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ABSTRACT science). The research efforts mainly focus on exploring two di-

When mobile meets LLMs, mobile app users deserve to have more
intelligent usage experiences. For this to happen, we argue that

there is a strong need to apply LLMs for the mobile ecosystem.

We therefore provide a research roadmap for guiding our fellow
researchers to achieve that as a whole. In this roadmap, we sum up
six directions that we believe are urgently required for research to
enable native intelligence in mobile devices. In each direction, we
further summarize the current research progress and the gaps that
still need to be filled by our fellow researchers.

rections. The first direction is related to applying SE methods to
improve LLMs. Indeed, as a new technique, LLM also comes with
limitations that need to be resolved in order to apply LLMs in prac-
tice, as what has happened with other emerging technologies. The
other direction is to apply LLMs to resolve traditional SE tasks (e.g.,
code generation, unit test generation, etc.). Our fellow researchers
have experimentally shown that LLMs can achieve better results,
compared to approaches that do not use Al or only adopt pre-LLM
Al techniques.
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On the Importance of Building High-quality Trai

ing Datasets

for Neural Code Search
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ABSTRACT

The performance of neural code search is significantly influenced
by the quality of the training data from which the neural models
are derived. A large corpus of high-quality query and code pairs is
demanded to establish a precise mapping from the natural language
to the programming language. Due to the limited availability, most
widely-used code search datasets are established with compromise,
such as using code comments as a replacement of queries. Our
empirical study on a famous code search dataset reveals that over
one-third of its queries contain noises that make them deviate from
natural user queries. Models trained through noisy data are faced
with severe performance degradation when applied in real-world
scenarios. To improve the dataset quality and make the queries of its
samples semantically identical to real user queries is critical for the
practical usability of neural code search. In this paper, we propose
a data cleaning framework consisting of two subsequent filters: a
rule-based syntactic filter and a model-based semantic filter. This
is the first framework that applies semantic query cleaning to code
search datasets. Experimentally, we evaluated the effectiveness
of our framework on two widely-used code search models and
three manually-annotated code retrieval benchmarks. Training the
popular DeepCS model with the filtered dataset from our framework
improves its performance by 19.2% MRR and 21.3% Answer@1, on
average with the three validation benchmarks.

CCS CONCEPTS

+ Software and its engineering — Reusability.
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Code search, dataset, data cleaning, deep learning
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1 INTRODUCTION

A semantic code scarch engine is a vital software development
assistant, which significantly improves the development efficiency
and quality. With a description of the intended code functionality
in natural language, a search engine can retrieve a list of semanti-
cally best-matched code snippets from its codebase. Recently, deep
learning (DL) has been widely applied in this area in view of its
advantages in semantic modeling and understanding of languages.
In the task of code search, DL models learn and represent the seman-
tic mappings between the natural language and the programming
language from query-code pairs.

Like many other DL tasks, code scarch models are data-hungry
and require large-scale and high-quality training datasets. Never-
theless, collecting a large set of query-code pairs is challenging,
where the queries are supposed to be natural expressions from
developers and the code to be a valid semantic match. Instead, con-
sidering the scale and availability, code comments are popularly
used as an alternative to the queries, many of which describe the
core functionalities and with the corresponding code implementa-
tion rightly available. To better understand the quality of datasets
hence constructed, we investigated a Github dataset, CodeSearch-
Net (Java) [19], which is popularly used in current code search
research. Surprisingly, we found a considerable amount of noise
and unnaturalness in the queries of its data samples, which can
hinder the training of high-quality models for practical usage. As
shown in Fig. 1, one-third of its queries contain text features (see
Table 1 for examples of different features) that hardly exist in actual
user queries. The features are summarized based on our observa-
tions of the dataset, and may not be sufficient. Comments may also
be used for other purposes, such as copyright and to-do, instead of
describing the core functionalities, thus shall not be seen as queries.
The proportion of noise data can be higher than one-third.

Code search models trained with noisy queries will face severe
performance degradation when dealing with actual user querics.
The gap between the collected comment-code pairs and the natural
user queries violates the basic assumption of learning algorithms
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» LLM for Software Engineering
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main() {
let IIm =
getLLMInstance(LLMType.OPEN_AI)
printin(llm.query(“translate what you
have said into Chinese"))

}

main(}{
let google_tool = GoogleSearchRun()
let result: String =
google_tool.run("cangjie”)

main(): Int64 {
var sentences:Array<String> = ['"&E=2

A"
e

let embedder = Embedder(modelPath:model.onnx”,

tokensFilePath:"okenizer.json")

/ATERTRAEE

let sentence_embeddings = embedder(sentences) #

printin("embedding: ${sentence'_enr_1beddimgsv}") .

printin("result: ${result}")

}
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let response = agent.predict("I need to find out who Leo DiCaprio's girlfriend is and .then
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@wlate her age raised to the 0 43 power ")

A
;;f -
B

2024 A+t &2+

IE4 | ABRSITALETE (B

r."“%" ",‘,"'
A T R R



Lk : BEFCangchain&E g RESE

PromptiRARIXEIANEER =R o
B9AgentITARESS

Qd =

DocWriter CodeWriter

CodeReviewer CodeTester

2024 AIHTREZHFIER

BREEE
\ CANGCHAIN [SSH: 114.115.172.184]
> .cache

> .gitee

c_src
doc
lib
libs

>
> resource
v

VoV VvV VoV

src
v agent

agent.cj

code_reviewer.cj

code_tester.cj

code_writer.cj

n

doc_writer.cj

planner.cj M

react_agent.cj
README.md

role.cj

= simple_react_agent.cj
> chain
~ llmapi

= model_factory.cj

"

openai.cj
README.md
onnx

v

onnxrt

VARV

schema

v

titoken
v tool
> AR
> EEL
> EXTRA LIBRARY

n

“2048;

e

c 4 84 | Iy =
= planner.cj M X = mair N> »g O
src > agent > lanner.cj > PlannerAgent executeRole(AgentAction): String
public class PlannerAgent <: Role {
public unc generate(text: String String
agent_name = res.get("ftunction_name").getOrihrow().asString().getvalue()
let function_args = res.get("function_args").getOrThrow().asString().getValue()
let value: JsonObject = JsonValue.fromStr(function_args).asObject()
let query: String = value.get("query").getOrThrow().asString().getValue()
printin( \nagent_name: ${agent_name}\nquery:s${query}\n )
let action: AgentAction = AgentAction("", agent_name, query)
ob: String = executeRole(action)
ob = "\nObservation:" + ob + "\n"
var msg: String = PlannerChain().generate_react(input)
msg += ob
ans += msg
input["text"] += msg
res = PlannerChain().function_call(input, schema_tools)
ans += res.get(’ .getOrThrow().asString().getValue
eturn ans
3] ] 24 1 —+ A X
OpenAI init done. Sbasy -
¢ bash
0 AI init d .
enAl init done lbash
agent_name: Code_Writer
query: iR 2048 X KO X 1, RS 2048 L3 .
Executing role: Code_Writer .
OpenAI init done.
2048_game.py is create successfully in current directory.
OpenAl init done.
OpenAI init done.
i ot
OpenAI init done.
**json
Question: 5 — 120483 .
Thought: BHABEE — PN X F2048RMIFHAXY, NEFEKSABAAK. %

Action: Doc_Writer
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