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1. INTRODUCTION

Cloud computing provides elastic processing, memory, storage, and network capacity, but burst
workloads and heterogeneous service demands make provisioning difficult. Resource-allocation research
consequently spans scheduling, load balancing, quality-of-service control, and workload-aware placement [1]-
[5]. When allocation lags demand, utilization can fall, response time and energy use can rise, and service-level
objectives can be violated [4], [5]. Fixed allocation is simple but cannot adapt to changing demand, whereas
reactive dynamic allocation changes capacity only after monitored conditions cross a rule or threshold [6]—[8].
Prediction-guided allocation can act earlier by estimating near-term demand; however, its value must be
assessed at the controller level, where forecast timing, capacity constraints, utilization, response time, and cost
interact [9], [10].

Recent studies report scalable machine-learning allocation, adaptive forecasting, proactive
provisioning, hybrid prediction, and reinforcement-learning controllers [9], [11]-[18]. Nevertheless, many
studies emphasize predictor accuracy or compare against a single policy, while others require more complex
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decision mechanisms. The specific gap addressed here is therefore a transparent prediction-to-action loop
evaluated against both static and reactive baselines with the same system-level metrics. The proposed adaptive
machine learning (AML) controller uses recent CPU, memory, network, and disk-1/0O observations to forecast
one five-minute step ahead, converts the forecast into a capacity-bounded adjustment, and refreshes the
predictor every 24 hours. Accordingly, the study asks whether forecast-informed action improves utilization,
response time, and simulated cost relative to fixed and reactive allocation, and whether AML outcomes remain
stable across repeated seeds and workload-availability scenarios.

The contribution is a systems-level integration rather than a new learning algorithm or a proof of
global optimization. Specifically, the study: i) defines an interpretable random-forest prediction-to-action
controller, ii) compares fixed, reactive dynamic, and predictive policies using utilization, response time, and
simulated cost, and iii) reports sensitivity results and uncertainty across 20 AML runs. The comparative study
is therefore explicit from the outset and its claims are bounded to the available CloudSim evidence. The
remainder of the paper reviews related work, defines the controller, reports the simulation and analysis
procedures, presents the comparative results, discusses validity and deployment implications, and concludes
with specific validation priorities.

2. LITERATURE REVIEW

Cloud resource management must reconcile variable workloads, heterogeneous resources, and
competing performance and cost objectives. Reviews of cloud, fog, and edge allocation identify scheduling,
placement, elasticity, and quality-of-service management as related decision problems [1], [2], [4], [19]. Static
rules are easy to audit but can overprovision during quiet periods and underprovision during bursts. Reactive
policies improve flexibility by responding to observed utilization, yet their threshold, cooldown, and scaling-
delay choices can still produce oscillation or late action [5]-[8], [20]. Optimization and workload-aware
placement methods address related trade-offs in geo-distributed and large-scale data centers [21]-[24].

Learning-based studies use neural networks, deep learning, task scheduling, feature optimization, and
hybrid methods to infer workload structure or predict demand [25]-[32]. Related quality of service (QoS),
optimization, and workload-allocation studies supply nonpredictive comparison points [33]-[36].
Hyperparameter selection can materially change model behavior, so comparison protocols should document
search ranges and validation criteria [37], [38]. Their benefit depends not only on model fit but also on how
predictions are translated into feasible resource actions and evaluated under consistent workloads.
Kirchoff et al. [15] compare forecasting techniques and provisioning impact using public traces, CloudProphet
[16] predicts public-cloud performance, and Duc et al. [18] study proactive allocation in cloud-edge
applications. These studies motivate temporal validation, explicit forecasting errors, and end-to-end controller
metrics; the present archive supports the last of these but not a standalone predictor benchmark.

Reinforcement learning and multi-model approaches can learn richer decision policies [9], [14], [39],
but they also introduce additional training, stability, and interpretability considerations. For a frequent control
loop, random forest offers nonlinear modeling with bounded tree traversal and an auditable separation between
prediction and capacity enforcement [15], [40]. The remaining research gap is thus not the absence of machine
learning (ML) for cloud allocation. It is the need for a concise controller-level comparison that links forecasting
to action and reports utilization, response time, cost, sensitivity, and repeated-run uncertainty together, while
clearly separating descriptive simulation evidence from production claims. Accordingly, this study evaluates
an incremental, interpretable integration of known components. Its novelty lies in the closed prediction—
allocation—monitoring—retraining workflow and the three-policy comparison; it does not claim a novel random
forest variant, a globally optimal allocation solver, or state-of-the-art forecasting accuracy.

3. PROPOSED ADAPTIVE RESOURCE-ALLOCATION FRAMEWORK
3.1. Framework architecture

The framework comprises three phases: workload monitoring and preprocessing, predictor fitting and
periodic updating, and capacity-constrained allocation [19], [27], [41]. At each five-minute decision interval,
current CPU, memory, network, and disk-1/0 observations form the feature vector. The predictor estimates
demand for the next interval, and the controller converts this forecast into a feasible resource adjustment. The
resulting utilization, simulated cost, and response-time measurements are recorded and returned to the
subsequent decision cycle.

Monitoring uses the same feature definitions for model training and online prediction, thereby
maintaining consistency between the offline and operational stages. The controller bounds every allocation or
release according to the current allocation, resource compatibility, and available host capacity, while newly
observed measurements support subsequent decisions and periodic retraining. The retained experiment
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description documents the removal of incomplete observations and the normalization of four predefined
features, but it does not preserve a statistical outlier threshold, noise-removal algorithm, or automated feature-
selection procedure; these operations are therefore not claimed. This reporting boundary follows general
preprocessing guidance that transformations affecting the retained sample should be explicitly specified and
reproducible [42], [43]. The complete prediction-to-action sequence is summarized in Figure 1.
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Figure 1. Prediction-to-action architecture of the adaptive resource-allocation framework

The predictor is a random forest regressor. Its relevant hyperparameters are the number and depth of
trees, the minimum samples for a split and leaf, and the number of candidate features per split; learning rate,
regularization coefficients, and hidden layers do not apply to this model. The retained final setting is reported
in subsection 4.3. During operation, the predictor estimates demand for the next five-minute interval. The
controller allocates only available capacity, releases predicted surplus, and records utilization, simulated cost,
and application response time. Periodic retraining makes recent observations available to later decisions, but
does not by itself demonstrate robustness to all forms of production drift [29], [30].

3.2. Model formulation
The implemented method is a constrained predictor-controller, not a weighted-sum optimization
solver. Let x_i(t) be the monitored feature vector for virtual machine (VM) i and a_i(t) the current allocation

vector. The symbol M_t denotes the random forest available at interval t, while Cap_j denotes the total capacity
of resource dimension j. The native Word equation below defines the one-step-ahead forecast.

di(t+1) = M (x;())
The forecast is converted into an allocation delta and a bounded update:
A;(t) =d;(t+ 1) —a; (1)
a;(t +1) = a,(8) + clip (4;(6), —a;(6), Cygree () )
The allocation remains feasible only when:
Yia;(t+1) <Capj, Vj

a;j(t +1) = 0 if virtual machine i and resource j are incompatible.
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The clipping operation prevents a release larger than the current allocation and an increase larger than
compatible free capacity. Resource utilization, response time, and simulated cost are evaluation outcomes
rather than terms combined with undocumented weights. This formulation matches Algorithm 1 by separating
demand estimation from explicit feasibility checks. It supports interpretable, capacity-constrained decisions
but does not establish global optimality or solve a Pareto-front problem.

Algorithm 1. Adaptive ML resource allocation
Input: workload observations D; resource pool R; horizon H = 1 interval (5 minutes)
Output: feasible allocation A(t) at each interval t
. Fit Random Forest M on the initial training data
: Set adaptation window W = 288 intervals (24 hours)
: for each five-minute interval t do
: X(t) = monitor CPU, memory, network, and disk 1/0
: demand_hat = M.predict(x(t), horizon = H)
: delta = demand_hat - current_allocation(R)
. if delta > 0 then
: allocate min(delta, available_capacity(R))
. else if delta < 0 then release abs(delta)
10: record A(t), utilization, cost, and response time
11: if t mod W = 0 then retrain M on latest W records
12: end for
13: return A(1), ..., A(T)

OO ~NOoO Ul WN PR

4. MATERIALS AND METHODS

The evaluation uses a controlled CloudSim experiment. Its workflow comprises data preparation,
random forest prediction, adaptive allocation, and comparison with fixed and reactive baselines. The following
subsections distinguish retained settings from information that was not preserved. This separation makes the
reproducibility boundary explicit and prevents undocumented details from being presented as experimental
facts.

4.1. Simulation environment

CloudSim modeled a 30-day experiment with 50 hosts and 200 VM [44], [45]. Observations were
reported at five-minute intervals, and all three allocation policies were evaluated within the same simulator.
This common environment supports an internally controlled comparison, although it does not reproduce multi-
tenant interference, startup delay, or provider-specific control planes. The archived manuscript does not retain
the CloudSim or Java version, per-host processing, memory, storage, and bandwidth capacities, VM
specifications, provisioner and scheduler classes, workload-generation distributions, pricing rate card,
response-time instrumentation, or exact seed list. Consequently, the study can be assessed as a comparative
simulation but cannot yet be reproduced bit-for-bit; no vendor-specific or production-cloud equivalence is
claimed.

4.2. Data preprocessing

Preprocessing removed incomplete observations and normalized the four recorded resource signals.
The archive does not document a separate noise-removal algorithm or an outlier rule, so neither operation is
asserted. The simulation-generated data contain CPU utilization (%), memory use (MB), network bandwidth
(Mbps), and disk-1/0 (KB/s) from the 50-host, 200-VM environment. Approximately 17,000 feature records
are reported over 30 days. Because the retained description does not explain how simultaneous host or VM
measurements were aggregated into those records, the observation unit remains a reproducibility limitation.

The four inputs were predefined rather than selected by a documented automated procedure. This
manuscript therefore treats the step as feature definition, not experimentally validated feature selection [30].
Normalization reduces scale differences across the four measurement units [43]. The retained record does not
specify the scaler, its parameters, or whether it was fitted only on the initial training portion; this information
should be archived in a reproducibility package before a confirmatory study.

4.3. Machine learning model training

The numerical prediction target is next-interval resource demand derived from recent CPU, memory,
network, and disk-1/0O observations. Random forest regression was fitted to this task and then embedded in the
allocation loop. The forecast horizon is one five-minute decision interval. Because the target is continuous,
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suitable standalone predictor measures are mean absolute error (MAE), root mean squared error (RMSE), and
R-squared rather than classification accuracy, precision, recall, or F1-score [15], [46].

Grid search produced the retained configuration of 100 trees, maximum depth 10, minimum split size
5, minimum leaf size 2, and max_features = 'sqrt’. These choices correspond to standard Random Forest
hyperparameters [38]. The candidate ranges, search criterion, validation folds, initial training-window size,
elapsed search time, and software versions were not retained. Accordingly, the final configuration is
reproducible, but the model-selection process is not. Random forest was chosen for nonlinear interactions,
robustness to heterogeneous signals, bounded tree traversal, and interpretability in a frequent control loop [15],
[40]. CloudProphet and recent provisioning studies illustrate the value of explicit accuracy and latency
comparisons [15], [16]; because no such standalone benchmark was archived here, this study does not claim
that random forest is the most accurate or fastest available predictor.

4.4. Adaptive resource allocation

At each five-minute interval, the controller forms x_i(t), forecasts demand one interval ahead (H=1),
and computes the allocation delta in subsection 3.2. This temporal resolution is the evaluated decision cadence,
not a claim of instantaneous production response. Positive deltas are bounded by compatible available capacity,
negative deltas are bounded by the current allocation, and zero deltas leave the allocation unchanged. This
implements proactive capacity adjustment without implying that the rule globally optimizes all VM [47].

Every 288 intervals, or 24 hours, the predictor is retrained using the most recent observations, as
specified in Algorithm 1. This interval corresponds to one full daily cycle at the five-minute sampling cadence.
The daily window is a design choice rather than the result of a reported ablation study. Alternative retraining
frequencies therefore remain unevaluated.

4.5. Experimental evaluation

Twenty AML runs were compared descriptively with fixed and reactive dynamic allocation in the
same CloudSim environment. Each AML run used a different random seed, and all runs were retained. The
fixed and dynamic policies are represented by their reported aggregate summaries. Their run-level outputs were
not retained, which precludes paired hypothesis tests and standardized effect sizes.

The primary controller outcomes are aggregate resource utilization, total simulated cost, and
application response time. The sensitivity table additionally reports the study's demand-satisfaction score and
a relative cost index normalized to 1000 for the low-workload/high-availability reference. Numeric boundaries
for the low, medium, and high scenario labels, the exact aggregation formula for utilization and demand
satisfaction, the pricing rate card, and the response-time calculation were not archived. Table 1 is therefore
interpreted directionally rather than converted into service-level attainment or provider currency.

Table 1. Sensitivity analysis using demand-satisfaction score and relative cost index (low workload/high
availability=1000)
Workload  Resource availability Demand-satisfaction score  Relative cost index

Low High 0.90 1000
Medium High 0.85 1050
High High 0.80 1100
Low Medium 0.88 950
Medium Medium 0.82 1000
High Medium 0.75 1050
Low Low 0.85 900
Medium Low 0.80 950
High Low 0.70 1000

4.6. Baseline resource allocation approaches

The proposed controller was compared with fixed and reactive dynamic allocation. Fixed allocation
represents a static policy that does not respond to observed workload changes. Dynamic allocation represents
a reactive policy that responds to the current state without forecasting. The following subsections define these
baselines and identify the parameters that were not retained.

4.6.1. Fixed allocation

Fixed allocation holds a predetermined capacity vector throughout a run [6]—[8]. It therefore cannot
react to workload changes after the run begins. This behavior can produce either unused capacity or a shortfall
when demand diverges from the predetermined level. The exact capacity vector used for the reported baseline
was not retained, so the policy is reproducible conceptually but not parametrically.
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4.6.2. Dynamic allocation

Reactive dynamic allocation changes capacity from the currently observed workload without using a
forecast [5]-[8]. It can therefore respond after the monitored state changes, but it cannot act on an unobserved
future interval. Its behavior depends materially on thresholds, step sizes, cooldown periods, and release delays.
These parameters were not retained and should be reported in a confirmatory comparison to establish baseline
strength.

4.7. Predictor selection and evaluation metrics

Predictor selection emphasized nonlinear modeling, bounded inference cost, noise tolerance, and
interpretability [15], [16], [40]. These criteria justify random forest as a practical candidate, but not as a state-
of-the-art winner without a common temporal benchmark. A standalone forecasting evaluation with MAE,
RMSE, R?, training time, and inference latency was not preserved. Linear regression, decision trees, support-
vector regression, boosting, and neural models are consequently discussed as future comparators rather than
presented as experimentally defeated baselines.

The available empirical evidence concerns the end-to-end controller and is evaluated using utilization,
simulated cost, response time, sensitivity, and repeated-run variability. This keeps the reported evidence
aligned with the resource-allocation decision while explicitly separating it from missing forecasting evidence.
The controller itself operates sequentially: later decisions can use only observations already generated by the
simulation. However, the archive does not preserve the initial train/test boundary or the fitting scope of
preprocessing parameters. A strict leakage-free chronological holdout should therefore be required in the next
evaluation [48].

The configured model is first fitted on the available initial history and is then updated on the latest
288 observations every 24 hours. Because the size of the initial history was not retained, cold-start performance
and the first valid forecast cannot be reconstructed exactly. Across 20 AML runs, the mean, sample standard
deviation, and two-sided 95% t confidence interval are reported in Table 2. All runs were retained. These
intervals quantify AML run-to-run variation only; the absence of baseline run distributions prevents inferential
superiority claims.

Table 2. Run-to-run stability of AML across 20 independent simulation runs

Metric Mean Sample SD  95% t confidence interval
Resource utilization 85.2% 1.8% 84.4-86.0%
Total cost US$9,045 US$120 US$8,989-US$9,101
High-load response time  54.8 ms 3.2ms 53.3-56.3 ms

4.8. Algorithm pseudocode

Algorithm 1 states the monitoring, prediction, constrained-adjustment, and daily-retraining cycle used
by the adaptive controller. Its inputs are the workload observations, resource pool, and one-interval forecast
horizon. At each interval, it returns a feasible allocation after prediction and available-capacity checks. It also
records the controller outcomes and triggers model retraining after 288 five-minute intervals.

With B trees and maximum depth D, one prediction requires O(BD) tree-node decisions; the retained
setting gives an upper bound of approximately 1000 decisions before allocation checks. Retraining on n records
is approximately O(Bn log n), and feasibility checks scale with the number of candidate resources. These
bounds motivate the use of a shallow forest in the controller. Measured training time, inference latency,
controller overhead, and memory use were not archived, so the theoretical bounds are not presented as runtime
benchmarks.

5. RESULTS AND ANALYSIS

Figures 2 to 4 present the descriptive three-policy comparison, Table 1 follows the figures with the
reported sensitivity scenarios, and Table 2 follows Table 1 with uncertainty across 20 AML runs. Baseline
distributions are unavailable, so between-policy results are reported as differences rather than significance tests.
Figure 2 shows the reported aggregate utilization: approximately 85% for predictive ML (AML), 75% for
reactive dynamic allocation, and 60% for fixed allocation. The AML value is 10 percentage points above the
dynamic baseline and 25 percentage points above the fixed baseline. Because the aggregation rule and baseline
run distributions were not retained, this is descriptive evidence within the configured simulation rather than a
population-level estimate.
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Figure 2. Resource utilization is compared across the three allocation strategies
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Figure 3. Total simulated cost is compared across the three allocation strategies
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Figure 4. Application response time is compared across allocation strategies under low, medium, and high
workloads

Figure 3 reports rounded total simulated cost of approximately US$9,000 for predictive ML (AML),
US$10,000 for dynamic allocation, and US$15,000 for fixed allocation. The AML summary is 10% below the
dynamic value and 40% below the fixed value. Across the 20 AML runs summarized in Table 2, mean total
cost was US$9,045 (sample SD US$120). This pattern shows that the reported utilization advantage was not
accompanied by a higher summarized cost. However, the underlying pricing rate card was not archived, so the
currency-labelled simulator outputs should not be interpreted as transferable provider bills.

Figure 4 reports lower AML application response time in each workload level. For low, medium, and
high workloads, respectively, the summarized response times are 25, 50, and 100 ms for fixed allocation; 20,
35, and 70 ms for dynamic allocation; and 18, 30, and 55 ms for predictive ML (AML). Under high workload,
the AML value is descriptively 21.4% lower than dynamic allocation and 45.0% lower than fixed allocation.
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The response-time instrumentation was not retained, so the values cannot be equated with controller inference
latency.

Table 1 reports sensitivity across combinations of workload and available capacity. The demand-
satisfaction score decreases as workload increases and availability becomes more constrained; under high
workload it falls from 0.80 at high availability to 0.70 at low availability. The relative cost index spans 900—
1100 around the stated low-workload/high-availability reference of 1000. Because the scenario thresholds and
score formula were not archived, the table demonstrates a directional performance—cost trade-off but does not
establish exact service-level attainment.

Table 2 summarizes AML run-to-run stability across 20 simulations. Mean utilization is 85.2%
(sample SD 1.8%), mean total cost is US$9,045 (sample SD US$120), and mean high-load response time is
54.8 ms (sample SD 3.2 ms). The reported 95% t intervals are 84.4-86.0%, US$8,989-US$9,101, and
53.3-56.3 ms, respectively. They are internally consistent with n=20 and describe AML variability, not
statistical superiority over baselines.

Taken together, the summaries indicate that prediction-guided action used a larger share of
provisioned resources. The same policy also produced lower reported response times and did not increase
reported cost relative to the two baselines. The repeated AML runs support stability inside this simulator.
External validity, exact replication, and causal attribution to forecasting nevertheless require stronger
configuration records and common run-level baselines.

6. DISCUSSION

The main finding is a consistent descriptive advantage for AML in the configured CloudSim
scenarios. Across 20 AML runs, utilization averaged 85.2% +/- 1.8%, cost US$9,045 +/- US$120, and high-
load response time 54.8 +/- 3.2 ms. The confidence intervals characterize AML stability only and do not replace
a paired comparison with fixed and dynamic policies. A plausible mechanism is timing: AML uses predicted
next-interval demand before adjustment, whereas the dynamic baseline waits for the observed state. This timing
can reduce a one-interval lag during rising demand and release capacity when a decline is forecast. The
mechanism is consistent with proactive provisioning literature [15], [18], [47], but it is not isolated
experimentally because predictor-only and retraining-frequency ablations were not retained.

The five-minute monitoring cadence and 24-hour retraining window close the loop between
prediction, allocation, observation, and updating. This is the study's decision-making contribution: ML
produces an auditable capacity action rather than only a forecast. The selected cadence remains a design choice,
and shorter bursts or faster drift may not be captured. Relative to recent studies, the framework is intentionally
modest. Kirchoff et al. [15] and CloudProphet [16] provide stronger predictor-level evaluations, while multi-
model and cloud-edge work considers richer forecasting contexts [9], [18]. The present contribution is the
transparent three-policy, system-level integration; it should not be positioned as a new random forest method
or as outperforming those state-of-the-art approaches.

Internal validity is limited by missing baseline parameters and run distributions. Construct validity is
limited by undocumented aggregation, pricing, and response-time formulas. Reproducibility is limited by
missing software versions, infrastructure and workload specifications, preprocessing boundaries, grid ranges,
initial training size, and seeds. External validity is limited to CloudSim, without production interference, startup
delay, telemetry overhead, failures, or provider pricing.

6.1. Validity and deployment priorities

Before submission of a confirmatory study, the authors should archive the CloudSim project,
versioned software environment, host and VM configuration, scheduler and provisioner classes, workload
generator, price model, metric formulas, all seeds, and per-run outputs for every policy. A chronological
holdout should report MAE, RMSE, R?, training time, and inference latency for random forest and at least one
recent learning-based comparator. A real-cloud or cluster testbed should then measure controller overhead,
VM startup and scaling delay, service-level violations, telemetry cost, and behavior under abrupt bursts and
failures. A fallback policy is needed for cold start and prediction failure; hierarchical control may improve
scale, but its communication and consistency costs require measurement. These additions would permit paired
tests and effect sizes under identical seeds, separate the value of forecasting from periodic retraining, and reveal
failure cases in which forecast error or capacity scarcity makes reactive control preferable. Production
superiority is not claimed because full infrastructure settings, run-level baseline distributions, standalone
forecasting errors, and real-cloud validation were unavailable. Until these gaps are addressed, the current
evidence supports feasibility and stable AML output within the configured simulation, not production
scalability, fault tolerance, or universal cost savings.
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7. CONCLUSION

This study compared fixed, reactive dynamic, and prediction-guided allocation in CloudSim using a
random forest controller, five-minute decisions, 24-hour retraining, and 20 AML runs. AML produced the
highest reported aggregate utilization (approximately 85% versus 75% and 60%), the lowest summarized high-
load response time (55 ms versus 70 ms and 100 ms), and lower simulated cost than fixed allocation with a
result close to the dynamic baseline. Its intelligent decision-making contribution is the explicit conversion of
near-term workload forecasts into auditable, capacity-constrained allocation actions. The evidence is
descriptive and simulation-specific. Missing infrastructure and workload settings, preprocessing and search
boundaries, pricing and metric formulas, initial training size, baseline run distributions, and standalone
forecasting errors limit reproducibility and prevent inferential superiority claims. Future work should publish
a complete experiment package, use leakage-free chronological evaluation, compare recent predictors and
controllers under identical seeds, report paired statistics and computational overhead, test alternative retraining
windows, and validate the controller on a real cloud or cluster under bursts, failures, and scaling delays.
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