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Abstract—Cloud managers typically leverage future workload
predictions to make informed decisions on resource allocation,
where the ultimate goal of the allocation is to meet customers’
demands while reducing the provisioning cost. Among several
workload forecasting approaches proposed in the literature,
uncertainty-aware time series analysis solutions are desirable in
cloud scenarios because they can predict the distribution of future
demand and provide bounds associated with a given service level
set by the resource manager. The effectiveness of uncertainty-
based workload predictions is normally assessed in terms of
accuracy metrics (e.g. MAE) and service level (e.g. Success
Rate), but the effect on the resource provisioning cost is under-
investigated. We propose an evaluation framework to assess the
impact of uncertainty-aware predictions on the performance vs
cost trade-off, where we express the cost in terms of energy
savings. We illustrate the framework’s effectiveness by simulating
two real-world cloud scenarios where an optimizer leverages
workload predictions to allocate resources to satisfy a desired
service level while minimizing energy waste. Offline experiments
compare representative uncertainty-aware models and a new
model (HBNN++) that we propose, which predict a cluster trace’s
GPU demand. We show that more effective uncertainty modelling
can save energy without violating desired service level targets and
that model performance varies depending on the specific details
of the allocation scheme, server and GPU energy costs.

Index Terms—Cloud Computing, Energy Saving, Deep Learn-
ing, Workload Prediction, Uncertainty, Time Series Forecasting

I. INTRODUCTION

Cloud computing has seen widespread adoption because
it increases the productivity and efficiency of industries and
allows for effective scalability of their business [1]. Guar-
anteeing performance levels is at the core of cloud services
and requires huge computational resources, especially with the
latest advances in technologies such as Artificial Intelligence
and the Internet of Things [2]. Typically, customers subscribe
to agreements where cloud providers ensure specific levels
of reliability, availability and responsiveness to systems and
applications and describe penalties if the service levels are not
met. At the same time, massive computational resources are a
cost for providers and have a significant environmental impact,
which will increase in the future. It is estimated that the energy
consumption of data centres (which host cloud services) will
grow from 292 TWh in 2016 to 353 TWh in 2030 [3], and
greenhouse gas emissions will increase over 14% in 2040,
compared to a 1-1.6% increase in the 2007-2016 [4].

This scenario poses new challenges for cloud providers
because they must optimise a trade-off between serving an
increasing number of diverse customers while reducing the
environmental impact and maintenance cost. Accurately pre-
dicting cloud workload is an essential precondition to meet
such optimization goals. Indeed, based on predictions, cloud
managers can allocate resources dynamically and set up ad-
vanced configurations on the available computing machines.
For example, they can intelligently plan in advance workload
execution in low-carbon electricity time shifts or spatial re-
gions. Another option is activating specific power management
policies for resources such as CPU and GPU [5], [6], or simply
increasing/decreasing the number of resources available.

Workload forecasting is challenging due to workload pat-
terns being highly irregular [7]. The literature tackles the
problem as a time series analysis task and has proposed state-
of-the-art solutions using statistical, machine learning and deep
learning approaches. These models often provide point esti-
mate predictions for average future workload demand within a
limited time window (typically five or ten minutes). However,
recent work (e.g. [8], [9]) has proposed models that can
provide uncertainty measures for such predictions, which tell
how confident a model is about a prediction. Uncertainty can
help resource managers make more informed decisions when
optimizing the performance vs energy trade-off, approaching
the problem based on the degree of a prediction’s confidence.
For example, when a workload demand with low uncertainty is
predicted, a proportion of the extra resources allocated to meet
the predicted demand (i.e. the safety margin) can be placed in
a low power state with minimal energy consumption (e.g. sleep
state). When the uncertainty of predictions is high, the safety
margin resources might be set to a more responsive state (e.g.
idle state), sacrificing energy efficiency.

Motivated by these considerations, in this paper, we extend
the scope of [8] by investigating the trade-off between per-
formance and energy savings in cloud computing when using
uncertainty-aware workload forecasting models. In particular,
we design an evaluation framework that tailors uncertainty-
aware workload predictions with pre-defined target service
levels and uses the predictions to allocate resources to cover
the workload. To assess the effectiveness of our framework,
we implement two simulations that resemble real-world cloud
scenarios. These simulations compare representative state-of-
the-art uncertainty-aware models for predicting a GPU work-979-8-3503-0322-3/23/



load trace and a new model (HBNN++) proposed here. Results
show that more effective uncertainty modelling saves energy
without violating the desired service level targets and that
model performance varies depending on the specific details
of the allocation scheme, the server and GPU energy costs.

In the remainder of the paper, section II reviews related
work; section III describes our evaluation framework; section
IV presents the models, and section V reports the experiments
and their results based on our framework. Finally, we draw
conclusions and outline future directions in section VI.

II. RELATED WORK

Predicting future workload in cloud computing has been
widely studied for more than twenty years, based mainly on
time series modelling [10]–[14]. More recently, probabilistic
forecasts have been proposed (e.g. [15], [16]) to help resource
scheduler decisions, by modelling uncertainty around a point
prediction while still offering high accuracy. In machine
learning, uncertainty is often categorised as either epistemic
or aleatoric [17]. Epistemic refers to the uncertainty of a
model caused by insufficient training data, while aleatoric
relates to the inherent stochasticity of observations due to
noise and randomness. Attempts have been made to capture
such uncertainties in the workload prediction task (e.g. [15],
[18]), and specific layers in Deep Learning (DL) models have
been designed to capture these uncertainty aspects [8], [9],
but the topic is still under-investigated. Previously [8], we ex-
plored state-of-the-art deep learning approaches for CPU and
memory demand prediction, including epistemic and aleatoric
uncertainty, using an LSTM architecture with a Bayesian layer.

Focusing on the aim of reducing energy consumption, [9]
designs a framework to predict GPU cluster workloads and
uses the uncertainty of predictions to optimise a trade-off
between performance and energy using quantile regression.
The investigation in this paper is inspired by [9] and built
on our previous work [8]. In particular, in [8], we introduce
several elements that we use in this paper: (i) we propose
HBNN and C-LSTM to forecast future workload; (ii) we
provide a way of estimating uncertainty in their prediction;
(iii) and we preprocess the datasets and the methodology we
use in our experiments.

III. EVALUATION FRAMEWORK

Our evaluation framework assumes the existence of N
GPUs (of different specifications) distributed across several
server machines I as resources available to cover workload
demand. In particular, we consider running and sleeping states
for a server machine. When sleeping, the server does not
incur any energy cost, but its GPUs are not available for use.
When running, its GPUs are available to cover the incoming
workload demand, but there is an energy cost to keep the
server awake. There is also the possibility of waking up a
server, again with an energy cost. We consider three states for
a GPU: sleeping, idling and running. When sleeping, GPUs
do not incur any energy cost and are available for incoming
workload with a negligible delay. When idling, GPUs consume

a reduced amount of energy and are immediately available
to cover the incoming workload. When running, GPUs cover
a specific amount of workload and consume an energy cost
depending on their specification.

We assume a workload predictor which predicts the average
workload in a given time period t ∈ T of length 5 minutes
(T is the set of periods where the workload is predicted).
The prediction is provided 10 minutes in advance to allow for
resource allocation planning. An independent allocator then
plans the resource provisioning to meet a given service level
target (SLT) in the period t and decides which servers and
GPUs to run within the time window to cover the demand.
If a required server is already running, there is no additional
energy cost; if it is sleeping, it is woken up one minute before
the period t starts and incurs the energy cost. When allocating
the workload within t (based on the real demand), it is unlikely
that all GPUs will run at maximum capacity (individual tasks
can not be broken down, there might be memory or data
bottlenecks, etc.). Therefore, we consider an α utilization level
that is the average utilization of GPUs when running (which
also affects the energy consumption accordingly). Once the
server runs, GPUs can be assigned to the incoming workload
demand. Within t, we assume we cannot change the state of
servers and GPUs based on real-time demand because the only
prediction available is an average over the entire 5 minutes
window; we can only prepare them for the next period. Other
parameters of the framework are:

• ci: energy consumption required to run server machine
i ∈ I for the entire period.

• bi: energy consumption required to wake up server ma-
chine i (previously sleeping).

• en: energy consumption required to run the GPU n ∈ N
for the entire period.

• wn: maximum GPU units per period offered by GPU n.
• hni: binary parameter that takes value 1 if the GPU n is

deployed in server machine i, 0 otherwise.

At each period t, the allocator must allocate resources to cover
the given workload demand Wt, while minimizing its energy
cost. The decision variables of the allocator are:

• xit: binary variable that takes value 1 if the server
machine i is running on period t, 0 otherwise.

• znt: binary variable that takes value 1 if the GPU n
is running on period t, 0 otherwise, i.e. whether some
workload is assigned to n.

We also need an auxiliary binary variable yit that takes value
1 if the server machine i sleeps in period t − 1 and must be
woken up to run in period t, 0 otherwise. The optimization
problem can be described as follows:



min
∑
t∈T

(
∑
n∈N

αznten +
∑
i∈I

(xitci + yitbi)) (1)

s.t. Wt ≤
∑
n∈N

αwnznt ∀t ∈ T (2)

yit + xi(t−1) ≥ xit ∀i ∈ I, ∀t ∈ T (3)

znt ≤
∑
i∈I

hnixit ∀n ∈ N, ∀t ∈ T (4)

where Eq. 2 guarantees enough GPU computational power
is allocated to meet demand Wt. Eq. 3 ensures that if a
server i runs in period t, i.e. xit = 1, either it was already
running in t − 1, i.e. xi(t−1) = 1, or it wakes up to run in
the current period, i.e. yit = 1. Lastly, Eq. 4 checks that a
GPU is running only if its server machine is running too. The
model can be solved optimally using a Mixed Integer Linear
Programming (MILP) solver, which finds the expected energy
cost if Wt is a predicted workload or an approximation of
the actual energy cost if Wt is the real demand. In practice,
the allocator’s must find a set of GPUs that are enough to
service the upcoming request using the minimum amount of
energy. The cost parameters and the constraints can be adapted
to approximate the specific cluster system.

While this general formulation models a multi-period hori-
zon, the forecasting approaches we consider do not provide
multi-step ahead predictions but focus on single-period predic-
tions instead (section IV). Therefore, we optimize allocation
in each period t independently and consider the previous states
zi(t−1) as problem parameters instead of decision variables.

The high number of binary variables (due to numerous
GPUs and servers) makes it expensive for MILP to solve the
problem. Comparing different models on thousands of predic-
tions requires considerable computational effort. To overcome
this issue, we deployed a heuristic based on Dantzig knapsack
problem algorithm [19] that fixes which servers should be
running to satisfy the predicted demand. This approach makes
the assumption that all the GPUs in a server machine are
running workload, or none of them is, so there is no server
using only part of their GPUs. The computational power a
server provides can be seen as the volume, while the cost of
waking and running it is the value/reward efficiency. The goal
is to fill the knapsack while minimizing the total cost/reward.
Dantzig heuristic packs at each time the most efficient item;
in our case, the efficiency of server i is computed as:

efficiencyi =
ci + (1− xi(t−1))bi∑

n∈N hniwn
(5)

that is the average energy the server requires to provide
one GPU unit. We allocate the servers based on ascending
efficiency. This heuristic has O(I log I) time and also provides
bounds on the optimal energy. The solution found is an upper
bound; if each server contains only GPU of one type, the
energy cost before the last server is assigned is the lower
bound [19]. So, this heuristic overallocates at most one server
compared to the optimal solution; in instances with thousands

of servers (where the computational cost of the MILP is
excessive), the difference is negligible.

We evaluate the allocation in terms of a trade-off between
performance and energy cost. We use Success Rate (SR), i.e.
the percentage of times the upcoming workload is successfully
covered by the allocation [8], to measure performance. To
measure energy cost, we use the energy required to allocate
the real demand with the servers allocated according to the
predicted one: when underpredicting demand, the unmet de-
mand is simply dropped (the energy cost will be rewarded,
and the SR will be penalised); when overpredicting, the SR
will be rewarded and the energy cost penalised.

IV. UNCERTAINTY-AWARE MODELS

In this section, we describe the forecasting models we
compare in the experiments. Prophet is the only model that
is not derived from an LSTM network. All models, except for
LSTM-Q, predict a probability as a Gaussian distribution with
parameters µ and σ. Following the methodology outlined in
[8], we can then compute the confidence interval (CI) corre-
sponding to the desired SLT and take its upper bound as the
final workload prediction. The LSTM-Q provides predictions
naturally associated with a specific SLT, i.e. quantile-based
[20], which we take as the final workload prediction.

• HBNN: proposed in [8], is an LSTM-based neural net-
work optimised via variational inference where the last
layer is Bayesian and models the epistemic uncertainty.
The network’s output, i.e. the distributional layer, cap-
tures the aleatoric uncertainty.

• HBNN++: derived from the HBNN, this architecture
presents two Bayesian layers. The first one replaces the
1DCNN layer of the HBNN, and it captures the aleatoric
uncertainty. The second one is positioned as the last
layer of the architecture, and its output provides a non-
deterministic pointwise prediction. We run the inference
step 30 times and compute µ and σ of the Gaussian dis-
tribution. This is a further step towards a fully Bayesian
neural network. However, it comes with the drawback of
being slower and requiring more data for training.

• Monte Carlo Dropout LSTM (MCD-LSTM): a traditional
LSTM network whose output is made non-deterministic
by means of the dropout approach [21] (applied both
during training and inference). We run the inference step
30 times to estimate µ and σ of the Gaussian distribution.

• LSTM Quantile (LSTM-Q): this LSTM’s variation out-
puts quantiles, thus making the model distribution inde-
pendent from the Gaussianity assumption. The benefit of
quantile optimisation is to make a model more robust to
outliers (common in workload forecasting) and to capture
the aleatoric uncertainty [20]. We train different models
for different SLTs (see Section V).

• C-LSTM: from [8] this traditional LSTM-based model
outputs µ (deterministically), while σ is inferred from
the training set as the standard deviation that a confidence
interval should have to meet a specific SLT (and this value
is constant for all the predictions).



• Prophet: [22] uses an additive model to best capture
trends and seasonalities in the data. It has already
been used for cloud workload prediction [14], but its
performance in probabilistic predictions is still under-
investigated in this domain.

V. EXPERIMENTS

We implemented two scenarios from the evaluation frame-
work designed in section III on real-world data. In this section,
we give their details and present the results obtained.

TABLE I
GPUS SPECIFICATIONS AND SERVER MACHINES DETAILS COMPOSING THE

ALIBABA CLUSTER. DETAILS IN THIS TABLE ARE MANUALLY CRAFTED
FROM [23]. THE MAXIMUM COMPUTATIONAL POWER IS EXPRESSED IN

GPU UNITS PER SECOND (GPU UNITS/S), AND THE NUMBER REPORTED IS
THE AMOUNT OF WORKLOAD PROCESSED IN A 5 MINUTES TIME WINDOW.

MAXIMUM POWER CONSUMPTION ALSO REFERS TO THE ENERGY
CONSUMED IN A 5 MINUTES TIME WINDOW.

Name # GPUs # servers
# GPUs

per
server

Max. comp.
power

(units/s)

Max. power
cons

(kWh)
P100 1596 798 2 5821.61 0.0208
T4 994 497 2 4158.29 0.0058

V100 1912 239 8 8316.59 0.0233
MISC 2240 280 8 6513.58 0.0208
Total 6742 1814

A. Setup

We preprocess Alibaba GPU cluster data [23] following the
same procedure in [8]. The resulting dataset is a time series
where each data point represents the aggregated average GPU
workload demand appearing in the entire cluster in a 5 minutes
period t (expressed in GPU units per second). The task of each
model from the previous section is to predict that workload.

From [23], we also craft specifications of the GPUs in the
cluster and their distribution across server machines (see Table
I). From that, we calculate energy consumption en and the
maximum GPU units provided for the 5 minutes period (wn)
for each GPU. For the server machine consumption, we rely
on expert-provided estimates of a fixed 5-minute energy cost
of ci = 0.0017 KWh, ∀i ∈ I , and a booting cost bi = 0.2 ∗
ci,∀i ∈ I that corresponds to the energy spent to wake up the
server one minute before period t. As noted in Section III, we
consider an average GPU utilization of α = 0.7.

Inspired by the Persistent Mode1 (PM) option of real world
GPU servers, we implemented and ran two scenarios (with
shared code2). They differ based on the default status of the
server’s GPUs when the server is running:

• PMoff . When the persistence mode is off, we consider
GPUs to be in a sleep state by default while the server
runs. GPUs are wakened up accordingly to meet workload
(with some negligible delay of a few seconds); when no
demand is available, there is no energy cost to pay. This
scenario simulates a medium-responsive system where

1Persistence Mode is the term for a user-settable driver property that keeps
a target GPU initialized even when no clients are connected to it.

2https://github.com/andreareds/GreenUncertaintyForecaster

applications do not require real-time computations. In this
case, the GPUs do not have to be idling even if the server
that contains them is on.

• PMon. When the persistence mode is on, we consider
GPUs idling by default while the server runs. When
demand is assigned to a GPU n, the GPU is immediately
available to meet workload (with no delay); when no
demand is assigned, there is an idle energy cost to pay
eidlen , i.e. 20% of the maximum computational power en
in our experiments. To model this, we add the idle costs of
all the GPUs in a server to the server energy consumption:

c∗i = ci +
∑
n∈N

hnie
idle
n (6)

and we consider as GPU energy utilization cost the differ-
ence from being idle or in use e∗n = en− eidlen . With this
adaptation, we can use model III to compute the optimal
approximated energy cost. This scenario simulates a high-
responsive system where applications require real-time
computations, e.g. gaming.

For each scenario, we evaluated all six predictors described
in section IV for |T | = 2582 periods for the ten different SLT
in {0.9, 0.91, .., 0.99}. We also implemented two baselines:

• oracle, predicting the true demand – the allocator pro-
vides maximum SR with minimal energy consumption;

• naive, which always predicts the maximum workload that
the whole system can cover. The allocator thus keeps all
servers running for all periods, resulting in the maximum
SR with maximum energy consumption.

B. Results

We first report in Table II the evaluation of the predictors for
traditional accuracy metrics, i.e. Mean Squared Error (MSE)
and Mean Average Error (MAE), widely used metrics in time-
series analysis [24]. We calculate the metrics based on the real
demand and where each workload prediction is the µ estimated
by each model (i.e. so that predictions are independent of
any specific SLT). Results show MCD-LSTM and C-LSTM
are the most accurate predictors (and the former is the best
model) because they have been trained to minimise the MSE.
On the contrary, more complex models, such as Prophet and
HBNN++, seem to struggle. However, accuracy results give a
myopic view of the real performance of predictors under real-
world cloud scenarios, as can be seen in in Figs. 1 and 2 from
our evaluation framework. For each predictor, these figures
visualise the trade-off between SR and the energy cost of the
allocation for each model for the ten different SLTs. The cost
reported is expressed as energy savings proportional to the
maximum energy cost (as incurred by the naive predictor).

Fig. 1 shows results for the PMoff scenario, where the
oracle (i.e. the reference predictor) achieves a 100% SR and
a relatively small energy savings of 5.5%. Prophet is good at
meeting its SLTs but is the worst regarding energy savings.
Interestingly, all the other models can save more energy but at
the expense of some SR percentage points. MCD-LSTM (not



TABLE II
ACCURACY AND SERVICE LEVEL METRICS. FOR EACH PREDICTOR, MSE
AND MAE REPORTED ARE CALCULATED ON THE ESTIMATED µ. SUCCESS

RATE (SR), UNDERPREDICTION (UP) AND OVERPREDICTION (OP)
REPORTED ARE CALCULATED ON PREDICTIONS CALCULATED FOR AN SLT

OF 95%.

Model MSE MAE SR (%) UP (%) OP (%)
HBNN 0.0059 0.0551 96.86 0.15 13.54

HBNN++ 0.0094 0.0755 95.23 0.33 17.59
MCD-LSTM 0.0021 0.0339 61.07 1.53 2.58

LSTM-Q 0.0071 0.0753 94.89 0.18 8.95
C-LSTM 0.0033 0.0423 86.13 0.53 5.85

PROPHET 0.0335 0.1498 96.59 0.23 32.96

reported in Fig. 1 to improve the visualisation) is the best at
saving energy (around +7.5%), but its performance for SR is
61%, way below satisfying any SLT (and C-LSTM is next best
at energy saving, but is consistently below the SLTs). All the
other models show more balanced and interesting trade-offs.
While they are all relatively close in energy savings (i.e. within
5.5% and 6.2%) HBNN++ saves the most energy (e.g. furthest
right on the red horizontal line showing a 0.95 SLT). These
results can be further interpreted by the last three columns in
table II, which report SR, Underprediction (UP, the proportion
of unmet workload) and Overprediction (OP, the proportion of
the extra workload predicted) corresponding to an SLT of 0.95,
(see [8] for a formal definition of UP and OP). Overprediction
has little impact on energy cost in this scenario, because
overallocation does not waste much energy (only a small
fixed cost for running a server). Only Prophet, with a large
overprediction, shows poor energy savings. Underprediction
impacts the trade-off, as under-allocating resources penalises
SR but saves energy (e.g. MCD-LSTM and C-LSTM).

Fig. 1. Results for scenario PMoff (Persistent Mode off). We report the ten
trade-off values corresponding to different SLT in {0.9, 0.91, .., 0.99} (from
left to right) for each predictor. The models with the best trade-off should
be positioned on the top right hand of the plot. The red horizontal line helps
visualising models that have the best trade-off at 0.95 SLT.

Fig. 2 shows results for the PMon scenario (again, we do
not plot MCD-LSTM to improve the visualisation), where
the oracle achieves a 100% SR and energy savings of

Fig. 2. Results for scenario PMon (Persistent Mode off). We report the ten
trade-off values corresponding to different SLT in {0.9, 0.91, .., 0.99} (from
left to right) for each predictor. The models with the best trade-off should
be positioned on the top right hand of the plot. The red horizontal line helps
visualising models that have the best trade-off at 0.95 SLT.

30.1% (and only MCD-LSTM achieved better energy savings,
i.e. +31%). This is because overprediction (therefore, over-
allocating servers) now has a higher energy impact due to
idling GPUs. Prophet, MCD-LSTM and C-LSTM behave
similarly to the previous scenario and show unbalanced trade-
offs. Trade-offs for the other models are more subtle. LSTM-Q
appears to provide greater energy savings, but it consistently
undershoots its target SLTs. The original HBNN provides the
best performance, as it consistently exceeds its SLTs while
saving between 27% and 28% of the energy costs.

This can also be explained by Table II, where HBNN,
HBNN++ and LSTM-Q have a better trade-off for UP and
OP to Prophet, C-LSTM and MCD-LSTM. These findings
illustrate the distinctions between the various components
utilized in modelling uncertainty for time series forecasting.
Despite high pointwise performance, MCD-LSTM is not good
at uncertainty modelling, as indicated by its low standard
deviation. Its overconfident predictions make it more suitable
for larger networks such as the ones used in Computer Vision
or Natural Language Processing. Prophet performs poorly
when dealing with time series lacking seasonality. HBNN++
outperforms HBNN in terms of SR accuracy, likely due to
its additional Bayesian convolutional layer; improving its per-
formance would necessitate a significant increase in data and
training time. HBNN, conversely, strikes a balance between
accuracy and runtime performance. Finally, the LSTM-Q
model’s quantile regression approach offers a more straightfor-
ward yet effective solution, thanks to the lack of assumptions
regarding Gaussian output. Moreover, all the models achieve
runtime performance suitable for real-world applications.

VI. CONCLUSION

This paper proposes an evaluation framework assessing the
impact of uncertainty-aware predictions for workload demand.
The evaluation goes beyond the traditional accuracy and



service metrics proposed in the literature and tailors a simple
yet effective resource allocation scheme that leverages the
predicted demand to satisfy a desired service level while
minimizing resource cost. We assess the effectiveness of the
framework with offline experiments inspired by real-world
cloud scenarios that compare a set of models on a GPU work-
load prediction task. We showed that the proposed model can
be adapted to fit different data centre settings. We provided a
heuristic that quickly computes a near-optimal policy, making
it usable for comparing prediction models on large datasets.

Results show that our framework provides insights into
the trade-off between service performance and energy cost
of different predictors. Our analysis reveals that different
predictions (with uncertainty) lead to different trade-offs under
different scenarios (although they are quite consistent across
different SLTs). While HBNN++ shows the best trade-off for
PMoff , HBNN offers the best trade-off for PMon.

In the future, we aim to extend the model to represent more
aspects of real data centres, making the approximated energy
cost closer to the real one. We will extend experiments to
two different datasets, i.e. Microsoft Philly [25], and Helios
[26] GPU traces, to confirm the usefulness of our framework.
Moreover, several other directions can be explored from this
work. For example, we will leverage the framework to evaluate
uncertainty-aware multi-step-ahead forecasting models, using
the full MIP model. Also, multi-step-ahead prediction could
feed the allocator so that resource optimization would benefit
from more sophisticated allocation, as uncertainty can be used
to model inter-period workload trends. Finally, richer and
different cost models (e.g. related to business metrics) could
be integrated into our framework, tailored to the allocation
task or the uncertainty of the predictions (or both).
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