of HarmonyOS APIs which favor lexi-
cal matching. Finally, incorporating official API
documentation significantly improves performance,
with our import-based strategy achieving oracle-
level results while remaining practical for IDE in-
tegration.

Future work includes developing ArkTS-specific
retrieval models and adaptive context selection
mechanisms to support low-resource programming
languages.



Limitations

First, ArkTS is a rapidly evolving language within
the burgeoning HarmonyOS ecosystem. The cur-
rent iteration of ArkRepoBench is constructed us-
ing repositories compatible with API versions 5.0.0
through 5.0.4. Consequently, the benchmark does
not encompass the most recent syntactic features,
API enhancements, or deprecations introduced in
higher SDK versions. As the language specifica-
tion matures, the benchmark will require periodic
updates to remain representative of state-of-the-art
development patterns.

Furthermore, our current evaluation relies pri-
marily on surface-level string matching metrics.
While these metrics are standard, they rely on lex-
ical overlap and may introduce bias by failing to
capture semantically equivalent but syntactically
different solutions. We acknowledge that func-
tional correctness offers a more objective assess-
ment of code validity; however, constructing a high-
quality, execution-based evaluation framework for
the nascent ArkTS ecosystem presents significant
engineering challenges at this stage.
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A Expanded Related Work

This appendix provides an expanded discussion
of related work, offering additional context and
technical details that complement Section 2 in the
main paper.

A.1 Large Language Models for Code

The development of large language models for code
has progressed rapidly in recent years. The open-
source community has made significant contribu-
tions to code LLMs. CodeGen (Nijkamp et al.,
2022) introduced a family of models with multi-
turn program synthesis capabilities. StarCoder (Li
et al., 2023) and StarCoder2 (Lozhkov et al., 2024)
pushed the boundaries by training on The Stack, a
large-scale dataset of permissively licensed code.
Code Llama (Roziere et al., 2023) Extended the
Llama foundation models with specialized code
training, offering models ranging from 7B to 70B
parameters with support for long contexts up to
100K tokens.

Recent advances have focused on reasoning ca-
pabilities. DeepSeek-R1 (Guo et al., 2025) intro-
duced reinforcement learning techniques to incen-
tivize multi-step reasoning, showing significant im-
provements on complex coding tasks. The Qwen3
series (Yang et al., 2025) further pushed the bound-
aries with models trained on 36 trillion tokens,
demonstrating exceptional performance on long-
context tasks and complex reasoning. These long-
context capabilities are particularly relevant for
repository-level code completion, where models
must reason across multiple files and understand
complex dependency structures. GPT-4 (Achiam
et al., 2023) demonstrated early potential for long-
context code understanding with its 32K token con-
text window, paving the way for subsequent models
with even larger context capacities.

A.2 Repository-Level Code Intelligence

Repository-level code intelligence has emerged
as a critical research direction, addressing the
gap between isolated function understanding
and holistic codebase comprehension. Early
retrieval-augmented approaches laid the founda-
tion: ReACC (Lu et al., 2022) proposed combining
lexical copying with semantic retrieval from ex-
ternal code databases, achieving state-of-the-art
performance on CodeXGLUE benchmarks. Re-
poFusion (Shrivastava et al., 2023) extended this
by training models to incorporate multiple rel-
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evant repository contexts through a Fusion-in-
Decoder approach. COCOMIC (Ding et al., 2024)
established the importance of combining in-file
and cross-file context through joint modeling ap-
proaches.

Subsequent research developed more sophisti-
cated context retrieval and fusion techniques. Re-
poFuse (Liang et al., 2024) proposed methods for
fusing dual context from different sources with
relevance-guided selection. RepoHyper (Phan
et al., 2025) introduced hypergraph-based con-
text retrieval for modeling complex dependency
relationships. RepoFormer (Wu et al., 2024) de-
veloped selective retrieval mechanisms that dy-
namically determine when and what cross-file
context to incorporate. GraphCoder (Liu et al.,
2024b) leveraged code context graphs consisting
of control-flow and data-dependence relationships
for more accurate retrieval. R2C2-Coder (Deng
et al., 2024) proposed context perturbation strate-
gies to simulate real-world repository completion
scenarios and introduced the R2C2-Bench bench-
mark. Planning-based approaches have also shown
promise: CodePlan (Bairi et al., 2024) introduced
systematic planning for complex repository tasks,
while CodeAgent (Zhang et al., 2024) enhanced
code generation with tool-integrated agent systems.
Recent advances include RLCoder (Wang et al.,
2024), which learns retrieval policies through rein-
forcement learning, and De-hallucinator (Eghbali
and Pradel, 2024), which addresses hallucination
through iterative grounding.

Evaluating code intelligence across diverse pro-
gramming languages has gained increasing atten-
tion. MultiPL-E (Cassano et al., 2023) pioneered
multilingual code evaluation by translating Hu-
manEval to 18 programming languages, reveal-
ing significant performance disparities across lan-
guages—models performed substantially worse on
low-resource languages compared to Python and
JavaScript. XCodeEval (Khan et al., 2024) intro-
duced the largest executable multilingual multitask
benchmark with 25M document-level examples
covering 11 programming languages and 7 tasks
including generation, translation, and retrieval.
HumanEval-XL (Peng et al., 2024) established
connections between 23 natural languages and 12
programming languages with 22,080 prompts, en-
abling assessment of cross-lingual generalization.
McEval (Chai et al., 2024) extended evaluation to
40 languages with native benchmarks rather than
translations, providing more authentic assessment



including languages like Perl, Haskell, and Racket.
For long-context evaluation, LongCodeU (Li et al.,
2025a) provides granular assessment across multi-
ple dimensions of code understanding, while Re-
poQA (Liu et al., 2024a) evaluates long-context
code understanding through function search tasks
based on natural language descriptions.

A.3 HarmonyOS Ecosystem and ArkTS
Research

The HarmonyOS ecosystem represents an emerg-
ing platform with unique software engineering chal-
lenges. As Huawei’s distributed operating system
designed for the Internet of Everything (IoT) era,
HarmonyOS has gained significant market adop-
tion, particularly in China, with over 100 million
devices running the system. The platform intro-
duces ArkTS as its primary application develop-
ment language, which extends TypeScript with ad-
ditional constraints and platform-specific APIs for
enhanced performance and security.

The ArkTS language presents unique chal-
lenges for code intelligence systems.Unlike main-
stream languages with extensive training corpora,
ArkTS has limited publicly available code, creat-
ing a low-resource scenario that challenges con-
ventional LLM training approaches. Furthermore,
ArkTS’s restrictions on dynamic typing and certain
JavaScript features require models to understand
not just syntax but also the semantic constraints
imposed by the language design. These character-
istics make ArkTS an ideal testbed for evaluating
LLMs’ ability to generalize to new programming
languages and adapt to platform-specific develop-
ment patterns. Our benchmark, ArkRepoBench,
addresses this gap by providing the first systematic
evaluation of repository-level code completion for
the ArkTS language.

B Data Schema

This section describes the data schema used in our
benchmark. Each sample in the dataset is repre-
sented as a JSON object with the fields described
in Table 7.

C Supplementary Experimental Results

C.1 RQ2: Fine-Grained Performance by
Dependency Category

To provide deeper insights into model behavior
across different completion scenarios, we present
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a fine-grained breakdown of performance by de-
pendency category (SA, CFI, CFD) for each bench-
mark. Tables 8, 9, and 10 report the detailed results.

Atomic API Completion As shown in Table 8§,
all models achieve their highest EM scores on
SA samples, where no cross-file information is
required. Notably, Claude 3.5 Haiku and Gemini
2.5-Flash both achieve 25.00% EM on SA, substan-
tially outperforming open-source models. How-
ever, the performance gap between SA and CFD
varies across model families: closed-source mod-
els maintain relatively stable performance (e.g.,
Claude drops only 5.14% from SA to CFD), while
smaller open-source models exhibit larger degra-
dation (e.g., Qwen2.5-Coder-0.5B drops 6.16%).
This suggests that closed-source models possess
stronger capabilities in leveraging cross-file context
for ArkTS completion.

Extended API Completion Table 9 reveals a
distinctive pattern: Claude 3.5 Haiku consistently
outperforms all other models across all dependency
categories, achieving 10.21%, 11.48%, and 10.01%
EM on SA, CFI, and CFD respectively. Interest-
ingly, several models show higher performance on
CFI than SA (e.g., Gemini 2.5-Flash: 10.00% vs.
8.10%), suggesting that for extended completion
spans, additional context can occasionally provide
useful signals even when not strictly necessary. The
relatively uniform performance of Claude across
categories indicates robust handling of longer com-
pletion targets regardless of cross-file dependency
requirements.

Random Span Completion Table 10 shows the
most pronounced performance degradation from
SA to CFD. Gemini 2.5-Flash achieves the best SA
performance (10.49% EM) but drops to 3.84% on
CFD—a 6.65% absolute decrease. This pattern is
consistent across all models, with the SA-to-CFD
gap ranging from 1.09% (DeepSeekCoder-1.3B)
to 6.65% (Gemini 2.5-Flash). The larger gaps
observed for stronger models suggest that while
these models excel at single-file completion, they
struggle proportionally more when cross-file de-
pendencies become essential. CFI samples show
intermediate performance, indicating that the mere
presence of cross-file context (without necessity)
introduces some noise but less severely than true
cross-file requirements.

Cross-Benchmark Observations. Comparing
across benchmarks, we observe that the relative dif-



Table 7: Data schema of the ArkTS benchmark.

Field Type Description

file_path String  The file path of the source code file.
left_context  String The code context preceding the masked position.
right_context String The code context following the masked position.
target_code String The ground truth code to be predicted.
related_files List List of related files for cross-file context.
language String The programming language (always “arkts”).
task_id String A unique identifier for each task.

ficulty ordering (SA > CFI > CFD in terms of EM)
holds consistently for Atomic API Completion and
Random Span Completion, but is less pronounced
for Extended API. This may be attributed to the
longer completion spans in Extended API samples,
where additional context provides more opportu-
nities for partial credit even when not perfectly
aligned with ground truth. The Edit Similarity (ES)
metric shows smaller gaps across categories com-
pared to EM, suggesting that models can approxi-
mate correct completions even when exact matches
fail.

C.2 RQ3 Supplementary: Analysis by API
Knowledge Requirement

While Section 5.3 examines cross-file context
through dependency categories (SA, CFI, CFD),
this supplementary analysis stratifies samples based
on their reliance on official HarmonyOS APIs. This
distinction elucidates why retrieval proves effective
in specific scenarios and isolates the knowledge
deficits that necessitate the investigation in RQ4.

We distinguish between samples that necessitate
official API knowledge and those that do not by
analyzing import statements rather than relying on
superficial keyword matching. Specifically, we ex-
tract the base identifier from the target API call
(e.g., router from router.pushUrl) and resolve
it against the file’s imports. A sample is categorized
as requiring official knowledge if the source mod-
ule originates from the @ohos or @kit namespaces,
or includes arkui/arkts. This import-resolution
strategy is crucial because: (1) official API usage
often lacks explicit in-line markers (like @ohos)
within the target code; and (2) file-level imports
frequently mix official and third-party modules,
making file-wide labels imprecise.

Experimental Results. Table 11 details the per-
formance breakdown. We observe three primary
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patterns:

(1) Significant performance disparity driven
by API knowledge requirements. Within the SA
category, models struggle significantly with com-
pletions requiring official API knowledge, achiev-
ing an Exact Match (EM) score of only 8.90%.
In contrast, samples free from such requirements
see scores ranging from 30.43% to 33.33%, repre-
senting a threefold performance difference. This
trend remains consistent across CFI and CFD cate-
gories, suggesting that the underrepresentation of
HarmonyOS-specific data in pretraining corpora
creates a fundamental barrier for completions de-
pendent on this domain knowledge.

(2) Retrieval effectiveness in CFD settings is
amplified by API knowledge needs. For CFD
samples requiring official APl knowledge, Jac-
card retrieval raises the EM score from a base-
line of 7.56% to 16.84% on DeepSeekCoder-1.3B,
while Oracle retrieval further boosts performance
to 23.37%. Conversely, samples not requiring this
knowledge see more moderate gains, improving
from 11.68% to 18.05%. These results indicate
that cross-file retrieval is most impactful when it
compensates for the model’s internal knowledge
deficits by surfacing relevant HarmonyOS API def-
initions from the repository.

(3) Retrieval fails to mitigate deficits in SA
and CFI samples requiring official API knowl-
edge. Regardless of the retrieval strategy—sparse
or dense—performance remains stagnant for these
categories. EM scores plateau at 8.90% for SA
and hover between 10% and 11% for CFI. This
finding demonstrates that when a completion re-
quires HarmonyOS API knowledge but lacks cross-
file dependencies, the primary bottleneck is the
model’s intrinsic lack of domain knowledge, which
repository-level context cannot resolve.



Table 8: Performance breakdown by dependency category on Atomic API Completion.

SA CFI CFD Total
Model
EM ES EM ES EM ES EM ES

DeepSeekCoder-1.3B 19.37 47.73 13.91 44.36 13.08 42.42 14.44 43.03
DeepSeekCoder-7B 20.77 51.27 15.89 47.60 14.95 47.24 16.26 48.06
Qwen2.5-Coder-0.5B 17.61 45.63 13.69 42.11 11.45 37.77 13.18 40.41
Qwen2.5-Coder-1.5B 17.61 46.36 15.89 45.64 14.49 42.96 15.44 44.33
Qwen2.5-Coder-7B 21.48 52.59 18.32 49.97 16.36 48.34 17.83 49.56
GPT-40 21.13 52.24 18.76 51.87 20.33 53.41 20.02 52.76
Gemini 2.5-Flash 25.00 59.24 23.89 58.72 21.26 56.76 22.67 57.76
Claude 3.5 Haiku 25.00 56.89 19.65 57.02 19.86 56.55 20.71 56.74

Table 9: Performance breakdown by dependency category on Extended API Completion.

SA CFI CFD Total
Model
EM ES EM ES EM ES EM ES

DeepSeekCoder-1.3B 8.80 44.93 8.18 39.39 5.29 39.12 6.40 40.18
DeepSeekCoder-7B 10.21 47.55 8.52 41.01 6.54 42.32 7.53 43.03
Qwen2.5-Coder-0.5B 7.75 39.46 8.92 37.71 491 35.00 6.09 36.23
Qwen2.5-Coder-1.5B 7.04 41.68 8.89 39.71 6.74 39.54 7.16 39.93
Qwen2.5-Coder-7B 9.86 49.02 8.61 42.33 7.86 43.25 8.29 43.79
GPT-40 6.69 41.14 7.78 41.46 6.45 42.30 6.71 41.94
Gemini 2.5-Flash 8.10 46.49 10.00 47.55 7.22 44.32 7.84 45.25
Claude 3.5 Haiku 10.21 50.02 11.48 50.75 10.01 50.97 10.29 50.76

Implications. These observations underscore a
critical limitation: standard retrieval-augmented
generation is effective only when the relevant con-
text exists within the repository. It cannot address
fundamental gaps in domain-specific knowledge.
Consequently, this motivates RQ4, where we ex-
plore integrating official API documentation as an
external knowledge source to support completions
where internal repository retrieval proves insuffi-
cient.

C.3 RQ4 Supplementary: Analysis by API
Knowledge Requirement

Section 5.4 establishes that integrating HarmonyOS
API documentation enhances overall completion
performance. In this supplementary analysis, we
scrutinize whether this improvement targets the
specific knowledge deficits highlighted in Ap-
pendix C.2—specifically, the suboptimal perfor-
mance on completions necessitating official Har-
monyOS API knowledge.

Experimental Results. Table 12 details the per-
formance metrics stratified by API knowledge
requirements, contrasting the baseline against
retrieval-only (UniXcoder), documentation-only
(Import-based Doc), and combined strategies
(UniXcoder + Doc). We observe several distinct
trends:
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(1) Documentation integration yields the most
significant gains for samples dependent on of-
ficial API knowledge. For instance, in the SA
category using DeepSeekCoder-7B, the Import-
based Doc approach raises the Exact Match (EM)
score for official samples from 8.90% to 13.01%,
whereas performance on non-official samples re-
mains static at 33.33%. This trend amplifies within
the CFI category, where official samples experi-
ence a substantial increase from 10.95% to 20.00%,
contrasting sharply with the stable performance of
other samples. These results confirm that exter-
nal documentation effectively supplies the domain-
specific definitions absent from the model’s pre-
training data.

(2) Documentation and retrieval mechanisms
offer complementary advantages. The synergis-
tic combination of UniXcoder and documentation
yields the highest accuracy for samples requiring
official API knowledge, achieving 22.38% EM for
CFI and 19.59% EM for CFD on DeepSeekCoder-
7B. This suggests that while API documentation
fills the semantic gaps regarding HarmonyOS spec-
ifications, code retrieval supplies essential project-
specific context, with both elements proving indis-
pensable for optimal code completion.

(3) A notable performance disparity persists
despite documentation enhancement. Even un-
der the optimal configuration (UniXcoder + Doc),



Table 10: Performance breakdown by dependency category on Random Span Completion.

SA CFI CFD Total
Model
EM ES EM ES EM ES EM ES

DeepSeekCoder-1.3B 3.53 38.05 2.98 37.70 2.44 34.96 2.87 36.24
DeepSeekCoder-7B 8.72 43.37 3.87 39.66 3.12 38.27 5.13 40.11
Qwen2.5-Coder-0.5B 3.92 37.91 3.57 37.95 2.08 34.94 2.82 36.19
Qwen2.5-Coder-1.5B 5.82 40.60 4.46 4091 3.00 37.68 4.10 38.93
Qwen2.5-Coder-7B 5.88 42.57 4.17 43.80 3.89 40.58 4.61 41.52
GPT-40 6.46 43.93 4.49 40.06 3.80 39.70 4.70 42.19
Gemini 2.5-Flash 10.49 50.18 433 45.13 3.84 44.11 591 46.04
Claude 3.5 Haiku 6.69 44.90 4.33 44.84 3.93 42.60 4.84 43.51

Table 11: Performance breakdown by API knowledge requirement on Atomic API Completion . Official: samples
requiring official HarmonyOS API knowledge; Other: samples not requiring such knowledge. Results are reported

as EM/ES (%).

SA CFI CFD
Model Retriever Official Other Official Other Official Other
(n=146) (n=138) (n=210) (n=243) (n=291) (n=565)

No Retrieval  8.90/38.49  30.43/57.61 10.48/39.04 17.28/50.03 7.56/34.74 11.68/44.11
BM25 8.90/38.42  30.43/57.35 10.48/37.64 16.46/49.00 10.65/37.63 12.92/43.04

DeepSeekCoder-1.3B  Jaccard 8.90/38.46  31.16/57.38 11.90/38.10 16.05/48.79 16.84/41.81 13.98/44.03
UniXcoder 8.90/38.63  30.43/57.35 10.48/38.19 16.87/49.70 14.78/40.58 12.21/43.37
Oracle 8.90/38.53  30.43/57.35 10.48/38.16 16.87/49.55 23.37/50.70 18.05/49.75
No Retrieval  8.90/44.71  33.33/57.95 10.95/41.34 19.34/53.41 7.90/35.65 13.81/49.73
BM25 8.90/44.78  33.33/58.03 11.43/39.85 20.58/53.26 11.34/39.04 15.04/49.64

DeepSeekCoder-7B Jaccard 8.90/44.75  33.33/58.03 11.43/39.96 19.75/53.61 17.18/43.86 15.93/50.03
UniXcoder 8.90/44.83  33.33/58.07 11.43/39.55 19.75/54.56 15.46/43.02 14.69/49.42
Oracle 8.90/44.75  33.33/58.03 11.43/39.55 19.75/54.56 23.02/51.38 24.42/58.94

samples requiring official knowledge trail behind
their counterparts: SA samples achieve 13.70%
compared to 33.33% for non-official samples, with
similar divergences observed in CFI and CFD cat-
egories. Although documentation narrows the
extreme performance divide seen in the base-
line—where official samples initially lagged by
a factor of three to four—it does not successfully
eliminate the gap.

(4) In the CFD context, combining documen-
tation with retrieval demonstrates diminishing
returns. For samples requiring official API knowl-
edge, both UniXcoder and Import-based Doc in-
dependently improve performance to an identical
15.46% from a baseline of 7.90%. However, their
combined application results in a score of 19.59%.
This outcome indicates that while both strategies
are beneficial, their effects are partially overlapping
rather than strictly additive.

Implications. These findings delineate the
boundaries of retrieval-augmented generation for
low-resource programming languages. Although
injecting HarmonyOS API documentation miti-
gates specific knowledge deficits, the enduring per-
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formance disparity implies that inference-time con-
text cannot entirely substitute for the lack of na-
tive ArkTS exposure during the pretraining phase.
Consequently, this underscores the necessity for fu-
ture research focused on integrating ArkTS corpora
directly into pretraining or continued pretraining
stages to achieve fundamental improvements be-
yond what retrieval mechanisms can offer.

D Case Study

To better understand the failure modes of existing
language models on ArkTS code completion, we
present a qualitative analysis of representative error
cases. Our analysis reveals two primary categories
of errors: cross-language contamination and API
misunderstanding.

D.1 Cross-Language Contamination

A significant category of errors stems from models
incorrectly applying knowledge from other pro-
gramming languages—particularly JavaScript and
React—to ArkTS contexts. This phenomenon sug-
gests that the models’ training data, which is domi-
nated by mainstream languages, leads to inappro-



Table 12: Effectiveness of HarmonyOS API documentation by API knowledge requirement on Atomic API
Completion. Official: samples requiring official HarmonyOS API knowledge; Other: samples not requiring such
knowledge. Results are reported as EM/ES (%).

SA CFI1 CFD
Model Context Official Other Official Other Official Other
(n=146) (n=138) (n=210) (n=243) (n=291) (n=565)
No Retrieval 8.90/38.49 30.43/57.61 10.48/39.04 17.28/50.03 7.56/34.74 11.68/44.11
UniXcoder 8.90/38.63 30.43/57.35 10.48/38.19 16.87/49.70 14.78/40.58 12.21/43.37
DeepSeekCoder-1.3B  Import-based Doc ~ 12.33/51.78 31.16/57.65 12.38/47.76 17.28/49.90 9.97/40.97 11.68/44.13
UniXcoder + Doc  13.01/51.85 29.71/57.39 12.38/47.29 16.87/49.48 15.12/44.42 12.39/43.23
Oracle Doc 13.01/51.77 30.43/57.36 12.38/47.90 16.87/49.95 10.65/41.55 11.68/44.07
No Retrieval 8.90/44.71 33.33/57.95 10.95/41.34 19.34/53.41 7.90/35.65 13.81/49.73
UniXcoder 8.90/44.83  33.33/58.07 11.43/39.55 19.75/54.56 15.46/43.02 14.69/49.42
DeepSeekCoder-7B Import-based Doc  13.01/54.18 33.33/57.86 20.00/55.48 19.34/53.31 15.46/46.75 13.63/49.74
UniXcoder + Doc  13.70/54.70 33.33/57.60 22.38/56.88 19.75/54.58 19.59/50.73 14.69/49.63
Oracle Doc 13.01/54.38 33.33/57.86 20.00/55.96 19.34/53.28 14.43/46.29 13.63/49.78

priate knowledge transfer when handling ArkTS-
specific syntax.

As illustrated in Figure 2, DeepSeek-Coder-7B
generates React-style JSX syntax within an ArkTS
builder function. The model produces code follow-
ing React’s component return pattern. However,
ArkTS employs a declarative UI paradigm where
builder functions should directly invoke UI com-
ponents without explicit return statements. The
ground truth demonstrates this pattern with a sim-
ple component invocation.

Figure 3 presents another manifestation of this
issue. Given an incomplete import statement in an
ArkTS file, GPT-40 incorrectly suggests import-
ing React hooks such as useState and useEffect.
However, ArkTS uses a fundamentally different
state management mechanism. The correct comple-
tion should import domain-specific constants from
the project’s local modules, as shown in the figure.
This error indicates that the model relies heavily
on syntactic patterns from its dominant training
distribution rather than understanding the target
language’s ecosystem.

D.2 API Misunderstanding

The second category of errors involves incorrect
API usage, where models demonstrate insufficient
understanding of ArkTS and HarmonyOS-specific
APIs. These errors often manifest as plausible-
looking but semantically incorrect completions.
Figure 4 shows DeepSeek-Coder-7B attempting
to complete a cloud function invocation. The model
generates a generic method call pattern that does
not exist in the HarmonyOS API. The correct com-
pletion requires invoking a specific query method
with appropriate parameters, demonstrating that ac-

curate code generation demands precise knowledge
of the target platform’s API specifications.

In Figure 5, DeepSeek-Coder-1.3B confuses two
distinct API categories within HarmonyOS. When
the context indicates a click handler that should trig-
ger page navigation, the model incorrectly suggests
a dialog dismissal API. The ground truth, however,
correctly employs the navigation stack API to push
a new page onto the routing stack. This confu-
sion between UI control APIs and navigation APIs
highlights the model’s shallow understanding of
HarmonyOS’s architectural patterns.
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Key Left Context

/FoodAndDrinkTemplate/TeaDrinkOrders/features/order_list/src/main/ets/pages/OrderListPage.ets
import {Constants, NavHeaderBar } from 'common’;

import {OrderListComp} from '
@Builder

export function OrderListPageBuilder{

<MASK>

Ground truth

OrderListPage() }

Wrong answer

return(<Page><NavHeaderBar>title={Constants.OrderListPageTitle}/><OrderListComp/></Page>);}

. ./components/OrderListComp”’ ;

Figure 2: Cross-language contamination example from DeepSeek-Coder-7B. The model generates React-style JSX
syntax inside an ArkTS @Builder function, instead of the correct declarative UI syntax.

Key Left Context

/EducationTemplate/ArtTraining/Application/feature/mine/src/main/ets/types/Index.ets
import {CourseInfo, CourseStatusMap, OrderStatusMap, OrderTabsMap} from ’commonlib”’;

import <MASK>

Ground truth

{OrderActionMap, OrderButtonStyleMap} from '../constants/Enums’;

Wrong answer

{useState,useEffect} from 'react’;

Figure 3: Cross-language contamination example from GPT-40. When completing an import statement, the model
incorrectly suggests React hooks instead of the project-specific constants.

Key Left Context

/LifestyleAndServiceTemplate/AdministrativeAffairs/Application/features/information/src/main/e
ts/pages/InformationPage.ets
async aboutToAppear() {
commonToast. show({
type: 'loading‘,
)]
let resp = await <MASK>

Ground truth

CloudFunction.getInformaticaList(e, '')

Wrong answer

CloudFunction.call(CloudFunctionInformationResult)

Figure 4: API misunderstanding example from DeepSeek-Coder-7B. The model suggests a generic cloud function
call pattern instead of the correct HarmonyOS API method.
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Key Left Context

/PhotographyTemplate/ImageProcessing/scenes/personal/src/main/ets/pages/Setting.ets

.onClick(() => {
<MASK>

Ground truth

this.pathStack.pushPath({ name: ®'saveSetting’ })

Wrong answer

this.dialogController.close()

Figure 5: API misunderstanding example from DeepSeek-Coder-1.3B. The model confuses dialog control APIs
with navigation APIs.
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