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Abstract
Software logs serve as valuable resources for understanding system
running and are extensively used in diverse software maintenance
tasks. As software systems get more complex and log data grows, a
good log dataset is fundamental for developing automated log anal-
ysis tools. However, current log datasets are limited in three aspects,
i.e., narrow in scope, lacking context information, and outdated.
To bridge this gap, in this paper, we aim to extract software logs
from online resources (e.g., JIRA issue reports, GitHub repositories,
and Stack Overflow discussions), which concern various types of
software systems and provide context for logs, such as observed
behaviors and expected behaviors. This work introduces WoL, a
dataset comprising real-world logs along with their contextual in-
formation. WoL currently contains over 2.5 million log messages
or logging statements from diverse online resources and is publicly
available to facilitate reproducible research. WoL can be used for
various log-related tasks, including understanding logging intent
and quality, anomaly detection, and linking logs with software arti-
facts for contextual analysis. WoL is publicly available on Zenodo
and will be continuously updated. Furthermore, based on WoL, we
develop a search engine, LogSearch, to support user queries.
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• Software and its engineering→ Software creation and man-
agement;
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1 Introduction
Software logs are fundamental artifacts for understanding system
runtime behavior. Specifically, logs are widely used in software
maintenance, including debugging [7, 30, 31], anomaly detection [8,
10, 13], failure diagnosis [5, 15, 33], performance diagnosis and
improvement [4, 24, 25]. As software systems grow in complexity
and scale, the volume of log data has expanded dramatically, driving
the development of automated log analysis tools [12]. High-quality
log datasets serve as the foundation for training and evaluating
these tools, yet their availability and comprehensiveness remain
significant challenges [21].

Current real-world log datasets are limited in three aspects. First,
most datasets are narrow in scope, which poses a challenge to
the generalization of tools developed based on them. For exam-
ple, Failure Dataset1 [6] only contains error logs from OpenStack2,
and Computer Failure Data Repository (CFDR)3 primarily focuses
on component failure logs. This limited scope hinders the gen-
eralizability of tools developed using these datasets [34]. Second,
existing datasets usually lack contextual information. For ex-
ample, LogHub4 [34], the most widely used dataset, offers large
volumes of raw logs collected from both production data and lab en-
vironments. However, only six project datasets in LogHub include
basic labels (e.g., normal/abnormal), and these labels are incomplete
[27]. This absence of contextual richness, such as the circumstances
under which logs were generated, associated developer discussions,
and the rationale behind logging decisions, limits deep analysis
and practical applicability [2]. Third, many datasets are outdated.
For instance, the Blue Gene/L (BGL) and Thunderbird datasets in
LogHub, collected between 2004 and 2006, are still being used for
anomaly detection research [19, 20, 22]. These outdated datasets
limit their effectiveness for more recent systems, which have grown
significantly larger in scale and more complex in structure.

Recent advances in natural language processing (NLP) and large
language models (LLMs) have demonstrated significant potential
for log analysis tasks [23, 29]. However, the lack of large-scale, di-
verse, and contextually rich log datasets constrains the development
of these advanced techniques. To bridge this gap and mitigate limi-
tations of existing datasets, we extract software logs from online
developer communications, including JIRA issue reports, GitHub
discussions, Stack Overflow posts, and broader web content, as a

1https://figshare.com/articles/Failure_dataset/7732268/2
2https://www.openstack.org/
3https://www.usenix.org/cfdr
4https://github.com/logpai/loghub/
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rich, diverse, and continuously updated source of real-world logs.
These sources naturally embed logs within discussions about trou-
bleshooting and system behaviors, providing both log content and
valuable context about their practical usage.

We present World of Logs (WoL), a dataset comprising over 2.5
million software logs from 6.3 million web pages, along with rich
metadata (project names, timestamps, severity levels, discussions,
URLs). To extract logs from unstructured text at scale, we develop
a three-stage pipeline using fine-tuned language models. Our ap-
proach achieves an end-to-end F1-score of 0.70 for complete log
extraction, balancing precision and recall across highly imbalanced
data. Furthermore, we present LogSearch, a specialized log search
engine built on WoL that currently indexes 542,749 log messages
and logging statements, enabling developers to search, filter, and
explore logs with their full contextual information. To the best
of our knowledge, LogSearch is the first search engine specifi-
cally designed to support software log research. Developers can
use LogSearch to find particular logs for diverse goals (e.g., trou-
bleshooting, improving logging), thereby helping them to develop
and maintain code.

The contributions of this paper are twofold: First, we published
a continuously updated dataset, WoL5, providing software logs
extracted from diverse online resources and their contextual infor-
mation to facilitate log analysis. Second, we present a log search
engine, LogSearch6, built on WoL to help developers search par-
ticular logs. WoL and LogSearch are updated approximately every
four months, relying mainly on automated inference pipelines with
lightweight manual curation during release.

2 Dataset Construction
In this section, we present how the dataset was generated, including
its data sources and the techniques we used for data consolidation.

2.1 Data Source
We endeavor to collect log data as comprehensively as possible
from diverse sources across the web. Thus, we integrate widely
used data sources in the software engineering domain (i.e., JIRA,
SO, and GitHub) to maintain focus and extend our coverage to the
broader web.

2.1.1 JIRA. JIRA is a project management and issue-tracking tool
that enables developers to record detailed information, including
logs and contextual data, to track bugs, manage workflows, and
improve collaboration across the software development lifecycle.
We use the latest data dump (Version v7 2025-06-23)7 provided by
Montgomery et al. [26].

2.1.2 GitHub. GitHub is the largest collaborative platform for soft-
ware development, offering diverse features that allow developers
to record and share rich historical information. To center on the
extraction of logs and their contextual information rather than
code itself, we only involve artifacts such as commit messages, pull
requests, and issue discussions in GitHub, which capture diverse
development activities and interactions. Although GHTorrent is

5https://zenodo.org/records/17569722
6https://search.logsearches.org
7https://zenodo.org/records/15719919

the most complete GitHub dump [17, 18], it lacks issue descriptions
and comments. We thus rely on GitHub Archive, from which the
BigCode project8 has already extracted issue and pull request data
that we adopt directly.

2.1.3 Stack Overflow. SO is the largest question-and-answer (Q&A)
platform for programming, where developers share and discuss
technical problems, solutions, and best practices. In our work, we
rely on the official SO data dump (downloaded on July 22, 2025)9,
which provides access to posts (questions and answers), comments,
and associated metadata.

2.1.4 Common Crawl. CC is a non-profit organization that pro-
vides large-scale, openly available web crawl data for research and
innovation. Its regularly updated corpus, containing petabytes of
web pages and metadata, is widely used in fields such as NLP [11]
and security [1, 28]. For log analysis research, CC offers an oppor-
tunity to extend data collection beyond domain-specific platforms
and capture real-world, diverse, and continuously evolving web
contexts. In our work, we start with the most recent dump (CC-
MAIN-2025-43)10, considering only webpages written in English.

2.2 Log Extraction
To center on the extraction of logs and their contextual information
rather than code itself, we extract logs from developer commu-
nication corpus, i.e., JIRA issue descriptions and comments, SO
Q&A pairs, and GitHub discussions. We build a three-stage pipeline
model for log extraction.

2.2.1 Three-Stage Pipeline Model. A pipeline design is adopted
instead of an end-to-end approach to effectively handle extreme
data imbalance and enable specialization at different text granulari-
ties. To mitigate error propagation between stages, we retain the
largest uncertainty score (1 - maximum class probability) for each
sample to support inspection and selective filtering. We suggest
that samples with uncertainty above 0.05 should be treated with
caution.

➀ Document-Level Classification. A document-level binary
classifier (based on Qwen3-Embedding-0.6B11 [32]) is first applied to
filter out documents that are unlikely to contain logs. Since the
proportion of documents containing logs is relatively small, this
stage serves as a crucial filtering step to remove irrelevant text and
reduce downstream noise.

➁ Chunk-Level Classification. Documents predicted to con-
tain logs are then segmented into chunks of ten lineswith an overlap
of three preceding lines to preserve contextual continuity. A chunk-
level three-class classifier (also based on Qwen3-Embedding-0.6B) is
subsequently applied to distinguish among three types of text seg-
ments: (a) non-log, (b) partially log, and (c) fully log — the last
category commonly appears when developers paste entire blocks
of logs. This stage enables the system to focus on finer-grained re-
gions likely to contain log content while discarding purely natural-
language chunks.

8https://huggingface.co/datasets/bigcode/the-stack-github-issues
9https://stackoverflow.com/help/data-dumps
10https://data.commoncrawl.org/crawl-data/CC-MAIN-2025-43/index.html
11https://huggingface.co/Qwen/Qwen3-Embedding-0.6B
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➂ Token-Level Classification.To perform token-level log clas-
sification, we first split each issue report into different word tokens
based on whitespace. This helps us retain special pattern tokens
in logs, such as date (e.g., “2013-01-29”), time (e.g., “17:37:41,357”),
and module name (e.g., “webproxy.WebAppProxy”). Then, a token-
level binary classifier (based on CodeBERT12 [9]) is used to precisely
extract log tokens embedded within natural-language text.

Post-Processing. Lastly, post-processing is applied to reassem-
ble the previously divided chunks into complete documents, i.e.,
restoring them to their original form, and then extracting complete
log blocks from the reports.
Table 1: Summary of three datasets involved in training.

Dataset # Train # Val # Test # Total Docs

InitialDataset 487 52 (Storm) 52 (AMQ) 591
MisPredDataset 284 53 (Storm) 76 (AMQ) 413
UncertDataset 907 113 (Mix) 114 (Mix) 1,134

2.2.2 Datasets and Annotation. Our training process involves three
datasets, as summarized in Table 1. The development of these
datasets is described in Section 2.2.3.

We manually annotate logs in each document, adding <log> and
</log> tags around the logs. The first author first familiarized herself
with the log content in the initial 591 issue reports and conducted
the annotations. During this process, uncertain cases were discussed
with the other authors to reach a consensus. Instances that remained
ambiguous after discussion (e.g., thread information or command
outputs) were left unannotated. We fine-tuned the base models
using the manually annotated samples.

2.2.3 Training and Evaluation. Weadopted a progressive fine-tuning
framework consisting of iterative annotation and refinement cycles.
We first located all 591 JIRA issue reports containing logs from
an existing large JIRA issue dataset [3] and manually annotated
their log content to fine-tune the base models. We then applied
the fine-tuned models to 2,798 issue reports sampled from all eight
projects in dataset [3] at a 95% confidence level, ensuring that the
sample accurately reflects the overall distribution of issue reports.
This process enabled us to retrieve more log-containing documents,
which are relatively rare. From the model predictions, we manu-
ally annotated all positive predictions and a 95% confidence-level
subset of predicted negatives. The misclassified samples from this
stage, together with all data from the first step, were used for fur-
ther fine-tuning. The updated models were subsequently applied to
all JIRA Apache issues created in 2025, and cases with prediction
uncertainty above 0.01 were manually annotated. Finally, we fine-
tuned the base models using the union of initial data, mispredicted
samples, and high-uncertainty cases.

For each embedding model, an independent classification head
was added and trained during fine-tuning. Each classifier was opti-
mized independently using the cross-entropy loss function. Low-
Rank Adaptation (LORA) [14] based fine-tuning was applied to
Qwen3-Embedding-0.6B and full fine-tuning to CodeBERT.

We evaluated the model at each classification stage using preci-
sion, recall, and F1-score, and further reported the overall extrac-
tion performance across the pipeline. For the end-to-end evaluation,
only completely extracted log messages were counted as true
12https://huggingface.co/microsoft/codebert-base

Table 2: Evaluation results of the final models

Classifier Class Precision Recall F1-Score Accuracy

Doc-Level No 0.96 0.93 0.94 0.97
Log 0.98 0.99 0.98 0.97

Chunk-Level
No 0.94 0.95 0.94 0.94
Part 0.91 0.91 0.91 0.94
All 0.95 0.95 0.95 0.94

Token-Level No 0.95 0.97 0.96 0.97
Log 0.98 0.96 0.97 0.97

Overall Log 0.73 0.66 0.70 -

positives to compute precision, recall, and F1-score. The evaluation
results are shown in Table 2.

3 Dataset Overview
TheWoL dataset is stored as aMongoDB dump, comprising 2,585,830
log messages and logging statements collected from the web by
November 10, 2025. We have extracted software logs from 2,686,223
JIRA issues, 799,968 GitHub comments (i.e., issues and pull requests),
and 2,759,000 SO questions, and are continuously updating our
dataset. Table 3 reports the number of webpages containing logs
and the total number of webpages inferred. SO has the highest
ratio of containing logs (0.21), while CC has the lowest ratio (0.01).
Table 4 presents different log types across different data sources.

Table 3: Distribution of webpages containing logs across data
sources (Data updated to Nov 05, 2025).

Sources # Webpages with logs # Webpages inferred Ratio

JIRA 360,778 2,686,223 0.1426
GitHub 114,679 799,968 0.1434
SO 585,304 2,759,000 0.2121
CC 773 51,900 0.0149

Total 1,061,534 6,297,091 -

Table 4: Distribution of log types across data sources (Logging
represents logging statements).

Source # Build logs # Logging # Exception # Runtime logs # Test logs # Other

JIRA 68,685 11,091 281,508 963,228 71,922 194,697
GitHub 26,099 9,121 47,952 149,061 8,950 78,482
SO 52,734 319,452 165,347 496,204 19,109 241,716
CC 104 25 121 650 13 756

Total 147,622 339,689 494,928 1,609,143 99,994 515,651

Table 5 presents the representative fields in WoL. JIRA, GitHub,
and SO offer common fields: unique_url, description, created,
updated, log_msgs, and pred_uncertainty. JIRA additionally pro-
vides project, components, issuetype, priority, etc. GitHub
provides type, repo, comment_count, and comments. SO provides
score, tags, answers, answer_count, and is_accepted. Due to
the high diversity of webpages collected from CC, the only repre-
sentative metadata we can reliably provide is unique_url.

4 Data Application
WoL can be used for a variety of software log-related tasks because
of its richness of information as well as its large-scale size.

Understanding logging intent and quality.WoL provides rich
contextual information for logs, including developer discussion text

https://huggingface.co/microsoft/codebert-base
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Table 5: Representative fields in WoL.

Fields Descriptions Data Sources
JIRA GitHub SO CC

unique_url Unique URL of the data source ✓ ✓ ✓ ✓
description Main textual content, e.g., issue descriptions, question bodies ✓ ✓ ✓ ✓
created Original creation timestamp shown on the webpage ✓ ✓ ✓
updated Last updated timestamp displayed on the webpage ✓ ✓ ✓
closed Closing timestamp displayed on the webpage ✓
project Name of the associated project ✓
components Name of the component within the project ✓
issuetype Type of the issue, e.g., Bug, Improvement ✓
priority Reported priority level of the issue ✓
environment Runtime or deployment environment information ✓
watchCount Number of watchers subscribed to the issue ✓
comments Array of associated comments ✓ ✓
type Record type (Issue or Pull Request) ✓
repo Repository name ✓
comment_count Total number of comments ✓
score Net vote count, i.e., upvotes - downvotes ✓
tags Tags assigned by reporters ✓
answers Array of answers associated with the question ✓
answer_count Total number of answers ✓
is_accepted Indicates whether the answer is accepted ✓
log_msgs Array of extracted log messages ✓ ✓ ✓ ✓
pred_uncertainty Uncertainty score of model predictions in log extraction ✓ ✓ ✓ ✓

(covering topics such as troubleshooting, feature requests, and log-
ging improvements) and metadata (e.g., issue type, timestamp, and
target component). These structured and unstructured data enable
a deep exploration of how and why developers create and modify
logging statements. By leveraging advanced NLP techniques (e.g.,
contextual embeddings, intent classification, and temporal analy-
sis), researchers can uncover the intent behind different logging
practices, distinguishing between logs written for debugging, main-
tenance, or auditing. Moreover, researchers can trace the evolution
of log statements over time , revealing how developers adjust ver-
bosity levels, parameter usage, or message phrasing to improve
clarity and maintainability. Through this process, researchers can
identify recurring patterns that correlate with high-quality logging,
such as consistent use of error levels, informative variable naming,
and alignment with issue type or component context. Ultimately,
this analysis helps formalize best practices for log design, enabling
automated suggestions and quality assessment tools that enhance
consistency and reduce technical debt in software projects.

Supporting anomaly detection and root cause analysis.
Logs serve as the primary evidence of system behavior in increas-
ingly large and complex software, and their contextual information
is crucial for accurate anomaly detection and diagnosis. By integrat-
ing log content with related developer discussions, stack traces, and
tool reports, WoL pairs raw system outputs with human interpreta-
tion. This integration not only improves the precision of anomaly
detection models but also allows researchers to capture semantic
cues about potential causes. For example, whether an exception
results from configuration errors, dependency updates, or concur-
rency issues. Moreover, aligning logs with developer discussions
provides insights into how anomalies are perceived and resolved,
allowing researchers to study the human-in-the-loop dimension of
software maintenance. Such cross-linked analysis helps move from
merely detecting anomalies to diagnosing their underlying causes
and enhancing system reliability.

Linking logs with software artifacts for contextual analy-
sis. WoL enables the integration of logs with other development
artifacts to support contextual analysis across the software lifecycle.
The occurrence of logs within developer communications offers
valuable contextual links, e.g., connecting log snippets with issue

metadata (e.g., project, component, and timestamp) and textual cues
from developer comments. Leveraging techniques such as graph
and semantic embedding, logs can be automatically matched to
semantically related artifacts even across heterogeneous sources.
Such linkage transforms scattered log mentions into a connected
graph of software evolution evidence, enabling researchers to study
the relationships between logging practices, problem resolution,
and knowledge sharing throughout the development process.

5 Related Work
Several open-source log datasets have been released to support
research on system monitoring and failure analysis. To the best of
our knowledge, Loghub [16, 34] provides the most comprehensive
public log collections, including both production data made avail-
able from prior studies and logs generated in controlled laboratory
settings. In another study13 [6], error logs were collected by delib-
erately injecting failures into the OpenStack cloud management
system. The Computer Failure Data Repository (CFDR)14 focuses
primarily on component-level failure logs from a wide range of
large-scale production systems. Beyond system and failure logs,
other log repositories target more domain-specific purposes. For
example, SecRepo15 curates datasets related to security incidents,
including malware traces and system logs. Similarly, EDGAR16 con-
tains Apache web server logs capturing user access statistics from
internet search activities.

While these resources have contributed significantly to the field,
current log data remains limited in both breadth and diversity.
Most existing datasets are narrow in scope, restricted to specific
domains, or outdated. By contrast, our dataset is comprehensive
(i.e., we try to collect log data from across the web), grounded in
real-world environments, continuously updated, and enriched with
rich contextual information. These features make WoL more useful
for advancing log analysis research.

6 Conclusion
We release WoL, a continuously updated dataset that provides soft-
ware logs extracted from diverse web sources and enriches them
with contextual information, including the source text from which
the logs are extracted and metadata such as project name, bug sever-
ity, and creation date. By the time the paper was submitted, WoL
contained 2.5 million logs extracted from 6.3 million web pages.
WoL aims to facilitate various log-related tasks, including under-
standing logging intent and quality, anomaly detection, and jointly
mining logs with other software artifacts. Furthermore, we provide
LogSearch, a search engine built on top of WoL to help developers
search, compare, and analyze log messages efficiently. The released
dataset contain inherent extraction errors due to the pipeline’s de-
sign, which prioritizes coverage over precision. We document this
limitation and provide uncertainty scores to support downstream
use. Future work will include quality audits for the released WoL
dataset and example analyses demonstrating the benefits of WoL’s
contextual information.

13https://figshare.com/articles/Failure_dataset/7732268/2
14https://www.usenix.org/cfdr
15http://www.secrepo.com
16https://www.sec.gov/data-research/sec-markets-data/edgar-log-file-data-sets
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