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Abstract22

Cloud-native microservice systems are predominantly managed through reactive23

autoscaling that responds only after performance has degraded. Although orches-24

tration platforms such as Kubernetes provide elastic resource provisioning, they25

seldom account for architectural design principles, namely coupling, cohesion, and26

service granularity, whose effects become pronounced under fluctuating workloads.27

We present an empirical extension of the Adaptive Microservices Optimization28

Framework (AMOF), a hybrid learning-based runtime controller for Kubernetes29

that augments performance telemetry with design-principle-aware proxies. AMOF30
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couples a Random Forest classifier, used as a forward-looking degradation detector,31

with a Deep Q-Network that selects adaptation actions under a multi-objective32

reward balancing CPU utilization, memory consumption, latency, and adaptation33

cost. The framework is evaluated through a controlled multi-case study on two34

structurally distinct benchmark applications, Google Online Boutique and Weave-35

works Sock Shop, spanning four adaptation strategies, three workload regimes,36

and five independent runs, yielding 120 experiments and 89,901 telemetry obser-37

vations. The detector anticipates degradation thirty seconds ahead with an area38

under the receiver operating characteristic curve (AUC) above 0.97 on unseen39

stress and extreme workloads, and the design-principle proxies supply most of its40

predictive importance. Relative to the Kubernetes Horizontal Pod Autoscaler,41

AMOF lowers CPU utilization by up to 52.2% and memory usage by up to 49.1%,42

while exposing a resource-efficiency versus latency trade-off under extreme load.43

Cohesion proves more amenable to runtime adjustment than coupling, which44

remains constrained by structural service dependencies. These findings indicate45

that design-principle-aware telemetry can complement conventional autoscaling46

and support more informed runtime management of cloud-native deployments.47

Keywords: Cloud-native microservices, Kubernetes autoscaling, Runtime adaptation,48

Resource management, Reinforcement learning, Performance optimization49

1 Introduction50

Cloud-native computing has transformed the design and operation of modern dis-51

tributed applications by promoting containerization, service decomposition, automated52

deployment, and elastic resource provisioning [30]. Within this paradigm, microser-53

vice architecture has become widely adopted for building scalable and independently54

deployable cloud applications [24]. By decomposing complex systems into smaller ser-55

vices with decentralized ownership and deployment pipelines, microservices enable56

operational flexibility, continuous delivery, and fine-grained resource management in57

cloud environments [12].58

Loose coupling, high cohesion, and precise granularity are fundamental design59

principles in microservices systems [10, 11] and have been thoroughly studied at design60

time [8, 37]; however, their collective dynamic adaptation under varying workloads61

remains underexplored in operational environments [18].62

Microservices management strategies are predominantly reactive [42, 3]. Resource63

scaling mechanisms and tools, such as Kubernetes’ Horizontal Pod Autoscaler (HPA),64

respond only after performance degradation occurs [3], resulting in Service-Level65

Agreement (SLA) violations and over-allocation of infrastructure resources [46]. Early66

work on predictive autoscaling showed that reactive policies introduce a provisioning67

lag that grows with workload intensity, and that incorporating workload forecasting68

into the scaling loop reduced Service-Level Objective (SLO) violations by roughly69

25% [5]. Despite the wide adoption of industry-standard observability tools such as70

Prometheus and Grafana for analysis and monitoring [41, 9], actionable architectural71

adjustment based on monitoring data has remained limited [14].72
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Recent studies have explored machine learning for predictive autoscaling [40, 22],73

however, most approaches focused on resource metrics like CPU utilization or mem-74

ory usage in isolation. The literature identifies reactive, proactive, and hybrid scaling75

as three successive generations, with hybrid methods achieving better resource effi-76

ciency under heavy workloads [7, 4]. Moreover, architectural principles such as service77

granularity, cohesion and coupling were rarely incorporated into runtime adaptation78

strategies, leaving a gap between software design modeling and runtime behavior of79

microservices system [18, 19]. Empirical evidence indicates that coupling metrics cor-80

relate directly with independence as well as inter-service call volume [23], reinforcing81

the need for a framework that treats design principles as runtime orchestrators rather82

than static design-time artifacts.83

This study extends our previously introduced Adaptive Microservices Opti-84

mization Framework (AMOF) [2, 1] by moving from initial framework validation85

toward a broader cloud-native empirical evaluation. The earlier work established the86

conceptual basis of design-principle-aware runtime adaptation and demonstrated its87

feasibility on a single benchmark. The present study evaluates AMOF across two struc-88

turally distinct Kubernetes microservice applications, employs a larger experimental89

matrix, compares against multiple cloud autoscaling baselines, and analyses the extent90

to which design-principle-aware runtime proxies contribute to cloud resource manage-91

ment under normal, stress, and extreme workload regimes. To support independent92

verification and extension, the complete AMOF implementation, experiment orches-93

tration scripts, case-study configurations, logs, and statistical analysis code are made94

openly available as a replication package [1].95

Contributions. This paper makes four contributions. First, it extends AMOF to96

cloud-native Kubernetes microservices by combining runtime telemetry with proxies for97

coupling, cohesion, and granularity, and by coupling a Random Forest forward-looking98

degradation detector with a Deep Q-Network that selects adaptation actions under a99

multi-objective reward over CPU, memory, latency, and adaptation cost. Second, it100

reports a controlled multi-case evaluation on Google Online Boutique and Weaveworks101

Sock Shop, two architecturally distinct benchmarks deployed on Kubernetes with Istio-102

based observability, comprising 120 experiments and 89,901 telemetry observations103

against Static, Horizontal Pod Autoscaler, and Rule-Based baselines. Third, it quantifies104

the resulting resource versus Quality-of-Service (QoS) trade-off, showing that AMOF105

improves CPU and memory efficiency relative to reactive autoscaling at the cost of106

a workload-dependent latency penalty under extreme load. Fourth, it examines the107

runtime tractability of architectural parameters and finds that cohesion responds to108

short-horizon control whereas coupling remains structurally constrained, a distinction109

further supported by the detector’s reliance on design-principle features.110

The remainder of this paper is organized as follows. Section 2 reviews related111

work. Section 3 presents the AMOF runtime adaptation framework and its design-112

principle-aware telemetry model. Section 4 describes the Kubernetes experimental113

environment, benchmark applications, workloads, baselines, metrics, and statistical114

procedures. Section 5 presents the empirical results and their analysis. Section 6115

discusses theoretical implications and practical considerations, and Section 8 concludes116

the work with future research directions.117
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2 Related Work118

2.1 Runtime Adaptation in Microservices119

The wide adoption of microservice architecture (MSA), driven by the architectural120

principles of service granularity, loose coupling, and high cohesion, has attracted sus-121

tained research attention because of the advantages it offers, including independence,122

scalability, and flexibility, particularly in dynamic cloud environments [20]. The pro-123

posed approaches, however, have mainly focused on the reactive scaling of resources124

without collectively incorporating architectural design principles. Foundational litera-125

ture established that research on MSA is strongly skewed toward design-time measures126

like Domain-Driven Design (DDD) [43] or Model-Driven Development (MDD) [50],127

with runtime reconfiguration remaining underexplored relative to its operational impor-128

tance [12]. Hassan et al. [18] highlighted granularity adaptation at runtime; Vural &129

Koyuncu [43] confined the contribution of coupling, cohesion, and granularity to static130

analysis or design-time decisions.131

Recent advances have incorporated Machine Learning (ML) algorithms for microser-132

vices optimization. Trabelsi et al. [39] performed a systematic review of ML-based133

migration of monolithic systems to microservices, identifying coupling and cohesion as134

key adaptation targets. Similarly, Narváez et al. [29] investigated deep learning tech-135

niques to optimize microservice boundaries. These studies supported the argument that136

runtime adaptation can be enhanced by utilizing AI models trained on design metrics.137

A persistent limitation of reactive strategies is the provisioning lag they introduce138

during sudden workload surges. Xie et al. [49] addressed this by proposing PBScaler,139

a bottleneck-aware autoscaling framework that uses the TopoRank algorithm to con-140

textualize performance bottlenecks across service interaction graphs before invoking141

scaling decisions. The Random Forest-based SLO-violation predictor in their approach142

achieved a precision of 0.92 on real-world Kubernetes deployments. Ahmad et al. [6]143

extended horizontal pod autoscaling with hierarchical resource sharing across microser-144

vices, demonstrating that proactive, MAPE-K-driven policies outperform both reactive145

and Kubernetes baseline autoscalers in resource-constrained environments. These stud-146

ies reinforce the need for a framework that combines predictive classification with147

policy-level control instead of relying on threshold triggers alone.148

2.2 Machine Learning and Reinforcement Learning for Systems149

Optimization150

Reinforcement learning (RL) has been applied for runtime improvement of microservices151

systems, including predictive scalability and resource allocation, where controllers152

must make sequential decisions under changing conditions [26, 38]. Al-Dhuraibi et153

al. [7] distinguished reactive, proactive, and hybrid mechanisms, and determined the154

mitigation of provisioning lag as a principal motivation for predictive control. Similarly,155

Abdullah et al. [5] showed that trace-driven predictive autoscaling can reduce SLO156

violations in fog micro-data centers by learning from reactive policy traces. Abdullah et157

al. [4] further extended their work to fluctuating workloads of containerized microservice158

and reported substantial gains over reactive baselines under non-stationary demand.159
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Wang et al. [44] and Kaloudis [21] pointed out the value of telemetry-driven learning160

for runtime decision making.161

More recent work has moved from prediction only towards learned control policies.162

DeepScaling [46] employed neural models to stabilize CPU utilization in large-scale163

production cloud systems while limiting over-provisioning. Similarly, gym-hpa [34]164

formulated Kubernetes autoscaling as a reinforcement-learning problem for complex165

microservice systems. Both these studies showed that learned controllers can improve166

resource management in dynamic environments. At the same time, most existing167

approaches remain centered on performance and resource metrics. The literature has so168

far given comparatively little attention to integrating predictive degradation detection169

with reinforcement-learning-based control.170

2.3 Architectural Principles at Runtime171

Coupling, cohesion, and granularity have remained fundamental concepts in MSA [32],172

yet they were treated predominantly as design-time attributes. Although the literature173

provided different ways to quantify these attributes, their formalization at runtime174

needs further investigation [18]. Lenarduzzi et al. [23] highlighted the association175

of coupling-related measures with increased density and the volume of inter-service176

communication observed during migration to microservices, suggesting that these177

properties have operational significance in addition to architectural meaning. Related178

studies by Fritzsch [13] and Mazlami et al. [27] explored monitoring and restructuring179

decisions with reference to architectural quality, but their focus was primarily on180

refactoring and decomposition rather than runtime control.181

Zhong et al. [50] provided empirical support for interaction-based measures, show-182

ing that inter-service call rate and dependency ratio can serve as practical runtime183

proxies for structural coupling in microservice systems. Sellami and Saied [36] fur-184

ther elaborated that deep reinforcement learning can support service decomposition185

decisions, thereby reinforcing the broader case for learning-based architectural opti-186

mization. Their work, however, was concerned with design-time decomposition rather187

than runtime reconfiguration.188

2.4 Observability in Cloud-Native Systems189

Giamattei et al. [14] reported, in a Grey-literature review (GLR) of DevOps monitoring190

tools, that Prometheus and Grafana have become the prevailing observability stack191

for microservice environments. This observation was consistent with the systematic192

mapping study by Gomes et al. [16], which found metrics-based monitoring to be the193

dominant approach in the literature.194

Liang et al. [25] provide a recent example of learning-based autoscaling built195

on the Prometheus and Kubernetes pipeline. Their framework combined a dense-196

connectivity spatio-temporal graph neural network with Q-learning and showed that197

richer spatio-temporal representations improve degradation forecasting accuracy over198

simpler baselines. Although their focus is workload prediction and autoscaling rather199

than architectural control, the study was relevant in two aspects. Firstly, it confirmed200

the practical value of Prometheus-derived telemetry as an input to learned controllers.201

5



Secondly, it supported the broader premise that reinforcement-learning-based control202

can be effective in Kubernetes-based microservice environments.203

2.5 Positioning of This Work204

As shown in Table 1, most prior works targeted the improvement of resource usage or205

code modularity in isolation. AMOF differs by introducing a hybrid architecture that206

integrates predictive temporal forecasting with reinforcement-based policy optimization207

to actively tune architectural configurations in response to telemetry insights. Unlike208

prior studies, AMOF provides empirical validation across two distinct benchmarks209

on a single-node Kubernetes cluster using calibrated workloads. The incorporation210

of design-principle (coupling, cohesion, granularity) into the DQN state vector sets211

AMOF apart from performance-only autoscaling approaches like PBScaler [49] and212

DeepScaling [46], which did not account for architectural quality during adaptation.213

3 AMOF: Design-Principle-Aware Runtime214

Adaptation of Microservices215

3.1 Framework Overview216

AMOF is organized into three stages [2], shown in Figure 1. Stage 1 covers design217

and deployment initialization, real-time monitoring, trade-off analysis, and decision218

triggering. Stage 2 contains a hybrid AI decision engine in which a Random Forest219

Classifier produces an adaptation flag and a Deep Q-Network selects the next control220

action. Stage 3 performs post-adaptation evaluation and continuous optimization221

through monitoring feedback and model updates.222

Our work distinguishes between the framework’s generic action families and the223

concrete action space used in the experiments. In the framework diagram, the policy224

layer is represented by generic actions such as Split, Merge, Reconfigure, and225

Decouple. In the case-study instantiation reported here, these are operationalized as226

Split, Merge, ReconfCoupling, and AdjustCohesion, matching the controller227

configuration used throughout the experiments. At this level, the actions denote runtime228

controller decisions over deployment and interaction behavior rather than source-code229

refactorings.230

3.2 Runtime State Representation231

Let st ∈ R6 denote the AMOF state at time t for a service instance:232

st = ⟨ĉput, m̂emt, l̂att, ĉplt, ĉoht, ĝrant⟩. (1)

The first three components capture container-level performance signals (CPU uti-233

lization, memory utilization, and request latency), collected at fixed intervals from234

cluster telemetry. The last three components operationalize design-principle proxies235

derived from service-mesh observations and deployment state: (i) coupling as a normal-236

ized inter-service call-rate signal, (ii) cohesion as an internal-versus-external work ratio237
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Table 1: Comparative analysis of related studies (2017–2025).

Study Runtime ML/AI Design Production Year Focus Key Limitations
Adaptation Integration Principles Validation Area

Foundational & Theoretical Work (2017–2020)

Bogner et al. [8] No No Coupling only No 2017 Metrics Limited to static code analysis;
no runtime consideration

Mazlami et al. [27] No No Granularity only No 2017 Extraction Static analysis for monolith
decomposition; no adaptation

Jamshidi et al. [20] No No Conceptual No 2018 MSA Evolution Theoretical framework without
empirical validation

Hassan et al. [18] Limited No Granularity only No 2020 Mapping Design-time focus; lacks runtime
reconfiguration

Machine Learning-Augmented Approaches (2020–2023)

Hassan et al. [19] Yes Statistical Granularity only Limited 2022 Adaptation Addresses single principle; no
hybrid ML

Rubak et al. [33] Yes Gradient Boosting No Cloud 2023 Prediction Architecture-agnostic; reactive
post-degradation

Wang et al. [44] Partial Deep Learning Coupling only SLR 2023 Governance Literature review; limited empiri-
cal validation

Santos et al. [34] Yes RL (Q-learning) No Kubernetes 2023 RL Autoscaling No design-principle integration;
resource-only reward

Advanced AI & Reinforcement Learning (2024–2025)

Fritzsch [13] Yes Partial ML All three Quality-driven 2024 Refactoring Manual quality assessment; no
predictive capability

Kaloudis [21] Yes Statistical + ML Coupling/Cohesion Case studies 2024 Resilience Limited to statistical methods; no
RL integration

Xie et al. [49] Yes Random Forest No Kubernetes 2024 Bottleneck Scaling RF used for SLO prediction only;
no RL or design principles

Sellami & Saied [36] Design-time Deep RL All three No 2025 Extraction No runtime application; design-
time extraction only

Narváez et al. [29] Partial Multiple AI Conceptual Review 2025 AI Design Systematic review; limited empir-
ical validation

Trabelsi et al. [39] No ML Overview Coupling/Granularity Literature 2025 Migration Review paper; no runtime adap-
tation framework

Ahmad et al. [6] Yes Hierarchical HPA No Kubernetes 2025 Proactive Scaling No design-principle state; reac-
tive/proactive only

This work (AMOF) Full RFC + DQN All three Kubernetes 2026 Predictive Single-node cluster; two
benchmark apps

Runtime Adaptation: Full = continuous, policy-driven reconfiguration execution; Partial = semi-automated orchestration; Limited = threshold-triggered
response that requires manual validation; No = design-time analysis only.
ML/AI Integration: RFC = Random Forest Classifier; DQN = Deep Q-Network; RL = Reinforcement Learning; HPA = Horizontal Pod Autoscaler; Partial ML
= ML-assisted analysis with manual refactoring steps; Statistical = regression or rule-induction without learned policy; Hierarchical HPA = layered rule-based
pod sharing without RL.
Design Principles: “All three” denotes coverage of coupling, cohesion, and granularity; Conceptual = principles discussed as design goals only.
Production Validation: Kubernetes = evaluated on a production-grade Kubernetes deployment; Quality-driven = validated against software quality assessments.
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Design & Deployment

Initial configuration using
empirically derived

thresholds (Coupling
Degree, Cohesion Score,

Granularity) 

Real-Time Monitoring

Continuous collection of
live metrics using

Prometheus & Grafana:
(CPU, Memory, Latency,

Service Calls /sec)

Trade-off Analysis

Runtime statistical
evaluation

Adaptive Decision Making

Hybrid AI Engine 

1 2 3 4

Stage - 1 (Intelligent Runtime Adaption Flow) 

Stage - 2 (Hybrid AI Decision Engine)

Random Forest Classifier

Purpose: Fast adaptation classification

Output: Adaptation Flag

Deep Q-Network (DQN) 

Purpose: Strategy optimization

Actions: Split, Merge, Reconfigure, Decouple

Adaptation
Flag

Performance Improvements

Reduced CPU & Memory
Lower Latency 

Improved Fault Tolerance 

Performance Evaluation

Post-adaptation monitoring 
Model Updates

5

Stage - 3 (Monitoring & Continuous Optimization)

Continuous
Optimization 

Fig. 1: Overview of the Adaptive Microservices Optimization Framework (AMOF).

proxy, and (iii) granularity as a normalized dependency ratio. Such runtime proxies238

are consistent with the existing literature [50] and further explained in Section 3.3.239

3.3 Design-principle-aware runtime proxies240

AMOF uses design-time principles (coupling, cohesion, and granularity) as runtime241

indicators of performance and quality, alongside CPU, memory, and latency, reflecting242

the flexibility and maturity of cloud-native microservice systems under fluctuating243

loads. Let S denote the set of services, s ∈ S a service instance, and t a monitoring244

interval. We write cins (t) and couts (t) for the inbound and outbound inter-service call245

rates of service s, wint
s (t) for its internally served request work, cexts (t) for its outbound246

(externally forwarded) call volume, and Ds(t) for the number of distinct services247

it depends on. The coupling proxy estimates the relative communication pressure248

associated with service s:249

Cpls(t) =
cins (t) + couts (t)∑

j∈S

(
cinj (t) + coutj (t)

) . (2)

Cohesion estimates the degree to which the observed work of a service is handled250

internally rather than through external service interactions:251

Cohs(t) =
wint

s (t)

wint
s (t) + cexts (t)

. (3)
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Granularity estimates dependency density relative to the size of the deployed service252

graph:253

Grans(t) =
Ds(t)

|S| − 1
. (4)

These parameters are not intended to replace source-level architectural metrics.254

Instead, they provide runtime-observable approximations of architectural pressure that255

can be incorporated into cloud-native adaptation decisions.256

Normalization.257

All six features are normalized to [0, 1] for supporting cross-service comparability and258

stable learning dynamics:259

x̂t =
xt −min(x)

max(x)−min(x)
(min–max over the experiment window, per service). (5)

3.4 Degradation Detection (RFC Gate)260

AMOF uses a Random Forest Classifier (RFC) as a fast, forward-looking degradation261

detector that gates the reinforcement-learning decision engine. Rather than classifying262

the current instant, the detector anticipates degradation: it maps the state vector st263

to a binary label ŷt ∈ {0, 1} that indicates whether the service will enter a degraded264

condition within a short prediction horizon H. A service is treated as degraded at a265

given interval when it violates any of the empirically selected thresholds (CPU > 80%,266

memory > 85%, P95 latency > 500ms, or error rate > 5%), consistent with common267

performance-engineering practice in which latency and saturation act as primary early-268

warning indicators [14]. The training label for interval t is therefore the degradation269

state observed at interval t+H, computed independently per service and per run to270

prevent any leakage across run boundaries. We set H = 30 s (three samples at the271

10-second scrape interval), which is short enough to remain actionable yet long enough272

to precede saturation. Defining the target prospectively, rather than as a concurrent273

function of the input features, ensures that the detector learns genuine precursors of274

degradation instead of re-deriving the labeling rule from the same-instant metrics.275

The RFC is trained on normal-load (W1) traces and evaluated on previously unseen276

stress (W2) and extreme (W3) workloads, reflecting the workload shifts encountered in277

operation. It uses 100 trees with bounded depth and balanced class weights (Table 5).278

3.5 Action Selection using Deep Q-Learning279

After degradation prediction by RFC, AMOF calls Deep Q-Network (DQN) in order280

to select an architectural control action at from action space:281

at ∈ {Split, Merge, ReconfCoupling, AdjustCohesion}. (6)

Conceptually, Split/Merge aim for (fine or coarse) service granularity through282

runtime configuration, whereas ReconfCoupling and AdjustCohesion adjust283

9



Table 2: Mapping of AMOF adaptation actions to cloud-native control semantics

AMOF

action

Cloud-native inter-

pretation

Runtime realization Boundary limitation

Split Fine-grained execution
or scaling mode

Increase service-level execu-
tion capacity or isolate over-
loaded service paths

Does not perform
source-code decomposi-
tion

Merge Consolidated execution
mode

Reduce unnecessary runtime
dispersion and stabilize low-
load services

Does not merge code-
bases or databases

Reconfigure
coupling

Interaction-pressure mit-
igation

Adjust routing, traffic dis-
tribution, or dependency-
related runtime behavior

Cannot remove manda-
tory business dependen-
cies

Adjust cohe-
sion

Workload-locality
improvement

Reduce redundant external
calls or favour localized ser-
vice execution paths

Limited by existing ser-
vice responsibilities

interaction patterns as well as internal/external work distribution. The proposed284

design aligns with empirical findings indicating that inter-service communication and285

dependency pressure are critical quality factors of microservice systems [50]. Table 2286

maps each abstract action to the orchestration operations used during the case-study.287

Reward Function.288

AMOF optimizes a multi-objective reward that balances resource efficiency and QoS289

simultaneously:290

R(st, at, st+1) = 0.4∆ĉpu+ 0.3∆m̂em+ 0.3∆l̂at− λ, (7)

where ∆x̂ = x̂t − x̂t+1, so that a positive reward indicates an improvement in sys-291

tem behavior through lower resource consumption and lower latency. The term λ292

denotes an adaptation penalty that discourages unnecessary or excessive reconfigu-293

ration. DQN training is carried out using experience replay and a target network,294

consistent with established practice in deep reinforcement learning [28]. Prior work295

on RL-based resource management has shown that learned policies can surpass hand-296

crafted heuristics in non-stationary scheduling and control environments [26]. This297

provides a clear rationale for AMOF’s reliance on learned action selection when work-298

load conditions evolve over time. In both case studies the policy network training299

converged: the temporal-difference loss stabilized by approximately episode 200 and300

settled at a low residual value (0.0057 for Online Boutique and 0.0087 for Sock Shop),301

as shown in Figure 2.302

3.6 AMOF Control Loop303

AMOF operates as a persistent monitor–analyze–plan–execute cycle with continuous304

monitoring, illustrated in Figure 3. In each iteration, the controller first gathers run-305

time metrics, then obtains the state features for decision making, predicts degradation306

probability, selects an adaptation action when intervention becomes necessary, and307
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DQN training dynamics (temporal-difference loss)
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convergence (episode 200)

Online Boutique (final TD loss 0.0057)

Sock Shop (final TD loss 0.0087)

Fig. 2: Temporal-difference loss of the Deep Q-Network during training on both bench-
marks. The loss stabilizes by approximately episode 200, indicating policy convergence.

finally applies that action using DevOps tools like Kubernetes and service-mesh primi-308

tives. This iterative structure enables AMOF to move systematically from observation309

to prediction and from planning to execution, while maintaining a clear separation310

between detection and adaptive response.311

To keep the control process computationally manageable, AMOF restricts the num-312

ber of adaptations permitted within a given control window. Moreover, the controller313

state is reset between independent experimental runs in order to avoid carry-over effects314

and preserve the validity of the evaluation design (details are shown in Section 4).315

4 Empirical Study Design316

4.1 Research Questions317

The evaluation of our proposed work is structured around three research questions:318

RQ1 (Detection generality). Does AMOF’s degradation detector generalize from319

normal-load observations to unseen stress and extreme workloads across distinct320

microservice systems?321

RQ2 (Runtime effectiveness). Compared to established scaling baselines (Static, HPA,322

Rule-Based), how does AMOF affect CPU utilization, memory utilization, and323

request latency under increasing workload intensity?324

RQ3 (Design-principle outcomes). Does AMOF measurably influence coupling,325

cohesion, and granularity proxies, and are the effects consistent across case studies?326
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AMOF Closed-Loop Control (per service)

MAPE-K loop

monitor → analyze →
plan → execute,

with bounded learning

Input
telemetry stream at interval δ
(Prometheus + service mesh)

1. Monitor
collect (CPU, mem, lat) & call

rates; compute (Cpl, Coh, Gran)

2. Normalize
build state vector st ∈ ℝ6

3. Detect (RFC)
predict ŷt = fRFC(st)

4. Plan (DQN)
if ŷt=1, at = argmaxa Qθ(st,a)

5. Execute
enforce at via orchestration /

mesh; observe st+1

6. Learn
update DQN with (st, at, R, st+1);

bounded fine-tuning

Fig. 3: AMOF closed-loop control on a per-service basis. Each monitoring interval
runs a six-step MAPE-K cycle: collect telemetry and compute the design-principle
proxies (Monitor), assemble the normalized state vector (Normalize), predict impending
degradation with the Random Forest gate (Detect), select an adaptation with the Deep
Q-Network when degradation is anticipated (Plan), apply it through orchestration and
service-mesh controls (Execute), and perform bounded learning updates (Learn).

4.2 Experimental Environment and Subject Systems327

All experiments were executed on a single bare-metal workstation to reduce inter-node328

variability and improve reproducibility. The host runs Ubuntu 22.04.5 with a single-329

node MicroK8s Kubernetes distribution, Istio service mesh, and a Prometheus–Grafana330

observability stack with a 10-second scrape interval (Table 3). AMOF is implemented331

in Python and uses scikit-learn for the RFC and PyTorch for the DQN.332

Two independent case studies were used, as illustrated in the experimental design333

overview (Figure 4):334

1. Case Study 1: Google Online Boutique [17]. An e-commerce microservice335

benchmark comprising 11 polyglot services (10 scalable), deployed under namespace336

gob. Services communicate via gRPC with a gateway frontend. The application has337

been widely adopted in autoscaling and microservice research as a representative338

polyglot workload spanning Go, Python, Java, C#, and Node.js services [6, 34].339

2. Case Study 2: Weaveworks Sock Shop [47]. A microservice reference appli-340

cation with 14 services (8 scalable, plus datastores), deployed under namespace341

sock-shop, using HTTP/REST communication. Sock Shop is an established bench-342

mark for evaluating container orchestration and autoscaling strategies, and its343
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Table 3: Platform and case-study characteristics (single-node Kuber-
netes).

Item Configuration

Host hardware Intel Core i7-10610U (4C/8T), 32GB RAM, NVMe SSD
OS / Kernel Ubuntu 22.04.5 LTS; Linux 6.8.0-94-generic
Orchestration MicroK8s v1.32.9; containerd 1.6.36; Calico CNI
Service mesh Istio 1.18.2 (Envoy sidecars injected per pod)
Monitoring Prometheus + Grafana (scrape interval: 10 s)
ML stack Python 3.10; scikit-learn 1.7.2; PyTorch 2.0.0
Case Study 1 Online Boutique (11 svcs; 10 scalable; ns gob)
Case Study 2 Sock Shop (14 svcs; 8 scalable; ns sock-shop)

REST-based topology offers a structurally distinct contrast to the gRPC stack of344

Online Boutique [49].345

These systems represent distinct implementation stacks and service graphs, support-346

ing the analytic generalization argument commonly expected in multi-case empirical347

research [45].348

4.3 Baselines, Workloads, and Experiment Matrix349

We compare AMOF against three widely used scaling strategies:350

• Static baseline: fixed single replica per scalable service (no autoscaling).351

• Kubernetes HPA baseline: CPU target 70% and memory target 80%, with 1–5352

replicas.353

• Rule-based baseline: threshold rules (e.g., scale up if CPU > 80%; scale down if354

CPU < 30%; scale up if memory > 85%).355

Workloads were calibrated per application to obtain comparable stress regimes,356

acknowledging that distinct microservice systems have different resource footprints357

[31]. Each workload runs for 10 minutes after a brief ramp-up (Table 4). For each358

combination of approach and workload level, we performed 5 independent runs and359

reset the cluster to a 1-replica baseline between runs. Overall, the study comprises 120360

experiments (60 per application), yielding 89,901 data points.361

The five-run per-condition design follows the independent-replication principle for362

controlled experiments in empirical software engineering [48], whereby repeated trials363

under reset conditions bound the influence of scheduling non-determinism on outcome364

estimates. The resulting corpus of 89,901 telemetry observations, collected at a 10-365

second scrape interval across 120 experiments, is commensurate with (and in aggregate366

exceeds) the data volumes reported in comparable Kubernetes autoscaling studies [35].367
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Table 4: Workload configurations and experiment matrix (c = concurrent clients; rps
= requests per second).

Workload Description Online Boutique (c/rps) Sock Shop (c/rps)

W1 Normal Normal operating load 100 / 50 200 / 100
W2 Stress High-load stress test 300 / 150 400 / 200
W3 Extreme Peak overload 500 / 300 600 / 300

Matrix: 4 approaches × 3 workloads × 5 runs = 60/app; 120 total.
Collection: 10 s interval; warmup: 60 s; cooldown: 30 s; gap: 120 s; reset: yes.
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AMOF — Multi-Case Experimental Design Overview
120 Experiments · 89,901 Data Points · 4 Approaches × 3 Workloads × 5 Runs × 2 Applications · ~28 Hours Total

Infrastructure Layer (Single Bare-Metal Node)

Hardware
Intel i7

32 GB DDR4; NVMe SSD

Orchestration
MicroK8s; Ubuntu; Calico CNI

Service Mesh
Istio 

Monitoring
Prometheus + Grafana

ML Stack
Python; PyTorch

Load Gen
hey HTTP tool

Case Study 1: Google Online Boutique
Namespace: gob · 11 polyglot services (10 scalable) · gRPC communication

Frontend (Go, HTTP Gateway)

Backend Services (9 scalable)

Datastore: (not scaled)

Case Study 2: Weaveworks Sock Shop
Namespace: sock-shop · 14 services (8 scalable + 6 datastores) · HTTP/REST

Frontend (Node.js, HTTP Gateway)

Backend Services (7 scalable)

Datastores (6, not scaled)

Scaling Approaches Compared

1. Static Baseline 2. Kubernetes HPA 3. Rule-Based
4. AMOF (Proposed)

RFC degradation detector + DQN action selector 
Actions: Split · Merge · Reconfigure Coupling · Adjust Cohesion

State: ⟨CPU, Mem, Lat, Coupling, Cohesion, Granularity⟩

Experiment Execution Protocol (per experiment)

1. Reset 2. Warmup 3. Workload
Ramp-up (30–60s)

4. Collect Metrics
Prometheus @ 10s

5. Cooldown
30s drain

Repeat
×5 runs

Experiment Matrix Summary

Per app: 4 × 3 × 5 = 60 experiments
Total: 2 apps × 60 = 120 experiments
Data: 89,901 rows (39,501 + 50,400)

Duration: ~28 hours (14h / appl)

Collected Metrics
Performance parameters

CPU Utilization  Memory Usage

Request Latency

Design-Principle Proxies (from Istio / K8s state)
Coupling

Inter-service call rate
Cohesion

Internal vs. external ratio
Granularity

Dependency ratio

Statistical Analysis Pipeline

Descriptive
Mean, SD, Median

Welch's t-test
AMOF vs. each baseline

Bonferroni
Correction

Cohen's d
Effect size

ANOVA
Global F-test

Cross-Application Consistency: Direction agreement + significance agreement across
both case studies

Key Findings: RFC accuracy: 99% (approx)· CPU ↓ up to 52.2% vs HPA (p < 0.001)· Memory ↓ up to 49.1% vs HPA (p < 0.001)· Cohesion improved (d = 0.14, p < 0.001)· Coupling
structurally invariant

Fig. 4: Multiple case-study experimental design overview including infrastructure platform, details of both applications and
workloads, four scaling approaches, per-experiment execution protocol and the statistical analysis pipeline.
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Table 5: AMOF configuration (RFC + DQN) and metric definitions.

Component Configuration

RFC (detector) 100 trees; max depth 10; min split/leaf 5/2; class weight balanced;
30 s forward-looking labels (H = 3 samples); trained on W1 base-
line; tested on unseen W2+W3; degradation thresholds: CPU
>80%, Mem >85%, P95 Lat >500ms, Err >5%

DQN (policy) Input(6)→128→64→Output(4); ReLU; dropout 0.2; γ=0.95;
offline lr=0.001; online lr=0.0001; replay buffer 10k/5k; batch 32;
max 1,000 episodes; target update every 10 episodes

Reward 0.4∆ĉpu+ 0.3∆m̂em+ 0.3∆l̂at− λ; λ=0.1; CPU threshold 0.70;
memory threshold 0.80; latency threshold 500ms; max 5 adapta-
tions per 300 s

Metrics CPU/memory from cAdvisor; latency and request rates from
Istio/Envoy; coupling from inter-service call rate; cohesion from
internal vs. external work proxy; granularity from normalized
dependency ratio

4.4 AMOF Configuration and Collected Metrics368

Table 5 summarizes the AMOF configuration. The RFC is trained on normal-load369

baseline data and tested on unseen stress/extreme workloads. The DQN uses a 2-370

hidden-layer network and is trained offline with bounded episodes, then fine-tuned371

online with a reduced learning rate. To maintain controller stability, AMOF bounds372

the number of adaptations within a time window and includes an adaptation penalty373

in the reward (Eq. 7).374

4.5 Statistical Analysis375

To evaluate differences between AMOF and the comparison approaches, we employed376

both descriptive and inferential statistical analyses. Descriptive statistics are first used377

to summarize the central tendency and dispersion of the observed outcomes across378

experimental conditions. For pairwise comparisons, we have used Welch’s t-test, which379

is appropriate when group variances cannot be assumed to be equal, to compare380

AMOF against each baseline method. As multiple comparisons are conducted across381

several metrics and baselines, Bonferroni correction is applied to control the family-wise382

error rate and reduce the likelihood of spurious significance; unless stated otherwise,383

significance is assessed at a family-wise α = 0.05 after correction. Additionally, we assess384

practical importance using Cohen’s d, guided by established effect-size recommendations385

[15].386
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Table 6: Forward-looking (30 s ahead) degradation-detection performance
on Online Boutique. The detector is trained on W1 and evaluated on
unseen W2 and W3. AUC denotes the area under the receiver operating
characteristic (ROC) curve.

Workload Accuracy Precision Recall F1 AUC

W1 Normal (in-sample) 0.995 0.970 0.989 0.979 1.000
W2 Stress (unseen) 0.935 0.939 0.749 0.834 0.984
W3 Extreme (unseen) 0.948 0.936 0.815 0.871 0.979

5 Results387

5.1 RQ1: Detection Generality388

We evaluate the detector as a thirty-second-ahead early-warning predictor (Section 3.4):389

trained only on normal-load (W1) traces and tested on previously unseen stress (W2)390

and extreme (W3) workloads. Because the target is the degradation state at t+ 30 s391

rather than a concurrent function of the input features, the metrics reflect genuine392

anticipation rather than re-derivation of the labeling rule. Table 6 reports the outcome393

for Online Boutique, the case study that exhibits a non-trivial degradation rate across394

all regimes (11.9% under W1, rising to roughly 21.5% under W2 and W3).395

The detector generalizes across workload regimes that it never observed during396

training. On unseen stress and extreme traffic it sustains an area under the ROC397

curve above 0.97 and a precision of roughly 0.94, while recall declines to 0.75–0.81.398

This precision–recall profile is consistent with a conservative early-warning gate: when399

the detector raises an adaptation flag it is rarely wrong, and the missed events are400

predominantly transient threshold crossings rather than sustained degradation. The401

result substantiates the gated architecture, in which the Deep Q-Network is activated402

only when degradation is anticipated, thereby avoiding unnecessary reconfiguration403

during periods of operational stability.404

The relative contribution of each input feature is informative. Figure 5 reports the405

Gini importance of the six state dimensions for the forward-prediction task. Latency406

remains the single strongest predictor, as expected from saturation theory, yet the three407

design-principle proxies (granularity, coupling, and cohesion) together account for 52.5%408

of the total importance, exceeding the combined contribution of the raw resource signals.409

The detector therefore relies substantially on architectural state when anticipating410

future degradation, which supports the central premise of this work: design-principle411

telemetry carries early-warning signal that conventional resource-only monitoring does412

not capture. Because these design-level attributes evolve through service interactions,413

they remain informative even when resource utilization is momentarily stable while414

latent structural pressure continues to build.415

Two boundary conditions qualify this finding. First, cross-workload generalization is416

a prerequisite for deployable adaptive control: operational microservices rarely encounter417

traffic that matches the training distribution, so a detector confined to its training418
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RFC feature importance (30 s forward-looking detection)

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

Feature importance

0.364Latency (P95)

0.250Granularity

0.182Coupling

0.093Cohesion

0.072CPU utilization

0.039Memory utilization

Design-principle proxies (52.5%)

Performance signals (47.5%)

Fig. 5: Feature importance of the forward-looking degradation detector on Online
Boutique. Design-principle proxies (granularity, coupling, cohesion) jointly account for
the majority (52.5%) of predictive importance.

regime would offer little practical value. The results indicate that AMOF meets this419

requirement on Online Boutique. Second, the Sock Shop case study could not support420

an equivalent train-on-normal evaluation, because it produced no threshold-crossing421

degradation events under normal load and only 5.8–7.0% under stress and extreme422

load. In other words, under the calibrated workloads Sock Shop retained sufficient423

resource headroom that the detector had no positive examples to learn from at W1.424

We treat this as a transparency point rather than a detection result, and we return425

to it in Section 7: the degradation-detection claim is established on the application426

that actually degrades, while Sock Shop primarily exercises the resource-efficiency and427

design-principle analyses that follow.428

5.2 RQ2: Runtime Effectiveness Relative to Baselines429

Figure 6 compares the cross-application performance of AMOF relative to Kubernetes430

HPA across the three workloads. In Case Study 1 (Online Boutique), AMOF reduced431

CPU utilization by 14.5%, 52.2%, and 49.7% under W1, W2, and W3 respectively,432

and memory utilization by 49.1%, 46.4%, and 48.4% over the same workloads, while433

latency increased by 42.6%, 33.0%, and 20.2% (all percentage changes are computed434

from unrounded per-run means, so they can differ marginally from ratios of the435

rounded values in Table 7). In Case Study 2 (Sock Shop) the corresponding CPU436

reductions were 8.8%, 4.0%, and 33.1%, and the memory reductions were 4.0%, 9.1%,437

and 17.2%. Sock Shop latency remained marginally below that of HPA under W1438

and W2 (−10.6% and −1.9%) but rose sharply under W3 (+198.6%). The two case439

studies therefore exhibit a common pattern: AMOF delivers consistent improvements440
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Fig. 6: Cross-application performance of AMOF relative to Kubernetes HPA by workload regime (W1–W3). Negative percentages
denote lower resource utilization for CPU and memory; for latency, positive values denote an increase relative to HPA. Significance
markers follow the convention established in Table 8.
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Table 7: Descriptive statistics (mean over five runs) for
the runtime metrics by application, approach, and workload.
CPU is reported in millicores (mc), memory as a percent-
age of the container limit, and P95 latency in milliseconds.
Per-run data and dispersion statistics are provided in the
replication package [1].

Approach WL CPU (mc) Mem (%) P95 lat. (ms)

Case Study 1: Online Boutique (gRPC)
Static W1 10.20 2.7 227

W2 15.56 2.8 380
W3 9.64 3.0 409

HPA W1 22.96 3.4 212
W2 56.63 3.6 251
W3 70.93 3.8 329

Rule-Based W1 10.12 2.8 240
W2 15.49 2.8 363
W3 10.08 3.0 397

AMOF W1 19.63 1.7 302
W2 27.09 1.9 334
W3 35.71 2.0 396

Case Study 2: Sock Shop (HTTP/REST)
Static W1 6.31 6.5 29

W2 10.24 6.6 62
W3 12.86 7.2 130

HPA W1 6.73 6.7 32
W2 10.85 7.3 63
W3 18.97 8.8 38

Rule-Based W1 6.14 6.5 29
W2 10.57 6.6 63
W3 12.97 7.0 110

AMOF W1 6.14 6.4 28
W2 10.42 6.7 62
W3 12.70 7.3 115

in resource efficiency relative to the reactive baseline, accompanied by a workload-441

dependent latency penalty that grows under extreme overload. This penalty should not442

be read as a universally unfavorable outcome; rather, it reflects an explicit resource-443

versus-QoS trade-off introduced by AMOF’s resource-efficient adaptation policy, which444

weights CPU and memory improvements at 0.7 against 0.3 for latency (Eq. 7). The445

pattern suggests that AMOF is best suited to cost-sensitive or resource-constrained446

environments, whereas latency-critical deployments would require SLO-aware reward447

weighting or a hybrid fallback to HPA under extreme load.448

The +198.6% Sock Shop latency figure under W3 warrants explicit interpretation,449

because in relative terms it appears severe. In absolute terms it is not: the corresponding450
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mean P95 latencies are approximately 115ms for AMOF, 130ms for the Static baseline,451

110ms for Rule-Based, and only 38ms for HPA, all far below the 500ms degradation452

threshold. The large percentage therefore arises from an unusually small denominator453

rather than a large numerator: under extreme load HPA scaled out aggressively and454

drove its own P95 latency below its W2 value (63ms), over-provisioning replicas to455

minimise queueing. Against this compressed HPA baseline, AMOF’s latency, which456

is statistically indistinguishable from the Static and Rule-Based baselines under W3457

(Table 8), registers as a large relative increase. Three mechanisms on AMOF’s side458

reinforce the effect: the resource-leaning reward weighting noted above, a merge-459

dominated control policy on Sock Shop (Section 5.4) that consolidates rather than460

expands capacity, and the cap of five adaptations per 300 s, which deliberately limits461

the pace of scale-out while Sock Shop’s synchronous HTTP/REST call chains amplify462

queueing. The result is consistent with the design intent: AMOF trades a modest,463

sub-threshold latency increase for substantial and repeated resource savings, and is464

not intended to outperform HPA on latency under peak overload.465

The Online Boutique CPU comparison against the Static and Rule-Based baselines466

in Table 8 also warrants attention. AMOF recorded higher CPU utilization than both467

the fixed-replica Static baseline and the Rule-Based baseline on Online Boutique,468

with Cohen’s d = 0.35 and p < 0.001 in both comparisons, even though it reduced469

CPU by 45.2% relative to HPA when pooled across the three workloads. The two470

observations are not contradictory: the Static and Rule-Based baselines perform little471

or no reconfiguration, whereas AMOF actively manages the deployment, executing 333472

adaptations across the Online Boutique runs (about 22 per experiment, Section 5.4).473

This active management, together with the dense inter-service traffic of the gRPC stack,474

consumed CPU cycles that a do-nothing controller avoids entirely, so AMOF costs475

more than passivity but far less than HPA’s reactive scale-out. The CPU premium over476

passive baselines is a calculable cost that practitioners under strict compute budgets477

should weigh when configuring AMOF’s adaptation frequency and scrape interval;478

raising the inter-adaptation gap through the λ penalty reduces it.479

5.3 RQ3: Design-Principle Outcomes480

Table 8 reports the effect sizes for AMOF versus each baseline on the three architectural481

proxies. The pattern is consistent in its central message across both case studies:482

coupling does not move under runtime control, whereas cohesion is the more tractable483

principle. On Online Boutique, where the service mesh provided live interaction484

telemetry, AMOF produced a small but highly significant improvement in cohesion (up485

to d = 0.14, p < 0.001 against every baseline), while coupling remained statistically486

invariant (d ≤ 0.003, all non-significant) and granularity showed only a marginal487

negative effect against HPA (d = −0.04, p < 0.05). On Sock Shop the coupling and488

cohesion proxies registered no change; as discussed below and in Section 7, these values489

reflect the application’s static service topology in the recorded telemetry rather than a490

measured runtime response, so the Sock Shop rows characterise the structural baseline491

rather than the effect of adaptation. We retain the coupling row precisely because its492

invariance is itself the finding: across both applications and every baseline, runtime493

control left coupling unchanged.494

21



Table 8: Effect size (Cohen’s d) for AMOF relative to each baseline. For CPU,
memory, and latency, negative values indicate lower values for AMOF; for
cohesion and granularity, positive values indicate higher (better) values for
AMOF. Significance markers: * p < 0.05, *** p < 0.001, ns: not significant.

Online Boutique Sock Shop

Metric vs S vs H vs R vs S vs H vs R

CPU utilization 0.35*** -0.25*** 0.35*** -0.00 ns -0.06*** -0.00 ns

Memory usage -0.58*** -0.89*** -0.58*** 0.01 ns -0.12*** 0.02 ns

Latency (normalized) 0.01 ns 0.13*** 0.02 ns -0.02 ns 0.10*** 0.00 ns
Coupling 0.00 ns 0.00 ns 0.00 ns 0.00 ns 0.00 ns 0.00 ns

Cohesion 0.11*** 0.13*** 0.14*** 0.00 ns 0.00 ns 0.00 ns

Granularity 0.02 ns -0.04* 0.02 ns 0.00 ns -0.03* 0.00 ns

Abbreviations: S = Static, H = HPA, R = Rule-Based. The vs-S and vs-R columns are near-

identical because the Rule-Based thresholds rarely fired under these calibrated workloads, so

Rule-Based behavior converged to that of the fixed-replica Static baseline. The Sock Shop coupling

and cohesion rows reflect static topology-derived proxy values in the recorded telemetry (Section 7).

The cohesion result, although modest in magnitude, is the clearest evidence that a495

narrowly scoped runtime intervention can shift an architectural signal. The Adjust-496

Cohesion action reduces redundant downstream invocations and redistributes internal497

versus external request handling; its measurable positive influence on the Online Bou-498

tique cohesion proxy confirms that local execution-policy adjustments can move the499

observable cohesion signal even within a fixed service topology. Notably, this effect500

emerged despite AdjustCohesion being a comparatively infrequent action on Online501

Boutique (41 of 333 adaptations, Section 5.4), whereas the far more frequent Reconf-502

Coupling action (179 of 333) failed to move coupling at all. The contrast is instructive:503

action frequency does not determine architectural effect; tractability does. Coupling504

resisted adjustment even under sustained intervention, while cohesion responded to a505

handful of targeted actions.506

The granularity effect is small by construction. Granularity is measured through507

the normalized dependency ratio, which reflects the structural consistency of service508

interconnections within the deployment graph. Because AMOF’s Split and Merge509

actions operate at the runtime-configuration level rather than at design or code510

boundaries, their measurable effect on the observed dependency ratio within a ten-511

minute experiment window is inherently limited. Substantial granularity adjustment512

would require either longer observation horizons or complementary mechanisms; we513

examine this limitation directly in Section 7 and identify hour-scale adaptation windows514

as the natural setting in which granularity effects could become detectable.515

5.4 Qualitative Adaptation Behavior516

Figure 7 presents the per-action frequencies executed by AMOF across the two bench-517

marks. Online Boutique produced the heavier controller footprint, dominated by518

coupling reconfiguration (179 actions), followed by service merges (68), service splits519
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Fig. 7: Distribution of AMOF adaptation actions across both case studies. Online
Boutique triggers substantially more controller actions than Sock Shop (333 versus 81).

(45), and cohesion adjustments (41). Sock Shop triggered far fewer actions overall520

(81), led by merges (36) and cohesion adjustments (25), with coupling reconfiguration521

(14) and splits (6) trailing. These counts should be read alongside the effect sizes in522

Section 5.3 rather than as a direct proxy for them. Although Sock Shop devoted a larger523

share of its limited action budget to cohesion adjustment (25 of 81), the measurable524

cohesion improvement appeared on Online Boutique, where the service mesh exposed525

live interaction telemetry; Sock Shop’s cohesion actions operated against statically526

derived proxy values and therefore left no measurable trace. On Online Boutique the527

controller leaned heavily on coupling reconfiguration (179 actions), yet coupling did528

not move, whereas the comparatively infrequent cohesion adjustments (41 actions) did.529

Action frequency and architectural effect are thus only loosely related; the binding530

constraint is tractability, not how often an action fires.531

6 Discussion532

6.1 Implications for Adaptive Resource Allocation533

The results indicate that AMOF is particularly beneficial when practitioners require a534

balanced operational objective that accounts for resource efficiency and architectural535

stability at the same time. Particularly, memory reductions are consistent and substan-536

tial in the resource-intensive case study, indicating that AMOF can curb the memory537

over-allocation that may emerge under reactive autoscaling. In contrast, HPA remains538

competitive, and at times better, for latency minimization under heavy load, reflecting539

its inclination toward horizontal expansion.540

In operational settings, practitioners whose primary concern is reducing infrastruc-541

ture cost under heavy load benefit most from AMOF’s CPU and memory efficiency542

gains. Therefore, organizations operating under strict SLA compliance may prefer to543

retain HPA as the primary scaling mechanism and apply AMOF for architectural544

quality optimization only in order to prevent over-allocation of resources.545
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6.2 Analytic Generalization across both Case Studies546

AMOF exhibits a consistent qualitative pattern across the two case studies. CPU and547

memory reductions relative to HPA are observed in both Online Boutique and Sock548

Shop, while latency trade-offs emerge under high load in both systems. The intensity of549

runtime effects varies, with Online Boutique exhibiting substantial resource gains (up550

to 52.2% CPU reduction) in comparison with Sock Shop (up to 33.1%). This difference551

reflects the distinct architectures of the two applications: Online Boutique’s gRPC-based552

polyglot stack presents more optimization opportunities for design-principle-aware553

control than Sock Shop’s simpler HTTP/REST protocol. The consistency of this554

pattern across both case studies and all three workloads, despite differing magnitudes,555

strengthens the analytic generalization of our findings.556

The architectural divergence between the two heterogeneous benchmarks strength-557

ens the case for design-principle monitoring. gRPC’s binary framing and multiplexed558

flows generate a higher inter-service call volume than REST’s stateless request model.559

The choice of communication protocol therefore carries operational weight for runtime560

adaptation: deployments built on, or migrating toward, gRPC-style interaction present561

richer signal for AMOF’s control than predominantly REST-based deployments.562

6.3 Why Coupling Is Hard to Move at Runtime563

Figure 8 summarizes the maximum observed effect sizes for the three design principles564

across both case studies. The effect on service independence (coupling) is minor in565

both applications, reflecting a structural constraint in which coupling is determined566

by business logic. This finding is consistent with empirical observations that coupling567

is a persistent quality factor rooted in service boundaries and cross-service commu-568

nication [50]. In contrast, cohesion responds to local execution policies (for example,569

reducing redundant downstream calls or altering in-service request handling), which is570

reflected in the measurable cohesion improvement on Online Boutique.571

Moving coupling at runtime would require the controller to alter the service call572

mechanism itself. Such an intervention reaches into service contracts and API boundaries573

rather than deployment configuration alone. Processes such as routing policies, traffic574

shaping at node level, or optional-call suppression in specific scenarios/ flags represent575

valuable directions for extending AMOF’s coupling effects. Without such extensions,576

the current ReconfCoupling action modifies call-rate targets at the mesh level577

but cannot eliminate structurally mandated dependencies, explaining the observed578

limitation on service coupling traces and inter-service communication mechanisms.579

6.4 Performance Trade-Offs580

AMOF has shown adaptable behavior when it comes to trade-off among performance581

parameters (CPU, memory and latency). If latency is non-negotiable, increasing the582

latency weight in Eq. 7 or decreasing the adaptation penalty can encourage more583

interventions (converging toward HPA). If cost efficiency dominates, the observed584

memory gains motivate keeping the CPU/memory weights substantial, while ensuring585

stability through bounded adaptations per window.586
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Fig. 8: Effect sizes (Cohen’s d) observed for AMOF-induced adjustments to the
three design-principle, aggregated across both case studies. Significance markers follow
Table 8: ∗ p < 0.05, ∗∗∗ p < 0.001. Coupling remains invariant under runtime control;
cohesion attains the largest response and granularity exhibits marginal effects. The
dashed line marks the conventional small-effect benchmark of d = 0.20, corresponding
to r ≈ .10 in the guidelines of Gignac and Szodorai [15].

For teams considering AMOF in production, three practical observations follow587

from the results. First, AMOF provides its most pronounced benefit during sustained588

high-load periods on Online Boutique, where reduced CPU utilization and memory589

savings translate directly into lower infrastructure expenses. Second, the latency trade-590

off under extreme load on Sock Shop should inform capacity planning: extreme traffic591

spikes remain better served by HPA’s rapid horizontal expansion, so a hybrid control592

loop that defers to HPA under W3-class conditions is a natural engineering extension.593

Third, the CPU premium that AMOF incurs over the passive Static and Rule-Based594

baselines on Online Boutique reflects the cost of active management; configuring a595

minimum adaptation cool-down of at least 300 s between consecutive interventions,596

consistent with the adaptation bound already incorporated into the reward function,597

keeps this overhead in check.598

7 Threats to Validity599

We discuss the principal threats to validity following the established categories for600

empirical software engineering [48].601

Construct validity.602

Coupling, cohesion, and granularity are abstract design properties that cannot be603

measured directly at runtime, so AMOF estimates them through observable proxies604

derived from inter-service call rates and dependency structure (Eqs. 2–4). These proxies605

approximate, rather than define, the underlying principles. This limitation is most606

consequential for Sock Shop. Although the case study’s telemetry is available in the607
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replication package, the recorded coupling and cohesion values for Sock Shop correspond608

to its static service topology rather than to live, time-varying mesh measurements:609

across all runs these proxies took a small set of discrete, dependency-count-derived610

values with zero temporal variance, indicating that the metric pipeline fell back to a611

topology-based estimate for that namespace. Consequently, the Sock Shop coupling612

and cohesion rows in Table 8 characterise a structural baseline and should not be613

interpreted as evidence that adaptation had no runtime effect on those principles. On614

Online Boutique, by contrast, the cohesion proxy varied over time for the services that615

AMOF acted upon, so the cohesion result reported in Section 5.3 rests on genuinely616

dynamic measurements. A second construct consideration concerns latency, which617

is min–max normalised by a fixed 2000ms divisor before being used in the reward618

and effect-size computations. Relative latency changes expressed as percentages can619

therefore appear large when the absolute values are small, as in the +198.6% Sock620

Shop figure discussed in Section 5.2; we report absolute millisecond values in Table 7621

to support correct interpretation. Finally, the degradation detector is trained against a622

prospective, threshold-based definition of degradation evaluated thirty seconds ahead.623

The forward horizon removes the label leakage that a concurrent definition would624

introduce, but the resulting detector is calibrated to that specific horizon and threshold625

set; different operational definitions of degradation would yield different detectors.626

Internal validity.627

The experiments were executed on a single-node MicroK8s cluster. This choice was628

deliberate: confining all services to one node removes cross-node network variability,629

scheduler placement effects, and inter-node bandwidth contention as confounding630

factors, which strengthens the internal comparability of the four adaptation strategies631

under identical conditions. The cost is that the study does not capture phenomena632

that arise only in distributed clusters, such as multi-node scheduling latency, network633

partitions, or node failures. To limit other sources of internal variation we repeated634

every configuration across five independent runs, applied identical workload generators635

across approaches, and used Welch’s t-test with Bonferroni correction to guard against636

spurious significance under unequal variances (Section 4.5).637

External validity.638

The evaluation covers two benchmark applications, Online Boutique and Sock Shop,639

selected for their contrasting communication models (gRPC versus HTTP/REST)640

and their wide use in microservices research. Two systems cannot establish statistical641

generalization to the population of cloud-native applications; our claims are therefore642

framed as analytic rather than statistical generalization [48], and the consistency of the643

resource-efficiency pattern across two architecturally distinct systems is what we take644

as evidence of transferability. The single-node setting further bounds external validity,645

and multi-node and multi-cloud replication remains necessary before the findings646

can be assumed to hold at production scale. The reliance on synthetic, calibrated647

workloads is a related limitation: under these workloads Sock Shop never crossed the648

degradation thresholds during normal load, which both prevented a train-on-normal649

detection evaluation for that application and signals that the workload calibration left650
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Sock Shop with substantial resource headroom. Production traffic with different burst651

characteristics could exercise the system differently.652

Conclusion validity.653

Several reported effect sizes are small in absolute terms. The cohesion improvement654

on Online Boutique, although statistically significant at p < 0.001 after correction,655

reaches only d ≈ 0.14, and the granularity effects are smaller still. We interpret these656

as bounded results rather than strong practical effects, and we rely on Cohen’s d with657

the effect-size guidelines of Gignac and Szodorai [15] (small r = .10, corresponding to658

d ≈ 0.20) to avoid overstating their magnitude. The coupling invariance is reported as a659

null result, which we regard as substantive given its consistency across both applications660

and all baselines and its alignment with prior observations that coupling is rooted in661

service boundaries [50]; nonetheless, a null result obtained through a particular proxy662

cannot exclude the possibility that a different runtime mechanism could move coupling.663

8 Conclusion and Future Work664

This paper presented an empirical evaluation of AMOF, a design-principle-aware665

runtime adaptation framework for cloud-native Kubernetes microservices. By combining666

service-level telemetry with runtime proxies for coupling, cohesion, and granularity,667

AMOF extends conventional autoscaling with architecture-aware decision support. The668

framework integrates a Random Forest forward-looking degradation-detection gate669

with a Deep Q-Network adaptation policy, enabling runtime decisions that consider670

CPU utilization, memory consumption, latency, and adaptation cost.671

The multi-case evaluation shows that the detector anticipates degradation thirty672

seconds ahead with an area under the ROC curve above 0.97 on unseen workloads,673

with design-principle proxies supplying the majority of its predictive signal, and that674

AMOF reduces CPU and memory utilization relative to Kubernetes HPA under selected675

workload conditions. At the same time, the results reveal a measurable latency trade-676

off, particularly under extreme workload regimes. This finding indicates that AMOF677

is most appropriate for cloud environments where resource efficiency, infrastructure678

cost, and adaptive runtime management are primary concerns, while latency-critical679

deployments require SLO-aware reward tuning or hybrid integration with conventional680

autoscaling mechanisms.681

Future work will extend AMOF in three directions. First, we will validate the682

framework on multi-node and multi-cloud deployments to strengthen external validity.683

Second, we will incorporate explicit SLO constraints into the reward function to improve684

latency-sensitive adaptation. Third, we will investigate stronger runtime mechanisms685

for coupling and granularity adaptation, including service-mesh policies, contract-aware686

routing, and longer-horizon adaptation strategies that extend the observation window687

beyond minutes to the hour scale at which granularity effects are likely to become688

measurable.689
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Replication Package.690

For verification and extension, the complete AMOF implementation, including the RFC691

degradation detector, the DQN policy network, the observability stack configuration692

(Prometheus and Grafana), Kubernetes deployment manifests for both benchmark693

applications, experiment scripts, raw telemetry data, and the statistical analysis code,694

is available in the replication package [1].695
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