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Abstract 

Distributed service applications make heavy use of clouds and multi-clouds, and must (i) meet service quality goals 
(e.g. response time) while (ii) satisfying cloud resource constraints and (iii) conserving power. Deployment algorithms 
must (iv) provide a solution meeting these requirements within a short time to be useful in practice. Very few existing 
deployment methods address the first three requirements, and those that do take too long to find a deployment. The 
Low-Power Multi-Cloud Application Deployment (LPD) algorithm fills this gap with a low-complexity heuristic combina-
tion of generalized graph partitioning between clouds, bin-packing within each cloud and queueing approximations 
to control the response time. LPD has no known competitor that quickly finds a solution that satisfies response time 
bounds. A host execution time approximation for contention is fundamental to achieving sufficient solution speed. 
LPD is intended for use by cloud managers who must simultaneously manage hosts and application deployments 
and plan capacity to offer services such as Serverless Computing.

On 104 test scenarios deploying up to 200 processes with up to 240 replicas (for scaling), LPD always produced a 
feasible solution within 100 s (within 20 seconds in over three-quarters of cases). Compared to the Mixed Integer Pro-
gram solution by CPLEX (which took a lot longer and was sometimes not found) LPD solutions gave power consump-
tion equal to MIP in a third of cases and within 6% of MIP in 95% of cases. In 93% of all 104 cases the power consump-
tion is within 20% of an (unachievable) lower bound.

LPD is intended as a stand-alone heuristic to meet solution time restrictions, but could easily be adapted for use as a 
repair mechanism in a Genetic Algorithm.
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Introduction
Applications with many services are increasingly com-
mon (e.g., microservice systems) and use multiple 
clouds or data centres to obtain suitable resources, to 
access regional data sets, or for reliability. Deployment 
must respect cloud resources, power consumption, and 
user response time, and must provide a fast solution for 

re-computation when adapting to changes. Network 
delays between clouds are large enough that they must be 
considered explicitly in a useful deployment solution. It 
is clear from the literature that solution by Mixed Integer 
Programming (MIP) or by metaheuristics such as genetic 
algorithms take too long for larger problems, so heuris-
tics must be used.

The service applications considered here have deploy-
able units called “tasks” which may be virtual machines 
or containers. A user request results in tasks calling each 
other, possibly many times, in diverse patterns modeled 
as random interactions with average numbers of calls. 
They use the internet for calls between clouds, which 
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introduces important delays which may add up to violate 
response time requirements.

The heuristic Low Power Multi-Cloud Application 
Deployment (LPD) algorithm takes an application in the 
form of a directed Application Graph with tasks as nodes 
and their interactions as edges (Fig. 1a), with a maximum 
anticipated load level, and finds a deployment of tasks to 
hosts in multiple clouds (Fig.  1b), including scaled-out 
replicas as necessary. Under autoscaling the deployment 
is then feasible (although perhaps not optimal) at lower 
load levels as well, using fewer replica tasks and hosts.

LPD has four goals. It should:

Goal 1. have low total power use by the hosts (ideally, 
minimum power),
Goal 2. satisfy arbitrary constraints on computing 
and memory capacity (heterogeneous clouds),

Goal 3. satisfy constraints on the response time, 
including accounting for intercloud network delay 
(here, the mean response time is constrained),
Goal 4. provide a solution quickly enough to be use-
ful.

A suitable target maximum solution time depends on 
how often a deployment must be calculated. It could 
be a few seconds or minutes; for the examples consid-
ered here it is taken to be 1 minute on the grounds that 
cloud adaptation (such as deployment of a new virtual 
machine) occurs on a timescale of minutes.

Metaheurstics such as genetic algorithms, particle 
swarm optimization or stochastic annealing address goals 
1–3 by combining them in utility functions that include 
weighted penalties for delay and other constraints. Soft 
constraints do not prevent constraint violation without 

Fig. 1 An application and its deployment. a Application Graph: U represents the Users, vertex vi represents a deployable unit (task), and an edge 
represents calls between tasks. b Deployment: host hj represents a CPU and the cutset weight is the number of interactions between clouds
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additional, possibly complex effort, so they are excluded 
here, and this excludes most metaheuristics. Addition-
ally, their solution takes too long, as discussed below, and 
this applies also to versions which “repair” the solution to 
enforce actual constraints.

Excluding soft constraints the above combination of 
four goals is not resolved by existing methods, which 
motivates this work. Table  1 lists the combinations of 
the first three goals and scalable approaches that satisfy 
them, apart from MIP and metaheuristics. Some combi-
nations have elementary solutions, indicated with italics.

The LPD approach adds power reduction to both graph 
partitioning (to allocate tasks to clouds) and bin-packing 
(to allocate tasks to hosts). Using an approximate bound 
in the response time constraint reduces the effort to com-
pute it and brings the solution time within the desired 
range.

Related work
Optimal deployment is a classic problem. There have 
been recent surveys of optimal deployment in clouds by 
Zhang et al. [4] (emphasizing efficient algorithms), Helali 
et  al. [5] (emphasizing adaptation by consolidation), 
Masdari and Zangakani [6] (emphasizing predictive 
adaptation), and Skaltsis et al. [7], oriented to deploying 
multi-agent systems. They list a variety of approaches, 
including

• Mixed Integer Programming (MIP),
• Genetic Algorithms (GA) and other metaheuristics 

such as ant colonies, particle swarms, and simulated 
annealing, that apply varieties of random search,

• Application Graph Partitioning (AGP), which focuses 
on the interactions between clouds,

• other approaches including bin-packing, hill-climb-
ing and custom heuristics.

The use of MIP is evaluated in several papers. Malek 
et al. [8] also gives additional references to MIP. Li et al. 
[9] combine MIP with bin-packing, to optimize power. 
Ciavotta et al. [10] use MIP to partition a software archi-
tecture and deploy it. The latter study minimized cost 
while constraining response time (without network 
delays) as computed by a simple queueing model, and 
then used a more detailed layered queueing model and a 
customized local search. MIP can address Goals 1–3 of 
LPD, and is formulated for this purpose below. However, 
all these studies found that MIP scaled too poorly for 
practical use.

GA evolves deployments by modifying a set of initial 
candidates by random mutations and by combining exist-
ing candidates, to optimize a fitness function. The fitness 
weights together the objectives and constraints, making 
them soft constraints. GA has been applied for Goals 
1–3 in [3, 8, 11]. The use of other metaheuristics is ref-
erenced in these papers and in the surveys. A strength of 
the fitness function approach is that it can be extended 
to include additional goals such as reliability, and to deal 
with multiple fitness functions. It can find sets of Pareto-
optimal (i.e. non-dominated) solutions for multiple 
objectives, which goes beyond our goals. In Frincu et al. 
[12] the objectives are response time, resource usage, 
availability, and fault-tolerance; in Guerrero et  al. [13] 
they include failure rates and total network delay as a 
proxy for response time. Frey et al. [14] optimize deploy-
ment over multiple clouds and multiple cloud vendors 
with three objectives of cost, mean response time, and 
SLA violation rate. Fitness is evaluated by a simulator, 
and constraints are enforced by rejecting infeasible can-
didates. Ye et  al. [15] consider four objectives including 
energy minimization in the cloud and the network.

The inability of unmodified GA to directly enforce con-
straints leads us to exclude it as an approach. A recent 
method used in [15] enforces constraints by “repairing” 

Table 1 Deployment problem cases and scalable solution approaches (excluding metaheuristics and MIP)

Goals Approaches that Apply Hard Constraints
(elementary methods in italics)

1 (power only) Deploy to the most power-efficient processor first, across all clouds (greedy on power).

2 (capacity only) 2-D bin-packing (for memory and processing constraints) (e.g., [1])

3 (delay only) Deploy on one cloud to eliminate network delays, chosen based on delay to the user and speed of processing.

1,2 2-D bin-packing (with dimensions of capacity and memory) augmented by considering power (e.g. [2]) (used in LPD).

1,3 Graph partitioning among clouds to control delay; for each cloud deploy to the most efficient processor first (as in LPD without 
capacity constraints).

2,3 Minimize response time (e.g. by graph partitioning accounting for delay and capacity as in [3]), and accept the solution if it meets the 
response time constraint.

1,2,3 New in LPD: Use graph partitioning methods among clouds to control delay, with two-dimensional bin-packing (capacity and 
memory) within clouds augmented by decisions based on power.
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infeasibilities for each fitness evaluation. The repair 
changes the candidate solution to make it feasible. Simi-
lar changes are part of the partitioning algorithm in LPD. 
While it is not considered here, the potential use of part 
of LPD for GA repair is discussed later.

It is also clear from the experience in the literature that 
GA is too slow for our fourth goal, for large deployments. 
Malek et al. [8] compare MIP, GA and a heuristic and find 
that both MIP and GA are orders of magnitude too slow. 
Guerout et al. [16] compare MIP and GA for single-cloud 
deployment to optimize a utility function that combines 
four QoS objectives including energy, using a stagewise 
approach to improve MIP scalability, and find that MIP 
and GA are both too slow for practical use. Their calcu-
lated response times ignore network delays; including 
them would undoubtedly make both algorithms slower. 
Alizadeh and Nishi [17] carefully compare MIP solution 
times by CPLEX [18], and by GA, on a very large MIP 
unrelated to deployment. Their GA strictly enforces con-
straints by constraint repair. They find that the solution 
time of GA is at best an order of magnitude less than for 
MIP. Since MIP is several orders of magnitude too slow 
for Goal 4, this emphasizes that GA is unsuitable on the 
grounds of solution time.

Most papers consider only a single cloud or data cen-
tre. Multi-cloud systems have more serious response 
time concerns because of the network delay for messages 
that cross between clouds. Application Graph Partition-
ing (AGP) addresses these delays as costs on the arcs 
of an application graph as in Fig.  1(a). AGP algorithms 
such as in Fiduccia-Mattheyses [19] efficiently reduce or 
minimize the total cost, and can also include host con-
straints and costs. AGP is used for multi-cloud deploy-
ments in [20], and in [3] to minimize bandwidth (rather 
than delay), in [1] to minimize the sum of network and 
energy cost, and in [21] (via a metaheuristic) to minimize 
power in mobile clouds. The approach called Virtual 
Network Embedding [22] is also an adaptation of AGP. 
In summary, AGP deals efficiently with network delays 
but cannot resolve all the remaining goals; it needs to be 
augmented.

Bin-packing deals directly with capacity constraints 
(Goal 2) and is combined with performance models in 
[23] (ignoring power). It is adapted by Arroba et  al. in 
[2] to reduce power (Goal 1) by applying CPU speed and 
voltage scaling, but they do not address response time.

Custom heuristics are described in [8] and other works; 
in [8] they are the only option that solved in a useful time, 
but this work does not address response time.

The response time includes delay due to processor 
contention and saturation, which are estimated by per-
formance models. A survey of models for clouds is given 
by Ardagna et al. [24]. Some recent work on deployment 

that reflects resource contention (always on the mean 
response time): Aldhalaan and Menasce [25] use a queue-
ing model to place VMs in a cloud, finding the number of 
replicas by a hill-climbing technique. Ciavotta et al. [10] 
use a simple queueing approximation in a first stage, and 
a detailed layered queueing model in a second stage of 
optimization. Molka and Casale [26] use queueing mod-
els with GA, bin-packing and non-linear optimization, 
to allocate resources for a set of in-memory databases. 
Wada et al. [27] use queuing models to predict multiple 
service level metrics and a multi-objective genetic algo-
rithm to seek pareto-optimal deployments. Calheiros 
et  al. [28] and Shu et  al. [11] use a queueing model to 
scale a single task to meet response time requirements, 
and [11] also models response failures. None of these 
studies consider power.

Deployment to minimize power has been part of many 
studies, e.g. energy is included in the utility function in 
[8]. Wang and Xia [29] apply MIP to VM placement in 
the cloud to minimize power subject to processing and 
memory constraints (but ignoring response time and net-
work delays). Tunc et al. [30] use a real-time control rule 
based on performance monitoring and a Value of Service 
metric that enforces the response time constraint while 
controlling for energy consumption. This is close to our 
stated problem, but they do not include network delays in 
the response time. Chen et al. [31] use a random search 
heuristic to minimize the money cost of power and net-
work operations (but not delay).

For deployment tools, Arcangeli et  al. [32] describe 
many tools from the viewpoint of a system operator, 
including MIP, GA, AGP and others.

To summarize, a heuristic solution for the minimum-
power application deployment problem subject to con-
straints on response time and host capacities is needed 
because the solution times to find provable optima via 
methods such as MIP are too long. Metaheuristics like 
GA also take too long and have difficulty enforcing actual 
constraints. LPD, developed in the theses of Kaur [33] 
for a single cloud and Singh [34] for multi-clouds, uses 
instead a novel combination of graph partitioning and 
bin-packing to meet all the goals stated for LPD.

Background on techniques used in LPD
LPD uses customized algorithms derived from the fol-
lowing two families.
K-way graph partitioning (KGP) [19] divides a graph 

into K parts, where each part is a subset of the graph node 
set, the parts are non-intersecting, and cover the entire 
node set. A common objective is to minimize the cut-
weight, which is the sum of the edge weights that connect 
nodes in different parts. KGP is NP-hard [35] and so does 
not scale well, but approximate solutions are provided 
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more quickly using multi-level KGP schemes proposed 
by Karypis et  al. [36, 37]. In LPD, the edge weights are 
defined so the cut-weight is the network delay and multi-
level KGP is used to reduce the cut-weight until the 
response time constraint is satisfied, but not necessarily 
minimized. Graph partitioning algorithms often enforce 
a balance constraint to distribute the node weights 
equally among the partitions, but this is not required in 
the deployment problem.

2-D bin packing described in [1] is an NP-hard algo-
rithm to pack a set of 2-dimensional items into a mini-
mum number of 2-dimensional bins. In LPD, heuristic 
2-D bin packing is incorporated into the KGP move eval-
uation, to reduce power consumption. After partitioning, 
a more rigorous bin packing is applied to each partition 
to further reduce power consumption.

The model for multi‑cloud application 
deployments
We consider K heterogeneous clouds, with heteroge-
neous hosts, and different network latencies between 
clouds. Communication delays within the clouds are 
ignored. The set of users is treated as an additional cloud, 
which has only the users; there is no other deployment 
to the user cloud. Figure 2 shows the model, and Table 2 
defines its parameters. The processing capacity of cloud 
hosts is defined in ssj_ops according to the SPECpower 
benchmark for processors [38].

A deployment D of tasks to individual hosts in the 
clouds must provide a user throughput of λ responses/
sec, and have a latency (response time) of no more than 
R req msec.

The application model and application graph
The analysis begins from an Application Graph G of 
vertices (denoted as vi) representing deployable compo-
nents, and edges denoted as (vi,  vj), representing their 
interactions and labelled by the number of messages 
cij exchanged, per user response. Optionally, G may be 
derived from an Application Model as in Fig. 3(a), which 
shows the components as “tasks” and the inter-task calls 
that invoke operations, labelled by resource demands. 

Fig. 2 The Multi-Cloud Model

Table 2 Cloud and Host Property Definitions

Parameter Meaning Units

C = {C1, …, CK} a set of K clouds; the set of users is C0.

C
opsMax
k

processing capacity of Ck. ssj_ops

CmemMax
k

memory capacity of Ck. MB

δkm mean delay between Ck and Cm ms

hkl host l on cloud Ck

h
ops
kl (D) processing demand of host hkl, for deployment 

D.
ms

h
opsMax
kl

processing capacity of host hkl. ssj_ops

hmemMax
kl

memory capacity of host hkl. MB
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Fig. 3 An Application Model and its Graph. a Example Application Model in LQN Notation. b Corresponding Application Graph, Labelled with 
Mean Interaction Counts
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The Application Model uses the notation of layered 
queueing models [39, 40] in which the components are 
shown as rectangles (e.g. t0) and their operations as 
attached rectangles (e.g. e2601). Each invocation of an 
operation has a mean CPU demand and makes calls as 
shown by arrows, labeled by the mean calls. Derivation of 
the graph parameters from a layered queueing model is 
described in [41].

Service operations may have highly variable resource 
demands, depending on the nature of the user request, 
and the data that it accesses. This is modeled by random 
values for CPU demands and calls, with average values as 
parameters.

Figure 3(b) gives an example of an Application Graph 
derived from the Application Model of Fig.  3(a). Alter-
natively, the Application Graph could be derived directly 
from measurements on the deployment units. Table  3 
defines the properties of the Application Graph.

The task processing demand vopsi  is measured in 
operations/s in units of ssj_ops as defined in the 
SPECPower benchmark [38], executed on a reference 
host href at a nominal user throughput of λ responses/s. 
To obtain the demand on any other host type it is scaled 
by the host speed factor to give vopsi /h

sf
kl.

Power model
Power consumption hpowkl  for each host hkl is related to the 
work it is doing, modeled by a linear least-squares fit to 
its SPECpower [38] benchmark results, stated as:

(1)h
pow
kl = hbasekl + h

ops
kl ∗ h

pRate
kl

where hbasekl  is the base turn-on power in W, hpRatekl  in W/
ssj_ops is the slope of the fitted line, and hopskl  is the load.

Power Usage Effectiveness, defined as the ratio of cloud 
power consumption to total host power consumption 
[42], is assumed for simplicity to be unity for all clouds, 
so cloud power equals total host power. If it is less (but 
still the same for all clouds), power can be scaled.

Bound on Total execution delay
The response time is the network delay plus the execu-
tion delay. The total execution delay is the time (per user 
response) spent executing and waiting to be scheduled 
on some processor. LPD applies a capacity constraint on 
each host that restricts its CPU utilization below a nomi-
nal value Unom. Since execution delay increases with utili-
zation, the delay for utilization = Unom is a bound.

For a given task vi on host hkl the maximum delay is cal-
culated by the well-known processor-sharing approxima-
tion to host queueing (see e.g. [43]) as:

The total delay bound DTproc is the sum of time(vi, hkl) 
over all tasks, which simplifies to

Adding this value to the total network delay gives an 
upper bound on response time, defined as DRT below.

Deployment model
Using the concepts and notation defined above, a deploy-
ment is described as follows:

• dikl = 1 if task vi is deployed to host hkl (the lth host in 
cloud Ck), or 0 otherwise.

• D: a deployment, a setting of all variables dikl. Dq is 
the qth deployment in a set of deployments.

• Dpow, DTnet, DTproc, DRT: respectively the total power 
(W), total network delay, and bounds on the total 
execution delay and the response time of deployment 
D in ms.

• yik(D) = 1 if task i is assigned to a host on cloud Ck, 
or 0 otherwise.

• zkl(D) = 1 if host hkl is used, or 0 otherwise.

A feasible deployment must not exceed the processing 
capacity (in ssj_ops) and memory capacity (in MB) of any 
host and must satisfy the overall response time require-
ment Rreq (in msec).

(2)time(vi, hkl) = v
ops
i /h

sf
kl / 1−Unom ms.

(3)DTproc =
∑

k , l

(

h
ops
kl /h

sf
kl

)

/
(

1− Unom
)

Table 3 Application Model and Application Graph Property 
Definitions

Parameter Meaning

G =
(

V , E , v
ops
i , vmem

i , cij , ∀i, j
)

the graph representing the applica-
tion

V = {v1, v2, …, vn} the set of application tasks (vertices 
of G).

v
ops
i

processing requirement of task vi

vmem
i memory requirement of vi

E = {(vi, vj)} edges of G.: the set of all calls 
between tasks vi and vj

cij mean calls between vi and vj, per user 
response

hkl host l in cloud Ck

h
opsMax
kl

processing capacity of hkl

href reference host for processing 
demands

hsfkl = h
opsMax
kl /h

opsMax
ref

the speed factor of hkl, relative to href.
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Mixed‑integer quadratic programming 
optimization
The deployment optimization gives a mixed-integer 
quadratic programming (MIQP) model (quadratic 
because the network delay depends on the deployment of 
pairs of tasks). MIQP solutions found using CPLEX [18] 
were used to evaluate the accuracy of the LPD heuristic 
on small examples, though MIQP does not scale up well.

In the formulation, a large positive constant M is 
introduced for calculating zkl, of value 
M = maxkl

(

h
opsMax
kl

)

+ offset , where offset is a large 
value, e.g. 1000.

The resulting deployment is designated DMIQP with 
optimal power Dpow

MIQP and response time DRT
MIQP.

MIQP Constraints:
Host processing capacity:

Host memory capacity:

Each task is assigned exactly once:

Indicator variable to show that task vi is assigned to 
cloud Ck:

Network delay for deployment DMIQP (quadratic in y):

Total execution time:

Response time constraint:

Indicator variable zkl to show whether host hkl is used:

Power consumption of host hkl:

MIQP Objective function (minimize total power in W):

(4a)
h
ops
kl =

∑

i

[

v
ops
i /h

sf
kl × dikl

]

≤

[

h
opsMax
kl ×Unom

]

∀k , l

(4b)
∑

i

[

vmem
i × dikl

]

≤ hmemMax
kl ∀k , l

(4c)
∑

k , ldikl = 1∀i

(4d)yik =
∑

l dikl∀i, k

(4e)

DTnet
MIQP

=
∑

m,n in clouds

cij × yim × yjn × �mn∀
(

vi , vj
)

in E and (m ≠ n)

(4f )D
Tproc
MIQP =

∑

k ,l

(

h
ops
kl /h

sf
kl

)

/
(

1− Unom
)

(4g)DRT
MIQP = D

Tproc
MIQP + DTnet

MIQP ≤ Rreq

(4h)h
ops
kl −M × zkl ≤ 0∀k , l

(4i)h
pow
kl =

∑

i

(

hbasekl × zkl

)

+ h
ops
kl × h

pRate
kl ∀k , l

CPLEX solutions and the time it took to obtain them 
are described in Section 6.1, in comparison with LPD.

The low‑power multi‑cloud application 
deployment (LPD) algorithm
LPD first scales the application by creating replicas of 
each task to provide sufficient processing power. Then 
it deploys tasks to clouds by a graph-partitioning algo-
rithm with a first phase that iteratively reduces DRT 
until DRT ≤ Rreq, and a second phase that minimizes 
Dpow while maintaining DRT ≤ Rreq. This is carried out 
for a set of initial partitions, including random parti-
tions. Finally, the host deployments dikl within each 
cloud are determined by a power-aware bin-packing 
stage which satisfies the capacity constraints for each 
host and reduces power further.

There are six stages of LPD as described in the Algo-
rithm summary and illustrated in Fig. 4.

LPD algorithm summary

INPUTS: clouds, hosts, users, application, control 
parameters, network delays.
Stage 1: Select a subset of clouds C to host the appli-
cation.
Stage 2: Generate the application graph G from the 
application model.
Stage 3: Scale the application to the workload, gen-
erate a graph for the scaled application (Gscaled), and 
coarsen Gscaled to get Gcoarse.
Stage 4: Generate a set of initial deployments.
Stage 5: For each initial deployment Dinit

q  do:

5a Dpartition
q = Partition ( Dinit

q  , Gcoarse, C, δ, Rreq) (for 
the Partition algorithm, see below),

If D
partition
q  is null (no feasible deployment 

found), then go to next initial deployment.
5b Uncoarsen Dpartition

q .
5c For each cloud, perform bin packing on its 
deployed tasks by both HBF-Proc and HBF-Mem 
and record the deployments as DHBF−Proc

q  and 
DHBF−Mem
q .

Stage 6: Set D* to the deployment with the smallest 
Dpow out of all Dpartition

q  , DHBF−Proc
q  , and DHBF−Mem

q  
or to null if there is no feasible deployment.
OUTPUT: Deployment D*.

A major part of LPD is the Partition sub-algorithm 
defined below along with the details of the six stages.

(4j)minimize D
pow
MIQP =

∑

k ,l h
pow
kl
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Fig. 4 Stages of the LPD algorithm. Stage 1: Choose the clouds for deployment. Stage 2: Create the application graph (as Fig. 1a). Stage 3: Scale the 
application and coarsen the graph. Stage 4: Generate the initial random deployments. Stage 5a: Partition. Stage 5b: Uncoarsen and bin-pack within 
each cloud. Stage 6: Take the solution with the lowest predicted power
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LPD stages 1–4: preparation and initial deployment
The first stage selects the clouds for deployment, and 
stage 2 creates the application graph G. Stage 3 adds rep-
licas to provide sufficient capacity for each task, even if 
deployed on the slowest host in the system (call its speed 
factor smin). For task vi this gives:

Each replica receives an equal share of the calls to vi 
and duplicates the calls made by vi.

Stage 3 coarsens the resulting graph to Gcoarse by repeat-
edly merging the nodes (tasks) joined by the edge with the 
largest weight, subject to maximum nodal processing and 
memory requirements (which ensure that the merged 
node will fit on any host). It terminates when the largest 
edge weight is less than the original average edge weight.

Experience showed that the partitioning sometimes 
found local optima. To improve the solution, Stage 4 cre-
ates a set of initial deployments using three strategies:

1. Random: Nrandom initial deployments.
2. Greedy on Power/Delay: with two variants: repeat-

edly deploy the task with the largest CPU demand on 
the feasible cloud that has space and (is most power-
efficient)/(adds the least delay) (2 deployments),

3. Bin-packing: all combinations of two bin-packing 
strategies, packing on memory or power, and sort-
ing bins in increasing or decreasing order (8 deploy-
ments).

LPD stage 5: partitioning
Partitioning among clouds uses the sub-algorithm 
described below with a simplified set of constraints. The 
response time constraint was simplified by computing 
DTproc just once based on the slowest host, and then con-
straining DTnet by

which is the cut weight of the partition. Simplified capac-
ity constraints for processing and memory in each cloud 
are computed based on the most restricted hosts in the 
cloud. These simplifications are conservative, in that any 
feasible solution satisfies the original constraints.

Partitioning uses the K-way variant of the Fiduccia-
Mattheyses (FM) graph partitioning refinement heu-
ristic [19, 35]. It recursively identifies clusters to move 
from one cloud to another, based on the improvement 
in a fitness function calculated for each potential move. 
In phase 1 it obtains feasibility by making moves that 
reduce DTnet until Eq. (6) is satisfied, and then in phase 

(5)replicas = v
ops
i /

(

h
ops
ref × smin

)

(6)DTnet ≤ Rreq − DTproc

2 it minimizes power while maintaining feasibility. The 
Partition sub-algorithm uses this additional notation:

move(vi, hto, l) moves task vi to host l on cloud Cto,

• ∆RT(move) = amount of response time reduction,
• ∆pow(move) = amount of power reduction,

and partitions Gcoarse among clouds to minimize power 
subject to response time and capacity constraints.

Partition sub‑algorithm
INPUTS: Dinit, G, C, δ, Rreq

D←Dinit. Calculate DRT and Dpow and sort the tasks in 
G in decreasing order of vopsi .

Repeat:

Initialize best power reduction move: movepow ← φ, 
�max

pow ← 0.
Initialize best latency reduction move: moveRT ← φ, 
�max

RT ← 0.

For each task vi in the sorted task list:

Cfrom = cloud containing vi in deployment D.
For each cloud Cto other than C0 or Cfrom:

Find the most power efficient available host hto, l in 
Cto that can accept vi.

Calculate the power and latency reductions ∆pow 
and ∆RT for moving vi to hto, l.
If ∆pow > �max

pow  , then update �max
pow  to ∆pow and 

movepow ← move(vi, hto, l).
If ∆RT > �max

RT  , then update �max
R  to ∆RT and set mov-

eRT ← move(vi, hto, l).

If movepow ≠ φ and does not violate Rreq, then accept 
movepow.
Else if Rreq not met and moveRT ≠ φ, then accept 
moveRT.
If a move has been accepted, make it and update D, 
DRT,and Dpow.
Else (no move is found): exit.

OUTPUT: D.
After partitioning among clouds, Stage 5 uncoarsens G 

and restores the original constraints. It applies a final 2-D 
bin-packing step within each cloud (tasks deployed on 
hosts) to reduce power consumption and satisfy the con-
straints of individual hosts. It uses two variants of 
Hybrid-Best-Fit (HBF) two-dimensional bin-packing [44] 
with dimensions of processing ( vopsi

)

 and memory ( vmem
i  ). 
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HBF-Proc sorts the tasks in descending order by vopsi  and 
HBF-Mem sorts them by vmem

i .

Stage 6: selecting the final deployment
Among all the deployments found from all the initial 
deployments, stage 6 returns the one with the lowest 
power consumption Dpow.

LPD design choices
Preliminary experiments described in [34] refined the 
choice of algorithm steps and parameters, showing that:

• Most solutions arise from the random initial deploy-
ments. Nrandom = 60 assured a solution.

• Coarsening using the stated termination condition 
reduced runtime and gave better quality solutions for 
both power and delay.

• The final bin-packing using HBF improved the solu-
tion in 15% of cases, mostly due to HBF-Mem. Other 
approaches to bin-packing did not improve on this.

Time complexity of LPD
There are n tasks and ∣E∣ edges in Gscaled, K clouds each 
with O(h) hosts, and d initial deployments. The impor-
tant operations have these time complexities (see [37] for 
related complexity analyses of the partitioning):

 (i) sorting hosts in each cloud by power efficiency is 
O(Kh log(h))

 (ii) application scaling is O(∣V∣) (tasks before scaling).
 (iii) coarsening and uncoarsening are both O(d ∣E∣),
 (iv) partitioning is O(dK ∣E∣) for the K-way Fiduccia 

Mattheyses algorithm,
 (v) bin packing for K clouds is O(dKn log(n)),
 (vi) selecting the best deployment is O(d).

Assuming that the number of interactions of each task 
is bounded, then ∣E∣ is O(n), operation (v) is dominant 
and the time complexity is O(dKn log(n)).

LPD for genetic algorithm solution repair
Stage 4 of the LPD generates numerous infeasible initial 
deployments. The partitioning in stage 5a first works to 
render the initial solution feasible, and then to improve 
the objective function value. It is simple to terminate the 
partitioning at the first feasible solution. This truncated 
stage 5a partitioning step can be used as a quick repair 
mechanism for infeasible intermediate solutions gen-
erated by a Genetic Algorithm. This possibility will be 
investigated in future research.

Evaluation experiments: setup
The quality of LPD deployments was compared to (i) 
MIQP solutions when they could be obtained, and (ii) a 
loose power bound. Response time feasibility was verified 
against the results from the LQNS solver, which gives a 
more refined calculation of delay.

Comparisons of measure m  found by two methods A 
and B were made using the relative error measure ∆A : B 
defined as:

Application test cases
Random test models were generated, structured to pro-
vide many variations of the layered architecture typical of 
cloud service applications such as e-commerce and social 
media, and of microservices generally. Application mod-
els consisted of 4, 8, 18, 24, or 30 tasks and had a wide 
range of workload characteristics. One hundred four test 
models were generated by the random model generator 
lqngen [45]. Model properties ranged widely, to represent 
a wide range of applications and of deployment difficulty, 
giving these properties:

• Number of application components, including 
scaled-out replicas: 20–240,

• Total processing requirement: 5–84% of the available 
total multi-cloud capacity,

• Total memory requirement: 5–87% of the total multi-
cloud capacity,

• Total number of calls per user request: 3–11,050.

Six comparisons were made:

1. Power: LPD vs MIQP (Section  6.1), measured by 
�

pow
LPD:MIQP.

2. Power: LPD vs the bound, measured by �pow
LPD:bnd.

3. Response time: LPD vs the requirement, measured 
by �RT

LPD:req . Should be zero or negative.

(7)�m

A:B =

(

A− B

B

)

× 100%

Table 4 Cloud parameters (Definitions in Tables 2 and 3)

Cloud Total memory 
capacity
CmemMax (GB)

Total processing 
capacity
CopsMax (ssj_ops)

Total 
logical 
CPUs

Edge  (C1) 64.0 1,669,696.80 32

Small  (C2) 80.0 2,028,905.60 40

Medium  (C3) 176.0 4,240,154.40 88

Large  (C4) 272.0 7,467,443.20 200
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4. Response time: LPD vs more accurate LQNS calcula-
tion, measured by �RT

LPD:LQNS.
5. Response time: LQNS on LPD deployment vs the 

requirement, measured by �RT
LQNS:req.

6. LPD runtime, denoted by TLPD.

Cloud environment
The test cases considered four clouds as shown in Fig. 2, 
with parameters in Table  4 below. Table  5 shows the 
network delays, and Table  6 describes the hosts. The 
experiments were run with Unom = 0.8, which is a typical 
target value for maximum utilization, and with 60 initial 
deployments.

Software and hardware
The algorithm was implemented in Java, using the Java 
Universal Graph Framework (JUNG) v2.0.1 and Guava 
v19.0, with Google Core Libraries for Java for the Mul-
timap data structure that represents the deployment. 
LPD was run on an Intel i5 3570 PC with 3.4 GHz pro-
cessor, 16 GB memory and with Ubuntu v16.04 Linux, 
while the MIQP solutions were run on a faster Intel Core 
i9-9980HK running at 2.40GHz.

Experimental results
The experiments evaluate the effectiveness of LPD and 
explore its properties on applications of different sizes 
and requirements. The principal concerns are (1) close-
ness of the power to the bound on the optimal value, (2) 
meeting the response time constraint, and (3) algorithm 
solution time versus the target of 1 minute for practical 
use in deploying models in this size range. Also examined 
were (4) the effectiveness of the strategy used by LPD ver-
sus two simple alternatives, and (5) the impact of tighter 
response time constraints on solution effort and quality.

Power consumption: LPD vs. MIQP
MIQP solutions by the CPLEX optimizer [18] give the 
minimum power, which was compared with LPD. Forty 
four cases were solved by CPLEX within a time limit of 
300 seconds per solution. Fig.  5 shows a histogram of 

Table 5 Network delays δmn (msec)

Cloud m Cloud n

0 1 2 3 4

0 (Users) N/A 25 100 175 250

1 25 N/A 75 150 225

2 100 75 N/A 75 150

3 175 150 75 N/A 75

4 250 225 150 75 N/A

Table 6 Host parameters, in decreasing order of speed factor (Definitions in Tables 2 and 3)

Host Type Number of Logical 
CPUs, hncpu

SPECpower Throughput at 100% 
Load, hopsMax  (ssj_ops)

hopsMax/hncpu

(ssj_ops)
Speed Factor
hsf

Inspur Corporation NF5280 M4 88 3,561,599 40,473 1.00 (slowest)

Dell Inc. PowerEdge R630 72 3,240,418 45,006 1.11

Dell Inc. PowerEdge R740 112 5,727,798 51,141 1.26

QuantaGrid S31A-1 U 8 474,667 59,333 1.47

Fujitsu Server PRIMERGY TX1320 M2 8 478,512 59,814 1.48

Fujitsu Server PRIMERGY TX1330 M2 8 484,122 60,515 1.50

Fujitsu Server PRIMERGY RX1330 M1 8 508,013 63,502 1.57

Fujitsu Server PRIMERGY RX1330 M3 8 586,973 73,372 1.81

Fig. 5 Power by LPD vs MIQP (44 models solved by CPLEX)
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�
pow
LPD:MIQP . LPD power is equal to MIQP power (within 

a very small tolerance) in 15 of the 44 cases (34%) and is 
within 6% in 42 of 44 cases (95%). The largest difference 
is 10.8%. The overall success rate of LPD in finding near-
optimum low-power solutions for these 44 cases is excel-
lent. For the remaining 60 larger cases a comparison was 
made to a bound.

The 300-second MIQP limit is well beyond the 
assumed useful time limit of 60 s and the limited solva-
ble cases demonstrate the poor scalability of the MIQP 
approach.

Power consumption: LPD vs. a lower bound
A simple lower bound Pbound on total power consumption 
is calculated by assigning fractions of the pooled total 
workload to the most power-efficient processors across 
all clouds and taking the sum of their power consump-
tions. The construction of Pbound ignores the granularity 
of processing by the tasks, and the response time con-
straints, which will make it optimistic and unattainable, 
but it provides a comparison for the cases in which the 
MIQP solver exceeds its time limit.

The histogram of the difference �pow
LPD:bnd in Fig. 6 shows 

that the power found by LPD is within 10% of Pbound for 
22 of the 104 cases and within 10–20% in a further 75 
cases. Of the 7 cases with a larger difference, 3 had MIQP 
solutions with identical power to LPD, leaving just four 
cases with (possibly) unsatisfactory power solutions.

For the 60 cases where the MIQP timed out, the LPD 
power averages 14.3% greater than Pbound, with 56 of the 
60 cases (93%) closer than 20%.

Verification of the response time constraint
In the 104 LPD solutions, the simplified response time 
approximation DRT

LPD always satisfies the response time 
limit Rreq. If there are many calls between processes 
then network delay reduction may take precedence over 
power reduction and the response time may be close to 
the constraint. If the response time constraint is too tight 
a feasible solution may not be found (or even be possi-
ble). Figure  7 shows a histogram of the relative amount 
by which LPD met the response constraint; the solution 
was always feasible and in some cases the structure of 
the application messaging, combined with power opti-
mization, gave response times much smaller than the 
constraint.

Fig. 6 Power by LPD vs Pbound (all 104 models)

Fig. 7 Histogram of �RT
Rreq:LPD . LPD always met the requirement (all 

104 models)

Fig. 8 Histogram of �RT
LPD:LQNS . It is always positive (90 models solved 

by LQNS)
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A more accurate estimate of the response time of the 
LPD deployment, denoted DRT

LQNS , can be found using 
the Layered Queueing Network Solver LQNS [39]. In 
the LQNS solution the host utilizations depend on the 
deployment (rather than assuming the value Unom) and 
the solver exploits more sophisticated queueing approxi-
mations. Because the actual utilizations can never be 
higher, the LQNS values are always feasible for an LPD 
solution. This was verified in the 84 cases for which 
LQNS could find a solution; in the remaining cases the 
model was too large for the LQNS solver. The histogram 
in Fig. 8 shows the relative margin by which RT found by 
LQNS was smaller than by LPD.

Variants on LPD
Two variants on LPD were created to consider alternative 
strategies:

Variant1: Stop at the first solution that satisfies the 
response time constraint. This pays most attention 
to reducing the latency until the response time con-
straint is met.

Variant2: Continue from the Variant1 solution to a 
final solution that minimizes response time. This 
gives absolute priority to a short response time.

The two variants were applied to 16 test cases. All the 
solutions met the response time constraint, with Variant2 
providing the lowest values. However LPD gave the low-
est power consumption in every case, exceeding Pbound by 
just 6.5% on average (vs 18.4% for Variant1 and 21.1% for 
Variant2), confirming that it provides a suitable balance 
between power and response time.

Algorithm runtime vs constraint tightness
Algorithm runtime is influenced by the difficulty of the 
deployment due to the tightness of the constraints. To 
examine this relationship, the response-time constraint 
of one model was gradually tightened. The response time 
includes an execution delay of Rpt

D = 608msec . Table  7 
shows the impact of the reduced values of Rreq on the 
LPD runtime TLPD with 52 starting points. At first almost 
all trials find feasible solutions with increasing TLPD, then 
TLPD levels off and there are increasing failures. At some 

Table 7 LPD Runtime Dependence on the Response Time Requirement

Run RReq [msec] TLPD [msec] Deployment 
Successes

Deployment Failures Comment

1 12,500 6574 51 1 Loose time requirement makes 
feasibility easy and allows power 
optimization

2 10,000 8655 51 1

3 7500 16,686 51 1

4 5000 24,718 14 38 Time tightness is a factor

5 2500 25,523 0 52 RReq is infeasible

Fig. 9 Algorithm runtime versus problem size for the LPD and MIQP
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point the capacity and runtime constraints together make 
the problem infeasible, shown by the final row.

Scalability of CPLEX MIQP vs LPD
Besides constraint tightness, the runtime is affected 
by the size of the task graph, the number of clouds and 
hosts, the capacities of the hosts, and network latencies. 
For a simple evaluation of algorithm scalability, runtime 
was related to problem “size” expressed as the number 
of tasks in the graph. Figure  9 summarizes runtime vs. 
problem size for LPD and the CPLEX MIQP solution on 
the 104 test cases. For technical reasons, CPLEX was run 
on a faster machine with an Intel Core i9-9980HK run-
ning at 2.40GHz (average CPU mark 15,089), or roughly 3 
times faster. Thus the runtime difference between CPLEX 
and LPD is three times as great as the figure indicates.

CPLEX converges to a solution in less than 300 seconds 
in just 44 cases. For half of these it has a runtime of less 
than 10 seconds and is faster than LPD; for the other 22 
cases LPD is faster than CPLEX. CPLEX is able to pro-
vide a first feasible solution (not optimal) within 60 sec of 
scaled time (time multiplied by three) for 85 of 104 mod-
els (81.7%), but with more power consumption than LPD 
in 64 (75%) of them.

LPD always runs the complete set of 60 initial deploy-
ments, taking as long as needed. If that takes less than 
10 seconds, then it runs additional random initial deploy-
ments until 10 seconds have elapsed. The runtime breaks 
out from the minimum of 10 seconds at about 120 tasks. 
LPD succeeds in all cases, with a largest runtime of 
100 seconds, and a runtime greater than 60 seconds in 
just 6 cases. The time of the first feasible solution was not 
recorded, but in all 6 cases, multiple feasible solutions 
were reached by 100 seconds, so at least one feasible solu-
tion was likely available at the 60 second mark and could 
be used for deployment.

Overall, Fig. 9 shows that LPD scales well with problem 
size as compared to the MIQP.

Conclusions
The deployments found for the 104 test cases with four 
clouds and up to 240 deployable units show that:

1. LPD finds low power deployments: it matches the 
minimum found by MIQP for 34% of the comparable 
cases (where the MIQP solution succeeded within 
5 minutes) and is within 5% in another 55% of the 
cases. Compared to a lower bound which is too low 
to ever be feasible, it is within 20% in 93% of all the 
cases.

2. Solution times are practical: all are under 100 sec, 
and less than 20 sec in 79% of the cases. Only 6 cases 

exceeded 1 minute of solution time. This meets the 
goal to be fast enough for practical use.

3. The algorithm scales well: solution times increase 
roughly linearly with problem size (in terms of 
deployable units, including replicas introduced by 
scaling out to handle high system loads), as shown in 
Fig. 9.

It was also found that (1) coarsening/uncoarsening of 
the application graph considerably improves the qual-
ity of the LPD solutions and reduces the time to obtain 
them; (2) random initial deployments provide almost all 
the final solutions; (3) the execution-time bound of Sec-
tion  2.4 is essential to obtaining small solution times. 
Since the bound overestimates the response time, it may 
eliminate some feasible deployments.

LPD finds a deployment for the maximum expected 
level of the workload. When the load is lighter, sim-
ple autoscaling (which adapts the number of replicas 
of a task for varying loads) will always be able to meet 
the SLA requirement, although power optimality is not 
addressed.

Overall, LPD finds a balance between problem detail, 
solution accuracy, and run-time.

Threats, issues and extensions
Some aspects of LPD and its evaluation may be, or appear 
to be, limitations to its usefulness.

An evaluation on an industrial case study might be 
preferred for evaluation, over the set of randomly cre-
ated examples used here. However, actual service systems 
take on a huge variety of sizes, structures and patterns of 
interaction. The difficulty of obtaining data on real cases 
would limit their number severely, and a large number of 
randomly created models spans the range of possibilities 
better, and gives more confidence that LPD can handle 
anything that is thrown at it. An even larger number of 
cases would be even better.

An LQN Application Model is assumed here and could 
be a burden to create. However it is not actually required, 
since the input to LPD is the Application Graph, which 
could be constructed from data obtained by monitor-
ing (that is, from the mean total execution time for each 
deployable unit, and the mean number of interactions 
between pairs of units, per User response).

The Users are modeled as a single group. However to 
model different kinds of users, this group can make a 
variety of request types to the system.

The response time constraint applies to predicted mean 
delays, while SLAs often constrain percentiles of delay. 
To accommodate a target percentile, the measured shape 
of the response distribution can provide the ratio of the 
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percentile value to the mean, and the requirement can be 
translated into a requirement on the mean.

The Power Usage Effectiveness of the clouds could 
easily be included in the power calculation, to give total 
power rather than just power used by the application.

Cloud internal network delays are ignored, and may 
be significant. They can be included in two ways: 
either as a fixed mean allowance for every interaction, 
which introduces a constant additional delay for the 
application, or by modeling the internal cloud network 
and performing the Partition algorithm on it for the 
final deployment, with bin-packing only on individual 
hosts. This would give one additional partitioning per 
cloud.

Storage operations are not mentioned, however they 
can be modeled as services and deployed by LPD.

The choice of 1 minute as a maximum execution time 
is arbitrary and could be larger (say, 10 minutes) with-
out changing the determination of the non-scalability of 
MIQP or meta-heuristics. One minute is an attractive 
target time for practical use, given that scaling-out opera-
tions may take only a few minutes.

Extensions
Extensions that could improve LPD are (1) improved 
heuristics for the initial deployments, and (2) concur-
rent execution of Stage 5 of LPD. Also the LPD Partition 
algorithm could be exploited for feasibility repair in a 
Genetic Algorithm. The Partition algorithm determines a 
sequence of moves that respect capacity constraints and 
decrease response time and power, with initial priority to 
response time. It would be terminated at the first solution 
that is feasible for response time.

Limitations of the approach that would require sub-
stantial extensions are: (1) the Users all have the same 
network delays to access any cloud, and the same 
response requirement; (2) execution of each opera-
tion is sequential within a single response (parallelism 
is ignored); (3) limited concurrency within a task is not 
modeled; (4) host and network failures are ignored.
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