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Compositional Coordinated Resource Provisioning in
Workflows With Stochastic Durations

Laura Carnevali
Leonardo Scommegna

Abstract—In performance engineering of composed services,
coordinated provisioning can reduce the amount of resources re-
quired to meet end-to-end response time objectives. To this aim,
various intertwined aspects of the application architecture need to
be taken into account, notably including precedence constraints
in the composition of elementary services, along with their du-
rations and sensitivity to the scaling of provisioned resources.
We address coordinated provisioning of resources for elementary
services with stochastic durations with general distributions (i.e.,
including non-exponential distributions). We compose services in a
workflow where precedence constraints define a Directed Acyclic
Graph (DAG) and the distribution of the end-to-end (E2E) response
time is subject to a Service Level Objective (SLO). We leverage a
surrogate model of service performance, assuming a low workload
of workflow requests (i.e., a single-request scenario) and service
durations inversely proportional to provisioned resources. Given
the total amount of resources, our approach derives the service
provisioning that optimizes the workflow E2E response time dis-
tribution, by exploiting a compositional approach and by using
stochastically ordered approximations to manage dependencies
in non-well-nested precedence DAGs. Then, the approach scales
provisioned resources up or down to determine the minimum
amount of resources needed to satisfy the SLO, while leaving the
remaining resources for horizontal scaling in order to manage mul-
tiple workflow requests at high workloads. Experiments consider
low-workload and high-workload scenarios, different relations be-
tween elementary service durations and provisioned resources, and
workflow topologies taken from benchmarks or randomly gener-
ated with controlled statistics, using elementary service durations
from a dataset of the literature. Results show that the technique is
feasible also for workflows with a thousand of services and that it
outperforms other provisioning methods in fitting the SLO using
the same resource amount and in minimizing the resource amount
needed to fit the SLO.

Index Terms—Coordinated resource provisioning, composed
services, end-to-end response time, non-Markovian durations.
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ACRONYMS AND SYMBOLS

BDDP  Balanced Duration Driven Provisioning.

CAA Completely Agnostic Accounting.

CAP Completely Agnostic Provisioning.

CDF Cumulative Distribution Function.

DAG Directed Acyclic Graph.

EUA Effective Utilization Accounting.

E2E end-to-end

laaS Infrastructure as a Service.

PDF Probability Density Function.

QoS Quality of Service.

RLT Repeated Leaves Tree.

RPA Resource Proportional Accounting.

SDP Sensitivity Driven Provisioning.

SLO Service Level Objective.

TDP Topology Driven Provisioning.

UDDP  Unbalanced Duration Driven Provisioning

E[X] expected value of the random variable X.

J job size of a service (see (3)).

P function defining provisioning of RLT nodes.

P function defining provisioning of the sets of repli-
cated leaves of an RLT.

Rsio estimate on the minimum resource amount needed to
satisfy the workflow SLO Xgi o (see (5)).

T(R) response time of a service provisioned with aresource
amount R (see (3)).

Xs1o SLO on the E2E response time of a workflow (see
Definition 3).

Z job size proxy of a service (see (4)).

o hyper-parameter defining the resource provisioning
in fork-join constructs (see Section V-D3).

B(X,Y) lower bound on ¢(X,Y) (see (13)).

d(X,Y) pairwise comparison dominance between two ran-

dom variables X and Y (see Definition 1).
€ threshold on the compliance of the workflow re-
sponse time with its SLO (see Definition 3).
relative improvement of a random variable Xover a
random variable Y (see (12)).

1. INTRODUCTION

N cloud computing systems, effective resource provisioning
plays a crucial role for efficient achievement of Service
Level Objectives (SLOs). While cloud providers and
orchestrators perform actuation, service developers are

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
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responsible for specifying the contract driving the run-time
allocation. This task is particularly hard for composed services,
where efficient usage of resources requires balance among
individual services.

The problem subtends two orthogonal dimensions, with hor-
izontal scaling supporting the required concurrency degree in
service delivery, and vertical scaling managing demand of non-
compressible resources and execution time of each service in-
stance. We focus on the latter aspect, addressing composed ser-
vices subject to requirements on the end-to-end (E2E) response
time, which assumes relevance in various technological spaces,
including computationally intensive containerized services and
cloud native Functions as a Service (FaaS) [1] with limited
provisioning budget, Network Functions (NF) and applications
subject to requirements on low latency, edge-to-cloud applica-
tions with limited computing capabilities at edge or near-edge
Multi-access Edge Computing (MEC) nodes [2], [3], and sci-
entific workflows requiring high computation power [4], [5]. In
these scenarios, coordination provides a significant margin of
optimization in resource provisioning but requires support to
explore the design space, capturing together duration and job
size of elementary services with precedence constraints arising
in their composition within a workflow.

In this paper, we present a solution method for coordinated
provisioning of resources for elementary services, considering
CPU resources of the same type on the same machine. We
compose services in a complex workflow with the topology of
a Directed Acyclic Graph (DAG). Services require resources
allocated exclusively, as in an Infrastructure as a Service (IaaS)
environment subject to structural, technological, or real-time
requirements (e.g., avoiding long high restart times in composed
services subject to strict low latency requirements); in particular,
we do not address resource contention issues that occur in
Platform as a Service (PaaS) [6] or FaaS [7] environments. Ser-
vices have durations characterized by general distributions (i.e.,
including non-exponential distributions with possibly bounded
supports), facilitating fitting of measured response times and
representation of real-time constraints. The workflow is subject
to a Service Level Objective (SLO) on its E2E response time
distribution, supporting the definition of soft deadlines and
penalty functions [8], [9], which can be expressed as rewards
calculated from the E2E response time distribution.

We exploit a surrogate performance model with low com-
plexity, assuming that the workflow is subject to a low work-
load (i.e., each workflow request is served immediately as in
a single-request scenario) and that durations of services scale
with provisioned resources according to a homogeneous linear
relation [10], [11], [12]. In this setting, given the total amount
of resources, we derive the service provisioning that optimizes
the workflow E2E response time distribution, by exploiting a
compositional method and by adopting stochastically ordered
approximations to manage dependencies in non-well-nested
topologies. We estimate the minimum amount of resources
needed to satisfy the workflow SLO in terms of pairwise com-
parison dominance, leaving the remaining resources available to
manage multiple workflow requests at high workloads through
horizontal scaling (which assigns to each additional service
replica the resource amount defined by our method).
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We perform experiments for workflow topologies taken from
benchmarks or randomly generated with controlled statistics,
using elementary service durations from a dataset of the litera-
ture. Results demonstrate that our technique is feasible also for
workflows with thousands of services and that it outperforms
alternative provisioning methods in fitting the workflow SLO,
both in low-workload and in high-workload scenarios, even
when scaling of service durations is not homogeneous linear.

To summarize, our main contributions are:

® An approach for coordinated allocation of resources to

services of complex workflows with DAG topology.

® Characterization of service durations as general distribu-

tions over bounded support, and of the workflow SLO as
soft deadline on the E2E response time distribution.

® Application of the pairwise comparison dominance as a

measure of the achievement of the workflow SLO.

® A thorough experimentation assessing feasibility and ef-

fectiveness of the proposed approach.

e An open-source artifact' that supports replication of the

experimental results (released under the AGPLV3 license).

The rest of the paper is organized as follows. Section II dis-
cusses related works and Section III provides an overview of the
proposed approach. Then, Section IV specifies the considered
class of workflows, Section V presents the proposed solution
method, Section VI illustrates the experimental methodology,
and Section VII presents the obtained results. Finally, Section
VIII draws conclusions, providing a discussion on the limitations
of the approach and on future work.

II. RELATED WORKS

The literature on service-oriented systems [13], cloud com-
puting systems [14], and edge/fog computing systems [15] has
widely addressed the issue of resource scaling. In the frame-
work of [13], which characterizes the problem of adaptation of
service-oriented architectures to fulfill non-functional Quality
of Service (QoS) requirements, we are interested in investigat-
ing state-of-the-art approaches from three main perspectives:
a) the composition structure of services, i.e., whether adapta-
tion addresses single services or multiple services composed in
different topologies; b) the goal of resource adaptation, i.e., the
QoS metrics (e.g., performance, reliability, cost) to be optimized;
¢) the actions of resource adaptation, with specific focus on
coordination mechanisms, i.e., which coordinated operations are
performed in the adaptation of resources.

a) Composition Structure of Services: Scaling methods have
addressed different typologies of workflows of services. In [10],
[16], [17], queuing networks model a single cloud service with
exponential arriving and service times, enabling prediction of
SLO violations and triggering of scaling actions. The majority
of works consider n-tier applications [11], [18], [19], [20], [21],
[22], [23], [24], [25], [26], [27], [28], [29], [30], [31], which
are merely modeled as sequential queuing networks, enabling
characterization of the performance and incoming traffic of
the application tiers, and identification of performance bottle-
necks. Application of machine learning or estimation theory

Thttps://doi.org/10.5281/zenodo. 15754793
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approaches estimate queuing network parameters from previ-
ous observations of the system, e.g., time series analysis [18]
and expectation-maximization [22]. To counteract performance
inefficiencies, queuing networks can be solved or integrated with
control theory approaches [20], [31], rule-based agents [29],
machine learning techniques [18], [24], [32], or combinations
of these methods [26]. To the best of our knowledge, only a
few approaches address provisioning in workflows with more
complex topologies, as emerging in microservices architec-
tures [6], [33], [34], though considering compositions of at most
a few dozen services due to the high complexity of managing
multiple inter-service dependencies. The literature on workflow
scheduling [35], [36] has widely addressed service compositions
with DAG topology, though solving the different problem of as-
signing shared virtual resources for specific time intervals to the
tasks of a single workflow instance, rather than adapting the pro-
visioning of private (i.e., exclusively allocated) virtual resources
to the tasks based on the QoS requirements of a flow of workflow
requests. Workflow scheduling has been investigated both in
multiprocessor systems [37] and in distributed infrastructures
such as grids [38], using a variety of scheduling approaches such
as evolutionary algorithms [38], [39] as well as heuristic [40],
[41] and metaheuristic methods [42], and considering different
non-functional requirements in the scheduling objective, such
as minimizing both makespan and resource costs [43], [44].

b) Goal of Adaptation: Autonomic scaling uses different
metrics to detect SLO violations. Many approaches consider
the E2E response time as the QoS indicator of an applica-
tion [10], [11], [16], [18], [20], [21], [22], [24], e.g., the av-
erage response time [10], [20], [24], [45], [46], the maximum
response time [16], or percentiles of the response time [21], [22],
[26]. Other approaches implement strategies based on hybrid
performance indicators, a valuable option to prevent cases of
over-provisioning that typically arise when partial information
on the workflow is used for resource scaling. In such cases, the
E2E response time is evaluated, alternatively or in addition to,
resource utilization [6], [17], [26], [27], [29], [31], [34], [45],
costs [23], [47], energy power [48], or throughput of served
requests [30], [33]. As a common trait, all these approaches
define SLOs as thresholds on expected metrics rather than as
distributions of the random variables representing the metrics.

c) Coordinated Adaptation Actions: Coordination mecha-
nisms that consider multiple aspects of complex web applica-
tions can increase resource utilization while satisfying SLOs
on the E2E response time. In [27], [30], both over- and under-
provisioning are solved by coordinating scaling of hardware and
software resources (e.g., threads, database connections), which
typically causes inefficiencies in the concurrent processing of
requests in layers of n-tier applications. Vertical and horizontal
scaling are coordinated in [33], [34]. Model Predictive Con-
trol (MPC) is used in [33] to iteratively optimize performance
and resource utilization objectives, solving a constrained non-
linear optimization problem defined on the fluid approximation
of a Layered Queuing Network (LQN). In [34], a method
estimates performance of a microservices architecture by explor-
ing the LQN space to find the scaling strategy that maximizes
the system revenue while reducing the amount of provisioned
resources. In [6], critical paths of a microservices architecture
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are detected by an approach based on support vector machines,
identifying services that violate SLOs and re-provisioning them
to meet the E2E response time SLO, maximizing resource uti-
lization and mitigating resource contention. In [49], an approach
performs coordinated resource provisioning of workflows with
well-nested topology to meet an SLO on the E2E response time
distribution, though performing preliminary experiments only
on a small synthetic workflow.

d) Contribution: In the framework of [13], our approach is
defined by the following attributes: the composition structure
of services features complex DAG topologies, with hundreds
up to thousands of services having non-Markovian durations
possibly over bounded supports; the goal of resource adaptation
is to ensure the fulfillment of non-functional requirements on the
workflow E2E response time distribution; the adaptation actions
consist of service tuning operations that change the amount of
resources provisioned to individual services in a coordinated
manner, which, in turn, changes the Cumulative Distribution
Function (CDF), or equivalently the Probability Density Func-
tion (PDF), of the response time of individual services, thus
changing also the workflow response time CDF.

III. SOLUTION OVERVIEW

Fig. 1 shows the MAPE-K loop (Monitor-Analyze-Plan-
Execute over a shared Knowledge) [50] of our approach. In
the Knowledge phase, we model a workflow of activities [51]
by a UML activity diagram (see Section IV), To this end,
we derive the response time CDF of each elementary service
by repeatedly measuring its duration for any given resource
assignment during the Monitor phase, and by fitting samples
using GEN exponomial distributions [52], [53].

In the Analyze phase, we efficiently evaluate the CDF of the
E2E response time of the entire workflow using the approach
of [54]. Then, we detect violation of the SLO according to the
pairwise-comparison dominance (see Section V-A).

In the Plan phase, we define a surrogate performance model
with low complexity, where durations of elementary services
scale linearly with provisioned resources, and queue effects are
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not considered as in low-workload scenarios (see Section V-B).
We use this performance model to efficiently evaluate a resource
assignment for each service (Sections V-C, V-D, V-E, and V-F),
addressing both well-nested and non-well-nested compositions
of services.

In the Execute phase, we update the CDF of each elementary
service based on provisioned resources, and we evaluate the
workflow E2E response time CDF restarting the loop in Fig. 1.

Note that the workflow topology and the response time CDF
of each elementary service under any given resource allocation
comprise the only prerequisite information to run the approach.
In fact, profiling the response time of each elementary service for
a single resource allocation is sufficient to estimate the service
job size in our surrogate performance model. Thus, profiling of
service response times under different resource provisioning is
not needed to execute our approach.

IV. WORKFLOWS WITH STOCHASTIC SERVICE DURATIONS

We represent workflows using UML activity diagrams, a
widely adopted graphical representation [55], [56]. As shown
in Fig. 2, a workflow consists of elementary actions, modeling
elementary activities (e.g., A, B, and C), and structured actions,
modeling a set of (elementary or structured) actions composed
either: i) in a sequence (e.g., E models the sequential execution
of X and Y), or ii) by a fork-join operator (e.g., D models the
concurrent execution of M and N), or iii) by a split-merge operator
(e.g., F models the exclusive execution of either K or L with
probability p or 1-p, respectively), or iv) in the topology of an
irreducible DAG, i.e., a DAG that includes (separate) fork and
join operators and that cannot be represented with sequence and
fork-join Operators2 (e.g., TOP composes A, B, C, D, E, and F in
the topology of an irreducible DAG).

Note that sequence, fork-join, and split-merge operators iden-
tify a specific topology. Conversely, irreducible DAG constructs
identify a countably infinite set of topologies, each regarded
here as a type of composition. A workflow that does not include
irreducible DAG constructs is termed well-nested. Otherwise, a
workflow is termed non-well-nested.

We define the semantics of a workflow in terms of the random
variable 7(a) modeling the E2E response time of each (elemen-
tary or structured) action a of the activity diagram:

e Ifaisanelementary action provisioned with resources R,

7(a) is the random variable T, (R, ) modeling the duration
of a when its execution is provisioned with resources R,,.

2 Any DAG topology with less than four (elementary or structured) actions is
always reducible to sequence and fork-join operators.
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e If a is a sequence of (elementary or structured) actions
a1, ..., an,thent(a) = SN 7(a;) is the sum of the E2E
response times of the actions constituting a.

e If a is a fork-join of (elementary or structured) actions
ai,...,an,then 7(a) = max_; 7(a;) is the maximum of
the E2E response times of the actions constituting a.

e If a is a split-merge of (elementary or structured) actions
ai,...,a, having probability pi,...,pyn, respectively
with SN p; = 1, then 7(a) = 7(a;) with probability p;
Vi€ {l,...,N}, meaning that 7(a) is a mixture of the
E2E response time PDFs of the actions constituting a.

e [f a is a composition of (elementary or structured) actions
ai,...,a, with irreducible DAG topology, then 7(a) is
recursively evaluated by a DAG backward traversal. We
define the exit time T, (a;) of action a; as the E2E response
time of a; itself plus the maximum among the exit times
of its preceding actions vy, . . ., vy, i.e., Te(a;) = 7(a;) +
max; Te(v;) (e.g., Te(C) = 7(C) + max{T.(2), T.(B)}),
where the exit time of an action with no preceding action
is its E2E response time (e.g., T.(A) = 7(2)). Given that
a DAG topology terminates either with an action or with
a join of actions, the E2E response time of a is either the
exit time of its last action (if any) or the maximum among
the exit times of the input actions 21, . . ., 2, of its last join
(e.g., T(TOP) = max{T.(E), T.(F)}).

V. SOLUTION METHOD

In this section, first we formulate the problem of compli-
ance with an SLO on the workflow E2E response time CDF
(Section V-A). Then, we define our surrogate model of service
performance and we estimate the minimum amount of resources
needed to meet the workflow SLO (Section V-B). Finally, we
illustrate a hierarchical formalism for workflow representation
(Section V-C) and we present our resource provisioning tech-
nique and its accounting heuristics (Sections V-D, V-E, and V-F).

A. SLO Compliance Problem

We determine the compliance of a workflow with its SLO by
the pairwise-comparison dominance between the SLO and the
E2E response time distribution of the workflow.

Definition I (Pairwise-Comparison Dominance): Given two
random variables X and Y that have PDFs fx(¢) and fy (),
respectively, and CDFs F'x (¢) and Fy (t), respectively, we define
the pairwise comparison dominance §(X, Y") between X and YV’
as the probability that X is not larger than Y:

5(X,Y) :=Prob{X <Y} = /OO(1 — Fy(t)) - fx(t)dt.
0
(D

If 6(X,Y) > %, X is said to be lower than Y according to
pairwise-comparison dominance, which is denoted as X <X Y.

Note that the pairwise-comparison dominance between two
random variables X and Y is a relaxation of stochastic ordering
between X and Y, which occurs if Fx(t) > Fy (t)Vt, while
0(X,Y) provides an average measure of how many times X
anticipates Y. Also note that, if X and Y have bounded sup-
ports, (X, Y') may subtend a relation of deterministic ordering,
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which occurs if the supports of X and Y are disjoint, i.e., if
either Prob{X <Y} =1 or Prob{Y < X} = 1. However, in
this case, §(X,Y") does not quantify the distance between the
supports of X and Y, i.e., it does not provide a measure of how
much X anticipates Y or viceversa.

Definition 2 (Pairwise-Comparison Equivalence): Two ran-
dom variables X and Y are pairwise-comparison equivalent,
which is denoted as X =Y, if §(X,Y) =4(Y, X), ie., if
Jo (L= Fy (1) fx(t)dt = [77(1 = Fx (1) - fy(t)dt = 3.

We define a workflow to be compliant with its SLO if its E2E
response time is equivalent to the SLO up to a tolerance:

Definition 3 (SLO Compliance): A workflow having E2E
response time X is termed compliant with an SLO Xgio
if |6(X, Xsro) — 3| <€, where Xsi0 is the random variable
modeling the SLO time, ¢ > 0 is an arbitrary threshold, and
16(X, Xs1o) — 3| is termed dominance deviation.

Therefore, according to Definitions 1, 2, and 3, given a
workflow composing elementary services ay, .. ., a, with pro-
visioned resources R, ..., R,, respectively, our optimization
problem consists in minimizing the total amount of resources
while guaranteeing SLO compliance within some threshold
e>0:

n
minimize g R;

i=1

subjectto  [0(X, Xgro) — =| <€ 2)

2

|

Note that other stochastic orders between X and X o could
be considered in Definition 3 and thus in (2), without affecting
the complexity of our resource provisioning technique.

B. Surrogate Model of Service Performance

We define a surrogate model of service performance, achiev-
ing low complexity by means of two simplifying assumptions:
® Hypothesis 1: The workflow is subject to a low workload.
® Hypothesis 2: Service durations scale with provisioned
resources according to a homogeneous linear relation.
Because of Hypothesis 1, we assume that each service request
is served immediately as soon as it is issued, without queueing
effects. Thus, we actually consider a single-request scenario.
We model the job size J of an elementary or structured action
of the workflow as the time required to complete it with a unitary
amount of resources [57], [58]. Because of Hypothesis 2, the
response time T'(R) of the action when using a given amount R
of provisioned resources (i.e., the total resources provisioned to
elementary services composed in the action) is equal to

T(R) = =. 3)

Since J is a random variable, T'(R) is also a random variable.
Notably, we assume that the job size is invariant of the amount
of provisioned resources; therefore, profiling response times for
a single resource provisioning is sufficient to estimate the PDF
of the job size in our surrogate performance model (as remarked
in Section III) and thus to derive the response time PDF for
different resource allocations using (3).

1941

In the experiments of Sections VI and VII, we model the
job size of each elementary service by a shifted and truncated
exponential random variable, fitting the mean value and the
coefficient of variation [59] of measured service durations 7'(R)
(obtained from [60]) multiplied by the amount of allocated
resources R, i.e., J is a random variable having support [a, b],
PDF f(t) := L e * ¥ /(1 — e(@®)*) for some rate A > 0, and
CDF F(t) := (1 — e®e ) /(1 — el@9*), According to (3),
T(R) is also a shifted and truncated exponential random variable
with scaled support [a/R,b/R] and rate A R.

Note that, for services with durations depending on the re-
quest payload (e.g., database access with duration depending
on the database size, data sorting with duration depending on
the number and values of data), the job size distribution could
model data dependency if the distribution of data were known;
profiling of the job size with input data extracted from such
distribution could be performed to estimate this data-dependent
job size distribution and, in turn, to model the response time for
any given resource provisioning, as already remarked.

In the exploration of resource allocations, to reduce complex-
ity due to the fact that T(R) and J are random variables, we
consider the expected value E[T'(R)] as a scalar proxy, defined
as the ratio of a scalar F[.J] (the expected job size, i.e., our job
size proxy) and the resource amount R:

“

According to (3), the job size proxy E[J] is also invariant with
respect to the provisioned resources: it can be estimated as R -
E[T(R)] from the mean response time E[T(R)] measured for a
given resource assignment R; then, (4) can estimate E[T(R')] =
E[J]/R' for an arbitrary amount of resources R'. While we
use the job size proxy to keep the complexity of our surrogate
performance model low, our approach derives the expected value
of the response time of each (elementary or composed) service
from the full E2E response time distribution.

Finally, given a workflow (i.e., a top activity) with provisioned
resources R and expected response time E[T'(R)], we use (4) to
estimate the minimum resources s o that satisfy an SLO Xg1 o
with expected value E[Xg 0]

E[J] _ R-E[T(R)]
E[Xsi0]  E[Xsio)

(&)

Rsio =

C. Hierarchical Workflow Model

To allocate resources, we model workflows using Repeated
Leaves Trees (RLTs), i.e., trees that include replicas of elemen-
tary actions of irreducible DAGs for each different path in which
they appear.

Definition 4 (Repeated Leaves Tree): An RLT is a tuple
RLT := (V, E, vg, H) whose elements are defined as follows.

e V =NUL,with NN L = (), is the set of vertices, parti-

tioned into the sets of internal nodes N (e.g., E in Fig. 3(b))
and leaf nodes L (e.g., X). An internal node models a
structured action and is labeled with SEQ, AND, or XOR
depending on whether the structured action composes other
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(a) UML activity diagram of a variant of the workflow of Fig. 2, obtained by replicating the elementary actions belonging to different paths of the top-level

irreducible DAG (the elementary actions composing the structured actions D, E, and F are not shown). (b) RLT of the workflow of Fig. 2, obtained from the activity
diagram of Fig. 3(a) (sets of replicated elementary actions are depicted as blue circled nodes, with dashed lines connecting the action replicas).

actions with the sequence, fork-join, or split-merge con-
struct, respectively. A leaf node models and elementary
action and is labeled with ACT.

e F CV x V isthe set of edges, encoding the parent-child
relation of workflow activities (e.g., arrows from node E to
nodes X and Y show that E contains these activities).

e H={hy,...,h,} is a partition of the leaves L, i.e.,
U h; = L and h; N h; = () for i # j, such that h; con-
tains all the replicas of the elementary activity a; of the
workflow, for ¢ = 1, ..., n. Graphically, we represent the
sets h; as circled nodes connecting, with dashed lines, the
leaves that they contain (e.g., in Fig. 3(b), the set B contains
leaves B1, B2 and B3).

® oy € V is the root node (e.g., TOP), the unique node with
no parents, i.e., 3!7 € V| #(n,r) € DVn € N.

We derive the RLT from the UML activity diagram of a
variant of the workflow obtained by replicating each elementary
action that belongs to multiple paths of an irreducible DAG
construct, yielding a different instance of the action for each
path. To this end, we perform a DAG backward traversal where:
we replicate each (elementary or structured) action that is the
predecessor of more than one action; we replicate predecessors
of a replicated action; we replace replicated structured actions
by the composition of their (replicated) elementary actions. For
example, we translate the workflow of Fig. 2 into the one of
Fig. 3(a) by performing a backward traversal of the top-level
DAG: we do not replicate E and F, which are not predecessors
of an action; we do not replicate D, which is the predecessor of
a single action (i.e., F); we replicate C into C1 and C2 given
that it is the predecessor of E; we replicate A into A1 and A2
given that it is the predecessor of the replicated action C; and, we
replicate B into B1, B2, and B3 given that it is the predecessor
of the predecessor of D and of the replicated action C.

Then, we easily derive the RTL of a workflow from the
obtained activity diagram by mapping elementary actions into
leaf nodes, and sequential, fork-join, and split-merge constructs
into internal nodes with the corresponding label SEQ, AND, and
XOR, respectively. Fig. 3(a) shows the RLT of the workflow of
Fig. 2, obtained from the activity diagram of Fig. 3(a). Also
note that the RLT is a special case of a directed hypergraph [61]
where hyperedges are used to identify leaves that are replicas of
the same action.

D. Resource Provisioning for the Hierarchical Workflow
Model

We consider aresource provisioning P : V' — R+ assigning
resources to each node v € V of the RLT (V, E, vy, H) so that
the amount of each internal node v € N is the sum of the
amounts of its child nodes, i.e., P(v) =", | (yv,)er P (Vi)
Given a resource amount R provisioned for the workflow, we
define a new provisioning P’ : V' — R+ partitioning R among
the leaf nodes of the RLT. To this end, we perform Algorithm 1,
which executes a top-down visit of the RLT. Specifically:

® We assign the resource amount R to the root node vy,

modeling the whole workflow (line 1), i.e., P'(vg) = R.

® At each step, we consider an internal node v € N C V

provisioned with a resource amount P’(v) (lines 3-4); at the

initial step, node v is the root node v (line 2). We partition

the amount P’ (v) among the child nodes of node v (lines 8-

14) with the aim of minimizing the expected response time

E[T(P'(v))] of v. To this end:

e We express E[T(P'(v))] as a function of the ex-
pected response times FE[T;(P’'(v;))] of its child
nodes v;. In turn, E[T;(P'(v;))] = E[J;]/P'(vi) =
E[T;(P(v;))]P(v;)/P'(v;) according to (4) (line 7). We
derive E[T;(P(v;))] from the response time CDF of
node v; with provisioning P(v;) (line 6), which, in turn,
can be evaluated from the CDFs of the response time
random variables 7(v),v € L by using the approach
of [62] (line 5).

e We define the amount P’(v;) of each child node v;
of v differently depending on whether v composes its
child nodes through sequence (lines 9-10), split-merge
(lines 11-12), or fork-join (lines 13-14) constructs.

1) Sequence (SEQ): Let node v be the sequence of nodes
v1, 09, ..., vN. The resource amounts P’ (v;) that minimize the
expected response time E[T(P'(v))] of node v are:

Plo) =

YN VET

Let R;:= P'(v;) and Z; := E[J;] Vie {1,2,...,N}. By
@,  E[T(P()] =21 EL(R)) =0 Zi/Ri. - To
minimize YN, Z;/R; subject to SN, R; = P'(v), we

P'(v) Vie{1,2,...,N}. (6)
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Algorithm 1: Evaluate Resource Provisioning for the RLT.

VisitRLT ({(V, E,vo, H), P,R,T)
input :RLT (V, E, vo, H), provisioning P : V — R,
workflow resource amount R, response time
random variables 7(v),v € L for provisioning P
output : new provisioning P’ : V — Rsq
1 Pl(vo) ~— R
2 Q< {vo}
3 while Q is not empty do
4 Select and remove a node v from @
5 Derive the CDF of the response time 75 (P(v;)) of v;
with provisioning P(v;) from 7 by using [62]
6 Derive the expected response time F[T;(P(v;))] of v;
7 Derive the job size proxy E[J;] of v; using Eq. (4)
8
9

foreach child node v; of v do

if v is a SEQ node then
10 | compute P’(v;) according to Eq. (6)
1 if v is an XOR node then
12 | compute P’(v;) according to Eq. (7)
13 if v is an AND node then
14 | compute P’(v;) according to Eq. (8)
15 if v; is an internal node (i.e., v; € N) then
16 L Q<+ QU {v}
17 return P

use the Lagrangian L(Ry,...,Rn,A) = Zﬁil Z;i/Ri +
AN R, — P'(v)),and obtain L /OR; = —Z;/R? + ). = 0
for i =1,...,N (hence, R; =+/Z;/v/A) and OL/O\ =
SN Ri — P'(v) = 0 (hence, Y~ \/Z; = VAP'(v)). These
equations imply that R; = (v/Z;/ Z;\le \/Z;)P'(v), which
corresponds to the objective (3>~ | \/Z;)2/P'(v).

Eq. (6) indicates that allocating resources equally among the
child nodes of v (i.e., P'(v;) = P'(v)/N Vi€ {1,2,...,N})
does not minimize the expected response time of v. Instead, the
sequence exhibits a different sensitivity to resource variations of
its composed activities, which is proportional to the square root
of their expected job sizes.

2) Split-Merge (XOR): Letnode v be the split-merge of nodes
v1,Ve,...,VN, With probabilities py, pa, ..., py, respectively.
The resource amounts P’(v,) that minimize the expected re-
sponse time E[T'(P'(v))] of node v are:

_ B[]
SV ELT)
Let R; := P'(v;) and Z; := E[J;] Vi € {1,2,...,N}. From
@), E[T(P'()] = 25 piB[T(R)] = 350, piZi/ Ri. To
minimize Y.~ piZ;/R; subject to SN | R; = P'(v), we
use the Lagrangian L(Ri,...,Rn,A) = vazl piZi|R; +
AN R, — P'(v)) and obtain dL/OR; = —p; Zi/ RZ + A =
0 for i =1,...,N (hence, R; = \/p;Z;/v/*) and OL/O) =
SN R —P'(v) =0 (hence, SN, /piZi = VAP (v)).
These equations imply R; = (\/piZi/Z;V:l \/D;jZ;)P'(v),

which corresponds to the objective (YN | v/p; Z;)2 /P (v).
We split the resource amount P’'(v) among vy, vs, ..., UN,
managing each fraction as reserved for a service and accrued

independently of whether the service actually executes. The case
where resources are consumed only if the associated service

P'(v;) P'(v) Vie{1,2,...,N}. (7)
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executes (e.g., in FaaS instead of [aaS) can be modeled by deter-
mining the total amount of resources as P'(v) = S.N | pi P’ (v;),
thus leading to a different optimal allocation.

3) Fork-Join (AND): Let node v be the fork-join of
nodes wvy,vs3,...,vy. We cannot derive the resource
amounts P’(v;) that minimize the expected response time
E[T(P'(v))] of v for i =1,2,..., N, due to the fact that
E[T(P'(v))] cannot be expressed as a function of the expected
response times FE[T;(P'(v;))] of wvi,va,...,vN, and thus
neither as a function of P’'(v;) for i =1,2,..., N. Hence,
we provide a heuristic evaluation of P’(v;), depending
on a hyperparameter « € [0,1] modulating the impact
of the assigned resources. Specifically, we minimize
max(E[J1]/(P'(v1))**, ..., E[JNx]/(P'(vNn))*T1)  subject
to SN | P'(v;) = P'(v), which is achieved for

S5t H/ELT]]

P(v;) = P'(v) Yie{l,2,...,N}.

®)

Let R; := P'(v;) and Z; := E[J;] Vi € {1,2,..., N}. We rep-
resent the objective using the auxiliary variable M > Z;/ Rf‘“
for s =1,..., N, which is equivalent to R; > (ZZ/M)#1
Since Y-~ | R; = P'(v), we have P'(v) > Zfil(Zz/M)#l

1
and M > (Zf\il ZTT/R)FL, which gives the minimum
value for the objective M. Substituting1 that in R,-1 >
(Z:/M)aF1, we obtain R; > P'(v)- 277 ) SON, 27,
where the equality holds because of S | R, = P/(v).

(8) balances the arguments of max(E[J1]/(P'(vy1))*"!,
o, BlIN]/ (P (vn))2TY), e, Vi,j€{1,2,...,N}, we
have E[J;]/(P'(v;))*T! = E[J;]/(P'(v;))**!. Different val-
ues of « subtend different interpretations of the heuristics:

e If =0, the heuristics balances the expected response
times of the child nodes, e.g., for 2 child nodes, we imposes
E[J1]/ Ry = E[J2]/ Rz, which, by (4), is equivalent to
imposing E[T1(R1)] = E[T2(R2)].

e [f o = 1, the heuristics balances the first derivatives of the
expected response times of the child nodes with respect to
the provisioned resources, e.g., for 2 child nodes, letting
R; := P'(v;), we impose E[J;]/R? = E[J2]/R3, which,
by (4), is equivalent to imposing

d d
dT%lE[Tl(Rl)] = T&E[B(Rz)y
Therefore, the solution balances the sensitivity of the ex-
pected response times of the child nodes to variations of
the provisioned resources.

e If a € (0,1), then the two interpretations are combined,
with higher or lower impact depending on the proximity to
the limit values O and 1, respectively.

Note that, for each node composing actions through a fork-
join construct, an optimal value of the hyperparameter o could
be evaluated by exploiting numerical methods, though at the
cost of increasing the computational complexity, which is here
exacerbated by the model complexity and is undesirable for
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reactive provisioners. An empirical evaluation to determine the
optimal value of « is provided in Section VI-D.

E. Resource Accounting Heuristics

Repeated leaves are assigned different amounts of resources
during the top-down split of the resource budget; in fact, all
the repeated leaves of a set h € H of the RLT represent the
same service in the system. To properly account for this, we
assign resources to the entire set h through the function P(h) =
maXyep, P(v). Then, in the bottom-up evaluation of the response
time distribution, we split P(h) among the replicated leaves
v € h according to one of the following heuristics. Formally,
given an RLT (V| FE,vg, H), a provisioning P : V' — R+ for
each node v € V, and a provisioning P : H — R+ for each
set h € H of replicated leaves, Algorithm 2 obtains a separate
provisioning P’ : V' — R~ for each replicated leaf of h € H
by splitting P(h) according to one of the following heuristics
(lines 2-8):

e Completely Agnostic Accounting (CAA): We split P(h)

equally among the nodes of / (lines 3-4):
) P(h)
P'(v) ]
® Resource Proportional Accounting (RPA): We split P (h)
proportionally to P(v) (lines 5-6):
oy P)
P'(v) > P(u)P(h) Yveh.
e [FEffective Utilization Accounting (EUA): We account to
each node v of h the fraction of P(h) representing the
effective amount of resources consumed by v (lines 7-8):

Yveh. C))

(10)

G"

G
Pl(v) = Z 1%
i=1

m

mathdslpn (1) Vv €h (11)

where G" = { P(v) Vv € h} isthe set of amounts assigned

to the nodes of h, I" = {u € h|P(v) > GI} is the set

of nodes of h for which P(v) is not lower than the m-

th element G" of G", |I"| is the cardinality of I”, and
mathdsly (-) is the indicator function over the set 1}},.

For instance, suppose that our algorithm assigned P(B1) =

2, P(B2) =1, and P(B3) =2 in Fig. 3 and that the repli-
cated set B is assigned P(B) = max{2,1,2} = 2. Then, CAA
assigns P'(B1) = P/(B2) = P'(B3) = 2/3, and RPA assigns
P'(B1l)=P'(B3)=(2-2)(2+1+2)=4/5 and P'(B2) =
(1-2)(2+ 14 2) =2/5.InEUA, G® = {1, 2}: resources from
0 to 1 are divided among all the three nodes, while resources
from 1 to 2 only between nodes B1 and B3. Thus, P/(B1) =

P'(B3)=1/3+1/2and P'(B2) = 1/3.

F. Resource Provisioning for Services

Algorithm 4 shows our provisioning method. Specifically,
given an RLT (V, E, vg, H) with provisioning P : V — Ry,
first we balance resources assigned to the leaf nodes of the RLT
through Algorithm 1 with total resource amount P(vg) (line 1),
yielding a new provisioning P’ : V' - Rq. Then, we compute
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Algorithm 2: Evaluate Accounted Resources of the RLT.

AccountResources ((V, E,vo, H),a, P, P)
input :RLT (V, E, v, H), accounting heuristics a,
replicated set provisioning P : H — R,
provisioning P : V — R+
output : new provisioning P’ : V — Rsg
1 foreach node v do
if node v is a leaf and h € H its replicated set then
if a is the CAA heuristics then
| Compute P’(v) according to Eq. (9)
if a is the RPA heuristics then
| Compute P’(v) according to Eq. (10)
if a is the EUA heuristics then
| Compute P’(v) according to Eq. (11)
else
| P'(v) < P(v)
return P’

N R I NIV N U O N

the provisioning P : H — R+ of each set h € H of replicated
leaves as the maximum of the amounts assigned to the leaf nodes
of h (lines 2-3),1.e., P(h) = max,c;, P(v), and we compute the
accounted resources for each node of i by Algorithm 2 (line 4),
obtaining the provisioning P’. Next, we compute the response
time of each leaf node v with the new provisioning (line 5) by
Algorithm 3, scaling provisioning from P(v) to either P(h)
(lines 2-3) or P’(v) (lines 4-5) depending on whether v belongs
to a replicated set h or not, respectively. In particular, scaling of
provisioning is performed as discussed in Section V-B, e.g., for a
shifted and truncated exponential random variable with support
[a,b] and rate A, scaling provisioning from R; to R; yields
a shifted truncated exponential random variable with support
[(Ri/Rj)a, (Ri/R;)b] and rate (R;/R;)A.

Then, we compute the resource amount Rgy o of (5) (line 6),
i.e., the estimated minimum amount needed by our approach
to fit the SLO, and we derive a new provisioning for each
service by repeatedly performing the following steps until the
SLO is satisfied or a maximum number of iterations is per-
formed (lines 7-16): derivation of provisioning for the leaf nodes
(line 10), and for each set h of replicated leaves as the sum of
the amounts of the leaf nodes of h, i.e., P(h) =>_ ., P(v)
(lines 11-12); derivation of the accounted resources (line 13);
evaluation of the response times of the leaf nodes (line 14), and,
derivation of the workflow E2E response time CDF (line 15).

To derive the actual minimum amount of resources needed to
fit the SLO, we perform a variant of Algorithm 4 where, at each
iteration, we increase or decrease the amount Rgy o considered
for the workflow by the provisioning method.

VI. EXPERIMENTAL METHODOLOGY

In this section, we describe the research objectives of the
experiments (Section VI-A), the considered workflow models
(Section VI-B), and the quantitative measures of the effec-
tiveness of a resource provisioning (Section VI-C). Then, we
select our hyperparameters (Section VI-D) and we illustrate
alternative resource provisioning approaches (Section VI-E), the
considered relations between service durations and provisioned
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Algorithm 3: Evaluate Response Times of Elementary Ser-
vices by Scaling Their Resource Provisioning.

EvaluateRespTimes ((V, E,vo, H),P, P, P’ 1)
input :RLT (V, E,vo, H),
replicated set provisioning P : H — R,
previous provisioning P : V' — R+,
current provisioning P’ : V' — R, response
time random variables 7(v),v € L of the nodes
with provisioning P
output : response time 7' (v),v € L with provisioning P’
1 foreach leaf node v do
2 if node v belongs to a replicated set h then
3 Evaluate the response time 7'(v) of v from 7(v)
‘ by scaling provisioning from P(v) to P(h)

4 else
5 Evaluate the response time 7'(v) of v from 7(v)

by scaling provisioning from P(v) to P’(v)

/

6 return 7

Algorithm 4: Evaluate Resource Provisioning for Services.

ComputeProvisioning ((V, E,vg, H), a, XsrLo, €, P,7,1)
input :RLT (V, E, vo, H), accounting heuristics a,
SLO Xsr0, SLO compliance threshold e,
provisioning P : V — R, response times
7(v),v € L with provisioning P,
maximum number [ of iterations
output : new provisioning P’ : V — Ry
P’ «visitRLT ((V, E,vo, H), P, P(vo),T)

1
2> foreach h € H do
3 | P(h) < maxyen P(v)
4 P’ «<AccountResources ({V, E,vo, H),a, P, P")
5 T + EvaluateRespTimes ({V, E,vo, H), P, P, P)
6 Compute Rsro by Eq. (5)
7 iterations < 0
8 do
9 P+ P
10 P’ «visitRLT ((V, E,vo, H), P, Rsro, T)
1 foreach h € H do
12 | P(h) 3 ,cn Pv)
13 P’ +AccountResources ({V, E,vo, H),a, P, P)
14 T
EvaluateRespTimes ((V, E,vo, H),P, P, P")
15 Derive CDF of the workflow response time X by [62]
16 iterations < iterations + 1

17 while |§(X, XsLo) — 3| > € A iterations < I;
18 _return P’

resources (Section VI-F), and a simulator of the execution of
workflow requests at high workloads (Section VI-G).

A. Aim and Scope

We assess feasibility and effectiveness of our approach by a
thorough experimentation, considering both scenarios where the
assumptions of our surrogate performance model hold (i.e., low
workload and service durations scaling with resources according
to a homogeneous linear relation) and scenarios where they are
violated. Moreover, our approach is compared with alternative
heuristics for fitting an SLO on the workflow E2E response
time CDF while minimizing provisioned resources, considering
workflow topologies derived from real benchmark applications
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or randomly generated with controlled statistics. Specifically,
we consider the following research questions:

® RQI: In alow-workload scenario where service durations
scale with resources according to a homogeneous linear re-
lation, does our approach outperform alternative baselines
(with more limited information) in fitting the SLO using a
given resource amount?

® RQ2:In alow-workload scenario where service durations
scale with resources according to a homogeneous linear
relation, does our approach outperform baselines in mini-
mizing provisioned resources while fitting the SLO?

® RQ3: In scenarios with high workload or where service
durations do not scale with resources according to a ho-
mogeneous linear relation, does our approach outperform
baselines in the terms defined by RQ1 and RQ2?

® RQ4:1s the approach feasible for workflows with topology
derived from real benchmark applications?

® RQ5: Is the approach feasible for workflows with topol-
ogy composing a very high number of services with
sequence, fork-join, split-merge, and irreducible DAG
constructs?

B. Workflow Models

1) Benchmark Topologies: Fig. 4 shows workflow topolo-
gies derived from widely used real-world benchmarks. Specifi-
cally:

e Fig. 4(a) shows a well-nested topology defined in [63] for

a microservices application, consisting of 11 elementary
actions composed by sequence and split-merge constructs.

e Fig. 4(b) shows the topology of a workflow reported
in [64] for the Social Network application of DeathStar-
Bench [65], an open-source benchmark suite for cloud
microservices. The topology is well-nested and consists of
7 elementary actions composed by sequence and fork-join
constructs.

* Fig. 4(c) shows the topology of the Epigenomics workflow
of the Pegasus Workflow Repository [66], [67]. The topol-
ogy is well-nested and consists of 20 elementary actions
composed by sequence and fork-join constructs.

e Fig. 4(d) shows the topology of the Montage workflow of
the Pegasus Workflow Repository [66], [67]. The topology
is not-well-nested and consists of 25 elementary actions
composed by sequence and irreducible DAG constructs.

2) Randomly Generated Topologies: We randomly generate
a suite of non-well-nested workflow topologies. To this end, we
generate, as top-level action of the activity diagram (e.g., action
TOP in Fig. 2), an irreducible DAG with a number of child
actions between 4 and 9. The remaining actions are built as
a composition of child actions by sequence, fork-join, and
split-merge operators, randomly selected with probabilities 0.4,
0.4, and 0.2, respectively, considering two complexity factors:
i) depth D, i.e., the maximum number of nested actions of the
activity diagram, excluding the top-level one; and, ii) breadth B,
i.e., the maximum number of children of an action of the activity
diagram, excluding the top-level one. We generate 20 workflow
topologies for each combination of values of D, B € {2,3,4},
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(b) Social Network application workflow of DeathStarBench [65].

(c) Epigenomics workflow of Pegasus [67].
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(d) Montage workflow of Pegasus [67].

Fig. 4.

yielding 180 different topologies with a number of actions
comprised between 10 and 704.

3) Service Execution Time Distributions: For each topology,
we define the job size of each elementary service by assigning a
unitary amount of resources to the service and using the execu-
tion time distribution obtained by approximating a histogram
of samples derived from the WS-Dream dataset [60], which
collects response times of many web services. For each of 100
considered web services, we derive a histogram by collecting and
regularizing the related samples according to the inter-quartile
range rule [68]. Then, for each elementary service of each
workflow, we randomly select a histogram and we approximate
it with a shifted truncated exponential CDF fitting its mean value
and its coefficient of variation [59].

4) Workflow SLO: For each workflow, we define an SLO
on the duration CDF of each elementary service as a 5-phase
Erlang CDF, with rate A derived from the expected service
duration : with probability 0.5, & = 5/u; with probability 0.5,
L= (140.5-s-r)/pwheresisrandomly drawnin {—1, +1},
and 7 is a rational number randomly drawn in [—1, 1]. Thus, in
half of the cases the expected value of the service SLO is equal
to p, and in the other half it is lower (i.e., under-provisioning)
or larger (i.e., over-provisioning) than p. Then, we define the

Workflow topologies obtained from widely used real-world benchmarks.

workflow SLO as the E2E response time CDF of the workflow
under low workload with each elementary service distributed as
its individual SLO, and we evaluate it by the method of [62].
In doing so, we consider cases of workflow under-provisioning
and cases of workflow over-provisioning.

C. Quantitative Measures of Interest

For a workflow with response time X (for some provisioning
to its elementary services), we measure its compliance with
an SLO Xg; o through the pairwise comparison dominance
0(X, XsLo), which provides an average measure of how many
times X anticipates Xgsro. To quantify the anticipation, we
derive the time improvement +(X, Xg10) of X with respect to
XsLo:

U X, Xg10) := /F(x) —min (F(z), Fspo(x))dz  (12)

where F' and Fg o are the CDFs of X and Xg o, respectively.
Note that (X, Xgs1.0) only considers when F' anticipates Fsi o,
avoiding penalization when F' is late with respect to Fgio.
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Moreover, t(X, Xg10) can be lower bounded by

E[X] - E [Xsto]
E[X]

B(X, Xs1o) == (13)
where E[X]| and E[Xg o] denote the expected values
of X and Xgo, respectively. In fact, by definition of
L(X, XSLO)a L(X, XSLO) Z f(F(l‘) - FSLO([E))dl’ = E[X] -
E[XsLo]. Moreover, we can guarantee that E[X] > 1 by chang-
ing the unit measure of time (e.g., converting minutes to sec-
onds). Hence, E[X] — F[Xs10] > (E[X] — E[Xs10])/E[X],
which finally proves that «(X, Xs10) > (X, Xs10).

D. Selection of Hyperparameters

We investigate how the hyperparameter « (see Section V-D)
and the resource accounting heuristics (see Section V-E) im-
pact the capacity of our approach to improve the workflow
E2E response time by balancing the resources assigned to
its elementary services. We randomly generate 200 workflow
topologies for each combination of values of the workflow
depth D € {2,3,4} and breadth B € {2,3,4} as described in
Section VI-B2, yielding 1800 different topologies with a number
of actions comprised between 16 and 2304. For each topology,
we associate each elementary service with an execution time
distribution derived as illustrated in Section VI-B3.

For each model, each value of o € {0, £, 4,2 1 5 3 7 1}
and each account heuristics (i.e., CAA, RPA, and EUA), we
derive the pairwise-comparison dominance 6 (X, Xi,;) between
the initial workflow E2E response time Xj,; and the E2E
response time X obtained after balancing the initial amount
of provisioned resources according to our approach. For each
accounting heuristic, results show that i is the best value of «,
that is = 1 yields the lowest value of [§(X, Xiy) — % in
the majority of the cases, i.e., more than 50% of the cases. The
number of cases with o € {%, %} being the best choice increases
with D and B, Specifically, o € {1, 2} is the best choice in
more than 70% of the cases, and o € {3, 1, 2} inmore than 85%
of the cases. Conversely, the impact of the accounting heuristics
appears insensitive to the choice of a.

To confirm such observations, we execute 4 hypothesis tests:

e The first test evaluates if the choice of the heuristic is
statistically relevant in determining the best value of a.
We perform the Kruskal-Wallis test [69], where the null
hypothesis is “The accounting heuristics are not statis-
tically relevant in determining the best o value”, and
the significance level is 0.05. For all the 1800 generated
workflows, the test returns a p-value near 1.00, meaning
that the null hypothesis cannot be rejected, and thus that
there is no statistical relevance connecting the choice of
the best o value with the accounting heuristics.

* The remaining three tests evaluate whether o € {1, 2, £}
is the best choice with statistical relevance. We consider the
following three null hypotheses: “a = % is the best choice
for at least 50% of the cases”; “oo € {%,2} is the best
choice for at least 70% of the cases”; and, “o € {%, 1, %}
is the best choice for at least 85% of the cases”. For each
hypothesis, we perform an upper-tail binomial test [70]
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with significance level 0.05. In all the cases, we obtain

p-value lower than 0.05, thus rejecting the null hypotheses

and confirming that the values o = }, v € {1, 2}, anda €
{%, 7.2} are the best choice with statistical significance
or more than 50%, 70% and 85% of the cases, respectively.
This result suggests that it is preferable to select a value of «
that tends to balance both the response times of elementary
service and their sensitivity to variations of provisioned
resources.

Then, we investigate how effective a = i is in reducing the
E2E response time of a workflow with respect to the actual
best value of « for that workflow. To this end, for each work-
flow and each accounting heuristics, we compute the pairwise-
comparison dominance 6(Xa:% , Xa—best) between the work-

flow E2E response times Xa:i and X, —pest achieved by bal-

ancing provisioned resources by our approach with o = % and
with the best value of « for that workflow, respectively. We
also compute the corresponding lower bound 5(X ,_ 1, Xo—pest)
on the relative improvement of the E2E response time. Results
show that §(X a=15 Xoa—best) € [0.46,0.50] for each accounting
heuristics, very close to the equivalence value of 0.5, proving
that o« = % is still effective even when it is not the best choice.
This fact is also evident from the values of 3 (Xa:% s Xa—best)s
which are almost equal to 0. According to this, a = i and the
EUA accounting heuristics are selected.

These experiments highlight the complexity of the problem.
Values of pairwise-comparison dominance close to 0.5 suggest
that different provisioning yielded by different «v values produce
similar results in terms of E2E response time, indicating that
more provisioning solutions optimize the E2E response time.
Determining such solutions is not trivial due to the many differ-

ent factors that could be considered in the selection.

E. Baseline Resource Provisioning Techniques

We define alternative resource provisioning methods ignoring
some prerequisite information of our approach, performing an
ablation study aimed at determining which prior knowledge is
more significant for our purpose, i.e., fitting the workflow SLO
while minimizing provisioned resources. Specifically:

e Completely Agnostic Provisioning (CAP): It assigns the
same amount of resources to each elementary service,
ignoring the workflow topology, the duration of elementary
services and their sensitivity to the scaling of provisioned
resources. Given a total amount R of resources and a
workflow made of elementary services ai,...,ay, the
resource provisioning is P(a;) = R/N Vi e {1,...,N}.

e Topology Driven Provisioning (TDP): It allocates re-
sources to elementary services by considering the work-
flow topology. Given a total amount R of resources and
a workflow made of elementary services ai,...,ay, the
resource allocation is obtained by applying our approach
with o = % assuming that each service a; has deterministic
duration equal to its mean value p; Vi € {1,..., N}.

® Unbalanced Duration Driven Provisioning (UDDP): It
provides each elementary service with an amount of re-
sources proportional to its expected duration, ignoring the
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workflow topology and the sensitivity of service durations
to resource scaling. Given a total amount R of resources
and a workflow made of elementary services aq,...,an
with mean duration p1, . . ., v, respectively, the resource
provisioning is P(a;) = Rui/ Y, pj Vi€ {1,...,N}.

® Balanced Duration Driven Provisioning (BDDP): It al-
locates resources to elementary services with the aim of
balancing their expected execution times. Given a total
amount R of resources and a workflow made of elementary
services aq,...,an, the resource allocation is obtained
by applying our approach with & = 0 to a composition
of a,...,ay by a fork-join construct.

e Sensitivity Driven Provisioning (SDP): It allocates re-
sources to elementary services with the aim of balancing
their sensitivity to the scaling of provisioned resources,
thus assigning more resources to less sensitive activities.
Given a total amount R of resources and a workflow made
of elementary services ay, . . ., ay, the resource allocation
is obtained by applying our approach with a =1 to a
composition of a1, ..., ay by a fork-join construct.

FE. Other Models of Service Performance

We experiment with other models of response time scaling
to validate our approach in scenarios where the homogeneous
linear relation of (3) is violated. Given a service provisioned
with resource amount R, we consider the following models of
service response time T'(R):

e Piecewise Linear: The response time T'(R) scales linearly
with provisioned resources R up to a maximum value
Riax, and then it remains constant, modeling the fact
that, as provisioning increases, the response time of the
non-parallelizable fraction of the job size prevails over the
response time of the parallelizable fraction:

J

T(R) := min{ R, Ry}

(14)

e Inhomogeneous Linear: The response time T'(R) scales
with provisioned resources R according to a inhomoge-
neous linear relation representing the Amdahl’s Law [71]:

T(R) := (3 +( —p)) J

7 5)

where p is the fraction of the job size J that would benefit
from the improvement of provisioned resources, and 1 — p
is the job size fraction that would not benefit from it
(e.g., only the parallel portion of a program benefits from
additional CPU cores).

For a service with job size J modeled as a shifted and truncated
Exponential CDF with support [a, b] and rate A, the response time
T(R) for a given amount of resources R is also distributed as a
shifted and truncated Exponential CDF where:

e If (14) is used, T'(R) has support [a/n,b/n] and rate An

where 7 = min{ R, Ruax }-

e If (15) is used, T'(R) has support [a//3,b/ 3] and rate 153

where 8 =1/(p/R+1— p).
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G. High-Workload Scenario Simulator

We implemented a simulator of the execution of workflow
requests, which considers queue effects and performs horizontal
scaling actions using the resources available after the initial
provisioning. We model the arrival of workflow requests as a
Poisson process (i.e., with exponential interarrival times); at
each arrival, we sample an instance of the workflow, including
the selection of activities in split-merge (XOR) nodes and the
sampling of a job size for each activity. Activities of the workflow
are served by dedicated multiserver queues with FIFO policies:
initially, for each initial activity of the workflow (i.e., without
dependencies), a job is added to the multiserver queue allocated
for its execution; as soon as all the dependencies of an activity
of the workflow are satisfied (i.e., their jobs completed), a job is
added to the multiserver queue associated with the activity. Peri-
odically, the simulator checks the utilization of each multiserver
queue: if it is higher than a threshold ¢ for N consecutive checks,
another server is added to serve the queue, as long as there are
sufficient remaining resources. Then, utilization of the queue is
not checked for M periods (i.e., the “cool down period”).

VII. EXPERIMENTAL RESULTS

In this section, we present the results obtained with a low
workload (Section VII-A) and a high workload (Section VII-B)
of workflow requests, considering the cases that: i) all pro-
visioning methods use the actual minimum resources needed
by our approach to fit the SLO (fixed-res case); and ii) each
provisioning method uses its actual minimum resources needed
to fit the SLO (custom-res case). Resources used in the fixed-res
and custom-res cases are the same for our approach, while
they may be different for alternative approaches. In fact, each
approach balances resources differently (line 1 of Algorithm 4),
yielding a different amount Rg; o (line 6 of Algorithm 4).

In the fixed-res and custom-res cases with high workload,
horizontal scaling is disabled to observe the impact of workflow
requests on the response time. We also consider a variant of the
custom-res case with horizontal scaling enabled with (virtually)
unlimited amount of resources available (custom-res-hs case).

In each experiment, we compute the CDF of the workflow
E2E response time achieved by each provisioning approach,
measuring the accuracy in fitting the SLO in terms of dominance
deviation (i.e., |6(X, XsL0) — 3|) and time improvement. In
Algorithm 4, we consider the maximum number of iterations [
equal to 20 for the 4 benchmark models and equal to 5 for
the 180 models with randomly generated topology. For the
piece-wise linear performance model, we use R,x = 1; for the
inhomogeneous linear performance model, we use p = 0.7.

A. Low-Workload Scenario

1) Homogeneous Linear Performance Model: For the fixed-
res case, Fig. 5(a) plots the results for the workflow of Fig. 4(a).
Our approach obtains the smallest dominance deviation (0.001),
slightly lower than that obtained by TDP (0.004) and nearly two
orders of magnitude lower than those obtained by the other meth-
ods (ranging from 0.085 for SDP to 0.145 for CAP). Fig. 5(c)
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Fig. 5. Fixed-res case with homogeneous linear performance model: low workload (a-c-e-g) and high workload (b-d-f-h).

shows the results for the workflow of Fig. 4(b), for which
our approach again achieves the smallest dominance deviation
(0.003), one order of magnitude lower than that achieved by SDP
(0.026) and two orders of magnitude lower than those obtained
by the other methods (ranging from 0.161 for TDP to 0.182 for
CAP). Fig. 5(e) plots the results for the workflow of Fig. 4(c),
for which our approach obtains the third smallest dominance
deviation (0.069) after TD (0.009) and SD (0.029). Fig. 5(g) plots
the results for the workflows of Fig. 4(d), for which our approach
obtains the second smallest dominance deviation (0.028) after
TD (0.004). For the time improvement, our method obtains the

largest value in Fig. 5(a) (0.444) and in Fig. 5(e) (0.837), and
the second largest value in Fig. 5(c) (0.0.013) after SD (0.033)
and in Fig. 5(g) (0.056) after SD (0.211), confirming the results
of our approach as positive.

For workflows with randomly generated topology, i.e., 20
models for each pair (D, B) of values of depth D € {2,3,4}
and breadth B € {2, 3,4}, our method yields the smallest dom-
inance deviation for 35% of the models with (2,2), 70% of the
models with (2,3), 75% of the models with (4,4), 85% of the
models with (3,2), 95% of the models with (4,3), and 100% of
the models with (2,4), (3,3), (3,4), (4,2). Thus, the accuracy
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(d) Social Network application workflow of DeathStarBench [65].
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(g) Montage workflow of Pegasus [67].

Fig. 6.

of our method increases with model complexity in terms of
number of services and topology of their composition, which
is expected given that simpler models, with fewer services to
optimize, reduce the improvement margin of our approach.

For the custom-res case, Fig. 6(a), (¢), (e), (g) plot the results
for the workflows of Fig. 4(a)—(d), respectively. In Fig. 6(a), we
use the second smallest resources (7.8) after TDP (7.3) while
providing the second smallest dominance deviation (0.038) after
UDDP (0.010). In Fig. 6(c), we nearly use the smallest resources
(6.2), obtained by SDP, while achieving the smallest dominance
deviation (0.003), equal to the one of CAP and one order of
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(h) Montage workflow of Pegasus [67].

Custom-res case with homogeneous linear performance model: low workload (a-c-e-g) and high workload (b-d-f-h).

magnitude lower than the one of SDP (0.012). In Fig. 6(e), we use
the second smallest resources (13.3), slightly larger than those of
SDP (13.2), while providing the third smallest dominance devia-
tion (0.075) after CAP (0.016 against 16.8 resources) and BDDP
(0.074 against 16.4 resources). In Fig. 6(g), we use the smallest
resources (25.0) while achieving the third smallest dominance
deviation (0.054) after SDP (0.015 against 25.2 resources) and
CAP (0.042, against 30.7 resources). Overall, our method yields
the best tradeoff between used resources and SLO compli-
ance, even for workflows with very complex topology as in
Fig. 4(d).
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For workflows with randomly generated topology for each
pair (D, B), we use the smallest resources for 35% of the models
with (2,2), 65% of the models with (2,3), 90% of the models with
(3,2),95% of the models with (2,4), and 100% of the models with
(3,3), (3,4), (4,2), (4,3), (4,4), with significant savings (e.g., for
(4,4), we use 232.0 resources on average, against 360.3, 388.5,
469.2, 469.6, and 550.6 used by SDP, BDDP, UDDP, CAP,
and TDP, respectively). Moreover, for each pair (D, B), while
the percentage of models for which we provide the smallest
dominance deviation decreases with respect to the fixed-res case,
we obtain a value in the order of magnitude of the smallest one
for the large majority of models.

2) Other Performance Models: For the fixed-res case (i.e.,
same provisioning for each service as in the fixed-res case
with homogeneous linear performance model), with piece-wise
and inhomogeneous linear performance models we obtain the
smallest dominance deviation or a value in the same order of
magnitude of the smallest one for the workflows of Fig. 4,
except for the one in Fig. 4(c) with the inhomogeneous linear
performance model, for which we obtain deviation 0.120, larger
than the smallest one (0.034) obtained by SDP.

For the workflows with randomly generated topology, for each
pair (D, B), we obtain the smallest dominance deviation for a
lower number of workflows (especially with the inhomogeneous
linear model) though still for the relative majority (except for
(2,2) and (2,3) with the piecewise linear model, for which we
obtain the smallest deviation for 20% and 25% of the workflows,
respectively, though mostly in the same order of magnitude of
the smallest one for the remaining workflows).

For the custom-res case (i.e., same provisioning for each
service as in the custom-res case with homogeneous linear
performance model), for the 4 workflows of Fig. 4, the results in
terms of dominance deviation remain similar to those with the
homogeneous linear performance model. For the 180 workflows
with randomly generated topology, the percentage of cases for
which our method yields the smallest dominance deviation
decreases, especially with the piecewise performance model,
though values quite remain in the same order of magnitude.

3) Remarks: The results answer RQ1 and RQ2, pointing out
that, in a low-workload scenario where service durations scale
with resources according to a homogeneous linear relation, our
approach outperforms baselines in fitting the SLO with better
accuracy while using the same resources, and in minimizing the
resources used to fit the SLO. The results also show that these
claims quite hold also for the other performance models, thus
positively answering RQ3 for low-workload scenarios.

B. High-Workload Scenario

For the fixed-res and custom-res cases, we have exponential
inter-arrival times with rate equal to %n for the 4 benchmark
workflows and equal to %17 for the 180 workflows with randomly
generated topology (where 7 is the expected value of the work-
flow SLO), which is sufficient to observe queue effects while
maintaining the queues stable for the majority of the workflows.
For the custom-res-hs case, with the horizontal scaler enabled,
we consider a larger workload with rate equal to %77. Moreover, in
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each experiment, we use ¢ = 0.7 (utilization threshold), N =1
(number of consecutive utilization checks before scaling), and
M = 1 (number of cool down periods).

1) Homogeneous Linear Performance Model: For the fixed-
res case (i.e., same provisioning for each service as in the fixed-
res case with low workload), Fig. 5(b), (d), (f), and (h) plot the
results for the workflows of Fig. 4(a)—(d), respectively, showing
an increase in the response time (i.e., a shift to the right of the
response time CDF) of each approach with respect to the low-
workload scenario of Fig. 5(a), (¢), (e), and (g), respectively (the
increase is more or less marked for each approach). Notably, we
obtain the smallest dominance deviation in Fig. 5(b) (0.021),
Fig. 5(d) (0.25), and Fig. 5(f) (0.038), and the third smallest one
(0.086) in Fig. (h) after SDP (0.005) and TDP (0.053).

For workflows with randomly generated topology for each
pair (D, B), we obtain similar results as in the low-workload
scenario, notably with accuracy increasing with model com-
plexity, proving the effectiveness of our resource allocation.
Specifically, we obtain the smallest dominance deviation for
45% of the models with (2,2), 80% of the models with (3,2),
85% of the models with (2,4), 90% of the models with (2,3),
(4,2), (4,4), and 100% of the models with (3,3), (3.4), (4,3).

For the custom-res case (i.e., same provisioning for each
service as in the custom-res case with low workload), Fig. 6(b),
(d), (), and (h) plot the results for the workflows of Fig. 4(a)—(d),
respectively, showing an increase in the response time (i.e., a
shift to the right of the response time CDF) of each approach
with respect to the low-workload scenario of Fig. 6(a), (c),
(e) and (g). In Fig. 6(b), we obtain the second smallest dom-
inance deviation (0.021) after BDD (0.020), while using the
second smallest resources (7.8) after TDP (7.3). In Fig. 6(d),
we obtain the fourth smallest dominance deviation (0.247) after
UDDP (0.111), BDDP (0.158), and SDP (0.238), while using
the smallest resources (6.2). In Fig. 6(f), we obtain the smallest
dominance deviation (0.038) while using the second smallest
resources (13.3) after SDP (13.2). In Fig. 6(h), we obtain the fifth
smallest dominance deviation (0.085) after BDDP (0.006), TDP
(0.013), UDDP (0.066), SDP (0.063) while using the smallest
resources (25.0). Except for the latter model, we obtain the best
tradeoff between used resources and SLO compliance.

For workflows with randomly generated topology, the per-
centage of models for which our method provides the small-
est dominance deviation slightly decreases with respect to the
custom-res case of the low-workload scenario.

For the custom-res-hs case, our capacity of minimizing the
dominance deviation is no longer evident, as horizontal scaling
compensates for inefficiencies in any provisioning strategy by
dynamically deploying additional instances to replicate critical
services when required. While this flexibility incurs significant
resource costs due to replica proliferation, our solution emerges
as the optimal provisioning method for resource savings. Specifi-
cally, we use the smallest resources for the workflows of Fig. 4(a)
and (d), and the second smallest resources for the workflow
of Fig. 4(b) (32.6) after UDDP (31.2) and for the wokflow of
Fig. 4(c) (55.9) after CAP (54.1). For workflows with randomly
generated topology for each pair (D, B), we use the smallest re-
sources for 45% of the models with (2,2), 50% of the models with
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(2,3), 80% of the models with (2,4), (3,2), 95% of the models
with (3,3), (4,2), and 100% of the models with (3,4), (4,3), (4,4).
As expected, our advantage increases with model complexity.
Notably, average resource savings exceed 14% for the models
with (3,4), (4,3), and (4,4), with peak benefits for the models with
(4,4), i.e., 24.73% reduction in average resource consumption
compared to SDP, which is the second-best resource-efficient
choice in this case.

2) Other Performance Models: For the fixed-res case
(i.e., same provisioning for each service as in the fixed-res case
with homogeneous linear performance model), with piece-wise
and inhomogeneous linear performance models we obtain the
smallest dominance deviation or a value in the same order of
magnitude of the smallest one for the models of Fig. 4.

For the workflows with randomly generated topology, for each
pair (D, B), we obtain the smallest dominance deviation for a
lower number of workflows (especially with the inhomogeneous
linear model) though still for the relative majority (except for
(2,2) and (3,2) with the piecewise linear model, for which we
obtain the smallest deviation for 15% and 20% of the workflows,
respectively, though mostly in the same order of magnitude of
the smallest one for the remaining workflows).

For the custom-res case (i.e., same provisioning for each
service as in the custom-res case with homogeneous linear
performance model), our method performs worse in minimizing
the dominance deviation, especially with the piece-wise linear
performance model, though obtaining dominance deviation in
the order of magnitude of the smallest one in most of the cases.

For the custom-res-hs case (i.e., with horizontal scaling), our
method performs worse in minimizing resources, especially with
the piece-wise linear performance model, though it remains the
best option for the large majority of complex models.

3) Remarks: The results answer RQ3, pointing out that, in
high-workload scenarios where service durations scale with re-
sources according to a homogeneous linear relation, our method
outperforms baselines in fitting the SLO with better accuracy
using the same resources, and in minimizing the resources
needed to fit the SLO. These claims quite hold also for the other
performance models. The results at low and high workloads also
show that the approach is feasible both for workflow topologies
derived from real benchmark applications and for complex
randomly generated topologies composing a high number of
services, positively answering RQ4 and RQ5.

C. Discussion

Our method is open to deployment in a real scenario. Specif-
ically, implementation in a virtualized or containerized envi-
ronment (e.g., Docker) would require instantiating a container
for each elementary service of the workflow, and exclusively
provisioning it with a fixed amount of CPU resources defined
by our technique. This implementation would enable us to test
our approach in the fixed-res case (i.e., the approach uses an
assigned total resource amount) and custom-res case (i.e., the
approach uses its actual minimum resource amount needed to
fit the workflow SLO), both at low and at high workloads.
Conversely, testing our approach in the custom-res-hs scenario
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(i.e., with a horizontal scaler managing replicas of elemen-
tary services) would require implementation of our approach
in a container orchestration system (e.g., Kubernetes). In this
case, implementation would require supplying each container
instantiated by the horizontal scaler for the same elemen-
tary service with resources defined by our approach for that
service.

In heterogeneous cloud environments [72], [73], [74], the
characteristics of the infrastructure and the workload of work-
flow requests may vary over time. For requests of a single work-
flow addressed in this paper, changes in the workload of requests
would not require to re-execute our approach, as the derivation
of provisioning is independent of the workload. Conversely,
changes in the characteristics of CPU resources would require
to profile again the durations of elementary services for any
provisioning (i.e., Monitor phase in Fig. 1) and to re-compute
the provisioning for each service (i.e., Knowledge, Analyze,
Plan, and Execute phases in Fig. 1). We could manage requests
of multiple workflows by considering the request rate to each
service in the provisioning algorithm, requiring us to re-run our
approach in the case of changes in the workload of requests (in
addition to the case of changes in the CPU characteristics).

For large-scale cloud systems, various works report that CPU
utilization is non-linear in provisioned resources [75], [76],
mainly due to the high variability of workload and the influence
of queued requests, making it difficult to estimate how response
times of services scale with computing resources. Therefore,
the high-workload scenarios considered in the experiments are
especially challenging for our approach, given that they consider
queue effects and different relations between service response
times and provisioned resources. Overall, the achieved results
are interesting and promising for future works.

VIII. CONCLUSION

We presented a coordinated approach to provisioning of ele-
mentary services with generally distributed durations, composed
in workflows with the topology of a DAG, subject to an SLO
on the E2E response time distribution. The approach is open
to many extensions. Specifically, we could modify our perfor-
mance model to represent piecewise linear or inhomogeneous
linear relations, thus modeling non-parallelizable fractions of
the job size, service start-up times, and communication costs.
We could use a different semantics for split-merge constructs,
modeling resources accrued on-demand and by reservation, and
other relations of stochastic ordering between the SLO and the
workflow E2E response time. We could manage integer resource
amounts to implement horizontal scaling and, to cope with lim-
ited domain knowledge, we could infer the workflow topology
by observing durations of (unknown) service compositions for
different provisioning. We could extend the approach also to
consider requests of multiple workflows with shared services,
exploiting the rate of requests to each service to determine
the provisioning. Future work notably includes implementation
and testing of our approach within a container orchestration
system, considering workflows of benchmark microservices
applications [65], [77].
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