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Abstract—Intelligent Virtual Machine (VM) provisioning is
central to cost and resource efficient computation in cloud com-
puting environments. As bootstrapping VMs is time-consuming,
a key challenge for latency-critical tasks is to predict future
workload demands to provision VMs proactively. However, ex-
isting AI-based solutions tend to not holistically consider all
crucial aspects such as provisioning overheads, heterogeneous
VM costs and Quality of Service (QoS) of the cloud system.
To address this, we propose a novel method, called CILP, that
formulates the VM provisioning problem as two sub-problems
of prediction and optimization, where the provisioning plan is
optimized based on predicted workload demands. CILP leverages
a neural network as a surrogate model to predict future workload
demands with a co-simulated digital-twin of the infrastructure to
compute QoS scores. We extend the neural network to also act
as an imitation learner that dynamically decides the optimal VM
provisioning plan. A transformer based neural model reduces
training and inference overheads while our novel two-phase
decision making loop facilitates in making informed provisioning
decisions. Crucially, we address limitations of prior work by
including resource utilization, deployment costs and provisioning
overheads to inform the provisioning decisions in our imitation
learning framework. Experiments with three public benchmarks
demonstrate that CILP gives up to 22% higher resource uti-
lization, 14% higher QoS scores and 44% lower execution costs
compared to the current online and offline optimization based
state-of-the-art methods.

Index Terms—Resource Provisioning, Cloud Computing, Co-
Simulation, Imitation Learning.

I. INTRODUCTION

THE past years have seen widespread adoption of the
cloud computing paradigm due to its flexibility, low

maintenance and security. The success of the cloud is at-
tributed to the use of virtualization that allows the deployment
of independent virtual machines (VMs) on physical machines
(PMs) [1], [2]. VMs allow us to efficienty manage the compu-
tational resources and reduce operational costs [3]. However,
this underpinning technology gives rise to the challenge of
efficiently managing resources to ensure optimal service de-
livery. This becomes crucial for public cloud providers that
serve a large number of customers and even companies with
private cloud infrastructures to curtail the operational costs of
the cloud machines. Resource management is also paramount
for users that execute workloads on cloud infrastructures
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with limited cost budgets [4], [5], [6], [7]. A key aspect of
resource management is VM provisioning, which instantiates
and deallocates VMs based on dynamic workload demands.
Most prior work aims at the automation of VM provisioning
to optimize various performance measures such as energy
consumption, operational cost and task response time as we
also consider in this work [8], [9], [10].
Challenges. As users shift to workloads that rely on the
integration with Internet of Things (IoT) sensors and actuators,
contemporary applications have become latency-critical [11],
[12]. In order to make sure that resources are available as soon
as possible, proactive VM provisioning is required to avoid
degradation of system performance. This entails predicting the
resource demands of workloads in a future state and allocating
new or deallocating existing VMs for QoS optimization. This
broad-level formulation has been widely used in prior work
and is commonly referred to as predictive VM provisioning
(PreVMP) [13], [14], which we consider in this work. How-
ever, this problem is challenging due to the non-stationary
utilization characteristics of most workloads [15], requiring
methods to dynamically adapt provisioning policies to the
changes in the environment.
Existing solutions. Several proactive VM provisioning meth-
ods have been proposed in the past. Since the optimization
objectives, such as cost and response time, depend on a-priori
unknown future utilization characteristics of workloads, the
problem is challenging to solve using conventional optimiza-
tion strategies. Thus, most state-of-the-art methods decompose
the provisioning problem into first predicting the demands of
running workloads and then optimizing the VM provisioning
plan [13], [17], [20]. However, existing solutions tend to ignore
crucial aspects such as provisioning overheads and hetero-
geneous VM costs in a cloud system. As VM provisioning
entails the time-consuming creation of VMs, this can affect
the response time of the new workloads that are placed on
new VMs by the underlying scheduler. Moreover, deallocating
VMs, in an effort to possibly reduce operation costs, requires
the workloads being executed in that VM to be preemptively
migrated to other active VMs in the system, further increasing
the response times. Higher response times could increase the
fraction of the user-defined Service Level Agreement (SLA)
violations. Further, cloud providers typically offer a diverse
range of VM types with disparate costs and computational
capacities. Choosing the optimal set of VMs is crucial to
provide the best QoS in the cloud [3], [21].
Our contributions. We propose a novel imitation learning
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TABLE I
COMPARISON OF RELATED WORKS ALONG DIFFERENT PARAMETERS (✓MEANS THAT THE CORRESPONDING FEATURE IS PRESENT).

Work Method Coupled Heterogeneous Consider Consider Low Decision
Simulation Environment Overheads Migrations Time

ARIMA [16]+ACO [17] Autoregressive Prediction + Meta-heuristic Optimization
LSTM [18]+ACO [17] Recurrent NN + Meta-heuristic Optimization
Decision-NN [19] Deep NN prediction and Gradient based Optimization ✓
Semi-Direct [20] Dynamic Programming ✓ ✓
UAHS [13] Gaussian Process Regression + Bayesian Optimization
Narya [8] Deep NN prediction + Multi-Armed Bandits ✓ ✓
CAHS [14] Gaussian Process Regression + Bayesian Optimization
CILP Imitation Learning + Co-Simulated Oracle ✓ ✓ ✓ ✓ ✓

framework that leverages a co-simulated digital-twin, i.e., an
approximate system model of the cloud infrastructure, to
obviate the lack of overhead and cost metrics in decision
optimization [22], [23]. We term this framework as Co-
simulation based Imitation Learner (CILP). Our imitation
learner is a composite neural network that predicts future
workload demands and provisioning decisions by imitating a
co-simulator based decision making oracle. This allows CILP
to take optimal provisioning decisions, ameliorating the need
for running costly simulations at test time and enabling CILP
to efficiently scale with the size of the cloud infrastructure.
Experimental evaluation with three public benchmarks demon-
strates that CILP gives up to 22% higher resource utilization,
14% higher QoS scores, and 44% lower execution costs than
the state-of-the-art techniques.

The rest of the paper is organized as follows. Section II
overviews related work. Section III provides the system model
assumptions, the co-simulator, underpinning scheduler and
the optimization objectives. Section IV presents the CILP
provisioner. A performance evaluation of the proposed method
on using three public benchmark traces is shown in Section VI.
Finally, Section VII concludes and presents future directions.

II. RELATED WORK

Dynamic resource provisioning is a long-studied problem in
cloud computing [24]. When workload demands are static
or known, the provisioning task reduces to the classic VM
provisioning problem [14]. This has been well studied in
the past [25], [26]. Several approaches have been proposed
that utilize threshold based algorithms [5], [27], [28], Integer
Linear Programming (ILP) [29] and other estimation based
approaches [30]. However, in scenarios with unknown or
fluctuating demands, these methods are known to perform
poorly [14]. A summary of related work is given in Table I.

As previously described, most dynamic resource provi-
sioning methods decouple the provisioning problem into two
stages: demand prediction and decision optimization [13]. This
is commonly referred to as the predict+optimize framework
in literature. For the former, a number of methods have
been proposed that leverage forecasting models such as Au-
toARIMA [16] or LSTM neural networks [18]. For the latter,
conventional methods often use Ant Colony Optimization
(ACO) [17], which has been shown to exhibit state-of-the-
art QoS scores in recent work [14]. Other methods, such as
Decision-NN, combine the prediction and optimization steps

by modifying the loss function to train neural networks in
conjunction with the optimization algorithm [19]. This method
uses a neural network as a surrogate model to directly predict
optimization objectives and uses the concept of neural network
inversion, wherein the method evaluates gradients of the objec-
tive function with respect to inputs and runs optimization in the
input space. The Decision-NN based approach has been shown
to be better than gradient-free optimization methods, such
as genetic algorithms [31]. However, continuous relaxation
of the discrete optimization problem used in this work has
been shown to adversely impact performance [13]. A similar
method, Semi-Direct, utilizes dynamic programming to find
the optimal provisioning decision, but offers limited scalability
with workload size [20].

Recently some provisioning methods have been proposed
that utilize deep reinforcement learning to provision VMs in
cloud environments [8], [32], [33]. DRL-Cloud uses deep-Q
networks to make provisioning decisions in cloud setups [32].
DERP uses two deep-Q networks to do the same, where having
two such networks allows them to reduce bias and improve
overall performance of the approach [33]. Another class of
methods is referred to as predictive autoscaling that scale
resources based on demand predictions [34], [35]. For in-
stance, the Autopilot approach uses sliding windows to identify
the CPU/memory limits of individual tasks [36] and others
use repacking to improve system performance [37]. Similarly,
other methods use predictive strategies to take more informed
resource allocation and task scheduling decision [38].

In literature, the current state-of-the-art approaches are
Narya [8], UAHS [13] and CAHS [14]. Narya is a popular
offline approach that is built for mitigating VM interruptions
in cloud machines, but can be straightforwardly extended to
resource provisioning. It casts the provisioning problem into a
Multi-Armed Bandit (MAB) problem, where the objective is to
minimize the impact on the QoS of the running workloads. We
use an adapted version of Narya as a baseline that uses a neural
network as a surrogate model with a MAB model to decide
provisioning actions. UAHS is an online optimization approach
that leverages a Gaussian Process Regression model for es-
timating future workload demands and an uncertainty-based
heuristic to run Bayesian Optimization over the provisioning
decisions. A similar method, CAHS, is an extension of UAHS
that also includes demand correlations while estimating the
utilization ratio of cloud machines. However, the formulations
developed in these works do not consider pragmatic deploy-
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TABLE II
TABLE OF MAIN NOTATION

Notation Description

It t-th scheduling interval
Ht Set of hosts in interval It
Wt Set of workloads in It
cjt CPU utilization of workload wj

t ∈ Wt

rjt RAM utilization of workload wj
t ∈ Wt

sjt Disk utilization of workload wj
t ∈ Wt

W j
t Feature vectors of workload wj

t ∈ Wt

Ai
t Set of workloads allocated to hi

t ∈ Ht

Hi
t Feature vectors of host hi

t ∈ Ht

V Set of VM types
V i
t VM type of host hi

t ∈ Ht

µi Cost per unit time of VM type V i
t

Pt Provisioning decision for interval It
Dt Scheduling decision for interval It when Pt = ∅
D̂t Scheduling decision for interval It when Pt ̸= ∅
ξi Distribution of provisioning time of VM type V i

t

ment aspects such as provisioning overheads or execution
costs while optimizing the provisioning decisions. Further, for
large-scale deployments (100+ VMs), these methods tend to
get stuck in local optima [13]. As we empirically demon-
strate later, these limitations incur performance penalties in
cloud environments. We compare CILP against ARIMA+ACO,
LSTM+ACO, Decision-NN, Semi-Direct, UAHS, CAHS and
Narya in Section VI.

III. PROBLEM FORMULATION

A. System Model

We assume a distributed cloud computing environment with
multiple VMs that process a set of independent workloads.
We consider a discrete-time control problem, i.e., we divide
the timeline into fixed size execution intervals (of ∆ time
duration) and denote the t-th interval by It. We consider a
bounded execution with T intervals; thus, t ∈ {1, . . . , T}.
At It, the set of VM hosts is denoted by Ht and the set of
workloads by Wt. Each workload wj

t ∈ Wt is characterized
by its CPU utilization in terms of the number of instructions
per second (IPS), denoted by cjt ; RAM utilization in GBs,
denoted by rjt ; and disk storage utilization in GBs, denoted by
sjt . Here, j ∈ {1, . . . , |Wt|}. The feature vector for workload
wj

t is denoted by W j
t = [cjt , r

j
t , s

j
t ]. The collection of feature

vectors of all workloads in It is denoted by Wt. In It, we
consider a workload allocation, also referred to as a schedule,
for each host. The set of workloads allocated to host hi

t ∈ Ht

is denoted by Ai
t ⊆ Wt, where i ∈ {1, . . . , |Ht|}.

Similar to workloads, for each host hi
t ∈ Ht, the feature

vector includes cumulative utilization and maximum capac-
ity of resources (CPU, RAM and disk) and is denoted by
Hi

t = [
∑

wj
t∈Ai

t
W j

t , c̄
i, r̄i, s̄i], where

∑
denotes vector sum

and c̄i, r̄i, s̄i denote IPS, RAM and disk storage capacities of
the host. Each host has a VM type that corresponds to a distinct
set of utilization capacities and execution costs in a public

cloud deployment. We consider a static set of VM types V ,
where the type of host hi

t is denoted by V i
t = (c̄i, r̄i, s̄i, µi, ξi).

Here, µi is the cost per unit time and ξi is the distribution
of the provisioning time of a VM instance for a VM type
V i
t . We assume µi and ξi to be stationary with time ∀i.

This is common with cloud service providers; for instance,
Microsoft Azure charges a constant 0.09 USD per hour for a
dual-core B2s machine in its East-US datacenter. Similarly,
the provisioning time for a VM type ξi remains constant with
time as shown by prior work [39] As elements of V i

t are
independent of time, these symbols are not sub-scripted with
t. Vt denotes VM types for all hosts in It. A summary of the
symbols is given in Table II.

B. VM provisioning

VM provisioning is performed at the start of each interval
where we allocate new or deallocate active VMs. We denote
the set of VM provisioning actions at the start of It by Pt,
which is a collection of VM types to be provisioned with the
number of instances (nt ⊆ V×Z) and hosts to be deallocated
from the system (dt ⊆ Ht−1). The new set Ht is the set
of hosts in the previous interval Ht−1 union the provisioned
hosts in nt minus the deallocated hosts dt. Deallocation of
hosts in the system entails migrating workloads executing in
those hosts to other preexisting active or newly provisioned
hosts in the system. VM provisioning also entails prediction
of the workload utilization characteristics for It, i.e., Wt.
We denote this prediction by Ŵt, for which the provisioner
may use historic data {Wk|1 ≤ k < t}. We denote the
provisioner by fprov

θ that uses a scheduling decision D̂t−1

and workload utilization metrics of the previous interval Wt−1

to predict Ŵt and Pt. As we use a neural network in our
model, we use θ to denote the weights of such a network.
Thus, Ŵt, Pt = fprov

θ (D̂t−1,Wt−1). We now formulate the
underlying scheduler that generates Dt.

C. Underlying Scheduler

We consider the presence of a scheduler fsched that predicts
a schedule Dt. A scheduling decision is the placement of
incoming tasks on the set of active VMs in the cloud system.
The scheduler uses the feature vectors of workloads and hosts
and a provisioning decision Pt. However, the set of workloads
Wt−1 and hostsHt−1 in It−1 might change in the next interval
It. Thus, the scheduler utilizes Ŵt for existing workloads, 0⃗
for new workloads, [⃗0, c̄i, r̄i, s̄i] for new hosts and drops the
feature vectors of workloads that complete execution or hosts
that are deallocated at the end of It−1 by the provisioner.
If Pt is empty, i.e., it has no provisions or deallocations,
then we can use Dt directly to schedule tasks. However,
for a non-empty decision Pt, the scheduler also needs to
decide where to migrate tasks running in hosts that need to
be deallocated. In such cases, the tasks running in the hosts
that need to be deallocated need to be migrated to other
active hosts before deallocating the host. The schedule that
also includes these migration decisions is denoted by D̂t.
Thus, with the described modification, the schedule for It is
evaluated as D̂t = fsched(Ht−1, Ŵt, Pt). The schedule Dt is
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a bipartite graph with edges from Wt to Ht corresponding to
the placement of workloads on hosts as in prior work [40].
The set Ai

t, described previously, is inferred from Dt. The
graph nodes are initialized with embeddings corresponding to
the feature vectors of workloads and hosts in the system. This
graphical modeling of the schedule enables us to scale our
neural models with the number of workloads and hosts in the
cloud environment.

D. Co-Simulated Digital-Twin

A co-simulated digital twin, referred to as a co-simulator in the
rest of the discussion, is a software that models the behavior
of a physical system, which in our case is a cloud computing
platform. Several methods in the past have leveraged digital
twins of distributed computing environments, such as public
clouds, to obviate the need for testing resource management
decisions in physical platforms [41], [42]. Such simulators
mimic the behaviors of the physical infrastructure and have
been used to generate signals or insights to inform decision
making systems [43], [44], [45]. The co-simulator stores the
time-series utilization characteristics Wt and Ht. It executes a
simulation of the cloud model for a given workload features
Wt−1, VM types Vt, provisioning decision Pt and scheduling
decision D̂t to generate QoS metrics for interval It. These
metrics include energy consumption, the response time of
completed workloads, SLA violation rates, execution cost and
utilization ratio. It also provisions new VMs and deallocates
existing ones as per Pt. We denote the co-simulator by fsim

and the set of QoS metrics by Qt = fsim(Wt−1, Vt, Pt, D̂t).

E. Formulation

At the start of the interval It, given a set of workloads Wt,
VM types V , active hosts Ht−1 we define our problem as
to find a feasible provisioning decision Pt that maximizes the
CPU core utilization of hosts to avoid system under-utilization
or resource wastage in private clouds. However, this may not
capture the heterogeneous pricing policy adopted by cloud
providers; thus, we also need to minimize the execution cost
for the end user for public cloud deployments. A combination
of these two may be required for hybrid cloud environments.
We denote these QoS metrics for It in our formulation by rt
(utilization ratio) and ϕt (cost). We define these two metrics
as,

rt =

∑
wj

t∈Wt
cjt∑

hi
t∈Ht

c̄it
and ϕt =

∑
hi
t∈Ht

µi ·∆. (1)

The utilization ratio is an important metric that translates to the
effective usage efficiency of a cloud system and is a standard
metric in prior work [13], [14]. A higher utilization ratio
typically corresponds to lower energy consumption amortized
over the number of completed tasks, and thus directly reflects
the QoS of the system. Similarly, cost is a crucial metric for
both cloud providers and users to reduce the financial footprint
of workload execution [46]. These metrics also appear in prior
work [4], [14] and are easy to compute in our formulation,

Fig. 1. CILP neural model encodes the schedule using a GAT and leverages
a Transformer to predict utilization characteristics of the next interval and
likelihood scores for each provisioning action.

assuming our VM provisioner predicts cjt s in equation (1).
The formal optimization program is described as follows.

maximize
θ

T∑
t=1

rt − γ · ϕt

subject to ∀ t,∀ wj
t ∈ Wt,

∑
wj

t∈Ai
t

W j
t ≤ [c̄i, r̄i, s̄i]

∀ t, Ŵt, Pt = fprov
θ (D̂t−1,Wt−1)

∀ t, D̂t = fsched(Ht−1, Ŵt, Pt)

∀ t, rt, ϕt ∈ fsim(Wt−1, Vt, Pt, D̂t)

(2)

for a given co-simulator fsim and scheduler fsched and
t = {1, . . . , T}. In our implementation, we normalize the
costs µi by maxi µ

i · ∆. Thus, both parts of the convex
combination in (2) (i.e., utilization ratio and normalized cost)
are in the range [0, 1] and are unit-less quantities. Further, γ
is a weighting parameter that can be set by a user based on the
deployment scenario and as per the relative importance of the
two metrics for the user. Weighting schemes are common to
reduce multi-objective optimization to more efficiently solv-
able single-objective problems [47], [48], [49]. In particular
a convex combination allows us to efficiently combine both
metrics.

Even with known workload characteristics Wt at the start
of It, the problem is known to be NP-hard [25].

IV. TECHNICAL APPROACH

CILP learns to predict a-priori unknown workload character-
istics of the next interval and provisioning decisions and is
realized as a neural model fprov

θ . We first describe the neural
network based imitation model (Section IV-A), how we infer
actions (Section IV-B), train the model (Section IV-C) and how
we translate actions to VM provisions (Section IV-D).

A. Neural Model

For interval It, the inputs of the neural model are schedules
D̂t−1 and workload utilizations of the previous interval Wt−1.
To predict Ŵt and Pt, we use a composite neural model by
inferring the decision using a graph attention network (GAT),
the utilization characteristics using a feed-forward network
(also referred to as a fully-connected network or FCN) and
a Transformer to capture the temporal trends in the data (see
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Fig. 2. Top level design of the interleaved co-simulation and prediction in CILP. For interval It, with inputs D̂t−1 and Wt−1, we predict Ŵt and Pt in two
phases. In the first phase, the model uses D̂t−1 and Wt−1 to predict Wt. In the second phase the model predicts lit’s auto-regressively until the co-simulated
QoS score Q̂t is non-decreasing. D̂t gets updated after each provisioning action using the scheduler.

Figure 1 for an overview). An FCN, also referred to as a feed-
forward network, is the most basic form of neural network
layer that takes an input vector x and uses parameters: weight
W and bias b to generate an output

y = W · x+ b.

We stack multiple such layers to create a deep neural network.
As a result of stacking several of these layers deep neural net-
works of sufficient capacity are able to approximate functions
of arbitrary complexity [50]. In order to achieve this, however,
one needs to include non-linear activation functions between
the linear layers. We use the LeakyReLU activation which is
shown as

LeakyReLU(x) = 1(x ≥ 0) · x+ 1(x < 0) · ϵ · x,
for a small constant ϵ and 1 denoting the indicator function.
Unlike the ReLU activation function that outputs a zero value
and has zero gradient for negative inputs, LeakyReLU gives
a non-zero gradient. This allows us to circumvent the dead-
neuron problem where the model does not converge to a
good optimum [51]. Transformers are sequence to sequence
models that were initially proposed for NLP. However, in
recent literature, they have been shown to outperform re-
current models such as Long-Short-Term-Memory (LSTM)
based neural networks particularly because they do not require
iterative prediction and allow time-series data to be batched,
enabling us to save on training and inference time. Some recent
works for resource management in edge and cloud computing
environments have shown the promise of Transformers in
modeling time-series patterns of workloads and hosts [45],
[52], [53].

For notational convenience, while discussing the neural
model, we drop the subscript t without loss in generality. The
schedules are encoded as bipartite graph with nodes N =
W ∪H and relations (wj , hi) ∈ D. Each workload node wj

and host node hi gets the embeddings W j and Hi respectively.
For a generic node n ∈ N , we denote its embedding by en
and its set of neighbors by Sn. Following [54], we perform
graph attention convolution as

αn = softmaxk∈Sn(LeakyReLU(W 0
g ek + b0g)),

en = σ
( ∑
k∈Sn

αn · (W 1
g ek + b1g)

)
, (3)

where αn are the attention weights for node n. GAT enables
the method to efficiently scale with the number of workloads
and hosts in the system [55]. When we replace GAT with a
feed-forward network to infer over the feature vectors of the
nodes, the prediction mean-square-error increases by at least
50% and the inference time by 7% for the test setups described
in Section VI. The stacked representation for all nodes (en)
is represented as EG. We also pass the normalized input W
of the previous interval through a feed-forward network with
sigmoid activation such that

EW = σ
(
FeedForward(W )

)
. (4)

We then pass the concatenated vector E = [EG, EW ] through
a Transformer encoder after adding positional encodings
(PE) [56] using multi-head self-attention, giving an encoded
representation,

E0 = TransformerEncoder(E). (5)

Early fusion of EW and EG enables the downstream predic-
tors to exploit them together. Using E0, we then predict an
estimate of utilization characteristics of the next interval, i.e.
Ŵ , we use a Transformer decoder as

Ŵ = TransformerDecoder(E0). (6)

To generate a provisioning action, we predict the likelihood
score for each action independently using a feed-forward
network. To allow the model to scale with |H|, for each active
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host inH, we use the feature vectors from the previous interval
Hi and for each new VM type we use the vector [⃗0, c̄i, r̄i, s̄i] to
infer on which host should be deallocated or provisioned. The
likelihood score for each such provisioning action, denoted by
pi with feature vector F i such that i ∈ {1, . . . , |H|+ |V|}, is
represented as li and calculated as

li = σ
(
FeedForward(E0, F )

)
. (7)

This factored-style prediction of the likelihood score for
each provisioning action enables our model to be agnostic
to the number of hosts in the setup. The final provisioning
action, denoted as p, becomes the action corresponding to the
highest likelihood score. These likelihood scores give us a
single provisioning action. However, a provisioning decision
is a collection of multiple such actions. Moreover, we want
to generate likelihood scores using the predicted workload
utilization metrics Ŵ . To do this, we run inference in two
phases.

B. Two-phase Inference

An overview of the novel two-phase interleaved co-simulation
and prediction in CILP is presented in Fig. 2. We initialize
an empty provisioning decision Pt = ∅. In the first phase, for
interval It, using schedule Dt and workload utilization char-
acteristics Wt−1, we predict Ŵt that estimates the workload
demands in It; thus Ŵt ← fprov

θ (D̂t−1,Wt−1). We get Ŵt

as the output of the first phase. These prediction estimates
of the workload utilization characteristics using the historical
values enable the model to make informed decisions for an
estimated future system state. Initially, we start without any
provisioning; hence, the scheduling decision is obtained as
Dt = fsched(Ht−1,Wt−1, ∅). In the second phase, we utilize
the predicted Ŵt to leverage estimated workload demands in
the next interval. Again, we initially keep Pt as an empty set.
This gives D̂t = fsched(Ht−1, Ŵt, ∅) as the initial schedule.
Using D̂t and Ŵt, we evaluate the likelihood scores for each
provisioning action lit = fprov(D̂t, Ŵt). The decided action
p is the one with the highest likelihood score. We add this
action to Pt and iteratively run the following, updating Pt at
each step and evaluating a QoS estimate score, denoted by Q̂t.
Thus,

D̂t ← fsched(Ht−1, Ŵt, Pt),

lit ← fprov(D̂t, Ŵt),

p← pargmaxi l
i

,

Pt ← Pt ∪ {p},
Q̂t ← fsim(Wt−1, Vt, Pt, D̂t).

(8)

Note that the scheduler also decides the preemptive migrations
in D̂t for every non-empty Pt that has host deallocation
actions. We continue the above until Q̂t is non-decreasing.
This auto-regressive style of action prediction enables the
model to remain parsimonious in terms of the provisioning de-
cisions and avoid excessive overheads. Only those actions are
performed that lead to an increase in the expected QoS of the
system. Further, the interleaving of action prediction and co-
simulation enables us to train an imitation learner, ameliorating

Algorithm 1: CILP Provisioner

1 Require: Pretrained model fprov
θ , scheduler fsched,

co-simulator fsim;
2 Initialize W−1 ← 0⃗;
3 for t ∈ {1, . . . , T} do
4 Ŵt ← fprov

θ (Dt,Wt−1) ; /* Predict */
5 Pt ← ∅ ; /* Initialize Decision */
6 D̂t ← fsched(Ht−1,Wt−1, ∅);
7 lit ← fprov(D̂t, Ŵt);
8 p← pargmaxi li ;
9 while Q̂t non-decreasing do

10 Update Pt, Q̂t using equation (8) ;
/* Decision Update */

11 Execute Pt and D̂t;

the need for costly simulations at test time. Parameter sharing
between the demand and likelihood prediction reduces the size
of the parameter set, enables CILP to jointly learn temporal
trends and gain training stability. The converged decision Pt

is used for VM provisioning at the start of the interval It.

C. Model Training

We train the CILP model using an imitation learning setup
where the teacher is the co-simulator, acting as an oracle that
generates ground truth actions [57]. In the second phase, for
each input pair (D̂t, Ŵt), the model generates likelihood score
lit for action pi. We also co-simulate the provisioning action
pi, generate scheduling decision D̂t and a reward parameter
R̂t as

D̂t ← fsched(Ht−1, Ŵt, {pi}),
r0t , ϕ

0
t ← fsim(Wt−1, Vt, ∅, Dt),

r1t , ϕ
1
t ← fsim(Wt−1, Vt, {pi}, D̂t),

R̂k
t ← rkt − γ · ϕk

t , k ∈ {0, 1},

(9)

where rt and ϕt are defined as per (1) and superscripts
correspond to whether pi is executed or not (1 if it is). The
reward parameter is the objective function in the equation (2).
The ground truth label then becomes git = argmaxk R

k
t ,

which signifies whether pi improves the reward parameter.
Now, for each pi we evaluate the imitation loss as the binary
cross-entropy error

LBCE(g
i
t, l

i
t) = − 1

2

(
gi · log(pi)+(1−gi) · log(1−pi)

)
. (10)

We also utilize the mean-square-error between the predicted
demands and those from the dataset in the next interval that
we call the prediction loss and is evaluated as

LMSE(Ŵt,Wt) =
1

|Wt|
∥Ŵt −Wt∥2. (11)

Thus, the model training loss for a given utilization trace
dataset at each interval t is evaluated as

L = LMSE(Ŵt,Wt) +
∑

hi
t∈Ht

LBCE(g
i
t, l

i
t). (12)

Unlike prior work, while calculating the utilization ratio rt, our
co-simulator considers the migration delay and uses an average
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resource utilization value of workloads over the execution
interval It. This makes our optimization objective resemble
more closely to real systems.

D. Provisioning in Practice

Using a pre-trained neural model, the CILP provisioner is
illustrated in Algorithm 1. In each interval, we first predict
the workload demands in the next interval (line 4), initialize
decision (line 5) and optimize the preemptive migration deci-
sion iteratively as described earlier in equation (8) (line 10).
The final provisioning decision Pt and schedule D̂t are then
executed in the cloud environment. As shown in the algorithm,
each iteration in the CILP training process includes a loop as in
equation (8) that updates the provisioning decision each time.
As a decision could include provisioning a new host, that is
one of the VM types V . A decision could also deallocate a
VM from the existing set of active hosts in the system, i.e.,
H. Thus, in the worst case, we run |H|+ |V| iterations of the
inner loop.

V. NEURAL ARCHITECTURE DETAILS

We now detail the hyper-parameters for the neural architecture
used in CILP. We implement all our code using Python-3.8
and PyTorch-1.8.0 [58] library. All hyper-parameter values are
obtained by using grid-search and the raytune library in
PyTorch1.

A. Graph Attention Network

The attention weights of the graph attention network (GAT)
were evaluated using a feed-forward network of 2-hidden
layers, each of size 128, with LeakyReLU activation function
in all hidden layers. The weights were obtained using a
softmax operation. The embeddings for the nodes of the
graph were obtained using graph convolution as a convex
combination of neighbor embeddings, with attention weights
being used in the combination operation (see equation (3)).
The final embeddings (EG) were obtained using the sigmoid
operation. The Parameterized ReLU activation function with
a 0.25 negative input slope was used in the hidden layers for
convolution operations.

B. Workload encoder

We use a feed-forward network with 4-hidden layers, each of
size 256 with LeakyReLU activation function in all hidden
layers. More layers improve performance; however, for a fair
comparison, we ensure that the total parameter count of the
neural model in CILP is in the same range as that of the prior
work. The final encoded representation (EW ) was obtained
using the sigmoid operation (see equation (4) in Section IV).

1https://pytorch.org/tutorials/beginner/
hyperparameter_tuning_tutorial.html.

C. Transformer Encoder
The input workload utilization characteristics Wt is trans-
formed first into a matrix form of size |Wt| × |W j

t |. We use
Transformer encoders and decoders to perform temporal infer-
ence over the input workload and host time-series utilization
characteristics. We define scaled-dot product attention [56] of
three matrices Q (query), K (key) and V (value):

Attention(Q,K, V ) = softmax

(
QKT

√
m

)
V. (13)

For large values of input size (m), the dot product grows large
in magnitude, pushing the softmax function into regions where
it has extremely small gradients. To circumvent this, we scale
the dot-production attention with 1√

m
. For input matrices Q,

K and V , we apply Multi-Head Self Attention [56] by first
passing it through h (number of heads) feed-forward layers
to get Qi, Ki and Vi for i ∈ {1, . . . , h}, and then applying
scaled-dot product attention as

MultiHeadAtt(Q,K, V ) = Concat(H1, . . . ,Hh),

where Hi = Attention(Qi,Ki, Vi).
(14)

Multi-Head Attention allows the model to jointly attend to in-
formation from different representation sub-spaces at different
positions. In addition, we use position encoding of the input
matrices as defined in [56]. Our Transformer encoder performs
the following operations on the concatenated representation
E = [EG, EW ] as

E1 = LayerNorm(E +MultiHeadAtt(E,E,E)),

E0 = LayerNorm(E1 + FeedForward(E1)).
(15)

Here LayerNorm is the layer normalization operation de-
scribed in [59]. We use feed-forward network with 4 layers,
each of size 128 and with LeakyReLU activation function
in all hidden layers. We use number of heads h = 4 in our
multi-head attention operations.

D. Decoding Predicted Demands
Our Transformer decoder generates the predicted workload
demands Ŵ as

E2 = LayerNorm(Wt + E0),

Ŵ = LayerNorm(E2 +MultiHeadAtt(E2, E2, E2)).
(16)

Here too, we use a feed-forward network with four layers,
each of size 128 and with LeakyReLU activation function in
all hidden layers and number of heads h = 4 in our multi-head
attention operations.

E. Likelihood Prediction
To predict the likelihood scores, we use the host characteristics
Hi

t−1 of the previous interval or [⃗0, c̄i, r̄i, s̄i] for new hosts in
the system. We denote each such action as pi with feature
vector F i. Then, lit becomes

li = σ
(
FeedForward(E0, F i)

)
. (17)

Our feed-forward network consists of 2-hidden layers, each of
size 128, with LeakyReLU activation function in all hidden
layers and sigmoid activation to generate li.
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TABLE III
COMPARING UTILIZATION RATIO rt , COST ϕt AND QOS SCORE Q̂t FOR EACH INTERVAL ACROSS ALL MODELS FOR THREE PUBLIC DATASETS. VALUES

REPORTED INCLUDE AVERAGE AND STANDARD DEVIATIONS.

Model Azure2017 Azure2019 Bitbrain

r cost r cost r cost

ARIMA+ACO 0.385 ± 0.103 0.481 ± 0.060 0.581 ± 0.105 0.491 ± 0.056 0.374 ± 0.103 0.505 ± 0.062
LSTM+ACO 0.411 ± 0.124 0.508 ± 0.065 0.389 ± 0.134 0.519 ± 0.059 0.401 ± 0.080 0.538 ± 0.054
Decision-NN 0.595 ± 0.113 0.701 ± 0.022 0.732 ± 0.068 0.681 ± 0.024 0.697 ± 0.081 0.647 ± 0.054
Semi-Direct 0.655 ± 0.065 0.679 ± 0.017 0.868 ± 0.059 0.746 ± 0.057 0.733 ± 0.069 0.736 ± 0.063
UAHS 0.753 ± 0.086 0.738 ± 0.045 0.809 ± 0.060 0.701 ± 0.028 0.668 ± 0.098 0.775 ± 0.038
Narya 0.773 ± 0.068 0.607 ± 0.051 0.740 ± 0.073 0.624 ± 0.032 0.696 ± 0.079 0.579 ± 0.051
CAHS 0.800 ± 0.073 0.668 ± 0.023 0.753 ± 0.065 0.779 ± 0.043 0.660 ± 0.058 0.655 ± 0.040
CILP IL 0.608 ± 0.083 0.495 ± 0.025 0.736 ± 0.060 0.506 ± 0.019 0.617 ± 0.106 0.492 ± 0.044
CILP Trans 0.843 ± 0.051 0.477 ± 0.016 0.817 ± 0.046 0.549 ± 0.020 0.712 ± 0.056 0.441 ± 0.028
CILP 0.857 ± 0.049 0.429 ± 0.020 0.893 ± 0.051 0.438 ± 0.036 0.806 ± 0.051 0.420 ± 0.029

QoS Training time QoS Training time QoS Training time

ARIMA+ACO 0.789 ± 0.008 185.212 ± 0.923 0.740 ± 0.014 202.254 ± 0.317 0.749 ± 0.024 361.903 ± 0.915
LSTM+ACO 0.786 ± 0.008 345.824 ± 0.066 0.756 ± 0.020 414.989 ± 0.281 0.759 ± 0.018 657.066 ± 0.677
Decision-NN 0.738 ± 0.006 295.838 ± 0.411 0.736 ± 0.007 355.006 ± 0.534 0.714 ± 0.021 562.092 ± 0.149
Semi-Direct 0.736 ± 0.005 275.894 ± 0.156 0.701 ± 0.006 331.073 ± 0.827 0.711 ± 0.018 524.199 ± 0.518
UAHS 0.715 ± 0.004 315.009 ± 0.690 0.746 ± 0.008 378.011 ± 0.571 0.696 ± 0.009 598.517 ± 0.449
Narya 0.771 ± 0.003 205.196 ± 0.445 0.727 ± 0.006 226.235 ± 0.940 0.727 ± 0.018 399.872 ± 0.106
CAHS 0.738 ± 0.007 281.197 ± 0.326 0.698 ± 0.013 337.436 ± 0.118 0.721 ± 0.015 534.274 ± 0.757
CILP IL 0.780 ± 0.004 133.223 ± 0.037 0.763 ± 0.007 159.868 ± 0.595 0.736 ± 0.018 253.124 ± 0.302
CILP Trans 0.796 ± 0.005 291.850 ± 0.451 0.781 ± 0.010 412.220 ± 0.833 0.746 ± 0.025 693.515 ± 0.841
CILP 0.839 ± 0.004 146.544 ± 0.789 0.796 ± 0.011 175.853 ± 0.739 0.803 ± 0.020 278.434 ± 0.113

VI. EXPERIMENTS

A. Datasets

In order to evaluate the performance of CILP, we utilize three
public datasets: Azure2017, Azure2019 and Bitbrain.
The first two are collected from Microsoft Azure public
cloud platform and are representative workload traces across
thirty consecutive days [60]. The Azure2017 was generated
using 110 cloud VMs, whereas the Azure2019 using 150
VMs, both across 30 consecutive days. The work by Cortez
et al. [60] identifies the workloads to be a mix of nearly
30% interactive and 70% delay-insensitive tasks. The final
dataset, Bitbrain consists of traces of resource utilization
metrics from 1750 VMs running on BitBrain distributed
datacenter [61]. The workloads running on these servers are
from a variety of industry applications including computational
analytical programs used by major banks, credit operators
and insurers [61] and are commonly used for benchmarking
fog-cloud models [43], [62], [63]. We utilize these traces as
utilization characteristics of workloads and generate workloads
using the same distribution as done in the traces. As all
datasets use an interval duration of five minutes, we set the
same value as ∆ in our experiments i.e. the interval duration
in our formulation (see Section III).

B. Baselines

We compare CILP against 7 baselines. We integrate the
ACO algorithm with two demand forecasting methods: Au-
toARIMA and LSTM, and call these AutoARIMA+ACO and
LSTM+ACO. We also include classical predict+optimize meth-
ods Decision-NN and Semi-Direct. Finally, the state-of-the-art

baselines are UAHS, Narya and CAHS (see Section II). For a
fair comparison, we use the same objective function as given
in (2) for all baselines. The implementations of the competitors
are not public. We have implemented all baselines based on
the model and training details mentioned in the respective
papers. For hyperparameters, wherever not mentioned, we use
the raytune library2 as done for CILP (see Section V). For a
fair comparison, we ensure that the number of parameters in
the neural models of each method are similar (±5% of CILP).
Further, we tune the neural networks and hyperparameters of
the baselines on the same dataset and with the same tuning
approaches as CILP.

C. Testbed
We perform our experiments on a Microsoft Azure platform
using the Pre-Provisioning Service (PPS) to run our meth-
ods, with workloads as Docker containers having utiliza-
tion characteristics like those of our dataset traces (details
in Section VI-D). We use diverse VM types in our cloud
infrastructure, i.e., B2s with a dual-core CPU and 4GB RAM,
B4ms with a quad-core CPU and 16GB RAM and B8ms
with an octa-core CPU and 32 GB RAM. All methods may
provision up to 200 VMs in our testbed. The ξi variables
of these VM types, described in Section III, are set using
Gaussian regression based on 100 datapoints corresponding
to the provisioning time for each type. The costs µi are taken
from Azure pricing calculator3 for the East-US Azure datacen-

2https://pytorch.org/tutorials/beginner/
hyperparameter_tuning_tutorial.html.

3https://azure.microsoft.com/en-us/pricing/
calculator/.
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ter [64]. The power consumption values of increments of 10%
CPU utilization of Azure VM types are taken from Standard
Performance Evaluation Corporation benchmark repository4.

D. Metrics and Implementation

Our QoS score (Q̂t) is a convex combination of three QoS
metrics obtained from the co-simulator, i.e., normalized energy
consumption (qet ), average response time (qrt ) of completed
workloads and SLA violation fraction (qslat ). For definitions
of these metrics, we refer the reader to the COSCO frame-
work [43]. Thus,

Q̂t ← 1− (α · qet + β · qrt + δ · qslat ), (18)

where α, β, δ are convex-combination weights set as per the
relative importance of these metrics for the end user. For
our experiments, we set them to 1/3 as per prior work [40]
for a fair comparison. The co-simulator fsim obtains energy
estimates using simulated power models; it adds migration
time and waiting time for provisioned hosts (using ξi) to the
response times of affected workloads. The final response time
values are used to decide the violations of SLA deadlines.
To implement CILP, we build upon the co-simulation primi-
tives provided by the COSCO framework [43] by modifying
and integrating with custom resource provisioning methods.
Unlike COSCO, which is for task placement in a statically
provisioned cloud infrastructure, CILP attacks the much harder
problem of provisioning a dynamic setup where hosts can be
created/destroyed on demand. We use the Gradient Optimiza-
tion using Backpropagation to Input (GOBI) scheduler as our
underlying scheduling model and predefined SLA deadlines in
COSCO [43]. We use the GOBI task scheduler for all baselines
as well for a fair comparison. However, unlike GOBI, we
do not use a surrogate based QoS predictor for provisioning,
but a model that directly predicts decisions. This saves on
decision time and the provisioning overhead, which translates
to significant improvements in QoS (see Section VI-G).

We use the Pre-Provisioning Service (PPS) [13] in Azure
to run our methods with workloads as Docker containers
with utilization characteristics as those of traces described in
Section VI. Docker is a container management platform as a
service used to build, ship and run containers on physical or
virtual environments. In our implementation, we start to pro-
vision new VMs at the start of the interval. As soon as a VM
has been provisioned, the workload allocation and execution
starts. Our containers ran sysbench5 and iozone6 linux
benchmarking tools. The former facilitates matching the IPS
of the utilization traces of the datasets and the latter matches
the RAM and storage consumption.

We run the CILP provisioner (including the imitation model
and co-simulated digital-twin) and scheduler on a broker
machine that manages the set of Azure workers. The broker
node has the following configuration: Intel i7-10700K CPU,
64GB RAM, Nvidia RTX 3080 and Windows 11 OS. The

4https://www.spec.org/cloud_iaas2018/results/
5http://manpages.ubuntu.com/manpages/trusty/man1/

sysbench.1.html.
6https://linux.die.net/man/1/iozone.

collection of dataset and training of the CILP model was
performed on the same machine.

We use HTTP RESTful APIs for communication and seam-
less integration of a Flask based web-environment to deploy
and manage containers in our distributed cloud setup [65].
For preemptive migrations, we use the Checkpoint/Restore
In Userspace (CRIU) [66] tool for container migration. All
sharing of resource utilization characteristics across workers
uses the rsync7 utility. For synchronization of outputs and
execution of workloads, we utilize the HTTP Notification API.

E. Experimental Details

The CILP and baseline methods run on a dedicated broker
node as described previously. We run for T = 200 intervals.
We set the user-defined parameter γ using grid-search over
the average QoS score 1

T

∑T
t=1 Q̂t generated from the co-

simulator (see sensitivity analysis in Section VI-G). The neural
network architecture used for the experiments is detailed in
Section V.

F. Training Details

Model training used a learning rate of 5 × 10−4. The Adam
optimizer [67] with a weight decay parameter of 10−5 and
a batch size of 64 was used. As described in Section VI-E,
we use data corresponding to 200 intervals from the datasets
Azure2017, Azure2019 and Bitbrain to test the model.
The rest is used to generate the training data to generate the
ground-truth utilization characteristics and likelihood scores of
provisioning actions using the co-simulated oracle. To train the
neural model, we randomly divide the training time series into
80% training data and 20% validation data. We observe that
temporal correlations in the training data are often short-range
and mid-range in the setting we consider. Hence, we sample
200 points in a minibatch - since the autocorrelation function
becomes flat after lag 50. This is a conservative sample length
that ensures that correlations with significant magnitude are
not damaging the temporal structure of the time series. An
early stopping criterion was applied for convergence using the
value of the loss function of the validation data.

The loss value L given by equation 12 for the converged
model after the training process was 2×10−3. The prediction
performance of the CILP neural model directly affects the
effective QoS of the system. In case the MSE error of
predicting the workload utilization characteristics (Ŵt) is high
in phase 1, the scheduler would not be able to take well
informed scheduling decisions to allocate incoming workloads
or running tasks from hosts that need to be deallocated.
Further, in case of a high BCE loss in equation 10, the model
poorly imitates the oracle decisions from the co-simulator
and thereafter takes poor provisioning decisions. Thus, it is
critical for both prediction and imitation losses to be low for
an effective model.

7https://linux.die.net/man/1/rsync.
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Fig. 3. Comparison of QoS parameters (averaged over intervals) of CILP against baselines and ablated models.

G. Comparison with Baselines

Table III presents the utilization ratio, cost in USD and QoS
score (Q̂t) averaged over the execution intervals, and training
times of all models. Figure 3 shows the individual QoS metrics
for each method. For all datasets, CILP outperforms the
baselines in terms of average utilization ratio, execution cost
and QoS scores. Compared to state-of-the-art baselines, i.e.,
UAHS, Narya and CAHS, CILP gives up to 13.81%-22.12%
higher values of average utilization ratio, 41.87%-45.80%
lower average execution cost and 14.04%-17.34% higher av-
erage QoS score. We also observe that CILP gives lower
training times compared to all baselines. CILP gives 30.31%-
57.68%. This clearly demonstrates the advantage of having
a transformer model with positional encoding to push the
complete time-series data as an input instead of sequentially
inferring over local windows as in auto-regressive (ARIMA),
recurrent models (LSTM) or feed-forward models (Decision-
NN, Semi-Direct, UAHS, Narya, CAHS).

When comparing individual QoS metrics (see Figure 3),
CILP gives the least average energy consumption of 10.41
KW·hr, 7.78% lower than ARIMA+ACO with lowest energy
consumption across all baselines. This is due to the cost
minimization in CILP that ensures the least number of hosts
are active in the system, leading to a lower energy footprint.
CILP also gives the lowest average response time, 7.41%
lower than the best baseline Decision-NN that leads to the
lowest SLA violation rates that are up to 28.32% lower than
the best baseline UAHS. This is due to the QoS augmented
decision strategy in the CILP methodology. Additionally, the
improvements in response times come directly from proactive
provisioning in CILP, which minimizes the time tasks spent
waiting to be scheduled, as shown in Figure 3(d). Finally, CILP
also gives the least overheads in terms of provisioning delays

and causes the minimum number of migrations, thanks to its
co-simulation driven stopping criterion in Algorithm 1.

H. Ablation Analysis

To test the efficacy of the co-simulated imitation learning and
Transformer based neural models in CILP, we modify the
approach as follows. First, we consider a model without co-
simulated reward scores R̂t, but instead evaluate equation (1)
without migration and provisioning overheads to train the
neural model. We call this the CILP IL model. Second, we re-
place the Transformer encoder and decoder with feed-forward
networks (with the same number of parameter weights) to
test the importance of temporal trends that the Transformer
captures. We call this the CILP Trans model. The results in
Table III and Figure 3 show a drop in all performance metrics
for these models when compared to CILP, demonstrating the
effectiveness of the Transformer based neural architecture and
model training using co-simulated imitation learning. Even
though the training times of the CILP IL model is the lowest,
the lack of overhead information does not allow it to take
informed decisions, giving rise to poor QoS scores.

I. Sensitivity Analysis

Figure 4 shows the performance of the CILP method for
different values of user-defined hyper-parameter γ. Low γ
corresponds to private-cloud deployments that do not have any
monetary running costs, but require maximization of utiliza-
tion ratio to reduce resource wastage. High γ corresponds to
workload execution on public clouds with limited cost budgets,
where the user aims at optimizing both system utilization
and running costs. For comparison with baselines, we use
γ = 0.4, 0.5, 0.4 for the three datasets, as per grid-search,
while maximizing QoS scores. The CILP provisioner gives
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Fig. 4. Sensitivity analysis with the weight of the execution cost in the objective function (γ). All standard deviations are <0.05. The γ values that give the
highest QoS have been highlighted.

higher QoS scores than each baseline for every value of γ.
These results provide clear evidence of the robustness of the
CILP to different deployment scenarios and hyper-parameter
settings.

J. Discussion

The results demonstrate that CILP outperforms baselines
not only in terms of QoS parameters, but also gives lower
overheads. As provisioning overhead is hard to predict in
dynamic settings, it is technically challenging to include it
as part of the optimization objective. Unlike prior methods
that run optimization using a model (ARIMA+ACO, Decision-
NN, Semi-Direct, Narya, UAHS and CAHS), CILP directly
generates an action, saving search time and, consequently, the
provisioning overhead. A higher provisioning overhead leads
to increased decision time and slower availability of required
resources. CILP’s lower provisioning overhead reduces the
average response time and SLA violation rates, significantly
improving the system QoS.

Akin to a CILP style imitation learner, our adapted version
of Narya is the only baseline that learns to predict provision-
ing actions directly (using MAB) instead of running online
optimization of the provisioning decision at run-time (such
as other baselines LSTM+ACO, Decision-NN, SemiDirect,
etc.). Unlike online-optimization based baselines, the adapted
Narya model gives lower provisioning overheads, as seen in
Figure 3(e). However, the use of co-simulation based stopping
criterion in the two-phase loop (line 10 in Algorithm 1) leads
to lower number of VM provisions and consequently reduced
provisioning overheads. Our results corroborates that CILP
outperforms even offline learners such as Narya and as well
as online optimization based provisioning methods.

VII. CONCLUSIONS

This work fundamentally focuses on the VM provisioning
problem. We formulate it as a predict+optimize problem. We
propose CILP, a co-simulated digital-twin based imitation
learner that dynamically predicts VM provisioning decisions
to optimize the QoS of a cloud computing environment. It uses
a Transformer based composite neural network to first predict
the workload demands in the near future and auto-regressively
find the optimal set of provisioning actions. Imitation learning
enables us to train the action predictor in order to imitate the
QoS effects of each action using a co-simulator.

As we discuss related works, we demonstrate that prior
methods optimize primarily the utilization ratio as a metric,

and do not consider the counter-metric of the operational
cost of the system. The proposed CILP approach uses cost
as an optimization metric explicitly in its objective function.
To make the final provisioning decisions, we use the QoS
estimate from our co-simulation model, which uses a convex
combination of the real QoS metrics: energy consumption,
response time and SLA violation rate. Using this simulator,
we are able to implicitly identify the impact of various
provisioning decisions on the real QoS metrics, including
the impact of overheads of VM provisioning (in the form
of higher response time, for instance) that is modeled in the
simulator. Extensive experiments on three public datasets show
that CILP outperforms the state-of-the-art in QoS metrics,
including energy consumption, resource utilization, execution
cost and SLA violation rates.

As part of future work, we shall explore how CILP can
be extended to not only make optimal provisioning decisions,
but also workload scheduling decisions using the co-simulator.
The predict+optimize formulation is applicable to other prob-
lem settings as well, allowing us to leverage CILP for decision
making wherever there is access to a dedicated infrastructure
and its co-simulator.

SOFTWARE AVAILABILITY

The code has been made available as a public GitHub repos-
itory under BSD-3 License at https://github.com/
imperial-qore/CILP.
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