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Abstract: The recent rise of autonomous AI agents operating in distributed cloud settings poses greater observability, anomaly 

detection, reliability, and governance challenges. Conventional monitoring methods are APM, infrastructure metrics, logs, and 

distributed tracing, emphasize system performance, on the other hand existing agent-observability approaches capture prompts, 

reasoning, and tool interactions but provide limited predictive operational-risk analysis. This study introduces an Intelligent 

AgentOps framework, which combines the use of OpenTelemetry-based telemetry collection with machine-learning predictive 

analysis and intelligent monitoring of AI agents. It creates a synthetic telemetry dataset of 4000 records of AI agent executions 

with 14 operational attributes, such as latency, token usage, API calls, resource utilization, error patterns, and security events, 

quality of response and probability of failure. The gathered telemetry data is modeled with the help of the Random Forest, Support 

Vector Machine (SVM) and XGBoost classification models to detect anomalies, with the accuracy of 99.87, 97.12, and 99.62, 

respectively. Moreover, prediction of failure with regressions gave the MAE of 0.00283 and the RMSE of 0.00727 and this validates 

the correct risk estimation. The suggested framework enhances AI agent monitoring, protection, and control towards dependable 

cloud implementation. 
Keywords: Intelligent AgentOps, AI Agents, OpenTelemetry, Machine Learning, Anomaly Detection, Predictive Monitoring, 

Cloud Computing, AI Observability, AI Governance, Responsible AI 

 

1. INTRODUCTION 

A. Background and Motivation 

The history of intelligent systems has led to development of software applications, machine learning models, 

large language models and autonomous AI agents [1]. In comparison to traditional systems, AI agents have the 

capability of autonomously planning their activities, making use of external tools, calling APIs, communicating with 

distributed cloud service providers, and making multi-step choices [2]. However, their dynamic, autonomous 

operation poses operational challenges in visibility, debuggability, reliability, and control, and requires sophisticated 

AgentOps-based observability solutions. 

B. Research Problem  

The current monitoring methods are mostly directed to infrastructure, application, and network avaiability, 

which are inadequate to ensure self-directed AI agents in a distributed cloud environment [3]. AI agents need more 

advanced monitoring tools to understand the behavior of decisions, implementation patterns, the use of tools, the 

quality of responses, and unpredictable behaviors [4]. Hence, an intelligent monitoring, anomaly detection, and 

predictive analysis of AI agents should be offered by a machine learning-based AgentOps to ensure reliable agent-

based AI operations. 
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C. Research Objectives 

Aim:  

The research aim is to develop an Intelligent AgentOps framework that integrates OpenTelemetry-based 

observability with machine learning techniques for anomaly detection, failure prediction, and secure governance of 

autonomous AI agents in distributed cloud environments. 

Objectives:  

➔ To create a smart AgentOps framework which supports the ability to constantly monitor and observe 

autonomous AI agents working in distributed cloud environments. 

➔ To instrument execution traces and performance metrics as well as behavioral patterns in AI agent 

operation, data collection and analysis on the operational telemetry of the agent is required 

OpenTelemetry-based instruments. 

➔ To create and deploy machine learning based anomaly detection models to detect abnormal agent 

behaviors, execution failures and performance degradation. 

➔ To create a predictive monitoring system that uses past telemetry data of agents to enhance reliability, 

security and control over AI-driven cloud applications. 

D. Research Contributions 

Based on the above objectives, the major contributions of this research are: 

It proposes an Intelligent AgentOps architecture that is telemetry-based to ensure that autonomous AI agents 

are comprehensively observed in the form of data collected by OpenTelemetry. 

It presents a feature-engineering design that uses OpenTelemetry telemetry data to derive valuable behavioral, 

performance, and execution properties. 

An AI-based framework for anomaly detection is created to detect abnormal execution behavior, failures, and 

risks in AI agents. 

A predictive monitoring model is intended to aid reliability, security, and governance by predicting possible 

failures within distributed AI agent settings. 

2. RELATED WORK 

A. Cloud-Based Distributed Monitoring and Observability 

 

Fig. 1. Cloud-Based Distributed Monitoring 
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Modern cloud applications are based on the observability frameworks that observe system behavior using logs, 

metrics, distributed traces [5]. Traditional Application Performance Monitoring (APM) strategies mostly concentrate 

on the availability of infrastructure, performance of the service and the utilization of resources [6]. Such methods are 

successful at detecting operational problems in traditional software systems but do not give much information about 

self-directed artificial intelligence agents [7]. Given that the AI agents imply dynamic reasoning, executing tools, and 

multi-step workflows, current cloud monitoring solutions need to be improved substantially to facilitate the analysis 

of intelligent behavior and provide transparency of operations [8]. 

B. OpenTelemetry-Based Telemetry Collection for Distributed Systems 

 

Fig. 2. OpenTelemetry-Distributed System 

OpenTelemetry has become a vendor-neutral and standardized collection of distributed system telemetry 

consisting of traces, metrics and logs [9]. It allows tracing the complex cloud-native applications efficiently by 

correlating interactions among services and locating performance bottlenecks [10]. Recent research [11] shows that it 

has been effective in distributed computing settings. However, typical OpenTelemetry applications primarily gather 

information about application-level execution [12]. The non-standard behavioral traits of AI agents, such as decision 

making, use of tools, and the patterns of running tasks, demand new telemetry models and AI specific extensions of 

observability [13]. 

C. Autonomous AI Agents in practice 

 

Fig. 3. Autonomous AI Agents in practice 

The AI agent systems have concentrated on enhancing transparency, reliability and appraisal of the large 

language model-based agents [14]. Current methods present prompt, response, reasoning, and tool interaction tracking 

mechanisms that can be used to learn agent processes [15]. These techniques are primarily used to offer the description 

of monitoring as opposed to the intelligent operational analysis [16]. They do not have automated monitoring of bad 
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agent behavior, or predictive execution failures, and ongoing agent performance assessment in the distributed cloud 

environment, posing a problem to the deployment of large scale AI agents [17]. 

D. Anomaly Detection by Intelligent Systems using machine learning 

 

Fig. 4. Anomaly Detection by Intelligent Systems using machine learning 

Anomaly detection with machine learning has significantly been used in cybersecurity, cloud computing, and 

monitoring distributed systems [18]. Supervised, and unsupervised algorithms shown to excel at recognising abnormal 

patterns in a system [19]. These models, however, entail specialized feature engineering of agent telemetry data to 

apply to autonomous AI agents [20]. The literature has studied in depth the domain of ML-driven analysis of the 

conduct of AI agents such as execution and operational risks, as well as predictive surveillance [21]. 

Research Gap  

There are available solutions of cloud observability, monitoring based on OpenTelemetry, tracing of agent using 

AI and anomaly detection using machine learning on the basis of individual solutions. Nevertheless, there is still a 

lack of a coherent scheme combining agent monitoring via AI individuality, behavioral feature extraction, machine 

learning-based anomaly detection and predictive governance. Thus, the study suggests an Intelligent AgentOps 

framework of reliable and secure autonomous autonomous AI agent operations. 

3. PROPOSED INTELLIGENT AGENTOPS FRAMEWORK 

 

Fig. 5. Intelligent AgentOps Framework 
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The Intelligent AgentOps framework provided is made up of five interconnected layers that can ensure that 

autonomous AI agents are monitored continuously, anomalies detected, and then governed [22]. The AI Agent Layer 

is intelligent agents able to plan, reason, execute tools, and communicate with APIs and access to distributed cloud 

services. The OpenTelemetry Telemetry Collection Layer gathers operational data, such as execution traces, 

performance measurements and system logs, to offer details of what agents are doing [23]. The Data Processing and 

Feature Engineering Layer preprocesses the telemetry data retrieved and obtains behavioral, performance and security 

features. Machine Learning Analysis Layer uses the potential failures predictor and the detection of abnormal 

execution patterns models to detect anomalies and prevent failures [24]. Lastly, Monitoring and Governance Layer 

are used to provide real-time dashboard, alerts, audit reports and policy enforcement controls to enable AI agent safe, 

reliable and accountable operations in distributed cloud systems. 

4. METHODOLOGY 

A. Research Design 

 

Fig. 6. Flow Diagram  

In this research, an experimental and quantitative research design is embraced in order to design and test an 

Intelligent AgentOps framework to monitor and detect anomalies associated with autonomous AI agents in a 

distributed cloud system. The suggested methodology combines the collection of telemetry, which is based on the 

OpenTelemetry framework, with the tools of machine learning to examine the behavior of AI agents in their work. 

The research process is mainly divided into five key steps, namely: synthetic telemetry data generation, data 

preprocessing, feature engineering, machine learning model creation, and performance evaluation. It aims to detect 

agent abuse execution behavior and forecast possible operational failures through behavioral analysis based on 

telemetry.  

B. Data Collection 

In order to test the suggested framework, an artificial dataset of telemetry of AI agents is synthetically created 

by simulating OpenTelemetry-based distributed system traces, application performance metrics, and security 

monitoring logs. The records are generated from the OpenTelemetry Demo Dataset, a publicly available distributed-

system observability source providing traces, metrics, logs, latency, resource utilization, and service interactions. At 

the same time, agent-oriented execution and tool-call patterns are informed by the observability dataset. The dataset 
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is composed of 4000 rows (agent execution record) and 14 columns (telemetry and performance features) of how 

autonomous AI agents behave in relation to distributed cloud services. The final dataset comprised 4,000 AI-agent 

execution records, including 1,150 anomalous and 2,850 normal instances to capture abnormal operational behavior. 

Each row corresponds to an instance of an AI agent execution and each column corresponds to an observable 

operational parameter picked by the agent environment.  

TABLE I. Datasets Attributes  

Column Name Description 

Agent_ID Unique identification of each AI agent execution 

Execution_Time_sec Total time required for task completion 

Latency_ms Response delay during agent operation 

Token_Usage Number of tokens consumed 

API_Calls Number of external service requests 

Tool_Calls Frequency of tool utilization 

Memory_Usage_percent Memory consumption during execution 

CPU_Usage_percent Computational resource utilization 

Error_Count Number of execution failures 

Security_Events Security-related abnormal activities 

Response_Quality_Score Quality measurement of generated responses 

Task_Completion_Rate Percentage of successfully completed tasks 

Failure_Probability Probability of operational failure 

Behavior_Status Target class representing Normal or Anomalous 

behavior 

The dataset can consist of telemetry data of various levels of the proposed AgentOps architecture, such as 

execution traces, performance metrics, and security events. 

C. Data Preprocessing 

The telemetry data collected are subject to several preprocessing processes that enhance the quality of data and 

the performance of machine learning. First, the data set is checked on matters of missing data, repetition of data, and 

discrepancy in data entries. The numerical operational attributes found in the dataset are dealt with by statistical 

imputation methods like mean or median replacement of missing values. 

Numerical features such as execution time, latency, token usage, and CPU utilization, memory usage and 

response quality scores are normalized to allow different amounts of the features being converted to a comparable 

scale [25]. This process helps eliminate the instances of domination of the learning process by high-value attributes. 

The categorical target variable of the study behavior of the status Behavior shown is categorized with the help 

of label encoding of anomalies such that the normal behavior is transformed to 0 and anomalous behavior is 

transformed to 1. 

In the case of supervised machine learning models, a train-test split strategy is used to split the dataset into 

training and testing subsets, using an 80:20 train-test split. Thus, model training is performed on 3200 records and 

testing on 800 records and performance assessment is performed [26]. The feature variables (X) are operative 

telemetry attributes and the target variable, Y is classification of agent behavior. 
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D. Feature Selection and Engineering 

The process of feature selection is carried out to come up with the strongest telemetry features influencing the 

prediction of the behavior of AI agents [27]. The analysis of correlation and the examination of the importance of the 

features are used to eliminate the redundant features and enhance the model efficiency. 

The features that are selected are: 

→ Execution_Time_sec 

→ Latency_ms 

→ Token_Usage 

→ API_Calls 

→ Tool_Calls 

→ Memory_Usage_percent 

→ CPU_Usage_percent 

→ Error_Count 

→ Security_Events 

→ Response_Quality_Score 

→ Task_Completion_Rate 

These attributes are behavioral, performance, and security attributes that intelligent AgentOps monitor’s need. 

E. Machine Learning Models 

In order to measure the performance of anomaly detection and predictive monitoring, a number of machine 

learning algorithms are applied. To detect anomalies, unsupervised learning models like Isolation Forests and 

Autoencoder Neural Networks are utilized in detecting an abnormal pattern of execution without having to use 

predetermined labels [28]. 

Isolation Forests: This follows contamination = 0.08 and random previous is 42 to discover the abnormal ways 

of AI agent execution. 

For a telemetry sample x, the anomaly score is defined as: 

𝑆(𝑥, 𝑛) = 2
− 

𝐸(ℎ(𝑥))
𝑐(𝑛)   

Where: 

● S(x,n) = anomaly score of sample xx 
● E(h(x)) = average path length of sample x across isolation trees 
● c(n) = normalization factor for sample size n 

Autoencoder Neural Networks: Autoencoder model comprises of an input layer which is a telemetry feature 

and an encoding layer with 8 neurons where the activation is ReLU and a decoding layer where the activation is linear 

which reconstructs the input. 

The encoding process is represented as: 

ℎ = 𝑓(𝑊𝑒𝑥 + 𝑏𝑒)  

The decoding process is: 
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𝑥 = 𝑔(𝑊𝑑ℎ + 𝑏𝑑)  

Where: 

● X = input telemetry vector 
● h = encoded feature representation 

● 𝑥 = reconstructed output 
● We, Wd = encoder and decoder weights 
● be,bd = bias terms 

In the classification of the behavior of AI agents, they are supervised based on a series of models, such as the 

Random Forest, Support Vector Machine (SVM), and XGBoost, to observe the behavior of AI agents, distinguishing 

between a normal and anomalous [29]. 

Random Forest: The number of trees used by the Random Forest classifier and regression models is 100 

decision trees (nestimators = 100) with a fixed random state in order to get repeatable results. 

The prediction function is: 

𝑦̂ = 𝑚𝑜𝑑𝑒{𝑇1(𝑥), 𝑇2(𝑥), . . . , 𝑇𝑘(𝑥)}  

Where: 

● Tk(x) represents the prediction of the kth decision tree 
● mode represents majority voting among trees 
● y represents agent behavior class 

SVM: Support Vector Machine model algorithm employs Radial Basis Function (RBF) kernel with probability 

estimation option to detect binary anomalies. 

The decision function is: 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏  

Where: 

● w = weight vector 
● x = telemetry feature vector 
● b = bias value 

XGBoost Classifier: 100 estimators, learning rate = 0.05, random state = 42, and optimized classification 

performance. 

The prediction function is: 

𝑦𝑖̂ = ∑

𝐾

𝑘=1

𝑓𝑘(𝑥𝑖)  

Where: 

● K = number of decision trees 
● fk = prediction from the kth tree 
● xi = telemetry feature vector 

Regression Analysis: The failure prediction module predicts the probability of failures of AI agents via a 

Random Forest Regression model with 100 estimators based on telemetry features. 
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The general regression equation is: 

𝐹̂ = 𝑓(𝑋)  

where: 

● F = predicted failure probability 
● X = telemetry feature vector 

In the analysis of failure prediction, the models are regression-based which predicts the probability of failure 

by estimating the trends with the help of previous telemetry patterns. 

F. Model Evaluation 

Classification model performance is measured based on the standardized measures of Accuracy, Precision, 

Recall, F1-score, and ROC-AUC score. Measures of accuracy are total classification accuracy, whereas measures of 

precision and recall are used to measure anomaly detection abilities. F1-score is an optimal metric between precision 

and recall. 

To carry out a predictive failure analysis, a regression assessment measures, Mean Absolute Error (MAE) and 

Root Mean Square Error (RMSE) are used. 

The ultimate comparison of the model performance will identify how machine learning strategies will enhance 

AI agent observability, anomaly detection, and predictive monitoring under Intelligent AgentOps. 

5. IMPLEMENTATION USING PYTHON 

1. Begin 

2. Load AI agent telemetry dataset 

3. Perform data preprocessing: 

      - Check missing values 

      - Remove unnecessary attributes 

      - Encode categorical labels 

      - Normalize numerical features 

4. Extract telemetry features: 

      - Execution time 

      - Latency 

      - Token usage 

      - API calls 

      - Tool calls 

      - Resource utilization 

      - Error count 

      - Security events 

      - Response quality 

5. Split dataset into: 

      Training data = 80% 

      Testing data = 20% 
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6. Apply feature engineering and selection 

7. Train anomaly detection models: 

      a. Isolation Forest 

      b. Autoencoder 

8. Train classification models: 

      a. Random Forest 

      b. SVM 

      c. XGBoost 

9. Predict AI agent behavior: 

      If abnormal pattern detected: 

            Classify as Anomalous 

      Else: 

            Classify as Normal 

10. Train failure prediction model: 

      - Estimate failure probability using telemetry features 

11. Evaluate models using: 

      - Accuracy 

      - Precision 

      - Recall 

      - F1-score 

      - ROC-AUC 

      - MAE 

      - RMSE 

12. Generate: 

      - Performance comparison 

      - Confusion matrix 

      - Feature importance analysis 

      - Failure prediction visualization 

13. Return monitoring results and governance insights 

14. End 

The Intelligent AgentOps algorithm suggested will start with the acquisition of AI agent operational telemetry 

data that will be produced out of the monitoring conducted using OpenTelemetry.  

Step 1: The first step involves loading the dataset and processing the dataset to detect data quality problems 

like missing values and inconsistent records.  

Step 2: There is an examination of preprocessing operations in the second step which entails categorical 

encoding, numerical normalization, and elimination of irrelevant attributes.  
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Step 3: The critical telemetry aspects of latency, number of tokens used, number of errors, security events, and 

the quality of responses are then pulled out to be used in model-training.  

Step 4: The machine processed dataset is separated into training and testing parts in terms of 80:20 proportions.  

Step 5: Machine learning models, such as Isolation Forest, Autoencoder, Random Forest, SVM, and XGBoost, 

are developed to identify the suspicious agent activity and label the patterns of executions.  

Step 6: The trained models forecast unusual activities and approximate possibility of failure. Lastly, the 

performance of the models is also assessed in terms of accuracy, precision, recall, F1-score, ROC-AUC, MAE and 

RMSE to determine the effectiveness of the proposed AgentOps framework. 

6. RESULT EVALUATION AND DISCUSSION 

 

Fig. 7. The distribution of AI Agent Behavior 

The distribution of behavior indicates that the data set has 4000 execution records of AI agents, of which about 

2850 are normal records and 1150 are anomalous records. Each distribution reveals a realistic set up of operational 

scenario in which normal executions prevail with enough anomaly samples to be used to successfully perform machine 

learning-based detection. 

 

Fig. 8. Correlation with the Latency and use of tokens in AI Agents 

The scatter plot shows the interrelation between agent response latency and token consumption. The latency 

values of anomalous agents are much larger (as high as about 65,000 ms) and the normal agents are much less likely 

to use tokens. This means that abnormal organizational behavior that shows that excess resources are being used is a 

crucial indicator of abnormal behavior of an AI agent. 
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Fig. 9. Clustering of AI Agent Behavior with PCA 

The PCA visualization simplifies more than two telemetry features on a multi-dimensional scale in order to 

measure behavioral segregation. The clustering reveals the clear patterns of agent execution, with the presence of 

normal and anomalous executions. The segregation proves that telemetry properties like latency, error, security event, 

and quality of response are effective indicators to reflect agent operational behavior. 

 

Fig. 10. Feature Correlation Analysis 

The correlation analysis determines the links between AgentOps telemetry features. Security Events (0.71) and 

Error Count (0.69) have a positive correlation with failure probability whereas, Response Quality Score has negative 

correlation (-0.77). These results demonstrate that the decline in reliability is closely related to the security risks, 

execution failures, and decline in the quality of responses. 
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Fig. 11. Comparison of the machine learning models performance 

Comparison of the performances shows that ensemble-based models offer very precise anomaly classification. 

Random Forest scored about 99% accuracy and XGBoost scored about 100% accuracy with high precision, recall and 

F1-score. The effectiveness of ML-based AgentOps monitoring was also validated as SVM performed high with about 

97% accuracy. 

 

Fig. 12. Confusion Matrix of Random Forest Classifier 

The confusion matrix shows how well the Random Forest model classifies data. Based on the samples of the 

test, 227 anomalous and 572 normal cases are correctly classified and only 1 case is falsely classified. The findings 

show that it has high capability of detecting and low false positives and false negatives. 
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Fig. 13. ROC Curve for Anomalies in AI Agent Detection 

ROC curve is an evaluation that gauges the consistency of the anomaly detection model. The AUC of 1.000 

obtained indicates a superb ability of separation between normal and abnormal agent behaviors. This proves that the 

chosen telemetry features have good discriminative power in identifying AI agent anomalies. 

 

Fig. 14. The importance of AI Agent Telemetry Feature 

The feature importance analysis is used to find the significant factors in the anomaly detection. The largest 

contribution is Latency ms (37), then there is Security Events (27) and Response Quality Score (11). These findings 

suggest that execution time, security attacks, and service collapses are key parameters in monitoring AI agents. 

 

Fig. 15. Prediction of AI Agent Failure 

The failure probability plot parallels the actual and the predicted operation risks of the AI agents. There is a 

close suggested trend of the actual probability trend and predicted value which depicts good regression capability. The 

model had MAE =0.00283, RMSE = 0.00727, which results in very low prediction error and precise estimation of the 

failure risk. 
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Fig. 16. Error Distribution of Predicting Failure Probability 

The error distribution gives the difference between the actual and predicted failure probabilities. The majority 

of the prediction errors are center on zero, which implies stability in the information about the model. The limited 

dispersion validates that the regression model gives a consistent estimation of probability of failure with insignificant 

variation among the samples on the execution of AI agents. 

Discussion 

TABLE II. Classification Model Statistics  

Model  Accuracy  Precision Recall  F1 Score 

Random Forest 0.99875 1.000000 0.998255 0.999127 

SVM 0.97125 0.964527 0.996510 0.980258 

XGBoost 0.99625 0.996516 0.998255 0.997384 

The proposed Intelligent AgentOps framework is proven to be effective as the result of the experiment proved. 

The machine learning models are able to detect anomalous AI agent behaviours with OpenTelemetry-inspired 

telemetry features. The feature analysis indicates that the main factors influencing the operational reliability involve 

latency, security events, frequency of errors, and quality of responses. The performance of the classification models 

is high and the failure prediction model has a low prediction error with MAE of 0.00283 and RMSE of 0.00727. These 

results show that the given framework can be used to facilitate intelligent monitoring, anomaly detection and predictive 

governance of autonomous AI agents working in a distributed cloud environment. 

7. SECURITY AND GOVERNANCE CONSIDERATIONS 

AI agents associated with autonomy cause considerable problems with security and governing because of their 

potential to execute tools, to access APIs, to manipulate sensitive data, and to communicate with distributed cloud 

services. The Intelligent AgentOps framework suggested overcomes those issues by providing security conscious 

telemetry monitoring, anomaly detection, audit logs, and enforcement policies. The framework underpins the 

alignment with new AI governance standards, such as the EU Artificial Intelligence Act (EU AI Act) of risk-based AI 

management, the NIST AI Risk Management Framework (AI RMF) of trustworthy AI development, the General Data 

Protection Regulation (GDPR) of data privacy protection, and the ISO/IEC 42001 of AI management system 

governance [29]. The proposed solution enhances accountability, transparency, and compliance with regulations by 

incorporating traceability, access control, real-time monitoring, and behavioral analysis. The mentioned capabilities 

directly respond to the research issue of a lack of visibility, security risks, and governance challenges in autonomous 

AI agent running in a distributed cloud environment. 

8. LIMITATIONS AND FUTURE WORK 

A. Limitations 



 

1520 

The suggested structure is analyzed with the help of a synthetic telemetry data, thus, performance assessment 

based on the real AI agent execution traces is needed. 

The deployment currently is geared towards agent monitoring of individual agents only and not in essence on 

large scale complex interaction between multi-agent systems. 

B. Future Work 

Future studies will involve proving the Intelligent AgentOps framework with valid tools of actual cloud-based 

AI agent workloads and enormous distributed settings. Enhanced deep learning and reinforcement learning could be 

investigated in the context of the adaptive anomaly detection and autonomous response mechanism [30]. Moreover, 

prospective extensions might deal with multi-agent regulation, security intelligence in real time, cross-cloud 

observation, and automated root-cause examination to increase dependability, scalability, and responsible execution 

of autonomous AI frameworks. 

9. CONCLUSION 

This study had an Intelligent AgentOps idea that will combine OpenTelemetry-based telemetry collection and 

machine learning-based monitoring and anomaly detection of autonomous AI agents. The experiment outcomes verify 

that computation characteristics like latency, security incidents, number of errors, and quality of responses are useful 

in detecting uncharacteristic agent characteristics and forecasting possible failure. The proposed solution fills the gap 

of current research by offering intelligent observability, predictive analysis, and governance features and enhances 

reliability, transparency, and security of AI-driven cloud applications. 
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