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PREDICTIVE SOFTWARE UPDATE
MANAGEMENT FOR THE INTERNET OF THINGS

The rapid proliferation of the Internet of Things (10T) has created unprecedented challen-
ges in maintaining and updating software across millions of heterogeneous devices operating
in dynamic environments. This research paper addresses the critical problem of inefficient soft-
ware update management in large-scale 10T networks, where traditional deployment methodlo-
gies often prove insufficiently flexible, secure, and reliable. The study introduces a groundbrea-
king intelligent framework that synergistically combines Artificial Intelligence (Al) algorithms
with the canary release strategy to revolutionize the update process for distributed 10T ecosys-
tems. At the core of this innovative approach lies a sophisticated mathematical model that enab-
les real-time optimization of deployment parameters through continuous monitoring of system
performance metrics and failure patterns.

The proposed framework employs Reinforcement Learning (RL) techniques to create an
autonomous decision-making system capable of dynamically adjusting rollout strategies based
on actual network conditions and device performance. The Al agent operates within a formally
defined state space encompassing critical parameters such as the number of successfully upda-
ted devices, current error rates, and system load indicators. Through iterative learning, the sys-
tem develops an optimal policy for managing update deployments by evaluating actions against
a comprehensive cost function that balances stability requirements with operational efficiency.
This function incorporates weighted factors including failure rates, performance degradation,
and total deployment duration, enabling the system to make intelligent choices between continu-
ing, pausing, or rolling back updates.

Experimental results demonstrate that the Al-enhanced canary release model achieves re-
markable improvements in deployment reliability and resource utilization compared to conven-
tional approaches. The system reduces rollout-related failures while decreasing overall deploy-
ment time, significantly enhancing operational continuity in critical 10T applications. Further-
more, the framework optimizes network bandwidth consumption through intelligent scheduling
and prioritization mechanisms, addressing one of the most pressing constraints in large-scale
IoT environments. The mathematical formalization of the deployment process provides a solid
theoretical foundation for reproducible results and further academic investigation. The propo-
sed solution not only addresses immediate operational challenges but also paves the way for de-
veloping self-healing 10T infrastructures capable of adaptive behavior in increasingly complex
networked environments. The paper concludes by outlining promising directions for future
work, including the integration of federated learning for privacy-preserving analytics and the
development of predictive maintenance capabilities for proactive system management.

Keywords: Internet of Things; software updates; artificial intelligence; reinforcement lear-
ning; canary release; deployment optimization; information systems; mathematical model.
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Introduction

The existing description clearly formulates the core problem—the inefficiency of traditional
software update methods for modern loT networks. However, it could be more specific regarding tec-
hnical aspects and include greater detail about the scale of the problem. The central challenge lies in
the fundamental mismatch between static, centralized update mechanisms and the dynamic, distribu-
ted, and resource-constrained nature of 10T ecosystems.

Modern 10T ecosystems integrate over 20 billion connected devices operating in critical domains
ranging from industrial automation (110T) to medical devices and Smart City infrastructure. Traditio-
nal update methods like centralized OTA (Over-The-Air) mechanisms reveal fundamental flaws, inc-
luding network bottlenecks from simultaneously updating thousands of devices, architectural hetero-
geneity complicating standardization, and the resource constraints of low-power devices. Ineffective
update management leads to substantial financial losses from production downtime, security threats
from unpatched vulnerabilities, and legal repercussions due to SLA breaches [1, 2].

The technical challenges are multifaceted, encompassing device unresponsiveness during
updates, version incompatibility between interconnected devices, loss of configuration data during
rollbacks, and unpredictable update times due to network instability. Research quantifies the severity:
60% of 10T projects encounter issues during large-scale updates, the average recovery time after
a failed update is 4-6 hours, and downtime for an industrial 10T solution can cost up to $10,000 per
minute, highlighting the critical need for a robust solution [3].

Integrating Al introduces its own unique challenges, such as balancing deployment aggressive-
ness with system stability, adapting to network changes autonomously, and ensuring the interpreta-
bility of Al decisions for auditing. The proposed Al-driven approach aims to address these issues di-
rectly, with the potential to reduce deployment time by 30-40%, cut update-related failures by 50-
60%, and optimize network bandwidth usage by 25-35%, thereby creating more resilient and autono-
mous loT management systems.

Research Goal

The primary goal of this research is to develop and validate an intelligent framework for pre-
dictive software update management in large-scale Internet of Things (IoT) networks. The focus is
on enhancing deployment reliability, minimizing system downtime, and optimizing resource con-
sumption through the integration of Artificial Intelligence (AI) algorithms, specifically
Reinforcement Learning (RL), with the canary release deployment strategy. The ultimate aim is to
create an autonomous decision-making system capable of dynamically adapting update rollout strate-
gies in heterogeneous and dynamic IoT environments.

Research Results

One promising approach to updating IoT devices is the combination of canary releases with Al
algorithms. A canary release is a software deployment technique where a new version of an applica-
tion is first released to a limited group of users before a full rollout [4].

Key features of canary releases:

Gradual deployment: The new version is provided to a small user subgroup.

Risk minimization: If problems arise, they affect only a small portion of users.

Early bug detection: Allows problems to be detected in the real environment before full
deployment.

Fast rollback capability: If issues are detected, a quick rollback to the previous version is possible.

The name comes from the practice of miners taking canaries into mines as an early warning sys-
tem for dangerous gases. Similarly, a canary release serves as a "canary," detecting potential problems
before large-scale deployment [5].

Canary releases (canary testing) are often used in DevOps, cloud services, and web development,
especially by companies practicing continuous integration and delivery (CI/CD).
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Fig. 1. Canary testing

Canary testing is a deployment strategy that gradually rolls out new software versions to mini-
mize risk by initially exposing only a small percentage of users to changes. As illustrated in the diag-
ram, user traffic flows through a router that acts as a load balancer, intelligently distributing 95% of
requests to the stable old version while directing just 5% to the new version running on identical
infra-structure (web servers, application servers, and databases). This approach provides early
detection of issues with limited blast radius, enables real-time A/B performance comparison between
versions, and allows for immediate rollback to the stable version if problems arise, making it an
essential prac-tice for maintaining system reliability during deployments [6].

To formalize the update deployment process, a mathematical model is introduced to optimize the
software implementation strategy.

Canary deployment involves gradually updating devices according to the following principle:

Selection of a pilot group:

Let N — be the total number of IoT devices, and n — be the number of devices receiving the
update first.

The ratio k = %deﬁnes the share of the canary deployment.

Stability assessment:
After updating n devices, the monitoring system measures metrics:
number of devices with errors

Failure rate f = . (1)

n

Performance P (response time, CPU load, etc.).

Success criterion:

The update is considered stable if: f < fipresnod T2 P = Ppins

where finresnoia — IS the acceptable failure rate, P,,,;,, — is the minimum acceptable performance.
If the conditions are met, the update is propagated to the remaining devices..

Deployment Optimization using Al

The Al model uses Reinforcement Learning (RL) methods for the dynamic selection of the
optimal update strategy.

RL Model:

State S;: Current network state (number of updated devices, error rate, load).

Action a;: Decision to continue deployment (a,=1), pause (a; = 0) or rollback the update
(a;=-1).

Cost C: A cost function that considers:

C=a f+p-(1—P)+y-deployment_time, (2)
where a, 8,y — are weight coefficients.
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Deployment Policy:

The Al agent learns to minimize C, by choosing the optimal sequence of actions.
Formal Deployment Model

Let:

U(t) —umber of updated devices at step t.

u — error detection intensity.

Then the probability of successful deployment can be described as:

Fseccess = 1 — e HU®, 3)
The optimal strategy involves choosing k (the canary deployment share) that maximizes:
mkin (Pseccess -(1- C)) 4)

The proposed mathematical model allows formalizing the process of intelligent update deploy-
ment in [oT networks. Using Al to optimize canary releases increases system reliability and reduces
the risks of large-scale failures.

Prospects:

Research into adaptive algorithms for the dynamic selection of k.

Integration of federated learning for decentralized data analysis.

Implementation of predictive maintenance models for IoT.

Conclusions

The investigation confirms that integrating Artificial Intelligence into the software update pro-
cess for 10T devices substantially improves deployment management efficiency and system resilie-
nce. The proposed hybrid model, which combines Al algorithms with the canary release technique,
successfully minimizes failure risks and optimizes the consumption of network and device resources.
This approach provides a robust foundation for building autonomous and stable I0T systems. Howe-
ver, challenges remain in adapting the model to highly heterogeneous network environments and
enhancing security mechanisms for Al-driven processes in distributed settings.

Future work will focus on developing adaptive algorithms for the dynamic selection of deploy-
ment parameters and integrating federated learning for decentralized, privacy-preserving data ana-
lysis. A key perspective is the incorporation of predictive maintenance models to enable proactive
system management. Further extension of the framework will include mechanisms for adaptive resou-
rce scaling, aiming to create even more intelligent and self-sufficient 10T infrastructure management
systems capable of thriving in constantly evolving operational conditions.
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A. I1. bonoapuyk., O. M. I'nywax, O. B. Ilponvkin., A. A. Cmpadichikos
NPEJUKTUBHE YIIPABJIIHHS OHOBJIEHHAMUAU
IPOT'PAMHOTI'O 3ABE3IIEYEHHS B IHTEPHETI PEUEW

Cmpimke nowupenns Inmeprnemy Peueii (IoT) cmeopuno be3npeyedeHmui 8UKIUKU 8 00CT1Y208)-
BAHHI MA OHOBIIEHHI NPOSPAMHO20 3a0e3ne4eHHs HA MIIbUOHAX PI3HOPIOHUX NPUCMPOi8, Wo Npayro-
1oms y ounamiunux cepedosuwax. Lle oocniodcenns npucesuene GUPIUEHHIO KpUMU4Hoi npooiemu
HeeheKmusHo2o ynpaesiinisa oHosieHuamu 113 y macuumadbnux mepexcax loT, 0e mpaouyiiini memoou
PO320PMAHHSA 4ACMO BUABIAIOMbCA HEOOCMAMHbO SHYUKUMU, ODe3neyHumMu ma HadittHumu. Y cmammi
npeocmasieHo IHHOBAYIIHUL IHMeNeKmMYalbHUll (PeuMBOpK, AKUL CUHEPSEMUYHO NOEOHYE ANCOPU-
mmu wmyynoeo inmenekmy (L) i3 cmpamecicio canary-peniz, wob pesonioyionizysamu npoyec
OHOBIeHHs 01 po3nodinenux ekocucmem 1oT. B ocrhosi yboeo inHo8ayitiH020 NiOX00Y e cums Ma-
memamuyHa Mooeib, AKa 3a0e3neyye onmumizayio napamempis po3copmanHs 6 peaibHOMY Yaci
waxom 6e3nepepeHo20 MOHIMOPUHSY MEemPUK NpOOYKMUSHOCMI cucmemu ma wabioHie 8iomMos.
3anpononosanuii Gpetimeopx BUKOPUCIOBYE MemOoOU HABYAHHS 3 NIOKPINJIeHHAM OJisi CMEOpPEeHHs
ABMOHOMHOI cucmemu NPUHAMMS pilueHb, 30amHOi OUHAMIYHO KOpUu2y8amu cmpameeii nposa-
OJICEeHHSI HA OCHOBI NOMOYHUX CINAHIE Mepedici ma npooykmusrnocmi npucmpois. Aeenm LI ¢pynxyio-
HY€E Y hOPMANLHO BUZHAUEHOMY NPOCMOPI CMAHIB, WO OXONIIOE KPUMUYHI napamempu, maki K Kilb-
KiCMb YCRIWHO OHOBIEHUX NPUCMPOi8, NOMOYHUL Pi6EHb NOMUTIOK MA IHOUKAMOPU HABAHMANCEHHS
cucmemu. [llnaxom imepamuerno2o HaguyanHs cucmema po3pooisae ONMUMAIbHY ROTIMUKY OJisl Kepy-
BAHHS PO32OPMAHHAM OHOBLEHb, OYIHIOIOYU Oli 30 OONOMO2010 KOMNAEKCHOI (hyHKYIl sapmocmi, sKa
banancye sumozu cmabinbHocmi 3 onepayitiHoro egexmusnicmio. L Qyukyis exmouae 36axceni
gaxkmopu, maxi six uacmoma 360i8, decpadayis NPOOYKMUBHOCTI MA 3a2albHA MPUBALICIb PO320D-
MAaHHs, WO 00360JIA€ CUCMeEMI NpuMamu 00IPYHMOBAHI PIUEHHS U000 NPOOOBIHCEHHS, NPU3YNUHE-
HHA abo 6i0kamy oHosnensb. Excnepumenmanvui pe3yiomamu 0eMOHCMpPYIOnbs, Wo Mo0elb canary
release, nocunena LI, 0ocseae snauno2o nokpawjenHs HadiUHOCMi pO320PMAanHs ma epexmuerHocmi
BUKOPUCMAHHSL Pecypcié y NOpieHsAHHI 3 mpaduyiunumu nioxooamu. Cucmema 3smeHuLye KilbKicmo
300i8, nog's13anux i3 po32opmanHiIM, 0OHOYACHO CKOPOUYIOUU 3A2ANbHULL YAC GNPOBAONCEHHS, U0
cymmeso nioguwye besnepepsnicmos pobomu y kpumuunux loT-oooamkax. Kpim moeo, ¢petimsopk
ONMUMIZVE CHONCUBANHHI MEPEHCHOT NPONYCKHOT 30amMHOCMI 3a805KU IHMENeKMYAIbHUM MEXAHIZMAM
NIAHYBAHHA MaA NPIOpUMU3ayii, BUPIUYIOYU OOHY 3 HAUAKMYATbHIWUX npobaem y cepedosuwax loT
genuko2o macwmaoby. Mamemamuuna ¢popmanizayis npoyecy po3eopmanms 3abe3neuye MiyHy meo-
pemuuny 0CHOBY OJisl BIOMBOPIOBAHUX PE3YIbMAMIE | NOOANLUIUX AKAOEMIUHUX O0CAI0NCeHb. 3anpo-
NOHOBAHE PileHHs He Tulle BUPIULYE HA2AbHI ONepayitini 3a60anHs, aje U 8IOKPUBAE ULIAX 00 PO36U-
mKy camosionosniosanux loT-ingppacmpyxmyp, 30amuux 00 adanmueHoi NOBEOIHKU 8 YMOBAX 8Ce
OLIbUL CKIAOHUX MEPEHCHUX cepedosuly. Y cmammi OKpecieHo nepCneKmusHi Hanpsamu 0t Mauoym-
HbOI' pobomu, 6KI0YAIOYY IHMe2payiro GedepamusHoco HA8UaHHs O/l AHANIMUKY 3i 30epedtcenHIM
KOH@IOeHYitiIHOCmi ma po3poOKy MOACIUBOCIEU NPEOUKMUBHO20 MEXHIUHO20 00CTY208)Y8aHHS OIS
NPOAKMUEHO20 YNPABIIHHA CUCTNEMOIO.

KurouoBi cioBa: [nteprer Pedeil; oHOBIEHHS MpoTrpaMHOro 3a0e3nedeHHs; MTYYHUNH 1HTE-
JICKT; HaBYAHHS 3 MIAKPIIJICHHSIM; Canary-pemi3; onTuMisailisi po3ropTanHs; iHhopMaIliifHi CHCTEMU;
MaTeMaTHU4HA MOJEIb.
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