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Abstract: The exponential growth of log data in modern enterprises presents significant challenges for log management and analysis. 

Traditional manual log onboarding processes are time-consuming, error-prone, and often require specialized knowledge. This paper 

proposes a novel framework for intelligent log onboarding that leverages machine learning techniques to automate the configuration and 

integration of diverse log sources into centralized log management systems. The proposed framework encompasses automated log source 

discovery, log format identification, and log parsing configuration. Machine learning models are employed to analyze log patterns, extract 

relevant features, and classify log types. The framework also incorporates active learning strategies to continuously improve its 

performance based on user feedback and new log data. The effectiveness of the proposed approach is evaluated through extensive 

experiments on a diverse set of real-world log data. The results demonstrate significant improvements in onboarding efficiency, accuracy, 

and scalability compared to traditional manual methods. This research contributes to the advancement of automated log management 

and has the potential to transform the way enterprises handle their ever-growing log data.  
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1. Introduction 
 

1.1 Motivation for Automated Log Onboarding 

 

In the era of digital transformation, enterprises generate 

massive volumes of log data from diverse sources, including 

applications, servers, network devices, and security systems. 

Logs are indispensable for monitoring system health, 

troubleshooting issues, detecting security threats, and 

ensuring compliance. However, the sheer volume and variety 

of log data pose significant challenges for effective log 

management.  

 

Traditional manual log onboarding processes, which involve 

manually configuring log sources, defining parsing rules, and 

integrating logs into centralized systems, are time-consuming, 

error-prone, and require specialized expertise. As the number 

of log sources grows, manual onboarding becomes 

increasingly unsustainable, leading to delays in log ingestion, 

incomplete data collection, and potential security risks. 

Moreover, manual configuration is often inconsistent across 

different teams and systems, leading to difficulties in log 

correlation and analysis.  

 

The need for scalability and efficiency in enterprise log 

management has become paramount. Organizations require a 

streamlined and automated approach to log onboarding that 

can handle a large number of diverse log sources, minimize 

manual effort, and ensure consistent and accurate log 

ingestion. This is where automated log onboarding comes into 

play. By leveraging automation and machine learning 

techniques, organizations can significantly reduce the time 

and effort required for log onboarding, improve the accuracy 

and reliability of log data collection, and enhance the overall 

efficiency of their log management processes.  

 

Automated log onboarding offers several key benefits, 

including:  

• Reduced Time and Effort: Automation eliminates the 

need for manual configuration, saving valuable time and 

resources.  

• Improved Accuracy: Automated processes are less prone 

to human errors, ensuring consistent and reliable log 

ingestion.  

• Scalability: Automated onboarding can easily handle a 

large number of log sources, making it suitable for 

growing enterprises.  

• Enhanced Efficiency: Streamlined onboarding enables 

faster log ingestion and analysis, leading to quicker 

identification and resolution of issues.  

• Cost Savings: Automation reduces the need for 

specialized expertise and lowers operational costs.  

 

1.2 Research Objectives 

 

The primary objective of this research is to develop an 

intelligent log onboarding framework that leverages machine 

learning techniques to automate the configuration and 

integration of diverse log sources into centralized log 

management systems. The framework aims to address the 

limitations of existing manual and rule-based onboarding 

approaches by:  

1) Automating Log Source Discovery: Automatically 

identifying and discovering log sources within the 

enterprise network, including applications, servers, and 

other devices generating log data.  
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2) Automating Log Format Identification: Accurately 

identifying the format of log messages using machine 

learning models, enabling efficient parsing and 

extraction of relevant information.  

3) Automating Log Parsing Configuration: Generating 

parsing rules and configurations for different log formats, 

eliminating the need for manual intervention.  

4) Improving Efficiency, Accuracy, and Scalability: 

Achieving significant improvements in onboarding 

efficiency, accuracy of log format identification and 

parsing, and scalability to large-scale log data compared 

to traditional methods.  

 

1.3 Contributions of the Research 

 

This research makes the following key contributions:  

1) A Novel Framework for Intelligent Log Onboarding: 

The research proposes a comprehensive framework that 

integrates log source discovery, format identification, 

and parsing configuration using machine learning 

techniques.  

2) Machine Learning Models for Log Analysis: The 

research develops and evaluates machine learning 

models specifically tailored for log format identification 

and parsing, leveraging advanced techniques such as 

deep learning and natural language processing.  

3) Active Learning Strategies: The research incorporates 

active learning strategies to continuously improve the 

accuracy and robustness of the models by incorporating 

user feedback and new log data.  

4) Evaluation on Real-World Log Data: The proposed 

framework is evaluated on a diverse set of real-world log 

data, demonstrating its effectiveness and practicality in 

enterprise settings.  

 

1.4 Organization of the Paper 

 

The rest of the paper is organized as follows: Section II 

provides background information on log management and 

reviews related work on log onboarding and machine learning 

for log analysis. Section III describes the proposed framework 

for intelligent log onboarding in detail, including its 

architecture, components, and algorithms. Section IV 

presents the experimental setup, evaluation metrics, and 

results. Section V discusses the implications of the research, 

limitations, and future work. Finally, Section VI concludes 

the paper with a summary of the key findings and 

contributions.  

 

2. Background and Related Work 
 

2.1 Overview of Log Management 

 

Log management is a critical aspect of IT operations, 

encompassing the collection, processing, storage, and 

analysis of log data generated by various systems and 

applications within an organization. Logs serve as a valuable 

source of information for monitoring system health, 

troubleshooting issues, identifying security breaches, and 

ensuring compliance with regulatory requirements.  

 

The role of logs in modern IT environments is multifaceted:  

• Monitoring: Logs provide real-time insights into the 

operational status of systems and applications, enabling 

proactive identification of performance bottlenecks, 

errors, and anomalies.  

• Troubleshooting: Logs are essential for diagnosing and 

resolving issues by providing detailed information about 

events leading up to failures or errors.  

• Security: Logs play a crucial role in detecting and 

investigating security incidents, such as unauthorized 

access attempts, malware infections, and data breaches.  

• Compliance: Logs are often required to demonstrate 

adherence to regulatory requirements and industry 

standards, such as PCI DSS, HIPAA, and GDPR.  

 

However, the exponential growth of log data, driven by the 

increasing complexity of IT infrastructure and the 

proliferation of applications and devices, poses significant 

challenges for log management. Modern enterprises generate 

massive volumes of log data, often exceeding terabytes or 

even petabytes per day. This deluge of data can overwhelm 

traditional log management systems, making it difficult to 

efficiently collect, process, and analyze logs in a timely 

manner.  

 

Furthermore, the diversity of log formats, ranging from 

structured to unstructured data, adds another layer of 

complexity. Different systems and applications produce logs 

in various formats, requiring specialized parsing and 

normalization techniques to extract meaningful information.  

These challenges highlight the need for innovative solutions 

that can streamline log management processes, improve 

efficiency, and enable organizations to extract valuable 

insights from their log data.  

 

2.2 Existing Log Onboarding Approaches 

 

Existing approaches to log onboarding can be broadly 

classified into the following categories:  

1) Manual Configuration: This is the most traditional and 

prevalent approach, where administrators manually 

configure each log source, specifying parameters such as 

log file location, format, and parsing rules. This process 

is time-consuming, error-prone, and requires in-depth 

knowledge of log formats and parsing techniques.  

2) Rule-Based and Template-Based Approaches: These 

approaches utilize predefined rules or templates to 

automatically configure log sources based on their type 

or known patterns. While they can reduce manual effort 

to some extent, they are limited in their ability to handle 

diverse and evolving log formats.  

3) Agent-Based Approaches: Agent-based log collection 

involves deploying software agents on log sources to 

collect and forward log data to a centralized log 

management system. While agents can simplify log 

collection, they can also introduce overhead and potential 

security risks.  

 

The limitations of these existing approaches include:  

• Manual Effort: Manual configuration is time-consuming 

and requires specialized knowledge, making it impractical 

for large-scale environments.  
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• Limited Flexibility: Rule-based and template-based 

approaches are often unable to handle diverse and 

evolving log formats.  

• Error-Prone: Manual configuration and rule-based 

approaches are prone to human errors, leading to 

inaccurate or incomplete log data collection.  

• Lack of Scalability: These approaches may not scale well 

to large numbers of log sources, requiring significant 

manual intervention.  

 

2.3 Machine Learning for Log Analysis 

 

Machine learning (ML) techniques have emerged as a 

promising solution for addressing the challenges of log 

management. ML algorithms can learn from large volumes of 

log data, identify patterns, and automate tasks such as log 

parsing, format identification, anomaly detection, and root 

cause analysis.  

 

Several research studies have explored the application of 

machine learning to log analysis. For example, supervised 

learning algorithms have been used to classify log messages 

into different categories based on their content, while 

unsupervised learning algorithms have been employed to 

cluster similar log messages and detect anomalies.  

 

However, most existing research has focused on specific 

aspects of log analysis, such as log parsing or anomaly 

detection. There is a lack of comprehensive frameworks that 

integrate multiple machine learning techniques to automate 

the entire log onboarding process, from log source discovery 

to parsing configuration.  

 

This research aims to fill this gap by proposing an intelligent 

log onboarding framework that leverages machine learning to 

automate the entire log onboarding process, from log source 

discovery to parsing configuration. By incorporating active 

learning strategies, the framework can continuously improve 

its performance based on user feedback and new log data, 

making it a more adaptive and robust solution for large-scale 

enterprise environments.  

 

3. Proposed Framework for Intelligent Log 

Onboarding 
 

The proposed framework for intelligent log onboarding aims 

to streamline the process of integrating diverse log sources 

into a centralized log management system. It leverages 

machine learning techniques to automate key steps, 

enhancing efficiency, accuracy, and scalability.  

 

3.1 Overall Architecture 

 

The framework comprises four main components: Log 

Source Discovery, Log Format Identification, Log Parsing 

Configuration, and Active Learning. These components 

interact to automate the end-to-end log onboarding process, 

from identifying log sources to generating parsing 

configurations.  

1) Log Source Discovery: This component automatically 

discovers log sources within the enterprise network, 

including applications, servers, network devices, and 

security systems. It employs a combination of network 

scanning, file system crawling, and configuration file 

analysis to identify potential log sources. The discovered 

log sources are then presented to the user for selection 

and confirmation.  

2) Log Format Identification: This component classifies 

the format of log messages from the selected sources 

using machine learning models. The models are trained 

on a diverse set of labeled log data, encompassing various 

log formats commonly used in enterprise environments. 

Feature extraction techniques, such as keyword-based, 

regular expression-based, and statistical features, are 

employed to represent log messages for classification.  

3) Log Parsing Configuration: Based on the identified log 

format, this component generates parsing rules and 

configurations for extracting relevant fields from log 

messages. The parsing configurations are tailored to 

specific log formats and can be customized based on user 

preferences or domain-specific requirements.  

4) Active Learning: This component incorporates active 

learning strategies to continuously improve the accuracy 

and robustness of the log format identification and 

parsing models. It actively seeks user feedback on the 

accuracy of parsed log messages and selects informative 

samples for labeling. The models are then retrained on 

the updated labeled data, enhancing their performance 

over time.  

 

3.2 Log Source Discovery 

 

Log source discovery is the initial step in the onboarding 

process. The framework employs a multi-pronged approach 

to discover potential log sources within the enterprise 

network:  

1) Network Scanning: The framework scans the network 

for devices and services that are likely to generate logs. 

This includes identifying open ports associated with 

common log protocols, such as Syslog, TCP, and UDP.  

2) File System Crawling: The framework crawls file 

systems on identified devices to discover log files. It 

looks for files with common log file extensions (e. g.,. 

log,. txt,. csv) or files located in typical log directories (e. 

g., /var/log, /usr/local/apache/logs).  

3) Configuration File Analysis: The framework analyzes 

configuration files of applications and services to identify 

log settings and parameters. This includes parsing 

configuration files for popular log management tools, 

such as Fluentd, Logstash, and rsyslog.  

 

The discovered log sources are then presented to the user for 

selection and confirmation. The user can choose the log 

sources to be onboarded and provide additional information, 

such as log file rotation settings or custom parsing rules.  

 

3.3 Log Format Identification 

 

The log format identification component is a critical part of 

the framework. It leverages machine learning models to 

automatically classify the format of log messages from the 

selected sources. The model is trained on a labeled dataset of 

log messages from various formats, such as Apache, Nginx, 

Syslog, and custom application logs.  
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Feature extraction techniques are used to represent log 

messages for classification. These features can include:  

1) Keyword-Based Features: Presence or absence of 

specific keywords or patterns in the log message.  

2) Regular Expression-Based Features: Matching of log 

messages against predefined regular expressions.  

3) Statistical Features: Statistical properties of the log 

message, such as length, number of tokens, and 

distribution of characters.  

 

The extracted features are then fed into a machine learning 

classifier, such as a decision tree, random forest, or neural 

network. The classifier is trained to predict the log format 

based on the extracted features.  

 

3.4 Log Parsing Configuration 

 

Once the log format is identified, the framework generates 

parsing rules and configurations for extracting relevant fields 

from log messages. The parsing configurations are tailored to 

specific log formats and can include:  

1) Field Extraction Rules: Regular expressions or 

delimiters used to extract specific fields from log 

messages, such as timestamp, severity level, source IP 

address, and message content.  

2) Field Type Mapping: Mapping of extracted fields to their 

corresponding data types, such as timestamp, string, 

integer, or float.  

3) Field Renaming: Renaming of extracted fields to 

conform to a standardized naming convention.  

4) Filtering and Enrichment: Rules for filtering out 

irrelevant log messages or enriching log data with 

additional information from external sources.  

The generated parsing configurations can be directly used by 

log management tools to ingest and process log data.  

 

3.5 Active Learning 

 

Active learning is a machine learning paradigm that aims to 

improve model performance by actively selecting informative 

samples for labeling. In the context of log onboarding, active 

learning can be used to continuously improve the accuracy of 

log format identification and parsing models by incorporating 

user feedback and new log data.  

 

The framework employs an active learning loop where the 

models are initially trained on a labeled dataset. Then, the 

models are used to predict the format and parse new log 

messages. The user is presented with a sample of parsed log 

messages and asked to provide feedback on their accuracy. 

The feedback is then used to select informative samples for 

labeling, and the models are retrained on the updated labeled 

data.  

 

This iterative process of model training, prediction, feedback 

collection, and retraining allows the models to adapt to new 

log formats and improve their performance over time.  

 

4. Experimental Evaluation 
 

To assess the effectiveness of the proposed intelligent log 

onboarding framework, a comprehensive experimental 

evaluation was conducted. This section details the 

experimental setup, evaluation metrics, datasets used, 

baseline methods for comparison, and the results obtained.  

 

4.1 Experimental Setup 

 

The proposed framework was implemented using Python and 

popular machine learning libraries such as scikit-learn and 

TensorFlow. The experiments were conducted on a high-

performance computing cluster with ample computational 

resources to handle large log datasets.  

 

For log source discovery, the framework utilized network 

scanning tools like Nmap and file system crawling libraries 

like Python's os. walk. Configuration file analysis was 

performed using regular expressions and parsers specific to 

different log management tools.  

 

The log format identification and parsing models were trained 

and evaluated using a combination of supervised and active 

learning techniques. For supervised learning, a diverse set of 

labeled log data was collected from various sources, including 

publicly available log datasets and enterprise logs. The 

labeled data encompassed a wide range of log formats 

commonly used in enterprise environments.  

 

The active learning loop involved presenting a sample of 

parsed log messages to human experts for feedback. The 

experts labeled the accuracy of the parsed fields, and this 

feedback was used to select informative samples for 

retraining the models. The active learning process was 

iterated multiple times to continuously improve the model 

performance.  

 

4.2 Evaluation Metrics 

 

The evaluation of the intelligent log onboarding framework 

was conducted using the following metrics:  

1) Onboarding Efficiency: This metric measures the time 

and effort required to onboard a new log source. It 

includes the time taken for log source discovery, format 

identification, parsing configuration, and user feedback 

incorporation.  

2) Accuracy of Log Format Identification: This metric 

evaluates the accuracy of the machine learning model in 

correctly identifying the format of log messages. It is 

measured using standard classification metrics such as 

precision, recall, and F1-score.  

3) Accuracy of Log Parsing: This metric assesses the 

accuracy of the generated parsing configurations in 

extracting relevant fields from log messages. It is 

measured by comparing the parsed fields with ground 

truth values obtained from manual parsing.  

4) Scalability: This metric evaluates the ability of the 

framework to handle large volumes of log data and 

diverse log formats. It is measured by analyzing the 

computational resources required and the processing 

time for onboarding large log sources.  

 

4.3 Datasets 

 

The following datasets were used for training and evaluating 

the log onboarding framework:  
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1) Publicly Available Log Datasets: Several publicly 

available log datasets were used, including the BGL (Blue 

Gene/L) dataset, the HDFS (Hadoop Distributed File 

System) dataset, and the OpenStack logs dataset. These 

datasets cover a variety of log formats and provide a 

diverse set of log messages for training and testing the 

machine learning models.  

2) Enterprise Logs: Real-world log data from various 

enterprise applications and systems were also used. This 

data included logs from web servers, application servers, 

databases, and security systems. The enterprise logs 

provided a realistic and challenging environment for 

evaluating the framework's performance.  

 

4.4 Baseline Methods 

 

The proposed framework was compared with two baseline 

methods:  

1) Manual Configuration: This baseline involved manual 

configuration of log sources, including specifying log file 

locations, formats, and parsing rules. This method 

represents the traditional approach to log onboarding and 

serves as a reference point for evaluating the efficiency 

and accuracy improvements achieved by the automated 

framework.  

2) Rule-Based Onboarding: This baseline utilized a set of 

predefined rules and templates to automatically 

configure log sources based on their type or known 

patterns. This method represents a more automated 

approach compared to manual configuration but is 

limited in its ability to handle diverse and evolving log 

formats.  

 

4.5 Results and Analysis 

 

The experimental results demonstrate the effectiveness of the 

proposed intelligent log onboarding framework in automating 

the configuration and integration of diverse log sources. The 

framework achieved significant improvements in onboarding 

efficiency compared to both manual configuration and rule-

based onboarding.  

 

The machine learning models for log format identification 

and parsing demonstrated high accuracy, outperforming the 

rule-based baseline in terms of precision, recall, and F1-score. 

The active learning strategies further improved the model 

performance over time, adapting to new log formats and user 

feedback.  

 

The framework also exhibited good scalability, efficiently 

handling large volumes of log data and diverse log formats. 

The processing time for onboarding large log sources was 

significantly reduced compared to manual configuration, 

demonstrating the framework's potential for large-scale 

enterprise deployments.  

 

Overall, the experimental results validate the effectiveness of 

the proposed framework in automating log onboarding, 

improving efficiency, accuracy, and scalability compared to 

traditional methods. The framework's ability to adapt to new 

log formats through active learning makes it a promising 

solution for the ever-evolving landscape of enterprise log 

management.  

5. Discussion and Future Work 
 

The experimental results demonstrate the effectiveness of the 

proposed intelligent log onboarding framework in automating 

the configuration and integration of diverse log sources. By 

leveraging machine learning techniques and active learning 

strategies, the framework achieves significant improvements 

in onboarding efficiency, accuracy, and scalability compared 

to traditional manual and rule-based approaches.  

 

The automation of log source discovery, format 

identification, and parsing configuration significantly reduces 

the time and effort required for onboarding new log sources. 

This not only saves valuable resources but also enables faster 

log ingestion and analysis, leading to quicker identification 

and resolution of issues. The improved accuracy of log format 

identification and parsing ensures that log data is collected 

and processed correctly, enhancing the reliability and 

usefulness of log analysis.  

 

The scalability of the framework makes it suitable for large-

scale enterprise environments with a large number of diverse 

log sources. The framework's ability to adapt to new log 

formats through active learning ensures its continued 

relevance in the face of evolving technologies and log 

formats.  

 

However, there are several limitations and challenges that 

need to be addressed in future work. One challenge is 

handling extremely diverse or unstructured log formats that 

may not conform to any predefined patterns. The current 

framework relies on machine learning models trained on 

labeled data, which may not be sufficient for handling highly 

unstructured logs. Future research could explore the use of 

unsupervised or semi-supervised learning techniques to 

identify patterns and structures in unstructured log data.  

 

Another challenge is the potential for bias in the machine 

learning models. The models are trained on a specific set of 

log data, which may not be representative of all possible log 

formats and variations. This could lead to inaccurate 

predictions or parsing errors for log sources that are 

significantly different from the training data. To mitigate this, 

future work could investigate techniques for improving the 

generalizability of the models, such as using larger and more 

diverse training datasets, incorporating domain knowledge, 

and leveraging transfer learning from related tasks.  

 

Finally, the scalability of the framework needs to be further 

evaluated in real-world enterprise settings with very large log 

volumes. While the current experiments demonstrate good 

scalability on moderately sized datasets, the performance of 

the framework may degrade with extremely large log 

volumes. Future research could explore distributed 

processing techniques and optimization strategies to improve 

the scalability of the framework for massive log data.  

 

6. Conclusion 
 

This paper presents a novel framework for intelligent log 

onboarding that leverages machine learning techniques to 

automate the configuration and integration of diverse log 

sources into centralized log management systems. The 
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framework encompasses automated log source discovery, log 

format identification, and log parsing configuration, 

incorporating active learning strategies to continuously 

improve its performance.  

 

The experimental results demonstrate the effectiveness of the 

proposed framework in achieving significant improvements 

in onboarding efficiency, accuracy, and scalability compared 

to traditional methods. This research contributes to the 

advancement of automated log management and has the 

potential to transform the way enterprises handle their ever-

growing log data.  

 

The proposed framework can significantly benefit enterprises 

by streamlining their log onboarding processes, reducing 

manual effort, and improving the accuracy and reliability of 

log data collection. This can lead to faster identification and 

resolution of issues, enhanced security, and improved 

compliance with regulatory requirements.  

 

Future research will focus on addressing the limitations of the 

current framework, such as handling unstructured log 

formats, mitigating bias in the machine learning models, and 

improving scalability for very large log volumes. 

Additionally, the framework will be evaluated in real-world 

enterprise settings to assess its practicality and effectiveness 

in diverse operational environments.  
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