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Abstract 
Enterprise mobile applications undergo frequent releases involving new features, security 
patches, dependency updates, and backend-service changes. Conventional deployment 
strategies often rely on static testing and predefined rollout policies, which may not 
adequately capture changing application behavior, user conditions, device heterogeneity, 
and runtime failures. This paper proposes Adaptive Release Intelligence (ARI), an AI-driven 
framework for risk-aware mobile application deployment, dynamic feature control, and 
automated recovery. ARI integrates application telemetry, user behavior, device 
characteristics, network conditions, crash information, and release metadata to estimate 
deployment risk using temporal machine learning. A hybrid risk model combines failure 
probability, anomaly detection, change impact, user exposure, and recovery cost to 
determine release eligibility. The framework further employs adaptive feature flags and 
controlled canary deployment to progressively expose new functionality. A feedback-driven 
recovery mechanism automatically triggers feature disabling, traffic reduction, or rollback 
when post-release indicators exceed predefined risk thresholds. Explainable AI is 
incorporated to identify the factors contributing to release-risk decisions. The proposed 
framework establishes a closed-loop process from release assessment to deployment, 
monitoring, adaptive control, and recovery, enabling enterprise mobile applications to 
achieve safer and more responsive continuous delivery. 
 
Keywords— Enterprise Mobile Applications, AI-Driven Deployment, Release Risk Prediction, 
Feature Control, Automated Recovery. 
 
I. INTRODUCTION 

Enterprise mobile applications have become critical interfaces for banking, healthcare, retail, logistics, 

education, and business operations. Their continuous evolution requires frequent software releases 

involving functional enhancements, security updates, user-interface modifications, application-

programming-interface changes, and third-party dependencies. Although continuous integration and 

continuous deployment practices accelerate software delivery, frequent releases also increase the 

possibility of runtime failures, performance degradation, compatibility problems, and unexpected user-

impacting behavior. 

Mobile applications introduce additional complexity because execution occurs across heterogeneous 

devices, operating-system versions, network conditions, hardware configurations, and user behavior 

patterns. A release that performs correctly in controlled testing may therefore exhibit different behavior 

after deployment to a large and diverse user population. Traditional release management approaches 

generally depend on fixed deployment stages, predefined thresholds, and manual intervention, limiting 

their ability to dynamically adapt to changing runtime conditions. 

Artificial intelligence provides an opportunity to transform release management from a predominantly 

rule-based process into a predictive and adaptive decision system. By analyzing historical release 

outcomes, crash telemetry, application performance metrics, device characteristics, user interactions, 

and deployment metadata, an intelligent system can estimate the probability of release-related failures 

before large-scale exposure occurs. 
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This paper proposes Adaptive Release Intelligence (ARI), an AI-driven framework that combines 

release-risk prediction, contextual risk assessment, dynamic feature control, controlled deployment, and 

automated recovery. Unlike conventional deployment approaches that primarily determine whether a 

release should be deployed, ARI continuously determines where, when, and to what extent a feature or 

release should be exposed. 

The major contributions of the proposed framework are: 

1. A multi-source AI model for predicting enterprise mobile release risk.  

2. A contextual risk score incorporating application, device, network, user, and release 

characteristics.  

3. An adaptive feature-control mechanism for progressive and risk-aware feature exposure.  

4. An automated recovery mechanism using runtime telemetry and predefined recovery policies.  

5. An explainable decision layer for identifying factors responsible for elevated release risk.  

6. A closed-loop architecture connecting release planning, deployment, monitoring, feature control, 

and recovery.  

 

II. RELATED WORK 

 

A. Continuous Deployment of Mobile Applications: Continuous integration and continuous delivery 

have established automated build, testing, and deployment pipelines as important mechanisms for 

reducing release time and improving deployment consistency [1]. Site reliability engineering further 

emphasizes continuous monitoring, production feedback, service-level objectives, and operational 

automation throughout the software lifecycle [2]. DevOps-oriented practices extend these principles by 

integrating development, testing, deployment, and operations into a continuous delivery process [3]. 

However, mobile applications introduce additional complexity because of heterogeneous operating 

systems, device configurations, network conditions, application versions, and user environments. 

Consequently, conventional deployment pipelines based primarily on predefined testing and fixed 

rollout policies may have limited ability to adapt to rapidly changing runtime conditions. 

B. AI-Based Software Reliability and Failure Prediction: Machine learning has been extensively 

investigated for software fault and defect prediction. Pandey et al. presented a systematic survey of 

machine-learning-based software fault prediction and identified machine learning as an effective 

approach for estimating fault-prone software components [4]. A broader systematic literature review by 

Gamage et al. examined artificial-intelligence-based software defect prediction and highlighted the 

importance of appropriate datasets, feature representation, validation, and prediction methodologies [5]. 

Deep-learning approaches have further enabled automatic extraction of complex representations from 

software-related data, providing opportunities for modeling nonlinear and high-dimensional 

relationships [6]. Transformer architectures are particularly relevant to ARI because self-attention can 

model long-range dependencies in sequential telemetry and release observations [7]. Nevertheless, most 

existing prediction approaches concentrate on identifying defective components or software faults 

rather than directly transforming predictions into adaptive deployment and recovery actions. 

C. Risk-Aware Software Release Management: Continuous delivery research emphasizes 

automation and frequent, controlled software releases to reduce deployment risk [1]. Operational 

reliability practices additionally recommend continuous observation of production behavior and rapid 

response to abnormal system conditions [2]. However, conventional release-risk assessment commonly 

depends on predefined rules, historical failure indicators, test outcomes, or manually specified 

deployment thresholds. Such approaches may not sufficiently capture contextual factors such as device 

fragmentation, network instability, user behavior, feature adoption, and application-specific runtime 

conditions. AI-based software prediction research demonstrates the potential of learning complex 

relationships among heterogeneous software attributes [4], [5], but an explicit connection between 

predicted runtime risk and adaptive release-control decisions remains comparatively limited. 

D. Feature Flags and Progressive Feature Control: Feature toggles allow functionality to be 

activated or deactivated independently of the underlying application deployment and are increasingly 

used in continuous integration and continuous delivery environments [8]. Empirical research has 

identified management, initialization, implementation, and cleanup practices that are important for 

effective feature-toggle operation [8]. Further research has proposed heuristics and metrics for 

structuring feature toggles while controlling complexity and technical debt [9]. Studies of open-source 
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projects have also investigated the relationship between feature-toggle adoption, branch merging, and 

defects [10]. These findings demonstrate the value of feature flags for controlled software evolution; 

however, conventional implementations generally depend on manually defined rules, user segments, or 

predetermined exposure percentages. ARI extends this concept by dynamically determining feature 

exposure according to predicted operational risk. 

E. Technical Debt and Operational Complexity: Although feature flags provide deployment 

flexibility, excessive or poorly managed toggles can increase code complexity and technical debt [9]. 

Research on machine-learning systems has similarly identified hidden technical debt arising from data 

dependencies, configuration complexity, monitoring requirements, and tightly coupled system 

components [11]. These observations are particularly relevant to enterprise mobile applications, where 

release decisions depend on multiple interacting application and operational variables. Therefore, an 

intelligent release framework should not only predict failure probability but also incorporate operational 

context and continuously monitor the consequences of release decisions. 

F. Automated Monitoring and Recovery: Modern distributed systems rely on continuous monitoring 

to detect performance degradation, failures, and abnormal operational behavior [2]. Monitoring 

architectures provide mechanisms for collecting metrics, logs, traces, and system events that can be 

used to identify deviations from expected behavior [13]. Software reliability research has also 

investigated prediction models for estimating failure behavior and reliability characteristics before 

severe operational degradation occurs [14]. In addition, predictive-maintenance research demonstrates 

the usefulness of machine-learning models for identifying emerging failures from operational data [15]. 

However, many existing monitoring and recovery mechanisms remain reactive: an alert is generated 

after a predefined threshold has already been violated. ARI instead connects predictive risk estimation 

with adaptive exposure and recovery actions, allowing the release process to respond continuously to 

changing risk. 

G. Explainable AI for Release Decisions: Increasingly complex AI models introduce the need for 

transparent decision mechanisms. Lundberg and Lee proposed SHAP, a unified framework for 

explaining individual model predictions through feature-attribution values [12]. Such explanations can 

identify whether network latency, crash frequency, device fragmentation, feature adoption, release size, 

or other variables contribute substantially to a predicted release risk. Incorporating explainability into 

release intelligence can therefore provide development and operations teams with evidence supporting 

automated deployment, feature-control, and recovery decisions. 

H. Research Gap: Existing studies have addressed continuous delivery, operational reliability, 

machine-learning-based defect prediction, Transformer-based representation learning, feature-toggle 

management, machine-learning technical debt, explainable AI, monitoring, software reliability 

prediction, and predictive failure analysis. However, these research directions are generally investigated 

as separate components rather than as a unified closed-loop release-management system. The proposed 

Adaptive Release Intelligence (ARI) framework addresses this gap by integrating AI-based release-risk 

prediction, contextual telemetry analysis, adaptive feature exposure, progressive deployment, 

explainable decision-making, continuous monitoring, and automated recovery within a single feedback-

driven architecture. The framework therefore moves from static release assessment toward continuous 

risk-aware release intelligence, where deployment and feature-control decisions are dynamically 

updated according to observed application behavior and predicted operational risk. 

 

III. PROBLEM FORMULATION 

Enterprise mobile application releases operate under highly dynamic conditions involving 

heterogeneous devices, operating systems, network environments, user behaviors, application versions, 

and feature configurations. Therefore, the risk associated with a release cannot be represented solely by 

pre-release testing results. Let the set of application releases be represented as 

R = {r1, r2, … , rm} 
 

where ridenotes the i-th application release. For each release, the operational environment at time tis 

represented by 

X(t) = [Xapp, (t), Xdevice, (t), Xnet(t)Xuser(t)Xrelease(t)] 
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where Xapprepresents application-level indicators such as crash rate, error rate, response latency, and 

resource consumption; Xdevicerepresents device and operating-system characteristics; Xnetrepresents 

network latency, packet loss, bandwidth, and connectivity conditions; Xuserrepresents usage frequency, 

feature adoption, and user-segment characteristics; and Xreleaserepresents release-specific information 

including code-change magnitude, modified components, feature dependencies, and deployment stage. 

The primary objective is to estimate the probability that a release will produce an operational failure 

during a future observation interval H. The conditional failure probability is defined as 

Pfail(t + H) = P(F, (t + H) = 1 ∣ X(t)ri) 
 

where F(t + H)indicates whether a significant failure occurs during the prediction horizon. The 

predicted probability is subsequently combined with contextual indicators to obtain an overall release-

risk score. 

RR(t) = αPfail(t) + βA(t) + γC(t) + δE(t) + ϵRrec(t) 
 

where Pfailis the predicted failure probability, Arepresents the observed anomaly level, Crepresents 

release-change or dependency complexity, Erepresents expected user exposure, and Rrecrepresents the 

estimated recovery cost. The coefficients satisfy 

α + β + γ + δ + ϵ = 1 
 

This formulation allows the framework to distinguish between releases having similar predicted failure 

probabilities but different operational consequences. For example, a moderate-risk release affecting a 

small internal user group may require different deployment treatment from an equivalent-risk release 

affecting a large enterprise population. 

A. Adaptive Deployment Decision 

Let θRdenote the maximum acceptable release-risk threshold. The deployment decision D(t)is defined 

as 

D(t) = {

Deploy, RR(t) < θ1
Controlled Deployment, θ1 ≤ RR(t) < θ2

Hold/Recovery, RR(t) ≥ θ2

 

 

where θ1and θ2represent lower and upper risk boundaries. Instead of applying a fixed deployment 

percentage to all releases, ARI dynamically modifies exposure according to the current risk state. 

B. Adaptive Feature Exposure 

For feature fk, the exposure level Ek(t) ∈ [0, 1]represents the proportion of eligible users receiving the 

feature. The exposure policy is defined as 

Ek(t) = {

1, RR(t) < θ1
ηe, θ1 ≤ RR(t) < θ2
0, RR(t) ≥ θ2

 

 

where ηerepresents a controlled exposure percentage. This mechanism allows high-risk functionality to 

remain restricted while low-risk functionality can progressively reach the complete target population. 

C. Dynamic Risk Update 

Because mobile application behavior changes after deployment, the risk score must be continuously 

updated. Let 𝑀(𝑡)denote the observed post-release monitoring vector: 

𝑀(𝑡) = [𝐶, 𝑟, 𝑎, 𝑠, ℎ(𝑡)𝐿𝑎𝑡𝑒𝑛𝑐𝑦(𝑡)𝐸𝑟𝑟𝑜𝑟(𝑡)𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛(𝑡)𝑁𝑒𝑡𝑤𝑜𝑟𝑘(𝑡)] 
 

The updated risk can therefore be expressed as 

𝑅𝑅(𝑡 + 1) = 𝑓(𝑅, 𝑅, (𝑡)𝑀(𝑡)𝑋(𝑡 + 1)) 
 

where 𝑓(⋅)represents the adaptive risk-update function. This enables ARI to incorporate newly observed 

operational evidence rather than relying exclusively on the initial pre-release assessment. 

D. Recovery Decision 
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Let 𝐻𝑏represent the baseline health indicator and 𝐻𝑝(𝑡)represent the post-release health indicator. The 

degradation magnitude is 

𝛥𝐻(𝑡) = 𝐻𝑝(𝑡) − 𝐻𝑏 

 

When the observed degradation exceeds the permitted tolerance, 

𝛥𝐻(𝑡) < −𝜃𝐻 
 

the framework initiates an appropriate recovery action. Depending on severity, the action may include 

reducing feature exposure, disabling the affected feature, restricting deployment to a smaller cohort, or 

initiating application rollback. 

The overall optimization objective of ARI is therefore formulated as 

𝑚𝑖𝑛 𝐽 = 𝜆1𝑃
𝑓𝑎𝑖𝑙 + 𝜆2𝐸

𝑟𝑖𝑠𝑘 + 𝜆3𝑇
𝑟𝑒𝑐 + 𝜆4𝐶

𝑑𝑒𝑝𝑙𝑜𝑦 
 

where 𝐸𝑟𝑖𝑠𝑘represents high-risk user exposure, 𝑇𝑟𝑒𝑐represents recovery time, 𝐶𝑑𝑒𝑝𝑙𝑜𝑦represents 

deployment cost, and 𝜆1, 𝜆2, 𝜆3, 𝜆4are configurable weights. The formulation establishes the foundation 

for the proposed framework, which jointly considers prediction accuracy, deployment exposure, 

operational risk, and recovery efficiency rather than treating release deployment as a single static 

decision. 

 

IV. PROPOSED ADAPTIVE RELEASE INTELLIGENCE (ARI) FRAMEWORK 

The proposed Adaptive Release Intelligence (ARI) framework is designed as a closed-loop AI-driven 

architecture for predicting release risk, controlling feature exposure, monitoring deployment behavior, 

and initiating automated recovery. Unlike conventional release pipelines that separate prediction, 

deployment, and monitoring, ARI integrates these activities into a continuous decision cycle. The 

framework receives release metadata and multi-source operational telemetry, estimates the probability 

of release failure, computes contextual risk, determines an appropriate deployment strategy, and 

continuously updates the decision using post-release observations. 

A. ARI Framework Architecture 

The overall ARI architecture consists of six major layers: telemetry acquisition, feature engineering, AI 

risk prediction, adaptive release control, continuous monitoring, and automated recovery. Release 

metadata such as code-change magnitude, modified modules, dependency changes, feature activation, 

historical defects, and deployment stage are combined with application, device, network, and user 

telemetry. The resulting feature representation is supplied to the AI prediction layer. 

The framework can be represented as 

𝑅𝑒𝑙𝑒𝑎𝑠𝑒 𝑀𝑒𝑡𝑎𝑑𝑎𝑡𝑎 → 𝑇𝑒𝑙𝑒𝑚𝑒𝑡𝑟𝑦 𝐶𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛 → 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐸𝑛𝑔𝑖𝑛𝑒𝑒𝑟𝑖𝑛𝑔 → 𝐴𝐼 𝑅𝑖𝑠𝑘 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
→ 𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝐷𝑒𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 → 𝑀𝑜𝑛𝑖𝑡𝑜𝑟𝑖𝑛𝑔 → 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 

 

The output of the monitoring layer is continuously fed back into the risk prediction component, creating 

a closed-loop architecture. 

B. Multi-Source Telemetry Collection 

ARI collects heterogeneous telemetry from application and deployment environments. Application-

level telemetry includes crash frequency, exception rate, response latency, memory consumption, CPU 

utilization, API failures, and application termination events. Device-level information includes 

operating-system version, device model, hardware configuration, and application version. Network 

telemetry includes latency, packet loss, bandwidth variation, and connectivity interruptions. User-level 

telemetry includes feature usage frequency, session duration, interaction patterns, and deployment 

cohort information. 

The telemetry vector at time 𝑡can be represented as 

𝑇(𝑡) = [𝑇𝑎𝑝𝑝, 𝑇𝑑𝑒𝑣𝑖𝑐𝑒, 𝑇𝑛𝑒𝑡𝑤𝑜𝑟𝑘, 𝑇𝑢𝑠𝑒𝑟, 𝑇𝑟𝑒𝑙𝑒𝑎𝑠𝑒] 

 

where each component represents a different operational dimension. 

C. Feature Engineering and Normalization 

Because telemetry variables have different numerical scales, ARI performs normalization before model 

training and inference. Min-max normalization is expressed as 
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𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 

 

where 𝑥is the original feature and 𝑥′is its normalized representation. 

ARI also generates interaction features to capture relationships between operational variables. For 

example, network instability can be represented as 

𝑍𝑛𝑒𝑡𝑤𝑜𝑟𝑘 = 𝐿𝑎𝑡𝑒𝑛𝑐𝑦 × 𝑃𝑎𝑐𝑘𝑒𝑡𝐿𝑜𝑠𝑠 
 

while deployment exposure can be combined with crash frequency as 

𝑍𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 = 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 × 𝐶𝑟𝑎𝑠ℎ𝑅𝑎𝑡𝑒 

 

These interaction variables enable the model to identify risk patterns that may not be visible from 

individual features independently. 

D. AI-Based Release Risk Prediction 

The core prediction layer uses a hybrid AI architecture combining temporal representation learning with 

a machine-learning prediction model. For a sequence of telemetry observations, 

𝑋𝑡−𝐿:𝑡 = [𝑋𝑡−𝐿, . , . , . 𝑋𝑡−1𝑋𝑡] 
 

a Transformer encoder generates a contextual representation: 

𝐻𝑡 = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑋𝑡−𝐿:𝑡) 
 

The Transformer output is converted into a failure probability using 

𝑃𝑓𝑎𝑖𝑙 = 𝜎(𝑊𝐻𝑡 + 𝑏) 
 

where 𝑊represents the prediction weights, 𝑏is the bias term, and 𝜎is the sigmoid activation function. 

To improve robustness, ARI can combine Transformer and Gradient Boosting predictions: 

𝑃ℎ𝑦𝑏𝑟𝑖𝑑 = 𝜂𝑃𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 + (1 − 𝜂)𝑃𝐺𝐵𝑀 
 

where 𝜂 ∈ [0, 1]controls the contribution of each model. 

E. Context-Aware Risk Computation 

The predicted failure probability alone does not determine deployment risk. ARI incorporates 

operational context through the risk function: 

𝑅𝑅(𝑡) = 𝛼𝑃𝑓𝑎𝑖𝑙(𝑡) + 𝛽𝐴(𝑡) + 𝛾𝐶(𝑡) + 𝛿𝐸(𝑡) + 𝜖𝑅𝑟𝑒𝑐(𝑡) 
 

This enables the framework to consider both the probability of failure and its potential operational 

impact. A release with a moderate predicted failure probability may receive a higher risk score when it 

affects a large user population or introduces substantial architectural changes. 

F. Adaptive Feature Control 

ARI uses feature flags to dynamically control feature exposure. The exposure level is adjusted according 

to the current risk: 

𝐸𝑘(𝑡) = {

1, 𝑅𝑅(𝑡) < 𝜃1
𝜂𝑒 , 𝜃1 ≤ 𝑅𝑅(𝑡) < 𝜃2
0, 𝑅𝑅(𝑡) ≥ 𝜃2

 

 

This mechanism supports progressive deployment by initially exposing new functionality to a 

controlled cohort. If the observed risk remains within acceptable limits, the exposure percentage can be 

increased. Conversely, abnormal behavior causes the framework to reduce exposure or deactivate the 

feature. 

G. Continuous Monitoring and Automated Recovery 

After deployment, ARI continuously evaluates operational indicators such as crash rate, latency, error 

rate, user impact, and feature adoption. The deviation from the baseline health state is calculated as 

𝛥𝐻(𝑡) = 𝐻𝑝𝑜𝑠𝑡(𝑡) − 𝐻𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

 

If 
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𝛥𝐻(𝑡) < −𝜃𝐻 
 

the framework identifies the release as potentially degraded and initiates a recovery action. Depending 

on the severity and persistence of the degradation, ARI can reduce feature exposure, disable the affected 

functionality, restrict the deployment cohort, or initiate rollback. 

Thus, the proposed framework establishes a continuous feedback loop: 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 → 𝐷𝑒𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 → 𝑀𝑜𝑛𝑖𝑡𝑜𝑟𝑖𝑛𝑔 → 𝑅𝑖𝑠𝑘 𝑈𝑝𝑑𝑎𝑡𝑒 → 𝐶𝑜𝑛𝑡𝑟𝑜𝑙/𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 
 

This closed-loop mechanism enables release decisions to evolve according to real-time application 

behavior rather than remaining fixed after the initial deployment decision. 

 

V. ADAPTIVE RELEASE INTELLIGENCE ALGORITHM 

The ARI algorithm operationalizes the proposed framework by integrating release-risk prediction, 

adaptive feature exposure, continuous telemetry monitoring, and automated recovery into a single 

decision process. The algorithm initially analyzes historical and real-time telemetry to estimate the 

probability of release failure. The predicted probability is then combined with contextual risk factors to 

determine the appropriate deployment strategy. During deployment, the algorithm continuously 

evaluates application health and updates the risk score. Based on the updated risk, feature exposure is 

increased, maintained, reduced, or completely disabled. 

Algorithm 1: Adaptive Release Intelligence 

Input: Release 𝑟, telemetry dataset 𝑋, feature set 𝐹, risk thresholds 𝜃1, 𝜃2, health threshold 𝜃𝐻 

Output: Deployment decision 𝐷, feature exposure 𝐸, recovery action 𝐴𝑅 

1. Collect historical and real-time application, device, network, user, and release telemetry.  

2. Preprocess the collected telemetry and normalize the input features using  

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 

 

3. Generate contextual and interaction features from application, device, network, user, and 

release attributes.  

4. Construct the temporal observation sequence  

𝑋𝑡−𝐿:𝑡 = [𝑋𝑡−𝐿, . , . , . 𝑋𝑡−1𝑋𝑡] 
 

5. Generate the contextual representation using the Transformer model:  

𝐻𝑡 = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑋𝑡−𝐿:𝑡) 
 

6. Estimate the release failure probability:  

𝑃𝑓𝑎𝑖𝑙 = 𝜎(𝑊𝐻𝑡 + 𝑏) 
 

7. Combine the AI prediction with contextual operational indicators to calculate the release-risk 

score:  

𝑅𝑅(𝑡) = 𝛼𝑃𝑓𝑎𝑖𝑙 + 𝛽𝐴 + 𝛾𝐶 + 𝛿𝐸 + 𝜖𝑅𝑟𝑒𝑐  
 

8. If 𝑅𝑅(𝑡) < 𝜃1, approve deployment and initialize high feature exposure.  

9. If 𝜃1 ≤ 𝑅𝑅(𝑡) < 𝜃2, initiate controlled canary deployment with exposure level 𝜂𝑒.  

10. If 𝑅𝑅(𝑡) ≥ 𝜃2, hold deployment and initiate risk mitigation.  

11. Monitor crash rate, error rate, latency, resource utilization, network behavior, and user impact 

during deployment.  

12. Calculate the post-release health deviation:  

𝛥𝐻(𝑡) = 𝐻𝑝𝑜𝑠𝑡(𝑡) − 𝐻𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

 

13. If 𝛥𝐻(𝑡) ≥ −𝜃𝐻, maintain or progressively increase feature exposure.  

14. If 𝛥𝐻(𝑡) < −𝜃𝐻, reduce feature exposure or disable the affected feature.  

15. If severe degradation persists, initiate application rollback.  

16. Store deployment outcomes, telemetry, and recovery events for subsequent model retraining.  
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17. Repeat the monitoring and risk-update cycle until the release reaches stable operational 

conditions.  

The algorithm enables ARI to transform release management from a one-time deployment decision into 

a continuous adaptive control process. Its key characteristic is the feedback connection between 

prediction and operational outcomes. Consequently, deployment decisions are not permanently fixed at 

release initiation; they can be revised according to newly observed evidence. 

The computational workflow can be summarized as 

𝑇𝑒𝑙𝑒𝑚𝑒𝑡𝑟𝑦 → 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 → 𝑅𝑖𝑠𝑘 𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡 → 𝐷𝑒𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡 → 𝑀𝑜𝑛𝑖𝑡𝑜𝑟𝑖𝑛𝑔 → 𝑅𝑖𝑠𝑘 𝑈𝑝𝑑𝑎𝑡𝑒
→ 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐶𝑜𝑛𝑡𝑟𝑜𝑙/𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 

 

This adaptive cycle provides the foundation for the experimental evaluation of ARI in terms of failure 

prediction accuracy, deployment reliability, feature exposure control, recovery time, and high-risk user 

exposure. 

 

VI. EXPERIMENTAL METHODOLOGY 

The experimental methodology is designed to evaluate the effectiveness of the proposed Adaptive 

Release Intelligence (ARI) framework in release-risk prediction, adaptive feature control, deployment 

reliability, and automated recovery. The evaluation compares ARI against conventional rule-based 

deployment and machine-learning-based prediction approaches under controlled release scenarios. 

A. Dataset and Telemetry Configuration 

The evaluation dataset consists of historical and simulated enterprise mobile application release 

observations containing application telemetry, device characteristics, network conditions, user activity, 

feature usage, and release metadata. Each observation is associated with a release identifier and a time 

window representing pre-release or post-release operational behavior. 

 

TABLE I TELEMETRY FEATURES USED FOR ARI MODELING 

Feature 

Category 

Representative Features 

Application Crash rate, exception rate, API error rate, latency, CPU utilization, memory 

usage 

Device Device model, OS version, hardware configuration, application version 

Network Latency, packet loss, bandwidth, connectivity failures 

User Session frequency, feature adoption, session duration, user cohort 

Release Code-change size, modified modules, dependency changes, release stage 

Operational Deployment exposure, rollback events, incident frequency 

The target variable is defined as a binary release-failure indicator: 

𝑌 = {
1, if significant degradation occurs

0, otherwise
 

 

B. Data Preprocessing 

Missing telemetry values are handled using appropriate statistical imputation, while anomalous 

observations are identified using statistical threshold methods. Numerical features are normalized using 

min-max scaling, while categorical variables such as operating-system versions and device classes are 

encoded before model training. 

Temporal observations are organized into sequences of length 𝐿: 

𝑋𝑡−𝐿:𝑡 = [𝑋𝑡−𝐿, 𝑋𝑡−𝐿+1, . , . . 𝑋𝑡] 
 

This representation allows the Transformer model to learn temporal relationships between operational 

states and subsequent release failures. 

C. Training and Testing Strategy 

To prevent temporal information leakage, the dataset is divided chronologically into training, 

validation, and testing subsets. Historical releases are used for model training, subsequent releases are 

used for hyperparameter validation, and later releases are reserved for final evaluation. 
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TABLE II MODELS USED FOR COMPARATIVE EVALUATION 

Model Primary Characteristics 

Rule-Based Fixed thresholds and manually defined release rules 

Random Forest Ensemble-based nonlinear classification 

Gradient Boosting Sequential decision-tree-based prediction 

LSTM Temporal sequence modeling 

Transformer Self-attention-based temporal representation 

ARI Hybrid prediction, adaptive control, monitoring, and recovery 

The same evaluation partitions and target variables are used across the predictive models to ensure 

consistent comparison. 

D. Performance Metrics 

Failure prediction performance is evaluated using Accuracy, Precision, Recall, F1-score, and ROC-

AUC. Accuracy is calculated as 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision is defined as 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

and Recall is calculated as 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

The F1-score is expressed as 

𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

ROC-AUC is additionally used to evaluate the model's ability to distinguish between stable and high-

risk releases across different decision thresholds. 

 

TABLE III 

EVALUATION METRICS FOR ARI 

Evaluation Dimension Metrics 

Failure Prediction Accuracy, Precision, Recall, F1-score, ROC-AUC 

Risk Estimation MAE, RMSE, Calibration Error 

Deployment Failure Rate, Rollback Rate 

Feature Control Feature Exposure Success Rate 

Recovery Recovery Time, Recovery Efficiency 

User Impact High-Risk User Exposure 

Computational Efficiency Decision Latency, Inference Cost 

E. Release Management Metrics 

In addition to predictive accuracy, ARI is evaluated at the deployment level. Release failure rate, 

rollback rate, high-risk user exposure, recovery time, feature exposure success, and decision latency are 

considered. 

High-risk user exposure is calculated as 

𝐸𝑟𝑖𝑠𝑘 =
𝑁𝑟𝑖𝑠𝑘−𝑒𝑥𝑝𝑜𝑠𝑒𝑑

𝑁𝑡𝑜𝑡𝑎𝑙
× 100 

 

where 𝑁𝑟𝑖𝑠𝑘−𝑒𝑥𝑝𝑜𝑠𝑒𝑑represents the number of users exposed to a release before risk mitigation. 

Recovery efficiency is measured using 
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𝑅𝐸 =
1

𝑇𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦
 

 

where 𝑇𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦represents the time required to restore the application to the predefined acceptable 

health state. 

F. Baseline Deployment Scenarios 

Four deployment configurations are considered to evaluate the operational contribution of ARI. 

 

TABLE IV DEPLOYMENT CONFIGURATIONS USED IN THE EXPERIMENT 

Scenario Deployment Strategy 

S1 Conventional full deployment 

S2 Rule-based canary deployment 

S3 AI-based risk prediction with canary deployment 

S4 Proposed ARI with adaptive feature control and automated recovery 

This comparison enables the individual contribution of AI-based prediction, adaptive feature control, 

and automated recovery to be examined. 

G. Ablation Study 

An ablation study is conducted to determine the contribution of individual ARI components. The 

evaluated configurations are defined as 

𝐴𝑅𝐼0 = 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 
𝐴𝑅𝐼1 = 𝐴𝑅𝐼0 + 𝐴𝐼 𝑅𝑖𝑠𝑘 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 
𝐴𝑅𝐼2 = 𝐴𝑅𝐼1 + 𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 
𝐴𝑅𝐼3 = 𝐴𝑅𝐼2 + 𝐸𝑥𝑝𝑙𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 
𝐴𝑅𝐼4 = 𝐴𝑅𝐼3 + 𝐴𝑢𝑡𝑜𝑚𝑎𝑡𝑒𝑑 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 

 

TABLE V ARI ABLATION CONFIGURATIONS 

Configuration AI Risk 

Prediction 

Adaptive Feature 

Control 

Explainability Automated 

Recovery 

ARI₀ No No No No 

ARI₁ Yes No No No 

ARI₂ Yes Yes No No 

ARI₃ Yes Yes Yes No 

ARI₄ Yes Yes Yes Yes 

The resulting performance differences are used to determine how each component affects prediction 

quality, deployment reliability, and recovery performance. 

H. Experimental Objective 

The primary experimental objective is to determine whether integrating predictive intelligence with 

adaptive deployment and recovery can reduce release failures and high-risk user exposure while 

improving recovery speed. The evaluation therefore considers both machine-learning performance and 

operational deployment performance, providing a comprehensive assessment of the proposed ARI 

framework. 

 

VII. RESULTS AND DISCUSSION 

The experimental evaluation of the proposed Adaptive Release Intelligence (ARI) framework focuses 

on five dimensions: failure prediction accuracy, release reliability, adaptive feature control, recovery 

performance, and the contribution of individual framework components. The numerical results below 

should be treated as experimental values until they are replaced with measurements obtained from the 

final enterprise mobile-application dataset. 

A. Failure Prediction Performance 

The predictive performance of the evaluated models is presented in Table VI. Traditional rule-based 

prediction provides a baseline, while Random Forest and Gradient Boosting capture nonlinear 

relationships among release features. LSTM improves temporal modeling, whereas the Transformer 

captures longer-range dependencies among sequential telemetry observations. The complete ARI 

configuration incorporates the predictive component within the adaptive release-control loop. 
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TABLE VI FAILURE PREDICTION PERFORMANCE OF COMPETING MODELS 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC 

Rule-Based 84.6 82.9 80.7 81.8 0.861 

Random Forest 90.8 89.7 88.9 89.3 0.934 

Gradient Boosting 91.7 90.8 89.6 90.2 0.942 

LSTM 93.4 92.8 92.1 92.4 0.961 

Transformer 95.1 94.6 94.0 94.3 0.973 

ARI 96.8 96.3 95.9 96.1 0.982 

The results indicate that temporal deep-learning models provide stronger predictive performance than 

static rule-based approaches. The Transformer configuration demonstrates improved capability to 

model long-range relationships within telemetry sequences. The ARI configuration further incorporates 

contextual release information and adaptive decision variables, resulting in the highest performance 

across the evaluated metrics. 

B. Deployment and Recovery Performance 

The operational impact of the proposed framework is evaluated using release failure rate, rollback rate, 

recovery time, and high-risk user exposure. The results are presented in Table VII. 

 

TABLE VII DEPLOYMENT AND RECOVERY PERFORMANCE 

Deployment 

Strategy 

Failure Rate 

(%) 

Rollback Rate 

(%) 

Recovery Time 

(min) 

High-Risk User 

Exposure (%) 

Conventional 

Release 

6.2 5.1 42 8.7 

Rule-Based 

Canary 

4.1 3.4 31 5.9 

AI-Based Canary 2.8 2.3 24 4.1 

Proposed ARI 1.7 1.4 16 2.6 

The results show that controlled deployment reduces failure exposure compared with conventional full 

deployment. The addition of AI-based prediction further reduces exposure by identifying potentially 

high-risk releases before broader deployment. ARI additionally monitors post-release behavior and 

dynamically adjusts feature exposure, which contributes to lower high-risk user exposure and shorter 

recovery time in the evaluation. 

C. Adaptive Feature-Control Analysis 

The feature-control mechanism is evaluated by progressively increasing exposure when operational risk 

remains below the predefined threshold and reducing exposure when degradation is detected. The 

relationship between risk and feature exposure is summarized in Table VIII. 

 

TABLE VIII RISK-BASED FEATURE EXPOSURE POLICY 

Risk Condition Risk Range Feature Exposure Deployment Action 

Low Risk 𝑅𝑅 < 𝜃1 100% Progressive/full deployment 

Moderate Risk 𝜃1 ≤ 𝑅𝑅 < 𝜃2 𝜂𝑒 Controlled canary deployment 

High Risk 𝑅𝑅 ≥ 𝜃2 0% Hold, disable, or rollback 

This mechanism prevents a fixed deployment percentage from being applied uniformly to all releases. 

Instead, the exposure level is continuously associated with the estimated operational risk. Consequently, 

the framework can maintain limited exposure during uncertain deployment conditions and expand 

deployment when the observed application health remains stable. 

D. Ablation Analysis 

The contribution of individual ARI components is evaluated using the ablation configurations defined 

in Section VI. The results are presented in Table IX. 

 

TABLE IX ABLATION ANALYSIS OF ARI COMPONENTS 

Configuration F1-Score 

(%) 

Release Failure Rate 

(%) 

Recovery Time 

(min) 

ARI₀: Baseline 88.4 5.8 39 

ARI₁: + AI Risk Prediction 93.7 3.9 31 
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ARI₂: + Adaptive Feature 

Control 

95.0 2.8 25 

ARI₃: + Explainability 95.4 2.5 23 

ARI₄: + Automated Recovery 96.1 1.7 16 

 

The ablation analysis indicates that the addition of AI-based risk prediction contributes to improved 

failure identification. Adaptive feature control further reduces release exposure by dynamically 

controlling the affected functionality. Explainability provides transparency regarding the factors 

contributing to the risk prediction, while automated recovery contributes primarily to reducing recovery 

time and limiting continued exposure following degradation. 

E. Computational Performance 

The computational behavior of the framework is also considered because release-control decisions must 

be generated within a practical operational timeframe. 

 

TABLE X COMPUTATIONAL COMPLEXITY OF ARI COMPONENTS 

Component Computational Complexity 

Telemetry preprocessing 𝑂(𝑁𝑑) 
Feature interaction generation 𝑂(𝑁𝑑2) 

Transformer inference Approximately 𝑂(𝐿2𝑑) 
Risk computation 𝑂(𝑑) 

Feature-control decision 𝑂(1) 
Recovery decision 𝑂(1) 

where 𝑁represents the number of telemetry observations, 𝑑represents the feature dimension, and 

𝐿represents the temporal sequence length. The principal computational cost is associated with 

Transformer-based temporal representation learning. Since model training can be performed offline, 

deployment environments primarily require inference and lightweight risk-control operations. 

 

F. Discussion 

The evaluation demonstrates the intended relationship between predictive intelligence and adaptive 

release management. Traditional deployment mechanisms primarily react to predefined conditions, 

whereas ARI combines predicted failure probability with contextual risk and real-time operational 

feedback. The results suggest that integrating AI prediction, adaptive feature control, explainability, 

and automated recovery can simultaneously address prediction accuracy and deployment-level 

reliability. 

Importantly, the reported numerical values are not claimed as measured results from a real enterprise 

dataset. For the final IEEE submission, these values should be replaced with experimentally obtained 

results, confidence intervals, statistical significance analysis, and dataset-specific observations. This 

distinction is necessary to ensure that the final paper reports reproducible experimental evidence rather 

than assumed performance. 

 

VIII. COMPUTATIONAL COMPLEXITY AND PRACTICAL DEPLOYMENT 

The computational design of ARI is intended to support continuous risk assessment without introducing 

excessive overhead into the mobile application release pipeline. The framework separates 

computationally intensive model training from lightweight inference and deployment-control 

operations. Training can be performed centrally using historical telemetry, while the trained model can 

subsequently provide risk predictions to the release-control layer. 

A. Computational Complexity 

Let 𝑁denote the number of telemetry observations, 𝑑the feature dimension, and 𝐿the temporal sequence 

length. Telemetry preprocessing requires approximately 

𝑂(𝑁𝑑) 
 

operations. If pairwise feature interactions are generated, the corresponding complexity is 

approximately 

𝑂(𝑁𝑑2) 
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For the Transformer component, self-attention has an approximate computational complexity of 

𝑂(𝐿2𝑑) 
 

where 𝐿2results from the pairwise attention calculation between elements in the temporal sequence. 

The final risk calculation requires only a weighted combination of the prediction and contextual 

variables: 

𝑅𝑅 =∑𝑤𝑖

𝑘

𝑖=1

𝑥𝑖 

 

and therefore has complexity 

𝑂(𝑘) 
 

where 𝑘represents the number of risk factors. The feature-control and recovery decisions require 

constant-time threshold evaluation and therefore have approximately 

𝑂(1) 
 

complexity. 

 

TABLE XI COMPUTATIONAL COMPLEXITY OF ARI COMPONENTS 

Component Complexity 

Telemetry preprocessing 𝑂(𝑁𝑑) 
Feature interaction generation 𝑂(𝑁𝑑2) 
Transformer inference 𝑂(𝐿2𝑑) 
Risk-score computation 𝑂(𝑘) 
Feature-control decision 𝑂(1) 
Recovery decision 𝑂(1) 

B. Training and Inference Architecture 

ARI separates offline model training from online release intelligence. Historical release telemetry is 

used to train and periodically update the predictive model. During deployment, only feature extraction, 

model inference, risk calculation, and control decisions are executed in the online pipeline. 

The operational workflow can therefore be represented as 

𝐻𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙 𝐷𝑎𝑡𝑎 → 𝑀𝑜𝑑𝑒𝑙 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 → 𝑀𝑜𝑑𝑒𝑙 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 → 𝑀𝑜𝑑𝑒𝑙 𝐷𝑒𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡
→ 𝑅𝑒𝑎𝑙 − 𝑇𝑖𝑚𝑒 𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 

 

This separation reduces the computational burden of the production release environment while allowing 

the prediction model to be periodically retrained using newly accumulated release observations. 

C. Practical Deployment 

ARI can be integrated with enterprise mobile DevOps pipelines without requiring modification of the 

core mobile application architecture. The risk engine can operate as an independent service between the 

continuous integration/continuous deployment pipeline and the application distribution layer. 

A practical deployment architecture consists of the following logical components: 

 

TABLE XII PRACTICAL ARI DEPLOYMENT COMPONENTS 

Component Primary Function 

CI/CD Pipeline Build, test, and package application releases 

Telemetry Collector Collect application and operational observations 

Feature Engineering Layer Transform raw telemetry into model features 

AI Risk Engine Predict release failure probability 

Risk Controller Calculate contextual release risk 

Feature-Flag Service Control feature exposure 

Monitoring Layer Track post-release application behavior 

Recovery Controller Trigger feature disabling or rollback 

Model Repository Store trained and validated AI models 
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The risk engine can initially evaluate a release before deployment and subsequently perform periodic 

reassessment during canary deployment. The feature-control layer receives the updated risk score and 

modifies exposure accordingly. This enables the framework to operate without requiring complete 

redeployment of the application whenever a feature needs to be disabled. 

D. Scalability Considerations 

Enterprise mobile environments may generate telemetry from thousands or millions of application 

sessions. Therefore, ARI should support scalable stream-processing and distributed data-storage 

mechanisms. Telemetry can be processed in batches for model retraining and as streams for real-time 

release monitoring. 

For a distributed environment containing 𝑞processing nodes, the approximate processing workload can 

be represented as 

𝑊𝑛𝑜𝑑𝑒 ≈
𝑊𝑡𝑜𝑡𝑎𝑙

𝑞
 

 

assuming relatively balanced workload distribution. Horizontal scaling can therefore be used to 

accommodate increasing telemetry volume. 

E. Reliability and Fault Tolerance 

Because ARI itself participates in release decisions, failure of the intelligence layer should not result in 

uncontrolled deployment. A fallback policy can be incorporated into the release controller. If the AI 

risk service becomes unavailable, the system can temporarily switch to conservative predefined 

deployment rules. 

The fallback decision can be represented as 

𝐷 = {
𝐷𝐴𝐼 , 𝑆𝑒𝑟𝑣𝑖𝑐𝑒𝐴𝐼 = 1

𝐷𝑓𝑎𝑙𝑙𝑏𝑎𝑐𝑘, 𝑆𝑒𝑟𝑣𝑖𝑐𝑒𝐴𝐼 = 0 

 

where 𝐷𝐴𝐼represents the AI-driven decision and 𝐷𝑓𝑎𝑙𝑙𝑏𝑎𝑐𝑘represents the predefined safe deployment 

policy. 

F. Practical Limitations 

The effectiveness of ARI depends on telemetry quality, historical release data, model calibration, and 

the reliability of the monitoring infrastructure. Incomplete or biased telemetry may reduce prediction 

accuracy, while changes in application architecture or user behavior can introduce model drift. 

Therefore, production deployment should incorporate periodic model validation, drift detection, 

threshold recalibration, and monitoring of false-positive and false-negative decisions. 

Overall, the computational architecture enables ARI to combine centralized model training with 

lightweight online decision-making, making the framework suitable for integration with enterprise 

mobile release pipelines while maintaining scalability, operational resilience, and controlled 

deployment behavior. 

 

CONCLUSION 

The proposed Adaptive Release Intelligence (ARI) framework provides an AI-driven approach for 

improving the reliability and safety of enterprise mobile application releases by integrating release-risk 

prediction, contextual telemetry analysis, adaptive feature control, progressive deployment, explainable 

decision-making, continuous monitoring, and automated recovery within a unified closed-loop 

architecture. Unlike conventional release strategies that rely primarily on static testing and predefined 

deployment rules, ARI continuously evaluates application, device, network, user, and release conditions 

to dynamically adjust deployment exposure and recovery actions. The framework employs temporal AI 

modeling to estimate failure probability and combines the prediction with contextual risk factors to 

generate an adaptive release-risk score. Feature exposure is subsequently controlled according to the 

estimated risk, while post-release telemetry enables continuous reassessment and automated mitigation 

through feature disabling, exposure reduction, or rollback. The experimental methodology evaluates 

ARI using predictive, deployment, recovery, computational, and ablation metrics, providing a 

comprehensive basis for assessing its practical effectiveness. Future work will focus on validation using 

large-scale production telemetry, online learning for model adaptation, federated learning for privacy-
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preserving analytics, automated concept-drift detection, and reinforcement-learning-based release 

optimization to further improve autonomous and context-aware enterprise mobile deployment. 
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