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Large language models (LLMs) frequently generate defective outputs in code generation tasks, ranging from logical bugs to security
vulnerabilities. While these generation failures are often treated as model-level limitations, empirical evidence increasingly traces their
root causes to imperfections within the training corpora. Yet, the specific mechanisms linking training data quality issues to generated
code quality issues remain largely unmapped. This paper presents a systematic literature review of 114 primary studies to investigate
how training data quality issues propagate into code generation.We establish a unified taxonomy that categorizes generated code quality
issues across nine dimensions and training data quality issues into code and non-code attributes. Based on this taxonomy, we formalize
a causal framework detailing 18 typical propagation mapping mechanisms. Furthermore, we synthesize state-of-the-art detection and
mitigation techniques across the data, model, and generation lifecycles. The reviewed literature reveals a clear methodological shift:
quality assurance is transitioning from reactive, heuristic-based post-generation filtering toward proactive, data-centric governance and
closed-loop repair. Finally, we identify open challenges and outline research directions for developing reliable LLMs for code through
integrated data curation and continuous evaluation. Our repository is available at https://github.com/SYSUSELab/From-Data-to-Code.
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1 Introduction

In recent years, large languagemodels (LLMs) have demonstrated unprecedented capabilities across diverse domains [12].
Built on the Transformer architecture and trained on massive corpora of open-source code, both general-purpose
LLMs and code-specialized variants have emerged as transformative tools in modern development workflows when
applied to software engineering tasks [14]. These models now support or fully automate core software tasks, including
code completion [47], program repair [27, 62], test case generation [144, 145], and code documentation [31]. This
trend presents significant opportunities to improve software development efficiency and quality, shortening the cycle
of routine development tasks and lowering the threshold for novice developers, which is gradually reshaping the
traditional paradigm of software engineering [112].

1：from flask import Flask, request
2：import sqlite3, pandas as pd
3：
4：app = Flask(__name__)
5：
6：@app.route('/register', methods=['POST'])
7：def register_user():
8：    # Raw input (no validation)
9：    username, email, pwd = request.form['username'], request.form['email'], request.form['password']
    
10：    # � SECURITY: SQL Injection (unparameterized query)
11：    query = f"INSERT INTO users VALUES ('{username}', '{email}', '{pwd}')"
    
12：    # ❌ CORRECTNESS: Deprecated pandas.append() (pandas 2.0+)
13：    df = pd.read_csv('user_db.csv').append(pd.DataFrame({'user':[username]}))
14：    df.to_csv('user_db.csv', index=False)
    
15：    # � ROBUSTNESS: No exception handling
16：    conn = sqlite3.connect('user.db')
17：    conn.execute(query)  # Unsafe execution
18：    conn.commit()
19：    conn.close()
    
20：    return "Success", 200
21： 
22：if __name__ == '__main__':
23：   app.run(debug=True)

Fig. 1. LLM-generated code with multiple quality defects.

However, despite their remarkable utility, LLMs frequently produce code outputs with critical quality issues that
hinder practical adoption [88]. Empirical studies confirm that unfiltered LLM-generated code suffers from widespread
syntax and logical errors, numerous security vulnerabilities, and significant maintainability flaws [13]. For example,
Figure 1 illustrates a typical LLM-generated user registration endpoint, which exhibits multiple overlapping quality
defects: an unparameterized SQL query (Line 11) that exposes critical SQL injection vulnerabilities, use of the deprecated
pandas.append() method (Line 13) that breaks compatibility with modern pandas versions, and complete lack of
exception handling (Lines 16-19) that leaves the application prone to runtime crashes. These defects not only diminish
model utility but also introduce tangible risks: incorrect core business code has led to substantial financial losses for
Manuscript submitted to ACM
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enterprises, while security vulnerabilities in network-facing code have triggered data breaches affecting thousands
of users [87]. Systematically dissecting these quality issues is therefore both theoretically meaningful and practically
urgent.

1：import urllib2, json      # ❌ Deprecated API (Python 3.x removes urllib2)

2：def fetch_weather(city):
3：    # ❌ Correctness Issue: Deprecated urllib2 usage
4：    url = f"http://api.weatherapi.com/v1/current.json?key=API_KEY&q={city}"
5：    resp = urllib2.urlopen(url)      # Deprecated method
6：    data = json.loads(resp.read())
7：    return f"Temp in {city}: {data['current']['temp_c']}°C"
8：
9：print(fetch_weather("London"))

1：import urllib2, json     # ❌ Replicated Deprecated API

2：def fetch_stock(ticker):
3：    # ❌ Correctness Issue: Copied urllib2 from training data
4：    url = f"http://api.marketstack.com/v1/eod?access_key=API_KEY&symbols={ticker}"
5：    resp = urllib2.urlopen(url)     # Same deprecated method
6：    data = json.loads(resp.read())
7：    return f"Price for {ticker}: ${data['data'][0]['close']}"
8：
9：print(fetch_stock("AAPL"))

Training Data Code

LLM-Generated Code

Fig. 2. Training data quality issues propagated to generated code.

Training data serves as the foundation of LLM learning. Recent studies confirm that its quality directly dictates the
reliability of LLM-generated code [16, 133]. Low-quality datasets primarily drive generation defects: duplicated samples
cause models to overfit, weakening generalization [58]; untested snippets propagate poor programming practices [114];
and imbalanced data limits adaptability to specialized domains [153]. As shown in Figure 2, a flawed snippet using
the deprecated urllib2 library in the training data can be directly replicated by LLMs in new contexts, even though
modern Python versions have removed this API entirely. Critically, the specific mechanisms translating training data
quality issues into generated code quality issues remain insufficiently explored. The inability to trace generation failures
back to their dataset origins prevents targeted remediation, as developers cannot effectively identify which data flaws
require resolution.

Beyond the missing link between dataset and generation quality, existing research on detection and mitigation
methods is fragmented. Techniques for identifying quality issues are scattered across data curation, model training, and
post-generation refinement, with no unified framework to guide their application [44]. Similarly, diverse mitigation
strategies, such as data cleaning and prompt engineering, are frequently evaluated in isolation. Consequently, it remains
unclear how these methods complement one another or scale across different scenarios [100]. This fragmentation
undermines the practical impact of research, as industrial users lack clear guidance on building end-to-end quality
assurance pipelines for LLMs in code generation.

Despite progress in individual subtopics, existing research suffers from three critical gaps that hinder a holistic
understanding of quality governance for LLM code generation: ❶ Fragmented taxonomies: Most studies focus on
isolated quality dimensions, such as evaluating security vulnerabilities in isolation [95]. Consequently, recent literature

Manuscript submitted to ACM
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highlights the persistent lack of a unified framework to systematically categorize both generated code quality issues [51]
and training data quality issues [132]; ❷ Unclear causal mappings and backtracking mechanisms: While large-scale
model reports acknowledge the opacity between data curation and output quality [63], few works clarify how specific
dataset flaws directly or indirectly translate into code defects, nor do they establish effective ways to trace generation
issues back to their data origins; ❸ Disjoint detection and mitigation methods: As emphasized by recent systematic
reviews [42], techniques for identifying and resolving quality issues remain scattered across different phases, lacking
an integrated framework to guide their application across the full lifecycle of LLMs for code generation.

To address these gaps, this paper presents a systematic literature review of 114 primary studies on LLM training data
and code generation. Through an in-depth analysis of these studies, our findings reveal that generated code quality
issues (e.g., correctness flaws and security vulnerabilities) are rarely isolated reasoning deficits, but rather deeply rooted
in training data quality issues. These training data quality issues span two dimensions: code attributes (defects in
individual code samples) and non-code attributes (textual noise and macro-level dataset anomalies). Consequently, they
propagate into code outputs through two distinct mechanisms: direct mappings (memorizing explicit code defects) and
indirect mappings (distorting the learning distribution). Furthermore, because current mitigation efforts rely heavily on
reactive post-generation filtering, there is an urgent need to transition toward proactive, data-centric governance.

In summary, the main contributions of this work are as follows:

• We propose a dual-dimensional taxonomy that categorizes generated code quality issues across nine quality
dimensions and organizes training data quality issues into two major groups.

• We develop a causal framework that characterizes propagation mechanisms linking training data quality
issues to generated code quality issues, enabling systematic tracing of generation failures to potential dataset
origins.

• We synthesize existing detection andmitigation techniques across the lifecycle of LLMs for code generation,
covering data curation, model training, and post-generation validation.

The remainder of this paper is organized as follows: Section 2 provides background on LLMs for code generation,
generated code quality, and dataset quality. Section 3 details our systematic review methodology. Section 4 presents our
core findings addressing the three research gaps, with a focus on mapping relationships, backtracking mechanisms,
and integrated detection/mitigation frameworks. Section 5 discusses key insights, challenges, and implications for
data-centric quality assurance. Section 6 analyzes threats to validity. Section 7 concludes with a summary and future
work.

2 Background

This section provides the conceptual background for the subsequent review. We first introduce LLMs in code generation
to clarify the technical context in which the reviewed studies are situated. We then describe the data-driven lifecycle of
LLM-based code generation, because this lifecycle provides the basis for understanding how training data quality issues
may propagate into generated code. Next, we define generated code quality issues and training data quality issues
from a dual perspective to establish a consistent terminology for the later synthesis. Finally, we review representative
surveys to position this study in relation to existing review efforts and to clarify the gap addressed in this work.
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2.1 LLMs in Code Generation

LLMs have recently demonstrated remarkable capability in generating, understanding, and reasoning about source
code [147]. Based on the Transformer architecture [121], both general-purpose LLMs such as GPT-4 [92], Gemini [116],
Qwen [9] and code-specialized variants such as Codex [14], CodeT5 [128], DeepSeekCoder [37], CodeLlama [106], and
StarCoder [63] learn statistical and semantic patterns of programming languages from a massive corpus of source code
collected from public repositories.

Compared to traditional NLP models, LLMs applied to code generation must satisfy significantly stricter constraints
regarding syntax, semantics, and executability [4]. Code is inherently more brittle than natural text, as minor syntactic
deviations can result in compilation errors, while semantically inconsistent logic can cause catastrophic functional
failures in real-world software systems. Although LLMs have enabled a broad range of code-related applications,
including automatic bug fixing, code translation, and test synthesis [147], they frequently produce outputs that are
structurally plausible but functionally incorrect. This phenomenon is often referred to as “hallucinated code” [148]. This
discrepancy between surface-level fluency and actual software reliability requires a deeper, systematic examination of
code generation quality.

2.2 Data-Driven Lifecycle of LLM-based Code Generation

Understanding the root causes of degraded generation quality [71] requires examining the data-driven lifecycle of LLMs
in code generation tasks. As illustrated in Figure 3, this lifecycle can be visualized as an end-to-end continuous process
moving from Raw Data through Data Processing, Model Training, and Code Generation.

The performance of LLMs in code generation is fundamentally constrained by the data they consume throughout
their pipeline [59]. Specifically, the Model Training stage typically consists of two primary phases [94]. The first is
large-scale pre-training on raw, heterogeneous code corpora and documentation. While this phase embeds broad
programming knowledge, it also indiscriminately absorbs unstructured noise, deprecated APIs, and insecure coding
practices prevalent in open-source repositories [95]. The second phase involves instruction-tuning or reinforcement
learning with human feedback (RLHF) on curated datasets to align the model with specific human intents [36].

Consequently, the Code Generation phase (inference) is intrinsically tied to this data lineage. LLMs used for code
generation operate as advanced statistical pattern matchers; therefore, the quality of their generated artifacts is a direct
reflection of their training distribution. From a software engineering perspective, unmanaged flaws introduced during
the Data Processing stage accumulate as a form of data-driven technical debt [109]. As depicted by the “Mappings”
module on the left side of Figure 3, if the initial data pipeline suffers from training data quality issues (such as imbalance,
vulnerabilities, or redundancy), these training data quality issues propagate through the training process and are
inevitably externalized as structural and functional defects (such as incorrectness, unreadability, or insecurity) in the
generated code [126]. To counter this, a multi-layered quality governance framework is required. As illustrated on the
right side of Figure 3, this involves targeted mitigation strategies applied at the Data-level, the Model-level, and the
Generation-level.

2.3 Quality Issues: A Dual-Perspective Definition

Traditional software quality frameworks (e.g., ISO/IEC 25010 [46]) evaluate systems across dimensions like correctness,
reliability, and maintainability, assuming defects arise from human error, architectural decay, or environmental miscon-
figurations. LLM-generated code complicates this landscape. While it must meet these conventional standards, it also
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Fig. 3. Conceptual framework of quality issues and mitigation in the LLM lifecycle.

exhibits generation-specific anomalies that transcend traditional defect taxonomies. Given the fragmented terminology
currently used to describe these emergent issues, we first formalize the two core concepts investigated in this review to
establish a consistent vocabulary.

First, we define aGenerated Code Quality Issue as any anomaly in LLM-generated code that degrades its functional
correctness, non-functional quality, risk-related security and compliance, or generation-specific attributes, strictly
confining our scope to the output artifacts rather than intrinsic model metrics. These issues range from traditional
syntax and logic errors to unique anomalies like hallucinated APIs and redundant outputs. Unlike human-written bugs,
they stem directly from the interplay between the model’s generative mechanisms and its underlying training data
distributions [3, 40, 118].

Second, we define a Training Data Quality Issue as any defect or distributional bias within the pre-training and fine-
tuning corpora specifically curated for code generation tasks. These issues encompass various facets of data imperfection.
They include explicit flaws embedded in specific training samples, such as code snippets harboring incorrect, deprecated,
or unmaintainable logic, alongside noisy textual data. Furthermore, they involve broader corpus-wide anomalies like
Manuscript submitted to ACM
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language imbalance, data redundancy, inadequate diversity, benchmark contamination, and low-value noise [59, 85].
These data-centric problems ultimately distort the programming semantics learned by the LLM.

The mechanism by which training data quality issues transform into generated code quality issues represents a
critical gap in current software engineering research [29]. Recognizing and formalizing these dual perspectives is the
essential first step toward shifting from reactive post-generation repair to proactive, data-centric quality governance.

2.4 Related Surveys

Recent literature has extensively explored LLMs from either the data management perspective or the code generation
quality perspective.

From the data perspective, existing work tends to isolate specific phases of the model lifecycle. For pre-training,
researchers have systematized data processing pipelines, detailing mechanisms like data deduplication, quality filtering,
and domain mixing [154]. For post-training, efforts focus on data-efficient paradigms—such as data selection, distillation,
and synthetic data generation—to mitigate high annotation costs and diminishing returns from data scaling [79].

Conversely, evaluation-centric studies assess the artifacts produced by LLMs. Security-oriented surveys identify
severe vulnerabilities introduced during code generation (e.g., hardcoded credentials and out-of-bounds accesses) and
review automated testing countermeasures [104]. Extending beyond security, empirical studies like Kharma et al. [54]
conduct multi-dimensional evaluations across diverse programming languages, revealing pronounced architectural and
memory-safety degradation in low-level languages like C/C++. Furthermore, recent work highlights non-functional
discrepancies, demonstrating that while LLM-generated code achieves baseline readability, it exhibits significant stylistic
inconsistencies in API preferences and formatting when compared to human developers [127].

Despite their respective depths, these two tracks remain disconnected. Data curation surveys rarely trace how specific
corpus flaws manifest as downstream software defects, while evaluation studies primarily benchmark generation failures
without investigating the underlying data provenance. To our knowledge, this is the first systematic literature review to
explicitly bridge this gap, formalizing the causal mechanisms that map training data quality issues to generated code
quality issues.

3 Review Methodology

We follow established guidelines for conducting software engineering systematic literature reviews [56]. The process of
paper collection and filtering, depicted in Figure 4, encompasses seven structured stages: defining research questions,
designing search strings, conducting database searches, performing backward and forward snowballing, consolidating
and de-duplicating records, applying inclusion and exclusion criteria, and assessing quality.

3.1 ResearchQuestions

This survey systematically investigates generated code quality issues in LLM-generated code and their potential origins
in training datasets. To structure this research problem, we formulate the following five research questions (RQs).

• RQ1: What generated code quality issues exist in LLM-generated code, and how can they be system-
atically categorized? This question identifies and organizes the spectrum of quality issues in generated code,
establishing a taxonomy of generated code quality issues.

Manuscript submitted to ACM
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RQs Definition Search Strings 
Design

Database Search
Backward & Forward 

Snowballing

Inclusion and 
Exclusion Criteria

Consolidation & 
De-duplication

Quality 
Assessment114 Papers

Fig. 4. Overview of the process of paper collection and filtering.

• RQ2: What training data quality issues exist in datasets used for LLM training, and how can they be
categorized? This question examines training data quality issues in training datasets and organizes them into
a structured taxonomy.

• RQ3: How do training data quality issues influence generated code quality issues? This question
explores the underlying connections between training data quality issues and generated code quality issues,
aiming to uncover and formalize the mapping mechanisms through which data issues propagate.

• RQ4: What techniques exist for detecting generated code quality issues and training data quality
issues? This question reviews existing methods for identifying quality issues in both generated code and
training data.

• RQ5: What mitigation strategies have been proposed to address these quality issues? This question
synthesizes existing mitigation approaches into a lifecycle-oriented framework for improving the quality of
LLM-based code generation systems.

Overall, these RQs are organized to progressively move from problem characterization to mechanism analysis and
finally to issue handling. RQ1 and RQ2 first characterize the quality issues in generated code and training datasets,
respectively. Building on this foundation, RQ3 analyzes how training data quality issues propagate to generated code
quality issues, providing insights into the mechanisms underlying LLM-based code generation. Finally, RQ4 and RQ5
focus on issue handling by reviewing existing detection techniques and mitigation strategies across the LLM lifecycle.

3.2 Search Strategy

We employed a multi-stage search strategy combining systematic keyword-based querying with iterative snow-
balling [134]. We designed Boolean search expressions comprising three core conceptual groups:

(1) LLMs for Code: (“large language model” OR “LLM” OR “Code LLM” OR “code generation” OR “code

completion” OR “program repair”)

(2) Generated Code Quality Issues: AND (“code quality” OR “defect” OR “bug” OR “vulnerability”

OR “hallucination” OR “correctness” OR “security” OR “compliance” OR “robustness” OR

“maintainability” OR “understandability” OR “efficiency” OR “repetition”
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(3) Training Data Quality Issues: AND (“training data” OR “dataset” OR “corpus” OR “data quality”

OR “data noise” OR “data contamination” OR “data leakage” OR “imbalance” OR “redundancy”

OR “duplication” OR “diversity”)

The initial database search was executed across five major digital libraries representing software engineering and
artificial intelligence venues:

• IEEE Xplore: Captures works published in venues such as IEEE Transactions on Software Engineering (TSE),
ICSE, and ASE.

• ACM Digital Library: Serves as a repository for software engineering and programming language research,
including venues such as FSE, TOSEM, PLDI, and OOPSLA.

• SpringerLink: Offers access to journals and conference proceedings on empirical methods and data-driven
software engineering.

• ScienceDirect:Hosts domain-specific journals, including Information and Software Technology (IST) and Journal
of Systems and Software (JSS).

• arXiv: Acts as the primary repository for rapid dissemination of LLM research, capturing early empirical
explorations prior to formal publication.

To minimize the omission of relevant works, we subsequently performed backward and forward snowballing on the
initially retrieved papers [134].

3.3 Study Selection

We established formal inclusion and exclusion criteria aligned with our research questions. Primary studies satisfying
all the following Inclusion Criteria were retained:

• Relevance to LLMs and Code: Investigates LLMs or auxiliary neural approaches applied explicitly to source
code generation, completion, repair, or synthesis tasks.

• Focus on Quality Dimensions: Analyzes specific quality attributes of generated code or training corpora.
• Empirical Grounding: Provides verifiable empirical evaluation, reproducible artifacts, or concrete quantita-

tive/qualitative findings.
• Publication Standards: Published in peer-reviewed venues or available as methodologically sound preprints.

Conversely, studies meeting any of the following Exclusion Criteria were discarded:

• Domain Mismatch: Focuses exclusively on natural language tasks without code-centric analysis, or addresses
traditional (non-neural) code generation.

• Methodological Opacity: Lacks adequate empirical grounding, methodological transparency, or presents
conceptual opinions without verifiable data.

• Language and Accessibility:Written in languages other than English or lacks full-text accessibility.
• Duplication: Represents an earlier or subsumed version of a retained extended study.

Snowballing and Consolidation: Prior to the formal screening, we performed backward and forward snowballing
on the initially retrieved papers to mitigate the omission of relevant works. Subsequently, all records gathered from the
database searches and the snowballing process were consolidated, and a rigorous de-duplication step was executed to
eliminate identical entries across different sources.

Manuscript submitted to ACM



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

10 K. He, X. Zhang, P. Cai, M. Liu, Y. Wang, C. Wang, K. Huang, B. Chen, X. Peng, and Z. Zheng

Screening Process: Based on the consolidated and de-duplicated literature pool, three authors independently
screened the titles and abstracts. Papers passing this phase underwent a full-text review against the predefined criteria.
Discrepancies were documented and resolved through iterative consensus meetings to ensure full agreement on the
final inclusion set.

3.4 Quality Assessment

We conducted a structured quality assessment of all candidate studies passing the full-text screening. Each paper was
independently evaluated by three reviewers against eight predefined criteria (summarized in Table 1): (1) Relevance to
Code Generation Quality, (2) Relevance to Dataset Quality, (3) Methodological Rigor, (4) Depth of Causal Analysis, (5)
Detection and Mitigation Techniques, (6) Data and Experimental Transparency, (7) Clarity and Reporting Completeness,
and (8) Publication Quality.

Table 1. Quality Assessment Criteria for Included Studies

Criterion Description Score Options

Relevance to Code Gen-
eration Quality

Whether the study investigates LLM-based code generation,
completion, repair, or understanding tasks, and explicitly
addresses quality aspects such as correctness, robustness,
or maintainability.

Yes / No

Relevance to Dataset
Quality

Whether the study discusses or analyzes the quality of train-
ing or fine-tuning datasets, including issues such as noise,
duplication, contamination, imbalance, or outdated data.

Yes / No

Methodological Rigor Whether the study clearly describes its objectives, hypothe-
ses, research design, controlled variables, and experimental
procedures, demonstrating methodological validity.

Yes / Partially / No

Depth of Causal Analysis Whether the study goes beyond descriptive observations to
analyze, model, or empirically verify causal relationships
between data quality and generation quality.

Yes / No

Detection and Mitigation
Techniques

Whether the study proposes concrete techniques, frame-
works, or tools for detecting or mitigating code or dataset
quality issues.

Yes / No

Data and Experimental
Transparency

Whether the study releases or sufficiently documents exper-
imental code, datasets, parameter configurations, or evalua-
tion metrics to enable reproducibility.

Yes / No

Clarity and Reporting
Completeness

Whether the paper presents a clear structure, comprehen-
sive experimental reporting, and explicit discussion of limi-
tations.

Yes / Partially / No

Publication Quality Whether the study was published in a peer-reviewed venue
(e.g., TSE, TOSEM, ICSE, FSE). If it is an arXiv preprint,
whether its methodological quality meets comparable stan-
dards.

Yes / Partially / No

The evaluation utilized a mixed scoring system depending on the specific criterion, with options comprising either
binary (Yes/No) or ternary (Yes/Partially/No) responses. Responses were scored as follows: Yes = 2, Partially = 1, and No
Manuscript submitted to ACM
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= 0 (maximum attainable score: 16). Studies scoring below 10 were excluded from the final synthesis. Discrepancies
among reviewers were resolved through consensus discussions.

3.5 Data Extraction and Synthesis

We executed a structured data extraction protocol to capture information relevant to our research questions. Three
authors independently extracted the data, resolving inconsistencies through consensus.

Data Extraction. For each included primary study, we extracted both bibliometric metadata and analytical findings,
mapping directly to our RQs:

• Bibliographic & Contextual Data: Title, authors, publication year, and venue.
• Code Quality Observations (RQ1): Specific quality dimensions evaluated (e.g., correctness, security, main-

tainability) and the observed generated code quality issues.
• Dataset Quality Aspects (RQ2): Identified training data quality issues (e.g., contamination, noise, imbalance,

duplication).
• Causal Mappings (RQ3): Empirical or conceptual links established between dataset characteristics and

downstream generation failures.
• Detection & Mitigation Interventions (RQ4 & RQ5): Proposed diagnostic tools, metrics, model-level

alignments, or data curation strategies.

Data Synthesis and Coding. To synthesize the extracted data, we employed an iterative qualitative coding approach.
The procedure consisted of three stages:

(1) Open Coding: Initial review of the papers to identify and label specific phenomena.
(2) Axial Coding: Grouping the initial labels into higher-level conceptual categories representing broader dimen-

sions.
(3) Selective Coding: Aligning these consolidated categories with our predefined research questions (RQ1–RQ5)

to establish the overarching taxonomies and causal mappings.

Complementing the qualitative synthesis, we quantitatively aggregated the frequencies of specific issue types and
mitigation strategies.

3.6 Demographic Overview of Primary Studies

The final synthesis encompasses 114 primary studies. This section provides a demographic overview of the included
literature.

Temporal Distribution. As illustrated in Figure 5, research on generated code quality issues has experienced rapid
and accelerating growth. The cumulative distribution spans from the third quarter of 2021 to the first quarter of 2026,
reaching a total of 114 primary studies. Notably, the volume of publications surged significantly starting in late 2023, a
trajectory that closely aligns with the widespread release and adoption of foundational LLMs.

Publication Venues. As shown in Figure 7, the selected studies are distributed across a wide range of publication
venues. The largest proportion is from arXiv, suggesting that this area is developing rapidly and that many results are
disseminated first as preprints. In addition, the studies also appear in recognized SE venues (e.g., ICSE, FSE, ASE, TSE,
TOSEM) and AI/NLP venues (e.g., ACL, NeurIPS, ICLR), indicating the interdisciplinary nature of this research topic.
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Quality Score Distribution. The distribution of their quality assessment scores is presented in Figure 6. The scores
range from 10 to 16, with the most frequent score being 12 (47 studies), followed by 10 (23 studies) and 14 (20 studies).

4 Findings

This section presents our findings organized around five research questions (RQs). Each RQ addresses a distinct aspect
of quality issues in LLM code generation and their underlying data. The structure follows: (1) identifying generated
Manuscript submitted to ACM
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code quality issues, (2) identifying training data quality issues, (3) mapping between them, (4) detecting quality issues,
and (5) mitigating quality issues.

4.1 RQ1: What generated code quality issues exist in LLM-generated code, and how can they be
systematically categorized?

We begin by examining the spectrum of quality deficiencies exhibited in LLM-generated code. Building on the formal
definition of generated code quality issues established in Section 2.3 (i.e., structural, functional, or non-functional
anomalies in LLM-generated code that degrade its core attributes), we synthesize findings from primary studies to address
the fragmentation of existing classifications. Specifically, we establish a unified, multi-dimensional taxonomy that
integrates functional, non-functional, risk-related, and generation-specific quality concerns, with detailed classifications
and supporting references summarized in Figure 8.

4.1.1 Dimensions of generated code quality issues. After synthesizing prior taxonomies and empirical reports, we
identify nine major and recurring dimensions that constitute our final classification of quality issues in LLM-generated
code:

Correctness. Emphasizes failure to generate the intended semantics or valid execution results, with common
symptoms including syntax errors, logical errors, and improper use of APIs or dependencies. These issues can manifest
in different ways:

• Syntax Errors: Occur when the generated code cannot compile or parse, often due to missing semicolons,
mismatched brackets, or incomplete statements. These errors prevent the code from executing properly [88].

• Logical Errors: Arise when the generated code produces unexpected results during runtime, even though the
code compiles correctly. This could lead to runtime errors or incorrect outputs. For instance, a program might
fail to handle boundary conditions correctly or throw exceptions during specific operations, despite successful
compilation [50].

• Improper Use of APIs or Dependencies: Happens when the generated code references non-existent functions,
deprecated APIs, or uses incorrect versions of libraries. This could be due to model hallucinations or outdated
training data, leading to invalid or unsafe code. For example, a function from the deprecated urllib module in
Python or a mismatch in library versions might cause the code to fail in the current environment [125].Therefore,
correctness problems are not only limited to syntax or logic errors in the code itself but are also closely tied
to how the model understands and references the libraries and tools in the current software ecosystem. As
training data and API versions evolve, LLMs face continually changing correctness challenges, especially in
long-running projects or applications spanning multiple technology stacks [115].

Security. Patterns that expose code to attacks, data leakage, or unsafe execution. Security issues can be further
categorized into external-triggered vulnerabilities and inherent vulnerabilities, based on the conditions that trigger
them and their root causes.

• External-Triggered Vulnerabilities: These rely on external interactions (such as user input or network
requests) to be activated, with the core issue being insufficient protection against untrusted external factors.
For example, generated code may have SQL injection vulnerabilities when user input is directly concatenated
into database queries without filtering; or it may transmit sensitive data (such as user IDs) via HTTP without
transport layer security, risking eavesdropping [10].
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Generated CodeQuality Issues

Correctness

LLMs Meet Library Evolution [125], Copilot Evaluation [88], HalluCode [70], CodeHalu [118],
Mercury [22], SStuBs [50], Package Hallucinations [113], HallTrigger [103], The Counterfeit
Conundrum [32], Bugs in LLM-Generated Code [115], GitHub Copilot, Amazon
CodeWhisperer, ChatGPT [142], ChatGPT Code Quality [77], CloudAPIBench [49],
CodeMirage [3], AutoAPIEval [136], From Effectiveness to Efficiency [53], Software
Librarian [57], Codequal Analyzer [105], Artificial-Intelligence Generated Code Considered
Harmful [18], Unveiling Inefficiencies in LLM-Generated Code [1], Python Tests Quality [5],
CoQuIR [30], REAL [141], CIDRe [26], Infinite-Instruct [137], Quality In, Quality Out [45],
Security andQuality in LLM-Generated Code [54], SwallowCode [28], Refining
ChatGPT-Generated Code [76], ReCode [135], Data-Efficient Fine-Tuning [81], CRPE [35],
DeepSeek-Coder [37], Beyond Correctness [152], Codex [14], Path Planning Evaluation [15],
CODEJUDGE [119], Synthetic Data Generation [86], Unseen Horizons [149], Code Generation
Survey [51], DataRecipe [55], AiXcoder-7B [52], ClassEval [23], UCD-Training [93],
RealSec-Bench [130], APIKG4SYN [73], MultiCodeIF [25], Adadec [39], AllianceCoder [33],
RustEvo2 [67], Llm Hallucinations in Practical Code Generation [151], AATK Benchmark [95]

Security

Copilot Security [7], Large Language Models for Code [38], Purple Llama CYBERSECEVAL [10],
Lost at C [107], AI Assistants Security [98], GitHub Copilot, Amazon CodeWhisperer,
ChatGPT [142], ChatGPT CodeQuality [77], CodeMirage [3], DESEC [89], DeVAIC [20],
PTMs [8], Codequal Analyzer [105], Artificial-Intelligence Generated Code Considered
Harmful [18], CoQuIR [30], REAL [141], Infinite-Instruct [137], Quality In, Quality Out [45],
Security andQuality in LLM-Generated Code [54], Codex [14], Unseen Horizons [149], Code
Generation Survey [51], RealSec-Bench [130], MultiCodeIF [25], AATK Benchmark [95]

Compliance
AI Assistants Security [98], CodeMirage [3], DESEC [89], When Fine-Tuning LLMs Meets Data
Privacy [80], Bias Unveiled [69], FairCoder [24], CodeIP [34], CodeMI [124], CodeCipher [68],
Code Llama [106], Codex [14], Synthetic Data Generation [86], Code Generation Survey [51]

Robustness

GitHub Copilot, Amazon CodeWhisperer, ChatGPT [142], CloudAPIBench [49], Codequal
Analyzer [105], Security andQuality in LLM-Generated Code [54], Path Planning
Evaluation [15], CODEJUDGE [119], Unseen Horizons [149], MultiCodeIF [25], Beyond
Functional Correctness [127], RobGen [65]

Maintainability

Copilot Evaluation [88], HallTrigger [103], GitHub Copilot, Amazon CodeWhisperer,
ChatGPT [142], Codequal Analyzer [105], Unveiling Inefficiencies in LLM-Generated Code [1],
Python Tests Quality [5], CoQuIR [30], REAL [141], Infinite-Instruct [137], Quality In, Quality
Out [45], Security andQuality in LLM-Generated Code [54], ROSE [91], Refining
ChatGPT-Generated Code [76], Seed-Coder [110], CodeSmellEval [122], Beyond
Correctness [152], Path Planning Evaluation [15], CODEJUDGE [119], Code Generation
Survey [51], DataRecipe [55], MultiCodeIF [25], Beyond Functional Correctness [127]

Understandability

Unveiling Inefficiencies in LLM-Generated Code [1], CIDRe [26], Security andQuality in
LLM-Generated Code [54], Seed-Coder [110], CRPE [35], CodeSmellEval [122], Beyond
Correctness [152], Synthetic Data Generation [86], Code Generation Survey [51],
DataRecipe [55], Beyond Functional Correctness [127]

Efficiency

EffiBench [43], Mercury [22], GitHub Copilot, Amazon CodeWhisperer, ChatGPT [142],
ChatGPT CodeQuality [77], LLM-Generated Code Efficiency [90], From Effectiveness to
Efficiency [53], ENAMEL [101], Codequal Analyzer [105], Unveiling Inefficiencies in
LLM-Generated Code [1], CoQuIR [30], Quality In, Quality Out [45], Security and Quality in
LLM-Generated Code [54], Data-Efficient Fine-Tuning [81], Beyond Correctness [152],
CODEJUDGE [119], Unseen Horizons [149], MultiCodeIF [25], Beyond Functional
Correctness [127], COFFE [97]

Parsimony of Output
HalluCode [70], HallTrigger [103], Bugs in LLM-Generated Code [115], CodeMirage [3], RPG [21],
Repetition In Repetition Out [60], Imperfect Code Generation [66], DRAINCODE [129],
ShortCoder [74], Beyond Functional Correctness [127], Code Copycat Conundrum [72]

Miscellaneous
HalluCode [70], Bugs in LLM-Generated Code [115],Generated Code Diversity [17], Path
Planning Evaluation [15], MultiCodeIF [25]

Fig. 8. Taxonomy of generated code quality issues with corresponding literature references.
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• Inherent Vulnerabilities: These are intrinsic design or implementation flaws that pose risks without requiring
external triggers. A typical example is improper encryption usage, such as hardcoding encryption keys in source
code, which leads to sensitive data leakage if the code is exposed [18]. Additionally, poor memory management
and unsafe API calls are simple instances of inherent vulnerabilities, both of which introduce hidden security
risks by design.

Compliance. Violations of legal, ethical, or regulatory constraints. Compliance issues typically involve generating
harmful, biased, or illegal content, which may lead to legal lawsuits, ethical disputes, or privacy breaches. These issues
can be further categorized into specific types:

• Malicious Toxic Code: A typical compliance issue, distinct from security concerns, because it is specifically
designed to harm others’ rights and disrupt social order. Unlike security issues, which arise from vulnerabilities
that are exploited externally, malicious toxic code is intended to intentionally cause damage. For example,
generated code may intentionally embed backdoors, ransomware, or other malicious software, which not only
disrupt the normal functioning of the system but also violate user privacy and property rights, thereby breaching
relevant laws and social norms [14].

• Privacy Issues: These involve the accidental leakage of personal or sensitive information through generated
code. This can occur when the code processes data in ways that do not comply with privacy protection
regulations, such as GDPR. For example, the generated code might unintentionally expose users’ personal
details or fail to anonymize data properly, thus violating privacy laws [80].

• Copyright Issues: Occur when generated code unintentionally copies code snippets protected by copyright,
violating intellectual property laws. This may happen when the model references or generates parts of code
that are under copyright protection without proper attribution or permission, leading to potential legal disputes
over intellectual property [34].

These compliance issues are not just technical challenges but also involve wide-ranging legal and social responsibili-
ties, requiring strict regulation during the code generation process.

Robustness. The inability to handle abnormal inputs, boundary conditions, or runtime disruptions. These issues
often manifest as a lack of necessary fault tolerance and validation design in the code. For example, generated array
operation code may fail to check whether the accessed index is within the array’s bounds, causing an out-of-bounds
error and crashing the program when an index value beyond the range is provided. Similarly, when receiving numeric
data such as order amounts or ages from user input, the code may not verify whether the input is a valid number,
resulting in a type conversion exception if the user accidentally enters characters or special symbols, which then
interrupts the business flow [119].

In our definition, there is a core distinction between robustness and security. Robustness focuses on the system’s
stability in the face of abnormal inputs, environmental fluctuations, or non-malicious disruptions, with the main goal of
ensuring the program does not crash and can tolerate errors. In contrast, security is more concerned with defending
against external malicious attacks (such as injection attacks or data theft), with the core objective of protecting system
data and core functions from unauthorized use or damage [38]. The two concepts focus on different dimensions: “system
fault tolerance” for robustness and “defense against external risks” for security.

Maintainability. Difficulty in modifying or extending code without introducing risks. This issue typically arises
when code lacks clear structure or is overly complex, making it harder to understand, modify, or extend. Common
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deficiencies include large, monolithic code units that handle too many responsibilities, deeply nested logic that
complicates readability, and excessive coupling between components that reduces flexibility [91]. Additionally, code
may exhibit data clumping, where multiple unrelated values are grouped together, making it difficult to adapt the
system to new requirements [76].

Weak modularization and a lack of reuse also hinder maintainability, as small changes may require significant
alterations across the codebase [110]. Notably, maintainability also encompasses code reusability, which ensures that
components or functions can be reused across different parts of the system without modification. Reusable components
not only reduce redundancy but also make it easier to maintain and extend the system over time, as updates to one
module can be reflected across all instances where it is used.

Understandability. The ability for humans to easily comprehend the logic, intent, and structure of code. Issues
often arise from poor or inconsistent naming conventions, where variable and function names fail to clearly reflect their
purpose, making the code harder to follow and prone to misinterpretation [86]. Additionally, missing or misleading
comments further obscure the intent of the code, leaving developers to decipher the rationale behind certain decisions or
implementations. The use of “magic numbers”, hardcoded constants without explanation, also contributes to confusion,
as these values lack context and make the code less intuitive [152].

It is important to distinguish between understandability and maintainability, as while clear and understandable code
certainly aids in maintenance, maintainability itself focuses more on the code’s structure, modularity, and reusability.
Understandability, on the other hand, centers on making the code logical and transparent, ensuring that anyone can
quickly grasp its functionality and intent without requiring deep expertise or context.

Efficiency. The unnecessary consumption of computational resources in terms of time or space. These issues
typically arise from inefficient computational logic design or improper resource allocation [43].

• Execution Time Efficiency: Generated code may use suboptimal algorithms, such as employing bubble sort
with a time complexity of O(n2) to process large datasets in image processing or machine learning model
training, instead of using the more efficient quicksort with a time complexity of O(n log n). This leads to a
significant increase in runtime as the data size grows, severely impacting performance [90].

• Memory Usage Efficiency: There may be memory wastage due to inefficient handling of memory. For
instance, in big data processing or real-time systems, the code might repeatedly create temporary objects, such
as repeatedly copying large data blocks in image processing, rather than using caching or buffering. This results
in frequent memory allocations and deallocations, increasing garbage collection overhead and reducing system
responsiveness [101].

Parsimony of Output. Inefficiencies introduced during generation that degrade the structural quality of the
produced artifact. These issues often manifest as overly long, redundant, or repetitive code blocks, unnecessary
comments, or verbose scaffolding, significantly increasing the post-processing workload [21]. Even if the output is
not truncated, the generated code may still contain large amounts of redundancy and repetition, such as repeatedly
generated if-else statements or multiple redundant loop structures, which make the code bloated and unusable, severely
reducing its usability. Unlike typical efficiency issues related to time and space complexity, these generation-level
inefficiencies arise from the model producing unnecessary content, wasting computational resources, and making the
code harder to read, modify, and maintain.
Manuscript submitted to ACM
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Miscellaneous. Quality issues that don’t fit into the previous eight dimensions, primarily related to the alignment
between generated code and external constraints. A key example is poor instruction-following, where LLMs generate
code that meets basic syntax and functionality but deviates from specific user instructions [15]. Unlike correctness
issues, which are typically related to logic or syntax, instruction-following problems often stem from the model’s
misunderstanding of task details or its “hallucination” of information not in the instructions. These issues highlight the
difficulty of aligning LLM outputs with precise user expectations, which can affect the practical usability of the code.

4.1.2 Taxonomies and Classifications. Existing research frequently proposes fragmented classification systems that
focus on isolated quality dimensions. For instance, some classifications concentrate strictly on correctness by categorizing
syntax errors and logical flaws [115], while others focus exclusively on vulnerability detection, cataloging injection
attacks and cryptographic misuse [20]. A few studies also address code style issues, such as inconsistent indentation
patterns [122]. However, these approaches fail to cover the full spectrum of generated code quality issues. They often
suffer from overlapping problem definitions, such as conflating robustness with security [8], and critically lack a unified
framework to integrate diverse quality concerns.

In contrast, the comprehensive, nine-dimensional classification system proposed in this paper systematically re-
solves these gaps. Our framework integrates functional attributes (correctness), non-functional attributes (efficiency,
maintainability, understandability, robustness), risk-related attributes (security, compliance), and generation-specific
attributes (parsimony of output). Crucially, it emphasizes clear demarcation between dimensions to avoid unnecessary
coupling. For example, we explicitly distinguish between security and robustness: security focuses on defending against
malicious attacks and inherent vulnerabilities, whereas robustness concerns the handling of non-malicious anomalies.
This critical distinction is rarely clarified in existing classifications, where the two are routinely conflated.

Importantly, we intentionally exclude certain vaguely defined dimensions prevalent in previous literature, such as
generation “hallucination” [70], “code smells” [5], and “style issues” [152]. Because these concepts lack definitional
accuracy, typicality, and clarity, they cannot serve as independent quality dimensions. Instead, we systematically map
the valid anomalies underlying these concepts into our established nine dimensions. For instance, manifestations of
“generation hallucinations”, such as incorrect API or dependency usage, are explicitly categorized under the correctness
dimension. Similarly, structural “code smells” like massive code units, deep nesting, and excessive coupling are mapped
to maintainability, while inconsistent naming and missing comments are classified under understandability. Style issues
are subsequently integrated into either understandability or maintainability, depending on whether they hinder human
comprehension or complicate future modifications.

Representative cases across primary studies further validate the stability of our framework. Beyond mapping injection
flaws to security, copyright violations to compliance, and redundant comments to the parsimony of output dimension, our
framework consistently absorbs previously scattered problems. For instance, “data aggregation code smells” seamlessly
integrate into maintainability, while “hallucinatory dependency calls” are strictly treated as correctness issues. This
cross-study consistency verifies the comprehensiveness of our taxonomy in encompassing all key quality issues of
LLM-generated code. Ultimately, it demonstrates the framework’s applicability for systematic analysis, effectively
resolving the fragmentation and ambiguity prevalent in existing classification systems.

Summary and Insights.
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Fig. 9. Temporal distribution of studies across nine quality dimensions (bubble size denotes the number of studies in the corresponding
time period).

Research on generated code quality has expanded rapidly since 2023, with explosive growth in
2024–2025, reflecting the accelerating development and industrial adoption of LLMs for code genera-
tion (Figure 9). Early studies primarily focused on functional correctness, which remains the most frequently
investigated dimension (52 studies) and continues to dominate the literature. However, the research scope has
gradually broadened toward a more comprehensive view of code quality.

Security (24 studies) and maintainability (22 studies) have emerged as major concerns, reflecting growing
awareness of the risks and long-term maintenance costs associated with deploying LLM-generated code in
real-world systems. Meanwhile, efficiency (19 studies) and compliance (13 studies) have attracted increasing
attention since 2024 due to practical deployment constraints. In contrast, understandability (11 studies), parsimony
of output (11 studies), and robustness (10 studies) remain comparatively underexplored, largely because they are
more difficult to evaluate and less frequently prioritized in existing benchmarks. The miscellaneous dimension (5
studies), dominated by instruction-following issues, highlights emerging challenges specific to LLM-based code
generation.

Overall, the literature reveals a clear evolution in research priorities: from an initial focus on
functional correctness toward a multi-dimensional understanding of generated code quality. This shift
suggests that the evaluation of LLM-generated code is gradually aligning with broader software quality principles,
where functional correctness represents only one aspect of overall software quality. The observed diversity of
issues also confirms that generated code quality issues are systematic and structurally classifiable, motivating
the unified nine-dimension taxonomy proposed in this study. Future research should further expand evaluation
beyond correctness-oriented benchmarks to better capture the full spectrum of quality requirements in practical
software engineering.
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4.2 RQ2: What training data quality issues exist in datasets used for LLM training, and how can they be
categorized?

Next, we examine quality issues at the dataset level, which fundamentally shape model behavior and downstream
code generation. As established in Section 2.3, training data quality issues are characterized as intrinsic flaws within
pre-training and fine-tuning corpora. To provide a precise analysis, our investigation structurally divides these issues
into two core dimensions: code attributes (defects localized within individual code samples) and non-code attributes

(which encompass both textual noise and macro-level properties such as distribution, redundancy, and diversity).
Specific classifications and supporting references are detailed in Figure 10.

Training DataQuality Issues

Code AttributeQuality Issues

Correctness

LLMs Meet Library Evolution [125], Less Is More [146], SStuBs [50], Quality
In, Quality Out [45], SwallowCode [28], Every Sample Matters [19], Synthetic
Data Generation [86], Cracks in The Stack [48], RTL-Breaker [84],
MG-Verilog [150], Code Generation Survey [51], DataRecipe [55],
AiXcoder-7B [52], RustEvo2 [67], AATK Benchmark [95]

Security Phi-4 [2], Quality In, Quality Out [45], StarCoder 2 and The Stack v2 [78],
Cracks in The Stack [48], RTL-Breaker [84], AATK Benchmark [95]

Compliance
Synthetic Data Generation [86], Cracks in The Stack [48], Code Generation
Survey [51], Uncovering Pretraining Code in LLMs [64]

Robustness Less Is More [146], MultiCodeIF [25]

Maintainability
Less Is More [146], Quality In, Quality Out [45], SwallowCode [28],
Seed-Coder [110], Synthetic Data Generation [86], Cracks in The Stack [48],
DataRecipe [55], MultiCodeIF [25]

Understandability
Less Is More [146], Seed-Coder [110], Benchmark Builders [140], Synthetic
Data Generation [86], MG-Verilog [150], DataRecipe [55], MultiCodeIF [25]

Efficiency Quality In, Quality Out [45], SwallowCode [28], MultiCodeIF [25]

Non-Code AttributeQuality
Issues

Compliance and Security Risks
(Textual)

DESEC [89], CodeMI [124], CodeCipher [68], Datasets for Large Language
Models [75], AiXcoder-7B [52]

Distribution Imbalance Issues

DataMan [96], CIDRe [26], Infinite-Instruct [137], CRPE [35], Code
Pretraining [99], Code Data Training Stage [83], Code Pre-Training
Impact [6], Logical Inference Pre-Training [120], Code Llama [106], Path
Planning Evaluation [15], Datasets for Large Language Models [75],
Synthetic Data Generation [86], Code Generation Survey [51],
DataRecipe [55], Training Data Extraction [123], APIKG4SYN [73]

Redundancy Issues

DataMan [96], Code Pretraining [99], StarCoder 2 and The Stack v2 [78],
Repetition In Repetition Out [60], Code Llama [106], Datasets for Large
Language Models [75], MG-Verilog [150], Code Generation Survey [51],
DataRecipe [55], Training Data Extraction [123], AiXcoder-7B [52],
LLM-ProS [41], MultiCodeIF [25]

Inadequate Diversity
WaveCoder [143], Path Planning Evaluation [15], Datasets for Large
Language Models [75], Synthetic Data Generation [86], MG-Verilog [150],
Imperfect Code Generation [66]

Data Contamination Risks
Phi-4 [2], StarCoder 2 and The Stack v2 [78], DataComp-LM [61], Datasets
for Large Language Models [75], Unseen Horizons [149], LLM-ProS [41]

Low-Value Data
DataMan [96], Phi-4 [2], CIDRe [26], StarCoder 2 and The Stack v2 [78], Every
Sample Matters [19], Brevity Is the Soul of Wit [111], DataComp-LM [61],
Codex [14], Datasets for Large Language Models [75], AiXcoder-7B [52]

Fig. 10. Taxonomy of training data quality issues with corresponding literature references.
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4.2.1 Code Attribute Quality Issues. This category investigates inherent defects within individual code samples in the
training dataset. These sample-level flaws propagate through the learning process and closely mirror the generated
code quality dimensions defined in RQ1. Notably, we exclude generation-specific dimensions, such as Parsimony of
Output, because verbosity or redundancy are structural artifacts of the model’s generation process rather than intrinsic
properties of the training data. The specific sub-dimensions are detailed as follows:

Correctness. Correctness is the most fundamental quality issue in dataset code, manifested as syntax errors, logical
flaws, or the failure to achieve the intended functionality. A typical issue is API misuse, where outdated API calls,
incorrect parameter usage, or similar error patterns frequently present in the dataset are learned by the model as
valid programming practices. This directly leads to generation failures or abnormal functionality when the generated
code is used in real environments [89]. Syntax errors and logical inconsistencies similarly interfere with the model’s
understanding of correct programming patterns, reducing the reliability of the generated code [28].

Security. Code samples in the dataset often contain inherent security vulnerabilities or high-risk programming
patterns, which serve as negative security examples for the model. For instance, SQL queries that do not filter user
inputs expose the model to injection attack risks, while samples containing hardcoded keys or access tokens may guide
the model to expose sensitive information in generated code. These flaws directly lower the security threshold of the
generated code, making it vulnerable to external attacks or potential data breachess [45].

Compliance. Compliance issues in the dataset refer to code samples that violate legal, ethical, or industry regulatory
requirements, rather than simple programming style problems. For example, unauthorized copying of copyrighted code
snippets may lead the model to generate infringing content [124], while samples with discriminatory logic could guide
the model to produce code that involves gender, racial, or age discriminations [92]. These defects not only expose the
generated code to legal risks but may also spark serious ethical controversie.

Robustness. Code samples in the dataset often lack necessary fault tolerance, making them unable to handle
abnormal inputs, boundary conditions, or runtime fluctuations. A large number of samples that do not include boundary
checks or exception handling will lead the model to overlook the importance of error management and learn fragile
programming patterns [146]. This results in generated code that is prone to crashes and instability when faced with
non-standard inputs or environmental changes, making it unable to maintain stable operation.

Maintainability. Code samples in the dataset often exhibit disorganized structures and poor extensibility, making
them difficult to modify or reuse. Samples with excessive coupling between modules and a lack of necessary docu-
mentation and comments will teach the model bad coding practices, leading to the generation of code that is overly
complex and logically tangled. This type of code will require significant modification effort in future iterations, severely
impacting development efficiency [55].

Understandability. Code samples in the dataset that exhibit unclear logic or obscure expressions prevent the model
from learning clear programming patterns. Samples with poor naming conventions or hardcoded constants without
explanation will interfere with the model’s understanding of code semantics, making it difficult to grasp the principle
of “semantic consistency in expression”. This directly leads to generated code with poor readability, increasing the
difficulty for developers to understand and collaborate [110].
Manuscript submitted to ACM
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Efficiency. Code samples in the dataset that waste resources or contain suboptimal algorithm designs lead the model
to learn inefficient programming logic. Samples using algorithms with high time complexity for large datasets will
cause the model to overlook performance optimization during code generation. Similarly, samples with poor memory
management will lead to the generation of resource-intensive code, causing the final output to run slowly or consume
excessive resources in real deployment [45].

4.2.2 Non-Code Attribute Quality Issues. This dimension covers all quality issues unrelated to the quality of individual
code data points, focusing on defects in non-code textual data itself and macro-level attribute flaws of datasets. The
specific subcategories are as follows:

Compliance and Security Risks (Textual). Unlike compliance issues in code attributes, this type of risk focuses on
compliance and security hazards inherent in textual data itself, rather than risks at the code execution level.

• Illegal and Harmful Text: Includes content involving violence, pornography, distorted values, or speech
inciting hatred or discrimination against specific groups (gender, race, age). Such text may guide the model to
generate biased or harmful code and related content [75].

• Copyright-Infringing Text: Copyright-protected textual data used without authorization, such as pirated
technical documents, excerpts from paid tutorials, or proprietary specifications. This may lead to copyright
disputes in the comments and documents associated with the generated code [124].

• Privacy-Leaking Text: Text containing personal sensitive information (ID numbers, phone numbers, emails,
or bank account information). Such data increases the risk of privacy leakage during code generation and may
violate data protection regulations [52].

Distribution Imbalance Issues. Distribution imbalance causes the model to develop learning biases, making it
difficult to adapt to various programming needs in a balanced manner.

• Multilingual Support Imbalance: The coverage of programming and natural languages is highly uneven.
Mainstream languages (Java, Python) dominate, while niche programming and non-English languages are
underrepresented, resulting in poor performance in low-resource scenarios [137].

• Domain and Resource Attention Imbalance: Textual information about popular technical domains and
common APIs is abundant, while niche domains and uncommon APIs are underrepresented. Task and scenario
types are also skewed, with excessive data on general algorithm implementations but scarce data on system
architecture design or specialized environment adaptation [89].

• Data Type Proportion Imbalance: The ratio of code data to non-code data is unreasonably configured.
Excessive code data limits the model’s natural language understanding, while excessive textual data weakens
programming syntax learning, both harming generation performance [6].

• Data Difficulty Distribution Imbalance: The dataset’s complexity is polarized, dominated by either simple
syntax examples or high-complexity algorithms, and lacking a reasonable gradient from basic to advanced.
This imbalance hinders the model’s ability to perform consistently across difficulty levels, particularly in
medium-difficulty business code generation [35].

Redundancy Issues. The core manifestation of redundancy is duplicate or nearly duplicate data samples, which
cause the model to overfit repetitive patterns and lose generalization ability. A growing concern is training data

degradation: many datasets now include synthetic data generated by models, which often exhibit content repetition and
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low diversity [60]. Prolonged reliance on such data leads to rigid, uncreative knowledge representations, resulting in
code that lacks innovation and flexibility [55].

Inadequate Diversity. Datasets fail to sufficiently cover diverse industry scenarios, edge cases, and specialized
domains. For example, business logic in finance, healthcare, or industrial control is underrepresented, as are program-
ming needs in special operating environments (such as limited computing power) or edge-case exception handling.
Consequently, models struggle to handle non-general or novel programming tasks effectively [143].

Data Contamination Risks. Inadequate filtering during data collection may include benchmark test data (such
as HumanEval, MBPP) in training sets. The model may then memorize solutions rather than reason through tasks,
inflating benchmark scores and misleading assessments of its true generation and reasoning capabilities [41].

Low-Value Data. Such data contributes little or even negatively impacts learning, introducing noise and inefficiency.

• Meaningless Text: Short texts containing only a URL, single words, or templated content (such as repetitive
copyright notices, slogans) [61].

• Format Noise: Residual webpage elements like navigation bars or ads, or interface text accidentally extracted
from GUI elements (such as “Login/Register” buttons) [75].

• Low-Information-Density Text: Spam, meaningless character sequences, invalid or malformed documents,
or unparsed encoded fragments (such as Base64, hex). Texts where visible valid content is less than 20% of the
file also fall into this category [78].

• Erroneous Text: Texts with logical fallacies, factual inaccuracies, or serious grammatical errors that mislead
model understanding [2].

• Incomplete Data: Poorly documented API references lacking parameters, explanations, or structured comments.
For instance, datasets like Stack, Vault, CodeSearchNet, and MCoNaLa often lack structured annotation design,
limiting the model’s ability to generate high-quality documentation or comments [26].

4.2.3 Taxonomies and Classifications. Our taxonomy of training data quality issues is designed to be comprehensive
and systematic, covering both the micro-level quality of individual code/text samples and the macro-level properties
of datasets. Compared to existing classification frameworks for training data quality issues, our approach offers several
advantages.

First, it explicitly differentiates between code attribute and non-code attribute issues, which is crucial for establishing
the mapping relationship with generated code quality issues (addressed in RQ3). By isolating code-specific defects,
we enable a more precise analysis of how single-point code quality flaws propagate to generated outputs. Second, the
non-code attribute category is granularly segmented into sub-dimensions like distribution, redundancy, and low-value
data, which are often overlooked or generalized in other frameworks. This granularity allows for targeted identification
and mitigation of textual and macro-level anomalies that subtly degrade model performance. Third, our taxonomy is
tailored to the context of LLM code generation, incorporating dimensions such as multilingual support imbalance and
code complexity distribution. These factors are uniquely impactful in shaping a model’s ability to generate high-quality
code across diverse scenarios. In summary, this taxonomy provides a holistic lens to diagnose training data quality
issues, bridging the gap between data-level defects and their manifestations in LLM-generated code.
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Fig. 11. Temporal distribution of studies across code and non-code attribute quality dimensions (bubble size denotes the number of
studies in the corresponding time period).

Summary and Insights.
This section synthesizes findings from the analyzed studies. As illustrated in Figure 11, research on

training data quality issues exhibits a clear temporal growth trend, consistent with the observations
reported in Section 4.1.

Among code attribute issues, correctness (15 studies) remains the most dominant and persistent concern,
reflecting its fundamental role in code-centric datasets. Maintainability (8 studies), understandability (7 studies),
and security (6 studies) follow, while code compliance (4 studies), efficiency (3 studies), and robustness (2 studies)
remain relatively underexplored, largely due to limited standardized benchmarks and high evaluation complexity.

For non-code attribute issues, distribution imbalance (17 studies), redundancy (13 studies), and low-value
data (10 studies) emerge as the most prevalent concerns, showing increasing research attention in recent years.
Inadequate diversity (6 studies) and data contamination risks (6 studies) are also gaining traction, while textual
compliance and security risks (4 studies) remain comparatively underrepresented.

A key insight is that non-code attribute issues, although general in LLMs, have disproportionately
amplified effects in code generation scenarios.Distribution imbalance introduces systematic learning bias and
reduces generalization to underrepresented programming languages and tasks. Redundancy reinforces repetitive
patterns and increases the risk of overfitting. Low-value data injects noise that degrades learning efficiency and
output reliability. Meanwhile, inadequate diversity and data contamination further restrict the robustness and
applicability of generated code in real-world settings.

Overall, our analysis reveals that training data quality issues are not independent artifacts but
form a coupled and compounding system across both code and non-code dimensions.Mitigating one
category often requires addressing others jointly, underscoring the need for holistic dataset curation strategies in
code-oriented LLM development.
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4.3 How do training data quality issues influence generated code quality issues?

This section establishes the linkage between training data quality issues and the observable generated code quality
issues. To systematically trace the origins of generated code quality issues, we bridge the dimensions established in
RQ1 and RQ2. Specifically, training data quality issues (RQ2) manifest into generated code quality issues (RQ1) through
two primary propagation mechanisms: direct and indirect mappings.

Generally, direct mappings are closely associated with Code Attribute Quality Issues in the training data, where
explicit code-level defects are memorized, generalized, or reproduced by LLMs. Conversely, indirect mappings typically
stem from Non-Code Attribute Quality Issues, where dataset-level distributional anomalies or textual noise distort the
learning distribution and indirectly induce generated code quality issues.

To provide a comprehensive overview of these causal and correlative relationships, Figure 12 illustrates the flow from
training data quality issues (left) through their specific propagation mechanisms (middle) to the resulting generated code
quality issues (right). Through iterative synthesis of the extracted literature and continuous collaborative discussions,
we consolidated these relationships into 18 typical propagation mapping mechanisms (10 direct mappings and 8 indirect
mappings), corresponding to the distinct flow paths in the middle layer of the Sankey diagram. The following subsections
elaborate on each of these 18 mechanisms in detail.

4.3.1 Direct Mappings. Direct mappings describe causal relationships where code attribute defects embedded in the
training corpus are learned and directly reproduced by LLMs.

Deprecated or Obsolete APIs→Compatibility and Execution Failures. One recurring mapping involves outdated
or deprecated APIs within large-scale datasets such as The Stack or CodeSearchNet [125]. These corpora often include
legacy repositories using API versions no longer compatible with current dependencies. When models trained on such
data generate code invoking obsolete interfaces, the resulting programs suffer from runtime or compilation errors. For
instance, LLMs frequently generate Python code importing tensorflow.compat.v1 or Java code referencing outdated
javax packages [136]. This pattern exemplifies memorization-driven replication, where temporal drift in data leads to
obsolete knowledge being reproduced in outputs.

Syntax and Structural Defects→ Compilation Errors and Fragile Logic. Another direct mapping arises from
syntactically or structurally invalid code snippets in the training corpus [28]. Public datasets often aggregate unverified
code fragments from forums, incomplete answers, or partial code blocks, leading to missing brackets, undefined
variables, or inconsistent indentation. These defects manifest in generation as syntax errors or semantically incomplete
implementations. Themechanism is pattern propagation, where themodel learns frequent yet invalid structural templates.
Models trained on raw GitHub code, for instance, frequently generate Python functions lacking indentation alignment
or missing return statements. Empirical analysis shows a strong correlation between syntax error frequency in datasets
and failure rates during execution-based evaluation [45].

Low-level Bug Patterns (SStuBs) → Replication of Common Logic Bugs. Small, shallow bugs (SStuBs) represent
another class of training data quality issues that directly propagate to generated code [50]. These micro-bugs are
prevalent in open-source corpora and are easily memorized by autoregressive models. Empirical evidence shows that
LLMs trained on unfiltered GitHub data tend to reproduce frequent bug patterns (using <= instead of <, or neglecting
to close I/O streams) [50]. The underlying mechanism combines memorization and pattern reinforcement: repeated
Manuscript submitted to ACM
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Mappings

Fig. 12. A Sankey diagram illustrating the mappings from training data quality issues (left) to generated code quality issues (right).
The intermediate layer details the specific propagation mechanisms.

exposure to buggy samples increases their likelihood in the model’s learned distribution. Static and dynamic analyses
of generated outputs often reveal bug frequency distributions similar to those found in the training data [55].

Code Smells and Poor Maintainability→ Readability and Complexity Degradation. Datasets containing large
proportions of code with poor structural design lead to models producing equally unmaintainable code [122]. Such
defects are typical in repositories never subjected to peer review or refactoring. Generated outputs exhibit excessive
verbosity, repetition, or low cohesion, reflecting the stylistic distribution of the source corpus. This mapping is mediated
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by pattern propagation and representation bias: LLMs internalize both the logic and stylistic tendencies of their training
samples. A corpus overrepresented with imperative, monolithic Java files biases the model toward verbose procedural
structures, diminishing code readability and maintainability [76].

Comment–Code Inconsistency→ Functional Misalignment and “Hallucinated” Implementations. In some
datasets, comments and accompanying code blocks are semantically misaligned—the comment describes a sorting
algorithm while the code implements searching. This mismatch introduces noisy supervision that confuses instruction-
following models, especially during fine-tuning. Consequently, LLMs tend to generate functions fulfilling the comment
text syntactically but not semantically. The mapping mechanism is semantic misalignment: the model associates incorrect
natural language–code pairs, leading to hallucinated or intent-divergent outputs. Evidence shows that instruction-tuned
models trained on misaligned pairs (Docstring–Code datasets) produce higher semantic divergence scores under
code-to-text consistency evaluation [55].

Insecure Coding Practices → Vulnerable Code Generation. When training data includes insecure idioms such as
hard-coded credentials, unsafe deserialization, or outdated cryptographic functions, the model replicates these practices,
resulting in code that is functionally correct but inherently insecure [48]. Models trained on public Python repositories
often generate code containing eval() or unvalidated user input, reflecting unsafe patterns common in the data. This
direct mapping operates through memorization of vulnerable code snippets, propagating inherent vulnerabilities from
the dataset directly into the generated artifacts.

Sensitive or Proprietary Code Leakage→ Privacy and License Violations. A further direct mapping pertains
to training data containing proprietary or personal information, including API keys, user identifiers, or code under
restrictive licenses [124]. When exposed to such data, models can memorize unique identifiers and later reproduce them
verbatim during generation, resulting in privacy leaks or license infringements. The mechanism is classic data leakage
through memorization. Empirical studies demonstrate that LLMs can output exact code fragments or credentials found
in training repositories when prompted with similar contexts [68].

Commented-out Code and Dead Blocks → Redundant and Inefficient Generation. Many code corpora include
commented-out sections, temporary debugging blocks, or incomplete prototypes [21]. These artifacts bias models
toward generating redundant or non-functional code. The mechanism combines pattern propagation and entropy
amplification: the model captures the structure of “half-finished” code as a valid pattern, inflating generation length
and redundancy. Output examples include functions containing commented debugging code or unused variables.

Outdated or Stale Repositories→ Temporal Knowledge Drift and Obsolete Patterns. A direct mapping linked to
code age involves repositories containing entirely obsolete project structures or unsupported dependencies [75]. Even
when syntactically valid, such codebase samples encode practices or language idioms that have been deprecated across
the software ecosystem. Consequently, generated code tends to use outdated library versions or inefficient paradigms
(e.g., generating Python 2 style print statements, or employing insecure hashing methods deprecated in modern
standards). The propagation mechanism is temporal drift memorization, where stale code attributes are reinforced due
to a lack of temporal weighting.

Licensing and Compliance Issues → Restrictive or Non-reproducible Outputs. While not affecting functional
correctness directly, licensing constraints embedded within code attributes introduce practical compliance degrada-
tion [124]. Models unknowingly replicate copyrighted code fragments or entire files from restrictive sources. This
Manuscript submitted to ACM
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mapping represents an ethical-legal leakage problem at the code attribute level. Empirical evidence shows verbatim
replication of GPL-covered code snippets by autoregressive models [34].

4.3.2 Indirect Mappings. Indirect mappings refer to cases where non-code attribute quality issues, such as dataset
imbalance, textual noise, or data contamination, distort the model’s learned distribution, representation bias, or
alignment, thereby inducing generated code quality issues. These effects emerge via mechanisms like entropy collapse
and semantic drift, which often manifest in aggregate behavioral changes rather than explicit syntactic errors.

Duplication and Redundancy→Memorization and Reduced Diversity. Large-scale code corpora are often
dominated by duplicated or near-duplicated samples, constructed by indiscriminate crawling of GitHub or Stack
Overflow [75]. Repeated code blocks, copy-pasted templates, and auto-generated boilerplate significantly reduce corpus
entropy, causing models to overfit frequent patterns. The result is an overrepresentation of “safe” or memorized
responses in generated code, with reduced creativity and exploration capability. Empirical studies show models trained
on heavily duplicated subsets of The Stack tend to regenerate entire library functions verbatim or produce highly
similar implementations across different prompts [78]. The mechanism here is entropy collapse, where repeated samples
narrow the token probability distribution.

Dataset Imbalance → Biased Code Generation Performance. Another indirect mapping arises from severe data
imbalance across programming languages, domains, and difficulty levels. Public corpora such as CodeParrot or The
Stack contain a disproportionate amount of Python and Java code, while low-resource languages (Rust, Kotlin) are
underrepresented [106]. Consequently, models exhibit marked performance disparities across languages and domains.
This mapping operates through representation bias, where the model’s internal representation space is dominated by
high-frequency samples, skewing token prediction probabilities. Evidence shows multilingual LLMs achieve up to 40%
higher pass@k scores in Python than in Go or C# [137]. Similarly, data imbalance between high-level API tasks and
low-level algorithmic tasks results in uneven reasoning ability.

Instructional Misalignment → Semantic Drift and Hallucinated Logic. Beyond individual sample defects,
entire datasets may suffer from instructional misalignment between natural language and code segments, particularly in
instruction-tuning datasets. The Docstring–Code dataset and many instruction synthesis corpora contain mismatched
function descriptions or misaligned summaries [55].When such noise is learned, models internalize spurious correlations
between intent and implementation, leading to hallucinations or logically incoherent outputs. A common failure mode
is that the model generates code adhering syntactically to the prompt but failing to fulfill its semantics—for instance,
implementing addition when subtraction is described. This phenomenon exemplifies semantic misalignment propagation.

Contamination and Benchmark Leakage → Inflated Evaluation and Poor Generalization. Dataset contami-
nation causes models to overfit and artificially inflate evaluation scores [41]. Contaminated benchmarks (HumanEval,
MBPP, CodeContests) have been found embedded verbatim in the pretraining corpora of several open-source mod-
els [149]. When such leakage occurs, models can reproduce solutions from memory rather than through generalization,
leading to deceptively high performance. This mapping operates through the mechanism of data leakage and memoriza-

tion.

Excessive Synthetic or Augmented Data→ Distribution Drift and Over-simplified Outputs. Synthetic datasets
generated via model self-sampling or rule-based expansion can amplify low-quality patterns and introduce distributional
artifacts [86]. Overuse of synthetic code examples with repetitive or simplified structures leads models to generate
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uniform, shallow code lacking abstraction and robustness. The underlying mechanism is representation drift and entropy

distortion: synthetic data reinforces dominant patterns and suppresses the diversity of natural code. Empirical evidence
shows excessive self-generated fine-tuning data increases token-level repetition and reduces functional correctness [60].

Incomplete or Missing Context→ Fragile Functionality and Misuse of External Dependencies. Many code
datasets extract isolated functions or snippets without their surrounding context (imports, dependencies, or usage
scenarios) [26]. This leads to context fragmentation: during training, the model fails to capture necessary inter-file or
module-level dependencies. Consequently, generated codemay omit critical initialization steps, misuse imported libraries,
or generate undefined references. The propagation mechanism is contextual under-specification, where incomplete
training examples bias the model toward fragmentary understanding. Models trained on function-level datasets often
generate code referencing undeclared variables or failing to import dependencies like numpy.

Data Noise and Comment Pollution → Ambiguity and Reduced Robustness. A substantial fraction of mined
repositories contains low-information or noisy comments (auto-generated docstrings, advertisements, irrelevant
annotations) [75]. Although seemingly benign, this “comment pollution” affects models’ text–code co-training alignment,
making natural language prompts less informative and increasing ambiguity in conditioning. The result is reduced
robustness under prompt variation, as the model overfits to irrelevant lexical patterns. The mechanism is signal-to-noise
degradation: excessive non-informative tokens dilute meaningful learning signals. Empirical findings indicate filtering
out noisy comments can improve code generation pass@k by up to 8% [61].

Unbalanced Task or Function Distribution → Biased Optimization and Narrow Generalization. In large
corpora, simple tasks (input/output manipulation, arithmetic) are vastly overrepresented compared to complex al-
gorithmic or multi-file implementations [35]. This imbalance drives models to optimize toward shallow completion
objectives, impairing their ability to generalize to compositional or reasoning-intensive tasks. The mechanism here is
optimization bias: gradient updates dominated by easy samples lead to “local minima” in model performance. Evidence
shows models fine-tuned on homogeneous or low-complexity data exhibit lower functional correctness on real-world
software engineering benchmarks [15].

Summary and Insights.
While direct mappings represent explicit “garbage in, garbage out” replication, indirect mappings

driven by non-code distributional flaws are equally prevalent but far more insidious. Direct mappings,
such as memorizing deprecated APIs or buggy snippets, are highly visible and relatively easy to detect. In contrast,
generation failures are not solely caused by models learning explicitly flawed code. Overwhelming volumes of
“safe” but unbalanced data, such as severe duplication, language imbalance, or skewed task complexity, induce
deep representation and optimization biases. This lack of dataset entropy pulls gradient updates into suboptimal
local minima, severely restricting the model’s capability to generalize to complex software engineering tasks,
demonstrating that severe distributional imbalance can be an even more profound driver of “garbage out” than
explicitly dirty data.

Consequently, a critical trend in quality assurance is the paradigm shift from microscopic sample-
level cleansing to macroscopic corpus-level statistical governance.Mitigating systemic generated code
quality issues now requires moving beyond simple vulnerability scanning or syntax linting. Ensuring semantic
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alignment, balancing information entropy, and rigorously stratifying task complexity have become the primary
frontiers for building robust and reliable code generation models.

4.4 RQ4: What techniques exist for detecting generated code quality issues and training data quality
issues?

This section synthesizes detection techniques for quality issues at both the code generation and dataset levels of LLMs.
Detection approaches have evolved from static and rule-based analysis toward dynamic, model-driven, and hybrid
evaluation frameworks. These methods are classified into two categories: (1) generated code quality issue detection,
which identifies functional, structural, and semantic defects in LLM-generated code; and (2) training data quality issue
detection, which targets noise, duplication, imbalance, and contamination within training corpora. These approaches
form the diagnostic foundation of LLM quality governance, providing empirical signals for subsequent mitigation. The
following subsections synthesize representative detection methods across both domains.

4.4.1 Generated Code Quality Issue Detection. Generated code quality issue detection identifies functional, structural,
and semantic defects in LLM-generated code, including syntax errors, runtime failures, inefficiency, hallucination, and
security vulnerabilities. As illustrated in Figure 13, we classify these methods into three families: dynamic analysis,
static analysis, and model-based detection. These families are often combined in hybrid workflows to improve
coverage and accuracy.

Dynamic Analysis. Dynamic analysis assesses code correctness and performance through execution or runtime
observation.

• Test-based Execution Analysis. This widely used paradigm validates outputs through compilation, unit tests,
and functional benchmarks (e.g., HumanEval, LeetCode, CoderEval) [28, 88, 90, 115]. Automated test harnesses
evaluate pass@k accuracy or runtime efficiency to measure correctness, maintainability, and reliability under
varying inputs [28, 37, 55]. Frameworks such as ENAMEL and EffiBench execute code against curated test
suites to jointly quantify functional accuracy and runtime cost [43, 101]. Execution-based frameworks like
CodeHalu [118] and Mercury [22] detect hallucinations or inefficiency by comparing runtime behavior to
expected semantics. Some studies integrate fuzzing or sandbox execution to detect rare faults and unstable
behaviors [9, 18, 107, 108].

• Runtime Monitoring. Runtime monitoring continuously captures execution signals such as time, memory
consumption, and failure traces. Studies monitor temporal performance variance across multiple generations to
identify inefficiency or instability [53, 90]. Metrics like runtime percentile weighting (e.g., the Beyond metric
in Mercury) couple correctness and efficiency [22]. These methods enable fine-grained analysis of resource
utilization, providing feedback for runtime-aware model refinement.

Static Analysis. Static analysis inspects code without execution, leveraging syntactic and semantic rules to detect
errors, vulnerabilities, or code smells.

• Rule-based Detection. Rule-based static analysis is a primary method for code quality assessment. Tool-based
detection employs established analyzers (SonarQube, CodeQL, Semgrep) to identify CWE-related vulnerabilities,
code smells, and maintainability defects in LLM-generated code. Studies like DeVAIC [20] and CyberSecEval [10]
extend these analyzers with domain-specific patterns to identify flaws such as SQL injection or buffer overflow.
Custom rule-based systems design syntax or pattern constraints tailored to model artifacts. Studies detecting
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Detection Techniques

Dynamic Analysis

Test-Based Execution Analysis

Copilot Evaluation [88], Mercury [22], HallTrigger [103], Lost at C [107], The
Counterfeit Conundrum [32], Bugs in LLM-Generated Code [115], GitHub
Copilot, Amazon CodeWhisperer, ChatGPT [142], ChatGPT Code
Quality [77], LLM-Generated Code Efficiency [90], Syntactic
Robustness [108], Bias Unveiled [69], From Effectiveness to Efficiency [53],
ENAMEL [101], PTMs [8], Artificial-Intelligence Generated Code Considered
Harmful [18], Python Tests Quality [5], REAL [141], Quality In, Quality
Out [45], Security andQuality in LLM-Generated Code [54],
SwallowCode [28], Refining ChatGPT-Generated Code [76], ReCode [135],
Data-Efficient Fine-Tuning [81], CRPE [35], DeepSeek-Coder [37], Beyond
Correctness [152], Codex [14], Path Planning Evaluation [15], Synthetic Data
Generation [86], Unseen Horizons [149], Code Generation Survey [51],
DataRecipe [55], ClassEval [23], RealSec-Bench [130], ShortCoder [74],
APIKG4SYN [73], MultiCodeIF [25], Beyond Functional Correctness [127],
Adadec [39], AllianceCoder [33], RustEvo2 [67], COFFE [97]

Runtime Monitoring LLM-Generated Code Efficiency [90], From Effectiveness to Efficiency [53]

Static Analysis

Rule-Based Detection

LLMs Meet Library Evolution [125], Copilot Security [7], Copilot
Evaluation [88], HalluCode [70], CodeHalu [118], EffiBench [43], Mercury [22],
SStuBs [50], Package Hallucinations [113], HallTrigger [103], Large Language
Models for Code [38], Purple Llama CYBERSECEVAL [10], Lost at C [107], AI
Assistants Security [98], Bugs in LLM-Generated Code [115], GitHub Copilot,
Amazon CodeWhisperer, ChatGPT [142], CloudAPIBench [49], FairCoder [24],
DeVAIC [20], Codequal Analyzer [105], Artificial-Intelligence Generated
Code Considered Harmful [18], REAL [141], CIDRe [26], Infinite-Instruct [137],
Quality In, Quality Out [45], Security andQuality in LLM-Generated
Code [54], Refining ChatGPT-Generated Code [76], Seed-Coder [110],
CodeSmellEval [122], RPG [21], Repetition In Repetition Out [60], Path
Planning Evaluation [15], Synthetic Data Generation [86], Code Generation
Survey [51], DataRecipe [55], MultiCodeIF [25], Code Copycat
Conundrum [72]

Human Review and Manual
Inspection

Copilot Security [7], HallTrigger [103], Lost at C [107], AI Assistants
Security [98], The Counterfeit Conundrum [32], Bugs in LLM-Generated
Code [115], GitHub Copilot, Amazon CodeWhisperer, ChatGPT [142],
Syntactic Robustness [108], Security andQuality in LLM-Generated
Code [54], Synthetic Data Generation [86], Code Generation Survey [51],
Beyond Functional Correctness [127], Llm Hallucinations in Practical Code
Generation [151]

Model-Based Detection

LLM-Based Detection

The Counterfeit Conundrum [32], CodeMirage [3], Unveiling Inefficiencies
in LLM-Generated Code [1], CoQuIR [30], ROSE [91], Seed-Coder [110],
Generated Code Diversity [17], CODEJUDGE [119], Code Generation
Survey [51], DataRecipe [55], RealSec-Bench [130], MultiCodeIF [25],
RobGen [65]

Lightweight ML-Based Detection DESEC [89], Synthetic Data Generation [86]

Fig. 13. Taxonomy of generated code quality issue detection techniques with corresponding literature references.

deprecated API calls [125] or duplicated structures [21, 60] define matching rules based on fully qualified
names, type hierarchies, or AST similarity. Extended approaches such as CIDRe or Infinite-Instruct integrate
multi-aspect criteria to score code by relevance, completeness, and style adherence [26, 137].

• Human Review and Manual Inspection. Human inspection remains necessary for validating high-impact
findings or labeling benchmark datasets. Manual review is frequently coupled with automated scans to validate
code smells, verify hallucinations, or refine static analysis outputs [115]. Examples include manual validation
in vulnerability studies [7] and hallucination detection benchmarks like CodeMirage [3]. Human-in-the-loop
inspection serves as ground truth and a corrective mechanism for ambiguous automated results.
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Model-based Detection. Model-based detection utilizes either LLMs or lightweight machine learning classifiers to
identify quality issues via semantic representations.

• LLM-basedDetection. LLMs act as evaluators of generated code quality in three forms: (1) direct LLM evaluation,
where an LLM assesses outputs without prompt engineering (e.g., using GPT-4o to classify inefficiency types [1]);
(2) prompt-engineered evaluation, which augments LLMs with structured instructions or exemplars for code
critique, hallucination detection, or fairness auditing [32, 51]; and (3) fine-tuned evaluation, where LLMs or
code-specific transformers (e.g., CodeBERT, CodeT5) are fine-tuned for tasks like architectural smell detection
or comment quality scoring [3, 91]. Frameworks like HalluCode [70] and CodeSmellEval [122] illustrate this
direction.

• Lightweight ML-based Detection. Lightweight classifiers or feature-based models pre-screen large volumes
of generated code. These models operate on static features (e.g., cyclomatic complexity, AST depth) to achieve
scalable filtering. For example, the codequal_analyzer [105] and ML-based scoring modules in DataMan [96]
demonstrate that compact models achieve high consistency with expert judgment. They are frequently combined
with LLM evaluators to balance interpretability and computational cost.

Dynamic execution remains the primary measure of correctness, while static and model-based techniques provide
structural and semantic coverage. The synergy among these paradigms establishes holistic quality assessment pipelines.

4.4.2 Training Data Quality Issue Detection. Training data quality issue detection focuses on identifying noise, du-
plication, contamination, imbalance, and other data defects that undermine the training and fine-tuning of LLMs for
code generation. Unlike code-level detection, which evaluates generated outputs, training data quality issue detection
targets the integrity, provenance, and representativeness of the underlying data sources. As illustrated in Figure 14,
the reviewed literature reveals three dominant categories of training data quality issue detection methods: dynamic
analysis, static analysis, andmodel-based detection.

Dynamic Analysis. Dynamic analysis involves executing code samples or monitoring model performance metrics
to identify erroneous or low-quality data.

• Execution-based Validation. This approach evaluates whether code snippets can compile and execute
successfully, leveraging automated testing frameworks. Studies such as CodeSmellEval [122] implement large-
scale compilation and test pipelines to detect syntax errors, missing dependencies, and incomplete functions.
Execution-driven filtering frameworks use unit tests and runtime logs to measure executability rates across
datasets (CodeNet, CodeParrot, BigCode) [22, 30, 43, 118, 136]. These analyses report that 20–40% of raw collected
code is non-executable or semantically inconsistent. Execution feedback also reveals higher-order issues such
as inconsistent input/output formats or incorrect test oracle mappings [118]. For instance, execution traces may
expose duplicated samples disguised under different identifiers or data contaminated with pre-solved tasks from
evaluation benchmarks [82]. Integrating this feedback into filtering pipelines ensures model training focuses on
executable code.

• Monitoring of Performance or Metric Drift. Monitoring model behavior provides an indirect signal of data
degradation. Researchers track the evolution of loss, accuracy, or diversity metrics during pretraining to detect
distribution shifts or contamination [60]. A sudden improvement on benchmark-like tasks during training can
signal data leakage, whereas rising validation loss indicates noise accumulation or outdated content [60]. Studies
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Training DataQuality Issue
Detection

Dynamic Analysis

Execution-Based Validation
Qwen2 [139], TeleChat [131], Kimi K2 [117], CodeSmellEval [122], Synthetic
Data Generation [86]

Monitoring of Performance or
Metric Drift

Repetition In Repetition Out [60], RustEvo2 [67]

Static Analysis

Rule-Based Detection

Less Is More [146], Qwen [9], Qwen2 [139], DataMan [96], CIDRe [26], Quality
In, Quality Out [45], SwallowCode [28], TeleChat [131], Data-Efficient
Fine-Tuning [81], CRPE [35], DeepSeek-Coder [37], StarCoder 2 and The
Stack v2 [78], Repetition In Repetition Out [60], Every Sample Matters [19],
WaveCoder [143], Brevity Is the Soul of Wit [111], DataComp-LM [61],
Codex [14], Datasets for Large Language Models [75], Synthetic Data
Generation [86], Cracks in The Stack [48], MG-Verilog [150], Code Generation
Survey [51], DataRecipe [55], Training Data Extraction [123], AiXcoder-7B [52],
Inter-Dataset Code Duplication [82], LLM-ProS [41], AATK Benchmark [95]

Human-in-the-Loop Review
Qwen [9], DataMan [96], TeleChat [131], StarCoder 2 and The Stack v2 [78],
Datasets for Large Language Models [75], Synthetic Data Generation [86],
Imperfect Code Generation [66], AATK Benchmark [95]

Others CodeMI [124], Cracks in The Stack [48], Inter-Dataset Code Duplication [82]

Model-Based Detection

LLM-Based Dataset Screening

Qwen [9], Qwen2 [139], DataMan [96], SwallowCode [28], Qwen3 [138],
Qwen2.5 [102], TeleChat [131], Kimi K2 [117], DeepSeek-Coder [37],
WaveCoder [143], Benchmark Builders [140], CodeMI [124], Datasets for
Large Language Models [75], DataRecipe [55]

Lightweight ML-Based Detection
Qwen [9], Phi-4 [2], StarCoder 2 and The Stack v2 [78], Benchmark
Builders [140], Synthetic Data Generation [86], AiXcoder-7B [52], Uncovering
Pretraining Code in LLMs [64]

Fig. 14. Taxonomy of training data quality issue detection techniques with corresponding literature references.

like Cracks in The Stack and Inter-Dataset Code Duplication [48, 82] employ continuous metric monitoring to
flag suspect subsets, enabling intervention before training amplifies data biases.

Static Analysis. Static analysis performs structural and semantic checks on datasets without executing code, making
it suitable for large-scale repositories.

• Rule-based Detection. Rule-based detection employs syntactic, lexical, or metadata rules to identify noisy
or redundant samples. Tool-based static checking adapts established analyzers (e.g., PyLint, Bandit, Semgrep)
to dataset curation workflows [10, 28] to detect unsafe imports, incomplete function definitions, or insecure
patterns. Custom or domain-specific rule definition enforces dataset-specific heuristics, such as verifying function
headers, dependency declarations, or project-level file integrity [86]. Frameworks like CodeAudit and DataLint

formalize rules that quantify syntactic defects, unreachable statements, and deprecated APIs in training corpora.
• Human-in-the-loop Review. Human inspection resolves ambiguous cases where automated rules fail. Studies

such as TeleChat [119] combine crowd-sourced or expert review to verify code functionality, identify label
errors, or assess documentation consistency. Reviewers also validate automated flags for high-risk categories
(security vulnerabilities or license violations) to ensure compliance [75].

• Others. This category includes other detection methods such as data provenance tracking, model feature
observation, and privacy-oriented auditing. Provenance-based detection analyzes the origin and traceability of
code samples. By linking file hashes, repository metadata, or commit histories, these methods identify duplicated
or misattributed content [48]. The World of Code (WoC) infrastructure enables SHA-1-based traceability to
locate the first appearance of code blobs, revealing dataset contamination against benchmark repositories [48].
Provenance tracing also identifies stale code from abandoned projects. Feature observation detects anomalies by
observing model performance under frozen-layer configurations. A growing performance gap as layers are
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frozen suggests memorization or data duplication [82]. Layer-wise freezing analysis infers redundancy levels
by examining performance degradation patterns under frozen configurations, providing empirical signals of
representation bias [82]. Code inference attacks detect privacy and compliance violations within training corpora.
These attacks infer whether specific sensitive or copyrighted code snippets exist in the training set. For instance,
CodeMI [124] uses membership inference to check if a model has memorized proprietary code, serving as a tool
for detecting data contamination and copyright infringement.

Model-based Detection. Model-based detection employs machine learning or LLMs to identify contaminated data
via learned representations.

• LLM-based Dataset Screening. These methods prompt an LLM to assess whether a sample is coherent,
complete, or redundant, often guided by few-shot exemplars [9, 28, 37]. Qwen3 and Kimi K2 utilize LLMs to
score samples based on readability, correctness, and style adherence. Other studies integrate LLM judgment into
automated pipelines to iteratively refine or exclude low-quality samples, demonstrating potential for semantic
validation.

• Lightweight ML-based Detection. Lightweight machine learning models (e.g., random forests, small neural
classifiers) filter data at scale [2, 52, 78]. These classifiers operate on features such as token entropy, AST metrics,
or length-normalized duplication ratios to detect outliers or noise. Systems like DataMan [96] integrate such
classifiers into pretraining pipelines for large-scale filtering with minimal computational overhead.

Dynamic approaches validate code executability, static rules ensure structural compliance, and model-based detection
introduces scalability.

Summary and Insights.
Quality detection in LLM-based code generation has fundamentally transitioned from isolated,

deterministic rule-checking to hybrid, semantic-aware diagnostic pipelines. While traditional static
analysis and dynamic execution remain the bedrock for verifying structural compliance and functional correctness,
the field is increasingly integrating model-driven evaluators to overcome the limitations of rigid heuristics. The
emergence of “LLM-as-a-judge” paradigms and lightweight machine learning classifiers enables scalable semantic
reasoning, bridging the critical gap between syntactic constraints and nuanced intent alignment. This synergistic
approach allows researchers to evaluate complex, non-functional dimensions that single-paradigm methods
frequently fail to capture.

Furthermore, the diagnostic landscape exhibits a critical shift toward data–model co-assessment,
establishing bidirectional traceability between training corpora and generated artifacts. Rather than
treating evaluation exclusively as a post-generation filter, contemporary methodologies proactively target dataset
integrity through provenance tracking, execution-based pre-validation, and metric drift monitoring. This dual-
focus assessment architecture ensures that structural anomalies, benchmark contamination, and representation
biases are identified before they are memorized and amplified during the training phase. Ultimately, these
integrated assessment ecosystems move beyond reactive error detection, providing the foundational empirical
signals necessary for continuous and proactive quality mitigation across the entire model lifecycle.
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4.5 RQ5: What mitigation strategies have been proposed to address these quality issues?

This section synthesizes mitigation strategies aimed at improving both the quality of LLM-generated code and the
integrity of training data. The literature reveals two complementary streams of efforts: (1) generated code quality
issue mitigation, which focuses on post-generation refinement, repair, and alignment techniques; and (2) training
data quality issue mitigation, which addresses data curation, de-duplication, decontamination, rebalancing, and
filtering during the data lifecycle. These strategies form a multi-layered governance framework spanning pre-training,
fine-tuning, and inference-time interventions.

4.5.1 Generated Code Quality Issue Mitigation. Generated code quality issue mitigation refers to techniques that
actively improve the quality, reliability, and maintainability of code generated by LLMs. In contrast to detection methods,
mitigation strategies intervene at different stages of the generation and deployment pipeline—at the data level, the
model level, or the generation level (Figure 15). The reviewed studies reveal that such mitigation efforts have evolved
from manual rule-based corrections to fully automated self-improvement mechanisms driven by reinforcement learning
and reflective generation.

Data-level Mitigation. Data-level interventions that aim to enhance code quality by improving training or fine-
tuning data are discussed under the dataset governance framework (see Section 4.5.2). These include data cleaning,
filtering, and balancing procedures that indirectly reduce generated code quality issues by providing higher-quality
supervision signals.

Model-level Mitigation. Model-level mitigation targets the learning behavior and internal optimization of LLMs to
produce higher-quality, less erroneous code. Three major approaches dominate the literature: fine-tuning and instruction
alignment, reward-based optimization, and regularization-based stabilization.

• Fine-tuning and Instruction Alignment. Fine-tuning allows models to adapt to high-quality, task-specific
data, thereby reducing hallucinations, style deviations, and incorrect function use. Studies such as Package
Hallucinations [113] demonstrate that supervised fine-tuning (SFT) on curated coding corpora significantly
mitigates hallucination phenomena, effectively curbing the generation of non-existent or mismatched code
dependencies. Instruction alignment further refines this process through reinforcement learning with human
feedback (RLHF) or preference optimization (DPO), enabling models to follow natural language specifications
with higher fidelity [35, 135, 141]. Some works incorporate domain-specific alignment datasets for bug-fixing,
security patching, or refactoring to better capture software engineering constraints and real-world coding
norms.

• Reward-based Optimization. Reward-driven optimization incorporates quality signals including compilation
success, test accuracy, and code readability into reinforcement learning objectives. For example, frameworks like
REAL [141] and ReCode [135] define reward functions based on execution correctness and static quality metrics.
This paradigm aligns model behavior toward functional and stylistic excellence by penalizing anti-patterns or
resource-heavy code. Several studies have also employed hybrid reward designs, combining pass@k metrics
with AST-based style consistency to yield both correctness and maintainability improvements [141].

• Regularization-based Stabilization. Regularization-based techniques stabilize model predictions to prevent
erratic generation ormode collapse. Typical implementations include entropy regularization, dropout adjustment,
and consistency loss constraints between successive decoding steps [60]. Empirical studies [60] show that
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Mitigation Strategies

Data-Level Mitigation

Data Cleaning and Filtering

Execution-Feedback-Based Filtering Qwen2 [139], TeleChat [131], Kimi K2 [117], Seed-Coder [110]

Rule- or Tool-Based Filtering and
Sanitization

Less Is More [146], Qwen [9], Package Hallucinations [113], CIDRe [26],
Infinite-Instruct [137], Quality In, Quality Out [45], SwallowCode [28],
Qwen2.5 [102], TeleChat [131], Seed-Coder [110], Data-Efficient
Fine-Tuning [81], DeepSeek-Coder [37], StarCoder 2 and The Stack v2 [78],
CodeSmellEval [122], Repetition In Repetition Out [60], Brevity Is the Soul of
Wit [111], DataComp-LM [61], RedStone [11], Code Llama [106], Codex [14],
Synthetic Data Generation [86], Cracks in The Stack [48], MG-Verilog [150],
Code Generation Survey [51], DataRecipe [55], AiXcoder-7B [52], Imperfect
Code Generation [66], Inter-Dataset Code Duplication [82], LLM-ProS [41]

LLM-Based Cleaning Qwen [9], Qwen2 [139], Qwen3 [138], Qwen2.5 [102], TeleChat [131], Kimi
K2 [117], Seed-Coder [110]

Lightweight ML-Based Filtering
Qwen [9], Phi-4 [2], TeleChat [131], Seed-Coder [110], Data-Efficient
Fine-Tuning [81], StarCoder 2 and The Stack v2 [78], DataComp-LM [61],
RedStone [11], AiXcoder-7B [52]

Manual Review and Curation Qwen [9], TeleChat [131], StarCoder 2 and The Stack v2 [78]

Data Balancing
Qwen [9], DataMan [96], Qwen3 [138], TeleChat [131], Code Pretraining [99],
Repetition In Repetition Out [60], Code Llama [106]

Data Enhancement

LLM-Based Enhancement Synthetic Data Generation [86], DataRecipe [55]

Rule- or Tool-Based Enhancement
RedStone [11], Synthetic Data Generation [86], Cracks in The Stack [48],
DataRecipe [55]

Data Augmentation

Expanding with High-Quality External
Data

CodeSmellEval [122], Code Llama [106], Code Generation Survey [51],
RustEvo2 [67]

Synthetic Data Generation

Qwen2 [139], Phi-4 [2], SwallowCode [28], Qwen3 [138], Qwen2.5 [102], Kimi
K2 [117], ReCode [135], CRPE [35], Repetition In Repetition Out [60],
Benchmark Builders [140], Code Llama [106], Synthetic Data Generation [86],
MG-Verilog [150], Code Generation Survey [51], UCD-Training [93],
APIKG4SYN [73], RustEvo2 [67]

Model-Level Mitigation

Fine-Tuning and Instruction
Alignment

Package Hallucinations [113], UCD-Training [93], ShortCoder [74]

Reward-Based Optimization
Large Language Models for Code [38], Codequal Analyzer [105], REAL [141],
ReCode [135], Synthetic Data Generation [86]

Regularization-Based Stabilization Repetition In Repetition Out [60]

Generation-Level Mitigation

Pre-Generation

Prompt Engineering

LLMs Meet Library Evolution [125], CodeSmellEval [122], CodeCipher [68],
Path Planning Evaluation [15], Synthetic Data Generation [86], Imperfect
Code Generation [66], Beyond Functional Correctness [127],
AllianceCoder [33], RobGen [65]

Retrieval-Augmented Generation Package Hallucinations [113], CloudAPIBench [49], AutoAPIEval [136],
AllianceCoder [33], Llm Hallucinations in Practical Code Generation [151]

Agent-Based Workflow Control CRPE [35]

In-Generation

Decoding-Time Intervention LLMs Meet Library Evolution [125], SStuBs [50], RPG [21], Imperfect Code
Generation [66], Adadec [39], RobGen [65]

Iterative Self-Reflection and
Multi-Round Refinement

Package Hallucinations [113], Refining ChatGPT-Generated Code [76],
CODEJUDGE [119], Synthetic Data Generation [86]

Post-Generation Automated Post-Processing
CodeSmellEval [122], Synthetic Data Generation [86], Imperfect Code
Generation [66], MultiCodeIF [25], Code Copycat Conundrum [72],
RobGen [65], COFFE [97]

Fig. 15. Taxonomy of generated code quality issue mitigation strategies with corresponding literature references.

these regularization strategies enhance output robustness and reduce randomness-induced quality degradation,
particularly in low-temperature beam search or constrained decoding environments.

Generation-level Mitigation. Generation-level mitigation refers to interventions during the code generation process
itself, encompassing pre-generation preparation, in-generation control, and post-generation refinement. This category
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represents the most flexible and operationally diverse segment of quality governance, enabling real-time adaptation
and feedback-guided correction [21].

• Pre-generation. Prompt engineering introduces structured prompts, explicit constraints, and chain-of-thought
exemplars to guide the model toward more accurate and readable outputs. Studies such as RobGen [65] and
CodeCipher [68] show that well-designed prompts significantly reduce hallucination and errors. Retrieval-
Augmented Generation (RAG) integrates external codebases or documentation retrieval prior to generation,
ensuring contextual grounding and factual consistency [113]. Examples like Package Hallucinations [113] and
CloudAPIBench [49] illustrate improvements in correctness and dependency management through retrieval-
enhanced decoding. Additionally, agent-based workflow control frameworks organize multi-step generation
workflowswhere specialized agents or sub-models handle each phase. Systems like CRPE [35] have demonstrated
robust performance across diverse benchmarks.

• In-generation. Decoding-time intervention imposes constraints or rescoring rules on beam search paths, lever-
aging heuristics like syntax conformity, entropy-based thresholds, or execution feedback. For example, adaptive
decoding and entropy-triggered reranking adjust token selection strategies based on uncertainty, thereby
balancing diversity and correctness [39]. Iterative self-reflection and multi-round refinement enable the model to
self-evaluate and correct partial outputs during generation. This paradigm, exemplified by CODEJUDGE [119],
involves running intermediate tests or analyses, then refining the generated code iteratively until it passes
evaluation criteria. Such methods substantially improve functional accuracy and logical coherence, approaching
human-like iterative debugging.

• Post-generation. Automated post-processing techniques apply static or dynamic analyzers (e.g., SonarQube,
PyLint) to automatically repair or reformat generated code [122]. Rule-based fixers or AST-level repair modules
can resolve syntax errors, redundant expressions, or style inconsistencies [66, 89, 122]. In addition, tool-based
verification frameworks execute generated programs in sandboxes or test harnesses to automatically prune
incorrect or unsafe samples [122]. Recent studies also combine post-generation filtering with fine-grained
ranking to select themost plausible completions among candidate outputs [119]. The synergy between automated
repair and human verification (e.g., manual patch validation or code review integration) further strengthens
reliability [89].

4.5.2 Training Data Quality Issue Mitigation. Training data quality issue mitigation encompasses a broad range of
strategies aimed at improving, repairing, or rebalancing datasets to ensure the reliability, representativeness, and ethical
integrity of LLM training and fine-tuning data. These methods span from cleaning and filtering to data enhancement
and augmentation. The reviewed studies reveal four dominant categories of mitigation strategies: data cleaning and
filtering, data balancing, data enhancement, and data augmentation (Figure 16). Collectively, they represent an
evolving ecosystem of dataset governance that integrates automation, semantic reasoning, and human oversight.

Data Cleaning and Filtering. Data cleaning and filtering aim to remove noise, duplication, and harmful or invalid
code samples prior to model training. These are among the most widely adopted dataset governance techniques in both
academic and industrial LLM pipelines.

• Execution-feedback-based Filtering. This approach removes invalid or low-quality samples based on
compilation or runtime results. Studies such as TeleChat and Seed-Coder [110, 131] execute code snippets to
eliminate non-compiling or functionally incorrect examples. Execution logs and test feedback provide a direct

Manuscript submitted to ACM



1873

1874

1875

1876

1877

1878

1879

1880

1881

1882

1883

1884

1885

1886

1887

1888

1889

1890

1891

1892

1893

1894

1895

1896

1897

1898

1899

1900

1901

1902

1903

1904

1905

1906

1907

1908

1909

1910

1911

1912

1913

1914

1915

1916

1917

1918

1919

1920

1921

1922

1923

1924

Bridging Generation and Training: A Systematic Review of Quality Issues in LLMs for Code 37

Training DataQuality Issue
Mitigation Strategies

Data Cleaning and Filtering

Execution-Feedback-Based
Filtering Qwen2 [139], TeleChat [131], Kimi K2 [117], Seed-Coder [110]

Rule- or Tool-Based Filtering and
Sanitization

Less Is More [146], Qwen [9], Package Hallucinations [113], CIDRe [26],
Infinite-Instruct [137], Quality In, Quality Out [45], SwallowCode [28],
Qwen2.5 [102], TeleChat [131], Seed-Coder [110], Data-Efficient
Fine-Tuning [81], DeepSeek-Coder [37], StarCoder 2 and The Stack v2 [78],
CodeSmellEval [122], Repetition In Repetition Out [60], Brevity Is the Soul of
Wit [111], DataComp-LM [61], RedStone [11], Code Llama [106], Codex [14],
Synthetic Data Generation [86], Cracks in The Stack [48], MG-Verilog [150],
Code Generation Survey [51], DataRecipe [55], AiXcoder-7B [52], Imperfect
Code Generation [66], Inter-Dataset Code Duplication [82], LLM-ProS [41]

LLM-Based Cleaning Qwen [9], Qwen2 [139], Qwen3 [138], Qwen2.5 [102], TeleChat [131], Kimi
K2 [117], Seed-Coder [110]

Lightweight ML-Based Filtering
Qwen [9], Phi-4 [2], TeleChat [131], Seed-Coder [110], Data-Efficient
Fine-Tuning [81], StarCoder 2 and The Stack v2 [78], DataComp-LM [61],
RedStone [11], AiXcoder-7B [52]

Manual Review and Curation Qwen [9], TeleChat [131], StarCoder 2 and The Stack v2 [78]

Data Balancing
Qwen [9], DataMan [96], Qwen3 [138], TeleChat [131], Code Pretraining [99],
Repetition In Repetition Out [60], Code Llama [106]

Data Enhancement

LLM-Based Enhancement Synthetic Data Generation [86], DataRecipe [55]

Rule- or Tool-Based Enhancement
RedStone [11], Synthetic Data Generation [86], Cracks in The Stack [48],
DataRecipe [55]

Data Augmentation

Expanding with High-Quality
External Data

CodeSmellEval [122], Code Llama [106], Code Generation Survey [51],
RustEvo2 [67]

Synthetic Data Generation

Qwen2 [139], Phi-4 [2], SwallowCode [28], Qwen3 [138], Qwen2.5 [102], Kimi
K2 [117], ReCode [135], CRPE [35], Repetition In Repetition Out [60],
Benchmark Builders [140], Code Llama [106], Synthetic Data Generation [86],
MG-Verilog [150], Code Generation Survey [51], UCD-Training [93],
APIKG4SYN [73], RustEvo2 [67]

Fig. 16. Taxonomy of training data quality issue mitigation strategies with corresponding literature references.

signal of semantic validity, ensuring that only runnable and logically sound code remains in the dataset [117].
Some frameworks further use automated test harnesses or fuzzing to filter edge cases and unstable code [110].

• Rule- or Tool-based Filtering and Sanitization. Static analysis tools such as Semgrep, SonarQube, and Bandit
are frequently used to detect vulnerabilities, unsafe imports, or license violations [52]. Rule-based sanitization
frameworks like DataLint and CodeAudit define heuristics for deduplication, code smell removal, and comment
normalization. These systems systematically eliminate low-quality patterns such as incomplete functions, empty
try-catch blocks, and deprecated APIs, improving both syntactic and structural integrity.

• LLM-based Cleaning. Emerging studies leverage LLMs to clean datasets at the semantic level, reformatting,
repairing, or rewriting code samples to fix indentation, correct minor logic errors, or standardize naming
conventions [9, 138]. Qwen3 and Kimi K2 [61] employ prompt-based code correction and documentation
completion, improving readability and maintainability. Unlike rule-based filters, these approaches capture
contextual nuances and language semantics, effectively bridging the gap between structural and semantic
cleansing.

• Lightweight ML-based Filtering. Lightweight classifiers are employed for scalable noise detection based on
features like token entropy, line length, and AST complexity [11, 61, 110]. Systems such as MetaFilter use small
models to pre-screen massive datasets before expensive LLM-based filtering, enabling efficient tiered cleaning
pipelines.

Manuscript submitted to ACM



1925

1926

1927

1928

1929

1930

1931

1932

1933

1934

1935

1936

1937

1938

1939

1940

1941

1942

1943

1944

1945

1946

1947

1948

1949

1950

1951

1952

1953

1954

1955

1956

1957

1958

1959

1960

1961

1962

1963

1964

1965

1966

1967

1968

1969

1970

1971

1972

1973

1974

1975

1976

38 K. He, X. Zhang, P. Cai, M. Liu, Y. Wang, C. Wang, K. Huang, B. Chen, X. Peng, and Z. Zheng

• Manual Review and Curation. Despite increasing automation, human validation remains indispensable for
high-stakes or ambiguous cases, such as security-related or licensed code. Manual review has been incorporated
in datasets like The Stack v2, CodeSearchNet-Filtered, and HumanEvalFix [78], where experts confirm compliance,
repair dataset labels, and remove contaminated benchmarks.

Data Balancing. Data balancing mitigates biases and imbalances across programming languages, difficulty levels,
or problem domains, ensuring model generalization and equitable performance. Studies such as Qwen3 [138] adjust
sampling weights to harmonize language representation, such as Python, C++, and Java, while CodeLlama [106] employs
difficulty-based stratification to equalize sample complexity. Other works rebalance function categories (e.g., data
structures vs. algorithms) to prevent overrepresentation biases. Balancing at the corpus level has also been shown to
improve fairness and robustness by reducing memorization of dominant distributions [9, 60, 96, 99, 106, 131, 138].

Data Enhancement. Data enhancement focuses on improving the semantic richness, structure, or clarity of existing
code samples rather than discarding them.

• LLM-based Enhancement. LLMs can refine or rewrite low-quality code to conform to consistent style and
design principles. Studies such asDataRecipe [55] use prompt-based refinement to correct syntax inconsistencies,
improve variable naming, and insert docstrings. This paradigm not only cleans but also enriches data with
human-like explanations, thereby enhancing both readability and training value.

• Rule- or Tool-based Enhancement. Tool-based enhancement frameworks apply static analyzers and format-
ters like Black and ClangFormat to standardize formatting and enforce coding style rules [11, 48, 55, 86]. Some
studies also integrate refactoring tools that automatically modularize code or replace deprecated APIs [48].
These methods ensure structural consistency and promote model exposure to modern software engineering
practices.

Data Augmentation. Data augmentation expands datasets with additional high-quality samples to increase coverage
and diversity.

• Synthetic Data Generation. Synthetic code data can be generated using both rule-/tool-based and LLM-based
approaches. Rule-based synthesis methods including template-based code generation and mutation operators
augment datasets by systematically varying input parameters, function names, or control structures [106].
Examples include Qwen2.5 [102] and Code Llama [106], which generate semantically equivalent variants to
improve model robustness. LLM-based synthesis has become the dominant paradigm, where models such as
textitStarCoder and CodeLlama are prompted to produce new code conditioned on problem descriptions or I/O
examples [78, 106]. This strategy enables scalable creation of diverse yet high-quality samples, often filtered
through executability and semantic constraints [102, 135].

• Expanding with High-quality External Data. Augmentation can also occur through the inclusion of curated
external datasets from reputable open-source repositories [51, 106, 122]. For example, Code Llama [106] and
Stack V2 [78] integrate filtered GitHub data. Cross-domain augmentation, which combines algorithmic tasks,
documentation, and conversational code explanations, further enhances representational richness.

Summary and Insights.
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Quality assurance for LLM-based code generation is transitioning from isolated, stage-specific
interventions toward continuous, data-model feedback loops. Current literature demonstrates that treating
data curation, model alignment, and inference constraints as disjoint processes is suboptimal. Traditional heuristic
filtering is increasingly augmented by execution-aware verification and LLM-driven semantic cleaning. By
integrating runtime signals and introspectivemechanisms, such as iterative self-reflection and retrieval-augmented
generation, mitigation pipelines can dynamically refine both training distributions and generated artifacts. This
evolution underscores that reliable code generation requires the deep interdependence of dataset integrity and
continuous model optimization, rather than relying solely on post-hoc decoding fixes.

Although automated data augmentation and self-reflective repair mechanisms increasingly enable
models to operate as autonomous agents, human oversight remains a strict boundary condition for
high-stakes software engineering tasks. Recent studies highlight a clear trajectory toward automated pipelines
capable of synthesizing high-quality training variants and correcting structural faults on the fly. However, purely
algorithmic quality assurance struggles with semantic ambiguity, legal constraints, and complex security contexts.
Consequently, human-in-the-loop validation is consistently required for critical evaluations, including security
vulnerability triage, license compliance verification, and bias mitigation. This persistent necessity indicates that
future governance frameworks must structurally balance scalable, automated refinement with targeted expert
verification.

5 Discussion

This section discusses the broader implications of the findings beyond the descriptive synthesis in Section 4. We first
distill several cross-cutting insights that connect generated code quality issues with training data quality issues. We
then summarize the main open challenges that continue to limit reliable quality governance in current research. Based
on these observations, we outline a roadmap for data-centric quality governance and further position this perspective
within the broader LLM engineering ecosystem.

5.1 Cross-Cutting Insights on Code and DataQuality

Misattribution of Generated Code Quality Issues. The software engineering community frequently attributes
generated code quality issues to limitations in model reasoning. However, our synthesis demonstrates that these
generated code quality issues largely manifest as downstream symptoms of training data quality issues. Because LLMs
accurately reflect the distribution of their training corpora, structural vulnerabilities and obsolete coding patterns in
generated outputs are direct consequences of inadequately curated training data.

The Insufficiency of Correctness-Centric Evaluation. Evaluating generated code exclusively through functional
correctness misrepresents its viability in real-world deployment. Attributes critical to software sustainability, such as
maintainability, security, and understandability, remain systematically marginalized in prevailing training paradigms
and evaluation benchmarks. Consequently, models frequently generate code that passes execution tests yet introduces
architectural smells or known vulnerabilities. This discrepancy underscores a fundamental misalignment between
statistical optimization targets and established software engineering principles.

The Persistent Trade-off in Data Distribution. Real-world code corpora are disproportionately skewed toward
mainstream languages and boilerplate algorithmic tasks. Allocating extensive training bandwidth to these dominant
domains maximizes performance on standard benchmarks, but inevitably compromises model capability in specialized,
low-resource languages or complex repository-level scenarios. Balancing this distribution without sacrificing core
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capabilities requires sophisticated data curation strategies, indicating that merely scaling dataset volume cannot resolve
inherent representational biases.

5.2 Open Challenges in Current Research

Pervasive Benchmark Contamination. The widespread issue of evaluation leakage undermines the integrity of
quality assurance efforts. Traditional static datasets are increasingly, albeit inadvertently, included in pre-training
corpora, artificially inflating performance metrics and rendering comparative analyses unreliable. When models
memorize ground-truth solutions rather than internalizing programming logic, establishing their true generalization
capability becomes highly problematic.

Data Opacity and Temporal Drift. Evaluation contamination is exacerbated by a lack of transparency in training
data provenance. State-of-the-art models are frequently trained on proprietary or partially disclosed datasets, precluding
independent verification. Even within open-source data, the rapid evolution of software ecosystems introduces temporal
drift via deprecated APIs and patched vulnerabilities. When a model generates outdated or insecure code, researchers
lack robust data-lineage frameworks to trace the output back to specific obsolete repositories, rendering targeted
remediation exceedingly difficult.

Absence of Causal Attribution. Causal inference between training data quality and generated code quality
remains underexplored. While empirical studies consistently highlight strong correlations, the community lacks formal
causal attribution methods to pinpoint how specific training data quality issues induce corresponding generated code
quality issues. Without causal grounding, mitigation techniques rely on heuristic trial-and-error rather than principled
interventions.

5.3 A Roadmap for Data-CentricQuality Governance

To transition from reactive debugging to proactive governance, future research must operationalize data-centric
principles across themodel lifecycle. The traditional separation among data curation, model training, and post-generation
repair is demonstrably unsustainable. We outline three actionable research avenues:

Data Provenance and Targeted Unlearning. Future architectures must integrate explicit data provenance tracking
to facilitate closed-loop debugging. By developing efficient unlearning mechanisms and influence functions tailored for
source code, researchers can attribute specific generated code quality issues directly to training data quality issues. This
capability enables continuous, targeted dataset sanitization without the computational burden of full model retraining.

Dynamic, Contamination-Resistant Benchmarks. The reliance on static execution benchmarks must pivot
toward dynamic evaluation frameworks. Research should focus on constructing continuously updating benchmarks
that extract recent, unmemorized issues directly from active repositories. These frameworks must holistically integrate
static analysis tools to assess cyclomatic complexity and security, ensuring that generated code is both functionally and
structurally sound.

Aligning Models with Software Engineering Standards.Model alignment techniques must evolve to incorporate
objective software engineering constraints. Rather than relying solely on human preference or basic test execution,
reward functions should synthesize signals from diverse sources, including static analyzers, resource efficiency profilers,
and dependency resolution tools. Embedding precise engineering metrics directly into the optimization process compels
models to internalize high-level architectural standards, ultimately yielding code that is intrinsically reliable and
maintainable.
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5.4 Positioning Data-Centric Governance in the Evolving LLM Engineering Ecosystem

Recent LLM deployment trends increasingly emphasize harness engineering, where models are embedded into external
frameworks such as retrieval pipelines, tool-augmented workflows, and multi-agent systems. This trend changes how
code-generation quality is managed in practice, but it does not weaken the relevance of a data-centric perspective.

Harness-level engineering mainly mitigates failures at deployment time. For example, retrieval can supplement
missing or outdated knowledge in a specific context, and external validators can intercept insecure or non-executable
outputs before use. However, such interventions do not remove the underlying causes discussed in this review. If
training corpora contain insecure coding idioms, obsolete APIs, or distorted distributions, these issues remain part of
the model’s learned behavior and may still surface in scenarios not explicitly covered by the harness. In this sense,
harness engineering should be viewed as a layer of compensation and control, rather than a substitute for improving
the quality of the training data itself.

A related trend is that some capabilities previously handled by external agents, such as tool use, iterative debugging,
and multi-step planning, are increasingly being internalized into the model through pretraining or post-training
alignment. This development further strengthens, rather than reduces, the importance of data-centric governance. Once
such behaviors are absorbed into model parameters, their reliability becomes more directly tied to the quality of the
underlying training examples. As the boundary between model internals and external orchestration becomes less clear,
improving training data quality remains essential for building reliable code-generation systems, even when strong
engineering frameworks are available.

6 Threats to Validity

Internal Validity. Despite a rigorous multi-database search and forward–backward snowballing, the coverage of
relevant studies may be incomplete due to indexing delays or preprints evolving after initial publication. Keyword-
based retrieval is inherently sensitive to terminology; the diverse phrasing across software engineering and artificial
intelligence communities means some relevant works might evade our search expressions. During data extraction,
categorizing complex or hybrid methods involves subjective interpretation. To mitigate this bias, three independent
reviewers cross-validated the coding process, resolving discrepancies through consensus meetings.

Construct Validity. The concepts of code and dataset quality are multifaceted and lack universally standardized
definitions. While our taxonomy synthesizes existing software quality frameworks and recent literature, this abstraction
may oversimplify nuanced dimensions like semantic alignment or safety constraints. Furthermore, evaluating primary
studies using our 16-point quantitative matrix (Section 3) relies on the transparency of the original publications; sparse
methodological reporting in certain papers may introduce scoring inconsistencies. As the field rapidly evolves, emerging
quality attributes may transcend the constructs formalized in this review.

External Validity. Generalizing our findings to the broader code generation landscape presents specific boundaries.
The 114 analyzed studies predominantly focus on English-language corpora, mainstream programming languages, and
open-source datasets. Therefore, our synthesis may not fully capture the quality dynamics of multilingual settings,
low-resource languages, or proprietary enterprise codebases. Additionally, the observed mappings between training
data quality issues and generated code quality issues are tied to current LLM architectures and training regimes; future
models with distinct inductive biases or data curation pipelines may exhibit different behaviors.

Conclusion Validity. The heterogeneity of experimental designs across primary studies precludes a formal meta-
analysis; thus, our derived mappings and categorical trends are qualitative syntheses rather than precise measurements
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of effect size. Furthermore, publication bias likely skews the distribution of evaluated techniques: studies reporting
successful mitigations or novel frameworks are published more frequently than neutral or negative results. This
asymmetry may lead to an overestimation of the maturity of current quality-assurance methods. Consequently, our
findings characterize the current research landscape and highlight empirical correlations, rather than establishing
definitive causal claims.

7 Conclusion

This systematic review of 114 primary studies establishes a unified taxonomy categorizing generated code quality issues
and their corresponding data-level origins. By synthesizing the causal mappings between these two dimensions, this
study highlights a fundamental mechanism: generation failures—such as structural vulnerabilities, obsolete APIs, and
logic defects—are rarely isolated model reasoning deficits. Instead, they are direct manifestations of upstream data-level
technical debt, propagating through dataset noise, benchmark contamination, and representational bias.

Currently, quality assurance in LLM code generation remains methodologically fragmented, heavily relying on
reactive, post-generation filtering. The overarching implication of this review is the necessity for a paradigm shift
toward proactive, data-centric governance. To achieve sustainable reliability in LLM-generated software, the community
should transition from disjointed, stage-specific mitigations to end-to-end quality pipelines. This evolution entails
establishing bidirectional traceability between generation artifacts and training corpora, deploying dynamic evaluation
frameworks, and integrating objective software engineering constraints directly into model optimization. By bridging
the gap between statistical data curation and rigorous software standards, this review lays the empirical foundation for
building trustworthy, maintainable LLM-based development tools.
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