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Detection 
 

 

Problem Statement 
 

Web applications produce large volumes of operational logs such as access logs, error logs and 

performance metrics which record status codes, service availability, response times, and technical error 

events. Traditional monitoring and rule-based alerting can detect clear issues but struggle with the 

following challenges: 

 

- Logs are often semi-structured like text templates with changing variables which makes feature 

extraction and sequence modelling difficult to be achieved. 

- Rare but high impact events such as availability degradation, sudden latency spikes, or unhandled 

exceptions are often do not exhibit predictable patterns. As a result, they frequently fall outside the 

capabilities of traditional threshold-based detection approaches.  

- Most research in log anomaly detection has focused on system infrastructure logs rather than web 

application logs that combine response time, availability, and user-facing errors. 

- Existing deep learning methods typically focus on detection of anomalies rather than prediction of 

issues ahead of time. 

- The relationship between technical metrics (i.e. response time, error rates, availability) and user 

satisfaction remains under-explored. 



- Operation teams request models that offer clear interpretability, support real time processing, and 

maintain reliability even if log templates changed. 

 

Given these gaps, there is a need for a comprehensive deep learning pipeline that consumes web 

application logs and learns meaningful sequences to predicts critical incidents proactively. Addressing 

this problem can significantly enhance application reliability and user satisfaction. 

 

Research Objectives 
 

1. To develop a data preprocessing workflow that processes raw web application logs and converts 

them into structured and analyzable features. 

- Convert raw web logs into structured templates and time ordered sequences. 

- Engineer relevant features such as status code patterns, response time trends, and error 

frequency metrics. 

2. To develop a deep learning model that integrates log event sequences and numerical performance 

metrics to detect abnormal states. 

- Implement and compare sequence learning architectures such as LSTM and Transformer 

models. 

- Train the model to learn normal log distributions and identify deviations representing 

abnormal behavior. 

 

 



3. To enhance the model to predict upcoming critical incidents through the forecasting of time-series 

log and performance metric patterns. 

- Extend detection models into forecasting models that generate early warnings before failures 

occur. 

- Integrate time based related indicators to predict performance degradation and availability 

risks. 

4. To propose a real time deployment framework that integrates proactive anomaly prediction into 

monitoring systems to enhance user satisfaction. 

- Design a pipeline that supports real-time log ingestion, online inference, and alert generation. 

- Outline practical deployment considerations such as latency, scalability, explainability, and 

monitoring. 

 

Literature Review: 

 

Existing deep learning approaches for log analysis such as DeepLog, LogAnomaly, LogBERT and BERT-

Log have demonstrated strong capabilities in modeling system log patterns and detecting abnormal 

behavior. However, these models still focus mainly on anomaly detection rather than prediction and often 

rely on structured log templates that do not reflect the complexity of real web systems. Recent industry 

findings also highlight issues with interpretability, robustness, and deployment of current solutions. These 

limitations collectively point to the need for a predictive, deep learning-based approach that integrates log 

events with performance metrics to improve application reliability and user satisfaction. 

 

 



Sequence-Based Anomaly Detection: LSTM sequence modeling has shown strong potential for 

learning normal log patterns and identifying deviations as demonstrated by Du et al. (2017). This 

approach captures time-based relationships effectively but remains limited to reactive anomaly detection 

and struggles with unstructured logs. 

 

Handling Unseen and Quantitative Log Events: Meng et al. (2019) improved log analysis by 

combining sequence learning with quantitative features which enables the identification of anomalies 

that do not match existing log templates. It is effective but still focuses on detection rather than 

forecasting future failures. 

 

Context Aware Log Understanding: Transformer based models such as the one proposed by Guo et 

al. (2021) enhance log analysis by capturing deep relationships within log sequences. These models 

improve the accuracy but they are computationally heavy and primarily oriented toward detection rather 

than prediction. 

 

Limitations Across Deep Learning Approaches: A comprehensive review by Landauer et al. (2022) 

highlights widespread challenges in deep learning-based log analytics. Including issues with 

interpretability, robustness, real world data and deployment practicability. The review confirms existence 

of gaps in predictive modeling. 

 

Leveraging Transfer Learning for Log Semantics: Chen et al. (2022) applied pre-trained language 

models to enhance the semantic understanding of logs which improves anomaly detection accuracy. 

However, their approach remains restricted to identifying existing issues and does not extend to 

predicting future failures. 

 



Industry Perspective on Log Analytics Models: Insights from the 2024 practitioner survey expose a 

clear gap between academic solutions and operational needs. Practitioners emphasize the importance 

of explainability, real-time capability, and robustness. Practitioners Highlight the need for predictive, 

practical, and deployable deep learning systems. 
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