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Abstract—As a crucial tool for IT management, artificial intelligence for IT operations (AIOps) uses vast 

amounts of data from several sources, including logs, metrics, and sensor data, to automate procedures, identify 

irregularities, and forecast system problems. AIOps systems' inherent complexity and lack of transparency, 

restrict their efficacy and credibility in decision-making. By producing comprehensible and interpretable 

explanations from diverse data sources, this study introduces a paradigm for explainable AI (XAI) in multi-

modal data analysis, with the goal of enhancing situational awareness and decision-making. In order to ensure 

transparency and consumer confidence in AI-driven forecasts, we suggest combining several data sources and 

applying XAI approaches like SHAP and LIME 
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I. INTRODUCTION 
In modern IT operations, the complexity of systems and the large volume of heterogeneous data 

generated by diverse sources, such as logs, performance metrics, and sensor data, present significant challenges 

in real-time decision-making. AIOps (Artificial Intelligence for IT Operations) platforms utilize machine 

learning (ML) and analytics techniques to process and analyze this multi-modal data, automating critical tasks 

such as anomaly detection, root cause analysis, and performance monitoring. Multi-modal data analysis has 

been shown to improve the overall effectiveness of IT operations by combining insights from various data types, 

making predictions more accurate and comprehensive [1]. Despite the promise of these AI-driven systems, their 

lack of explainability and transparency remains a major hurdle. IT operators often struggle to interpret the 

underlying rationale behind AI-driven decisions, leading to issues related to trust, situational awareness, and 

effective decision-making [2]. 

 

A. Problem Statement 

Although multi-modal AIOps systems have demonstrated the ability to automate many IT operations 

tasks, the explainability of their decision-making processes remains a significant barrier to full adoption. The 

complexity of combining multiple data sources, such as logs, metrics, and sensor data, into a single AI model 

often results in models that are difficult to interpret, hindering their effectiveness in real-world IT environments. 

As noted by Lee et al. [2], the opacity of these models diminishes trust in AI-driven outcomes, especially during 

critical operational incidents where understanding the rationale behind a prediction is essential. Additionally, 

existing explainable AI (XAI) methods, such as LIME and SHAP, have largely been developed for single-modal 

systems, and their application to multi-modal data remains underexplored. This gap in research prevents 

operators from obtaining coherent and actionable explanations, ultimately reducing situational awareness and 

slowing down decision-making processes [3], [4]. Therefore, there is an urgent need for research into methods 

that can generate coherent, transparent explanations from multi-modal data sources, improving both situational 

awareness and decision-making in IT operations. 

 

II. DISCUSSION 

A.  Multi-Modal Data Fusion in AIOps 

Multi-modal data fusion in AIOps refers to the process of integrating and analyzing diverse data 

sources, such as logs, performance metrics, and sensor data, to improve decision-making, anomaly detection, 

and system performance management in IT operations. Traditional IT operations have relied on single data 
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types (e.g., logs or metrics) for monitoring and troubleshooting, which often provides limited insights. By 

combining multiple data modalities, AIOps systems can leverage the complementary strengths of different data 

types to offer a more comprehensive view of system health and performance. For instance, combining logs with 

performance metrics can help in identifying complex patterns that may not be detectable when analyzing these 

data sources independently. This approach has shown great potential in enhancing the predictive accuracy and 

operational efficiency of IT systems [1], [2]. 

However, integrating multi-modal data comes with several challenges, including data inconsistency, 

noise, and the difficulty of designing algorithms that can process and combine such heterogeneous sources 

effectively. Researchers have proposed various techniques for overcoming these challenges, including machine 

learning-based approaches that enable automated data fusion and interpretation. For example, Zhang et al. 

(2022) explored various multi-modal data fusion methods, highlighting the importance of using AI-driven 

models to analyze and combine data from diverse sources to improve IT operations [1]. Moreover, the ability to 

provide clear, actionable insights from these integrated data sources remains a key focus area for further 

development in AIOps, especially in terms of ensuring transparency and explainability in the decision-making 

process [2]. 

 
Figure 1: Multi-Modal Data Fusion in AIOps 

 

B. Explainable AI in IT Operations 

Explainable AI (XAI) in AIOps involves AI models that not only automate IT operations tasks but also 

provide clear explanations for their decisions. AIOps systems analyze data from logs, metrics, and sensors to 

detect anomalies and predict failures. However, their "black-box" nature limits trust and understanding, 

especially during critical situations when human operators need to make quick, informed decisions. 

To address this, techniques like Local Interpretable Model-Agnostic Explanations (LIME) and SHapley 

Additive exPlanations (SHAP) are used to offer human-understandable insights into AI decisions [4]. These 

methods are being applied in AIOps to improve transparency, helping operators understand the rationale behind 

AI-driven actions and ensuring better decision-making in real-time [2]. Explainable AI in AIOps enhances trust, 

operational efficiency, and system reliability. 

 
Figure 2: Explainable AI is IT Operations 
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C. Challenges in Multi-Modal XAI 

The integration of multiple data sources (logs, metrics, sensor data) in AIOps systems introduces 

several challenges in applying explainable AI (XAI). One of the primary difficulties is the complexity of 

interpreting models that combine different types of data. Multi-modal data can have varying structures, noise 

levels, and temporal patterns, making it challenging to generate coherent and unified explanations for AI-driven 

decisions. Moreover, existing XAI techniques such as SHAP and LIME are generally designed for single-modal 

data and struggle to provide meaningful explanations when applied to multi-modal contexts [4]. This gap in 

methodology limits the effectiveness of XAI in AIOps systems, where real-time, interpretable results are critical 

for operational decision-making. 

Another significant challenge is the trade-off between model accuracy and interpretability. Deep 

learning models, often used in AIOps for their high performance, tend to be more difficult to explain compared 

to traditional machine learning models. Achieving a balance between model complexity and the need for clear, 

human-understandable explanations remains a key obstacle in developing effective multi-modal XAI systems 

[2]. Additionally, ensuring that explanations are consistent across different data modalities, and do not 

contradict each other, is an ongoing challenge that requires more advanced methods for multi-modal fusion and 

interpretation [1]. 

 

III. PROPOSED FRAMEWORK 

A. Data Sources and Preprocessing for Multi-Modal XAI in AIOps  

1. Data Sources in AIOps:  

 Logs: Unstructured data capturing system activities, errors, and events [4]. 

 Performance Metrics: Structured data representing system performance (e.g., CPU usage, memory, network 

bandwidth) [4]. 

 Sensor Data: Real-time, high-frequency measurements from IoT devices or infrastructure [1]. 

 Event Data: Information on specific events or triggers in IT systems [2]. 

 Network Traffic: Data related to the flow of information across networks, useful for anomaly detection [2]. 

2. Preprocessing Techniques:  

 Logs: Convert unstructured data into structured formats using Natural Language Processing (NLP) 

techniques such as named entity recognition (NER) and tokenization [2].  

 Metrics and Sensor Data: For ensuring consistency across various data types, use standardization or 

normalization [6].  

 Time Alignment: To prevent inconsistencies and misinterpretation, synchronize timestamps from various 

data sources [6].  

 Data Fusion: To produce a unified representation for AI models, combine disparate data sources (logs, 

metrics, and sensor data) [5].  

 Managing Missing Data: To address missing data, noise, and outliers, use imputation, smoothing techniques, 

or robust statistical methods [1], [5]. 

B. Multi-Modal Fusion Model 

A multi-modal fusion model for Multi-Modal Explainable AI (XAI) in AIOps  combines multiple 

heterogeneous data sources (logs, metrics, sensor data, network traffic) into a unified representation for better 

analysis and decision-making in AIOps. Key Approaches: 

1. Convolutional Neural Networks (CNNs): Used for extracting spatial features from sensor data [1]. 

2. Recurrent Neural Networks (RNNs): Capture temporal dependencies in logs and metrics [1]. 

3. Multi-View Learning: Treats each modality as a separate view of the data, combining them at either the 

feature level or decision level: 

 Feature-Level Fusion: Integrates data from different modalities into a common space. 

 Decision-Level Fusion: Generates separate predictions for each modality and combines them into a final 

decision [7], [8]. 

 

C. Explainability Module 

To make the predictions generated by the multi-modal fusion model interpretable, we incorporate SHAP and 

LIME, two popular post-hoc explainability techniques: 

1. SHAP and LIME: 

 Provide localized explanations for each modality in the fusion model, ensuring transparency and 

interpretability of decisions [4]. 

2. Causal Inference: 

 Explains how changes in one data source (e.g., sensor readings) might influence predictions in other sources 

(e.g., logs or metrics), improving situational awareness and decision-making [6]. 
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D. System Architecture 

 

The architecture of the proposed system is as follows: 

1. Data Collection: Logs, metrics, and sensor data are continuously collected from the IT infrastructure. 

2. Data Preprocessing: Each data type undergoes preprocessing to convert raw data into usable features. 

3. Multi-Modal Fusion: Features from logs, metrics, and sensor data are combined using a fusion model. 

4. Prediction Model: An AI model predicts anomalies or incidents based on the fused data. 

5. Explainability Module: SHAP and LIME provide local and global explanations for the model’s predictions. 

6. Visualization Dashboard: A user-friendly dashboard displays the predictions and their corresponding 

explanations. 

 
Figure 3: Sequence diagram for architecture 

 

IV. FUTURE TRENDS 
The future of Explainable Multi-Modal Data Analysis for IT Operations (AIOps) is expected to be 

shaped by several emerging trends that focus on enhancing situational awareness, improving decision-making, 

and enabling better automation of IT operations. These trends reflect advancements in machine learning, data 

fusion techniques, and explainability methods, all of which are aimed at creating more efficient and interpretable 

IT systems. 

1. Integration of Real-Time Data Streams: The increasing availability of real-time data from multiple 

sources (e.g., logs, sensors, metrics) will drive the need for more sophisticated fusion techniques that can handle 

the dynamic and continuous nature of this data. Real-time data processing will enable AIOps systems to provide 

faster and more accurate decision-making, helping IT operators respond to incidents more effectively [6]. 

2. Growing Use of Edge Computing: As sensor networks and IoT devices grow, a large portion of the 

data used in IT operations will be generated at the edge. In order to process data locally and lower latency and 

bandwidth consumption, future AIOps systems will need to integrate edge computing capabilities. In order to 

aggregate and analyze data from various edge devices while maintaining data privacy, this will also involve 

federated learning and decentralized model training [1]. 

3. Advanced Explainability Techniques: Future explainability methods will evolve to provide more 

granular insights into multi-modal data analysis. Researchers are developing methods that allow explainability 

to scale across multiple modalities, helping IT operators interpret complex decisions made by AI systems. The 

focus will be on creating local and global explanations that can clarify not only individual predictions but also 

the behavior of models over time, enabling better situational awareness [4]. 
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4. Causal Inference and Predictive Maintenance: The integration of causal inference techniques into 

multi-modal XAI models will improve the accuracy and interpretability of predictions related to system failures, 

enabling predictive maintenance. These methods will help identify the root causes of incidents and provide 

actionable insights for IT teams to prevent downtime and optimize system performance [7]. 

5. Human-in-the-Loop Systems: Future AIOps systems will integrate more human-in-the-loop (HITL) 

approaches, allowing IT operators to provide feedback and guide the AI system in complex situations. These 

systems will not only provide recommendations but also explain the reasoning behind decisions, enabling 

operators to trust the AI's suggestions and make informed decisions [1]. 

In summary, future trends in Explainable Multi-Modal Data Analysis for IT Operations will focus on real-time 

processing, edge computing, advanced explainability, causal inference, and HITL systems. These trends will 

significantly improve the decision-making processes in IT operations, enhance situational awareness, and ensure 

that AIOps systems remain transparent and trustworthy. 

 

V. CONCLUSION 
In conclusion, explainable multi-modal data analysis significantly enhances IT operations by improving 

situational awareness and decision-making. By integrating diverse data sources such as logs, metrics, and sensor 

data, AIOps systems can provide a comprehensive understanding of IT infrastructure, enabling proactive 

incident detection, predictive maintenance, and efficient resource optimization. The key advantage of 

explainable AI (XAI) is its ability to provide transparency and interpretability, which is crucial for IT operators 

to understand the factors driving system behavior and predictions. 

Efficient integration and analysis of multi-modal data is made possible by algorithms such as ensemble 

learning, deep learning models, and attention processes. Furthermore, explainability strategies like LIME and 

Shapley values ensure that the predictions made by these models are not only accurate but also comprehensible, 

encouraging confidence and informed decisions in crucial IT operations. Explainable multi-modal data analysis 

will remain essential for enhancing operational resilience, decreasing downtime, and maximizing performance 

in increasingly complex IT environments.  

The development of explainability and AI/ML techniques will have a significant impact on AIOps in the 

future. The efficiency and transparency of IT operations management will be further improved as these 

technologies evolve by enabling increasingly complex models that can handle larger and more complex datasets. 
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