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Abstract: Cloud data centres must honour strict Quality of Service (QoS) commitments while the cost of leased and powered
computing capacity keeps rising. Rule-based elasticity mechanisms react only after demand has already changed, forcing operators
to choose between wasteful over-provisioning and SLA-breaching under-provisioning. This paper presents an Al-enabled resource
management framework organised as a monitor—forecast-decide—act loop. A gradient-boosted regression model predicts the
request rate one provisioning delay ahead, and a cost-aware controller converts the forecast into a virtual-machine (VM) target
through a validation-derived safety margin, an online residual correction and hysteresis on scale-in. The framework is evaluated in
a discrete-time simulator on ten independent synthetic workloads containing diurnal, weekly and flash-crowd components, and is
compared with static peak provisioning, a reactive threshold auto-scaler and a linear-regression predictive scaler. The proposed
controller lowered daily cost by 15.9% relative to the reactive policy and by 54.8% relative to static provisioning, matched the
reactive SLA-violation rate (1.05% versus 1.04%) and reduced 95th-percentile latency by 16.8%. The study also documents where
the approach falls short, notably during bursts that exceed the range seen in training.

Keywords: Cloud computing; resource management; auto-scaling; workload forecasting; gradient boosting; quality of service;
cost optimisation

1. Introduction

Cloud computing has become the default delivery model for enterprise software, analytics and consumer
services because it offers computing capacity as a metered, on-demand utility [1, 2]. Elasticity is realised only when
capacity follows demand, yet request rates follow daily and weekly cycles overlaid with sudden flash crowds, and
newly requested virtual machines (VMs) need several minutes before they can serve traffic. Operators must therefore
keep enough capacity online to meet the latency commitments in service-level agreements (SLAs) while avoiding
payment for machines that sit idle. The energy side of this trade-off is significant; data centres were estimated to
account for roughly one percent of global electricity use in 2018, and their consumption depends increasingly on how
well capacity is matched to load [3].

The dominant industrial practice is still rule-based scaling, in which capacity is added when a monitored metric
such as CPU utilisation crosses an upper threshold and removed when it falls below a lower one. Such rules are simple
to operate but inherently backward-looking: by the time a threshold is breached the surge has begun, and the
provisioning delay guarantees a window of degraded service. Surveys of auto-scaling research [4, 5] identify proactive
techniques, which anticipate load instead of chasing it, as a way out of this dilemma. Large operators have meanwhile
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shown that learning from historical usage can raise cluster efficiency in production [6, 7], and recent reviews argue
that artificial intelligence (Al) will be central to the next generation of cloud management [8, 9].

Despite this progress, a gap remains between forecasting research and operational resource management. Many
studies report predictor accuracy through measures such as the mean absolute percentage error (MAPE) but do not
show how that accuracy translates into SLA compliance and cost once the forecast is turned into scaling actions. A
forecast is not a decision: because forecasts are uncertain and under-provisioning is penalised differently from over-
provisioning, a controller must decide how far to trust them. This paper studies the complete path from prediction to
provisioning under an explicit QoS constraint.

The main contributions of this work are as follows:

1. A formulation of cloud capacity management as cost minimisation under a response-time constraint
that explicitly includes the VM provisioning delay.

2. A modular monitor—forecast-decide—act framework in which a gradient-boosted workload
forecaster feeds a cost-aware controller equipped with a validation-derived safety margin, online residual correction
and scale-in hysteresis.

3. A reproducible simulation study over ten independent workloads that compares the framework with
static, reactive and linear-regression-based provisioning using cost, utilisation, latency and SLA metrics.

4, An analysis of where the approach helps and where it does not, including its behaviour during bursts
that lie outside the range observed in training.

The remainder of the paper is organised as follows. Section 2 reviews related work, Section 3 formalises the
problem, Section 4 describes the proposed framework, Section 5 explains the experimental design, Section 6 presents
and discusses the results together with the limitations of the study, and Section 7 concludes.

2. Related Work

2.1 Rule-based and model-based auto-scaling

Auto-scaling techniques are commonly grouped into threshold rules, queueing and control-theoretic models,
reinforcement learning and time-series analysis [4]. A later taxonomy extends this view to web applications and
highlights the interplay between the scaling policy, the workload characteristics and the provisioning overhead [5].
Surveys of resource scheduling likewise emphasise that QoS, cost and energy should be optimised jointly rather than
in isolation [10]. Early energy-aware heuristics showed that consolidating load onto fewer hosts can lower power
consumption without violating SLAs when it is done with care [11].

2.2 Workload prediction

Forecasting demand is the natural first step towards proactive control. Calheiros et al. [12] showed that an
ARIMA model can predict request arrivals accurately enough to support dynamic provisioning that meets QoS targets
with efficient resource use. Deep models have since been applied to richer signals: a self-directed learning model was
proposed for forecasting cloud workloads [13], and esSDNN exploited multivariate inputs in a deep neural network for
workload prediction [14]. Recurrent architectures such as long short-term memory networks [15] remain popular for
sequence prediction, but they demand more data and tuning than tree ensembles. Gradient boosting [16] is a practical
middle ground: it handles heterogeneous features, trains quickly and can be retrained often.

2.3 Learning-based decision making

Rather than separating prediction from control, reinforcement learning (RL) methods learn a provisioning or
scheduling policy directly from interaction with the environment [17]. Mao et al. [18] demonstrated that a deep RL
agent can learn to pack jobs with multi-resource demands and compete with hand-tuned heuristics. For edge—cloud
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settings, actor—critic learning combined with residual recurrent networks has been used for dynamic scheduling under
stochastic conditions [19], and machine-learning-based provisioning has been surveyed from the standpoint of
reliability [20]. Learning has also been applied to neighbouring problems such as job-failure prediction [21]. RL
policies, however, need long training, careful reward design and safe exploration, and are harder to audit than a forecast
combined with an explicit rule.

2.4 Summary and research gap

Table 1 summarises the families of approaches discussed above. Comparatively few studies isolate how the
design of the controller that consumes a forecast, in particular its treatment of forecast uncertainty and its scale-in
behaviour, affects the QoS—cost trade-off. The present work concentrates on that link.

Table 1. Representative resource-management approaches and their main trade-offs.

Approach Technique Strength Limitation
Threshold rules [4, 5] Utilisation triggers Simple  and widely | Reactive; lags behind
deployed demand
Statistical forecasting [12] | ARIMA time series Interpretable and | Limited for non-linear,
proactive bursty load
Deep forecasting [13, 14, | Recurrent / deep networks | Captures non-linear | Data- and tuning-intensive
15] patterns
Learned policies [18, 19] | Deep reinforcement | End-to-end decision | Training cost; limited
learning learning transparency
This work Gradient boosting + cost- | Explicit QoS—cost trade- | Tree  models  cannot
aware controller off; lightweight extrapolate beyond
training range

3. Problem Formulation

Time is divided into control intervals of length A = 5 min indexed by t. Let At denote the aggregate request rate
in interval t, Nt the number of active identical VMs, and p the request rate a single VM can serve at full utilisation.
Utilisation is then

pt=»xrt/ (Nt p) (1)
Using a common analytical approximation for a single-queue service, the mean response time is modelled as
Rt = min{ s0t), Rcap } (2)

where s0 is the service time on an unloaded VM and Rcap bounds the value when the system saturates. An SLA
violation occurs in interval t when Rt > Rmax. Solving Eqg. (2) shows that this is equivalent to pt > pmaxsS0/Rmax; a
300 ms target with sO = 60 ms therefore gives pmax = 0.8.

A VM requested in interval t becomes usable only in interval t + d, where d is the provisioning delay, whereas
releasing a VM takes effect immediately. If p is the price per VM-hour, the operating cost over T intervals is

C=%t=ITNt-p-A (3)
and the management problem is to choose the provisioning sequence {Nt} that solves
min C+ B - XZtI[ Rt >Rmax] subjectto NtNmin 4

where I[-] is the indicator function,  weights SLA violations and Nmin is a minimum pool size for availability.
Because At+d is unknown at the moment the decision that affects it must be taken, this is a problem of decision-making
under uncertainty. That is what makes forecasting valuable and, at the same time, what makes blind trust in a forecast
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dangerous: the cost of under-provisioning (SLA breaches and dropped requests) differs in kind from the cost of over-
provisioning (wasted expenditure).

4. Proposed Al-Enabled Framework
4.1 Architecture

Figure 1 depicts the framework as a closed loop with five functional blocks. The monitoring layer collects
request rate, utilisation and latency. The workload forecaster estimates demand at a horizon h equal to the provisioning
delay. The Al decision engine combines that estimate with the QoS and cost constraints supplied by the QoS/cost
model to compute a VM target, and the resource actuator applies it to the elastic VM pool. Realised metrics flow back
to the monitoring layer, which lets the controller correct itself.

Workload Forecaster
(gradient boosting,

h = 10 min)
l forecast
Cloud
Users [ Manitoring Al Decision Engine plan Resource Elastic VM
Client Layer (cost-aware scaling, | Actuator Pool
Requests {CPU, req/s, safety margin) {scale out [ in)

latency)

J
& constrainls

I
I
I
I

QoS f Cost Model
(SLA 300 ms,
price per VM-hour)

A

feedback: realised utilisation, latency and cost

Fig. 1. Proposed monitor—forecast—decide—act control loop for Al-enabled cloud resource management.

4.2 Workload forecaster

The forecaster predicts At+h from the information available at time t. The feature vector contains the current
observation and the five preceding ones, the observation two hours earlier, the six-interval moving average, the
demand recorded one day before the target time and in the interval preceding it, sine and cosine encodings of the time
of day, a weekend indicator, and two short-term differences that capture the recent slope. A gradient boosting regressor
[16] with 300 trees of depth three, a learning rate of 0.05 and a subsample ratio of 0.8 is trained on the first 14 days.
These settings were fixed in advance and not tuned on the test period.

4.3 Cost-aware controller

The controller converts the point forecast it+h into a VM target, with three safeguards against forecast
uncertainty. First, a safety margin m is set to the 80th percentile of the positive relative forecast errors measured on a
three-day validation window that follows the training period (m = 5.2% for the first workload). Second, an online
correction term et, an exponentially weighted moving average (weight 0.2) of the relative under-prediction realised h
intervals earlier, inflates the target when the forecaster has recently been too optimistic. Third, a reactive guard
prevents the target from falling below the currently observed demand. The resulting target is

N*t+h = max{ Nmint+h, 0.95 At) (1 + m +et)/ (u u
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where u* is a target utilisation below pmax, so that residual forecast error is absorbed by the headroom between
u* and pmax. The value u* = 0.65 was selected from {0.60, 0.65, 0.70} using the validation window only.

Scale-out orders are issued immediately for any shortfall between the target and the sum of active and in-flight
VMs. Scale-in is deliberately slower: it occurs only when no order is pending and only after the target has stayed
below 90% of the active pool for two consecutive intervals, in which case at most 15% of the pool is released. This
hysteresis prevents oscillation when the forecast is noisy and reflects the asymmetry noted in Section 3, since releasing
capacity too early is costlier than releasing it a few intervals late.

4.4 Control procedure

In every control interval the framework executes the following steps:

1. Observe At and pt, and update the correction term et using the forecast issued h intervals earlier.

2. Generate the forecast At+h with the trained regressor.

3. Compute the VM target N*t+h with Eq. (5).

4, If the target exceeds the active plus pending VMs, request the difference; the new VMs become

usable after d intervals.

5. Otherwise, if no order is pending and the target has been below 90% of the active pool for two
consecutive intervals, release VMs.

6. Record cost and QoS metrics and return to step 1.

Each cycle involves a single model inference and constant-time arithmetic, so controller overhead is negligible
compared with the five-minute control period.

5. Experimental Setup

5.1 Simulator and workloads

A discrete-time Python simulator implementing the model of Section 3 lets every policy face identical demand;
evaluation on toolkits such as CloudSim [22] is left for future work. Each of ten random seeds generates an
independent 21-day workload at five-minute resolution. Demand combines a base rate of 1,500 reqg/s, a 24-hour
sinusoid with a 12-hour harmonic that peaks in the afternoon, a weekend factor of 0.78, multiplicative log-normal
noise (o = 0.05) and 42 flash crowds whose amplitude ranges from 35% to 100% above the underlying demand and
whose duration, including ramp-up and decay, is roughly 45-90 min. The first 14 days train the forecaster, the
following three days are used for validation and for choosing the safety margin and target utilisation, and the final
four days (Thursday to Sunday) are used for evaluation. Table 2 lists the parameters.

Table 2. Simulation and controller parameters.

Parameter Value Remark

Control interval A 5 min Monitoring and decision period
Per-VM capacity p 50 req/s At 100% utilisation

VM price p US$0.096 / h Ilustrative on-demand price
Provisioning delay d = h 2 intervals (10 min) Scale-out only; scale-in immediate
Unloaded service time sO 60 ms Eq. (2)

SLA target Rmax 300 ms Equivalent to pmax = 0.8
Response-time cap Rcap 2s Applied at saturation
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Minimum pool size Nmin 2 VMs Availability floor

Target utilisation u* 0.65 Chosen on validation window
Workload length (train / val / test) 14/ 3/ 4 days 21 days per run

Independent runs 10 Different random seeds

5.2 Baselines and metrics

Three policies serve as baselines. Static provisioning sizes the pool so that the highest demand seen in training
runs at 85% utilisation. Reactive scaling adds 25% capacity when utilisation exceeds 75% and releases 10% when it
falls below 35%, subject to a 30-minute cooldown and no pending orders. Predictive-LR uses the same controller
structure, target utilisation and scale-in hysteresis as the proposed method but replaces the forecaster with ordinary
least squares and omits the safety margin, online correction and reactive guard, which isolates the contribution of
those components. For forecast accuracy the naive persistence predictor and a six-interval moving average are also
reported.

Performance is measured by daily cost, mean utilisation, the SLA-violation rate (percentage of intervals with
Rt > 300 ms), mean and 95th-percentile latency, the share of requests exceeding capacity, and the number of scaling
actions per day. Forecast quality is measured by MAE, RMSE and MAPE at horizon h = 2. All figures are means and
standard deviations over the ten runs.

6. Results and Discussion

6.1 Forecast accuracy

Table 3 compares the predictors on the test days. The gradient-boosting forecaster attains the lowest error on
every measure, with a MAPE of 6.56% against 7.31% for persistence (a 10.3% relative reduction) and 6.94% for
linear regression. The margin is modest because persistence is a strong predictor at a ten-minute horizon, while the
moving average lags rising demand. Figure 2 shows that both learned models track the diurnal pattern closely but that
the boosted model under-predicts the largest flash crowd, since tree ensembles cannot output values beyond the range
of their training targets. This is why the controller does not rely on the point forecast alone.

Table 3. Forecast accuracy at a 10-minute horizon on the test days (mean + SD over ten runs; best value in

bold).

Predictor MAE (req/s) RMSE (req/s) MAPE (%)
Naive (persistence) 105.1+6.8 183.6 £19.3 7.31+£0.33
Moving  average (6 | 130.2+13.2 2417+ 343 943+0.71
intervals)

Linear regression 99.9+5.38 173.9+£185 6.94 £0.29
Gradient boosting | 943+ 7.6 171.2 +23.8 6.56 + 0.47
(proposed)
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Fig. 2. Observed request rate and 10-minute-ahead forecasts over a 48-hour test window (first
workload). The boosted model under-predicts the largest flash crowd.

6.2 Provisioning behaviour

Figure 3 follows a 24-hour window centred on the largest flash crowd of the first workload. Neither adaptive
policy can avoid the provisioning delay. The reactive policy adds only a quarter of the pool per decision and needs
several intervals to catch up, whereas the proposed controller reaches the required capacity in fewer decisions because
the jump in observed demand activates the guard and the online correction. After the surge it releases surplus VMs
within roughly two to three hours, while the cooldown-limited reactive policy carries idle capacity for many hours.
The figure also exposes a cost of the design: after the forecast miss the correction drives the pool to approximately
250 VMs against about 150 needed, showing that protection against under-provisioning is bought with brief over-
provisioning.

VMs needed to meet 300 ms SLA = Proposed Al-enabled
- Reactive threshold Static peak provisioning
250 -
200 4
w
=
-
4
= 150
v
L3
B
£ 1001
S
=
50 4
o T
o 5 10 15 20

Time (hours)

Fig. 3. Active VMs under the reactive, static and proposed policies against the VMs needed to satisfy
the 300 ms SLA (first workload, 24-hour window around a flash crowd).

6.3 Cost and QoS comparison

Table 4 and Figure 4 report the aggregate results. Static provisioning sized for the training peak delivers the
best QoS (0.11% violations) but is the most expensive option, at US$ 258.7 per day and only 25.4% mean utilisation.
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The reactive policy costs US$ 139.1 per day but leaves utilisation at 47.7% and has a 95th-percentile latency of 202.8
ms. The proposed controller costs US$ 117.0 per day, which is 15.9% below the reactive policy and 54.8% below
static provisioning, while its SLA-violation rate (1.05%) is indistinguishable from that of the reactive policy (1.04%).
Its 95th-percentile latency is 16.8% lower than the reactive policy's, and its share of dropped requests is marginally
smaller (0.04% versus 0.05%).

Table 4. Performance of the four provisioning policies on the test days (mean £ SD over ten runs).

Metric Static Reactive Predictive-LR Proposed
Daily cost (US$) 258.7 £16.9 139.1+6.8 106.3+1.2 1170+ 26
Mean utilisation (%) | 25.4+1.8 477+14 61.4+0.3 56.4+0.4
SLA violations (% | 0.11+0.34 1.04+£0.29 1.58 +0.45 1.05+0.28
of intervals)
Mean latency (ms) 83.7+£3.1 1329+ 3.7 173.6£5.6 148.7+£2.3
95th-percentile 104.9+9.8 202.8 5.8 205.5+9.2 168.7+2.3
latency (ms)
Dropped  requests | 0.00 £ 0.00 0.05+0.04 0.08 £ 0.05 0.04 +0.02
(%)
Scaling actions per | 0.0 +0.0 202+14 69.2+4.0 66.3+£2.6
day
(a) Daily cost (b) SLA viclations {c) 95th-percentile latency
250
97 2687 2ol 158 2028 2955
250 4
i:f‘zoo g 15 1 E
K A 139.1 E §
§ 150 1063 117.0 ;‘?’; 1.04 =é
100 4 -
0.5 4
50 4
0 0.0+ 0
Static Radc tive Pred.-LR  Proposed Static Reactive  Pred.-LR  Proposed Static Reactive  Pred.-LR  Proposed

Fig. 4. Comparison of (a) daily cost, (b) SLA-violation rate and (c) 95th-percentile latency across policies
(error bars: £1 SD over ten runs).

6.4 Discussion

Paired comparisons across the ten workloads support these observations. The proposed controller was cheaper
than the reactive policy in all ten runs (paired t-test, p < 0.001) and had lower 95th-percentile latency in all ten, whereas
the difference in SLA-violation rate was not statistically significant (p = 0.94). Against the linear-regression scaler,
the proposed method spent about 10% more (US$ 117.0 versus US$ 106.3 per day) but cut SLA violations by roughly
one third (1.05% versus 1.58%) and reduced them in every run. The linear-regression scaler thus saves money at the
expense of QoS; the safeguards in Eq. (5) move the operating point towards a better balance.

Two practical observations follow. First, the savings come mainly from higher utilisation: the proposed
controller keeps the pool 8.8 percentage points busier than the reactive one without paying in violations. Second, the
gains are not free in operational terms. The proposed controller performs about 66.3 scaling actions per day compared
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with 20.2 for the reactive policy, which matters on platforms with coarse billing or slow instance warm-up. Stronger
scale-in hysteresis would reduce this churn at some cost in savings.

6.5 Limitations

Several limitations qualify these findings. The workloads are synthetic; although they contain the diurnal,
weekly and bursty structure reported for production clusters [23], real traffic may differ in forecastability. The
response-time model is a single-queue approximation that ignores multi-tier dependencies, heterogeneous instances
and spot pricing. Tree-based forecasting cannot extrapolate beyond its training range, so unprecedented bursts rely on
the correction and guard. Controller parameters were chosen on a validation window from the same generator as the
test data, so sensitivity to distribution shift is unmeasured. Future work will therefore use production traces, quantile
or recurrent forecasters, learned safety margins and an explicit energy model.

7. Conclusion

This paper examined how Al-based workload forecasting can be converted into provisioning decisions that
improve Quality of Service and reduce computational cost. The proposed framework couples a gradient-boosted
forecaster with a cost-aware controller that uses a validation-derived safety margin, online residual correction and
scale-in hysteresis. In a simulation study on ten synthetic workloads, it cut daily cost by 15.9% relative to a reactive
auto-scaler and by 54.8% relative to static peak provisioning, held the SLA-violation rate at the reactive level, lowered
tail latency by 16.8% and improved on a linear-regression predictive scaler in QoS. The results also show that forecast
accuracy alone is a poor guide to operational value: the controller that consumes the forecast determines whether
accuracy becomes savings without harming users.
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