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Abstract

In workflows with stochastic durations, the end-to-end (E2E) re-
sponse time distribution is jointly determined by several factors,
including the workflow topology, the response time distribution of
elementary services, and their sensitivity to resource scaling. This
complexity is further exacerbated when workflows are deployed
on microservices architectures, where additional factors related to
the orchestration infrastructure may affect the E2E response time.

In this paper, we apply a state-of-the-art resource provisioning
method to a real container orchestration system. Specifically, the
method coordinates resource allocation for elementary services
by jointly considering the factors mentioned above. We consider
workflows with randomly generated topology and with elementary
service durations drawn from a data set used in the literature. We im-
plement these workflows as microservices and we deploy them on
Kubernetes using the proposed provisioning strategy. Experimental
results demonstrate the effectiveness of the approach compared to
alternative baselines, under both low and high workload conditions.
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1 Introduction

In the landscape of modern software systems, the paradigm shift
toward cloud-native architectures has fundamentally altered how
applications are designed, deployed, and managed. Monolithic ap-
plications have largely given way to microservices architectures,
where complex functionalities are delivered through the orchestra-
tion of loosely coupled, atomic, and heterogeneous services [13, 15].
While offering significant agility and scalability, this decomposi-
tion introduces substantial complexity in resource management.
A single user request often triggers a workflow of multiple inter-
acting services [1, 4, 9]. Thus, the End-to-End (E2E) response time
experienced by the user is not merely the sum of deterministic exe-
cution times, rather it is a random variable jointly determined by the
workflow topology, the response time distribution of elementary
services, and their individual sensitivity to resource scaling.

Resource provisioning in this context is a critical challenge. For
providers and consumers operating on a pay-per-use basis, the
goal is to optimize resource allocation to maximize performance
without over-provisioning [12]. Remarkable examples in the liter-
ature address performance modeling with validation against real
implementations, for instance, by exploiting the Layered Queueing
Network (LQN) paradigm [6, 11]. However, these approaches often
rely on the assumption of ample resource availability or depend on
periodic re-modulation of provisioning to adjust to runtime vari-
ability [10]. Consequently, defining the optimal configuration under
strict resource scarcity presents distinct challenges. The stochastic
nature of microservices causes fluctuation in the execution times,
and the dependencies within the workflow topology can amplify
delays. Furthermore, theoretical models often assume idealized
environments. When the workflows are deployed on real-world or-
chestration platforms like Kubernetes, additional factors related to
the infrastructure, such as networking overhead, container startup
latency, and resource scheduling and sharing, can significantly alter
the expected E2E performance. There is, therefore, a pressing need
to validate theoretical provisioning strategies against the reality of
actual container orchestration systems.

In this paper, we bridge the gap between theoretical resource
modeling and practical deployment, by applying a coordinated re-
source provisioning method for stochastic workflows, which we
recently introduced [3], to a real Kubernetes environment. In par-
ticular, we investigate how well the coordinated allocation strategy,
which jointly accounts for topology, service duration distributions,
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and scaling sensitivity, performs when subjected to the operational
constraints of a real production environment.

We implement a diverse set of workflows as actual microservices,
generating topologies randomly to ensure statistical robustness and
drawing elementary service durations from established datasets in
the literature [16]. We then deploy these workflows on Kubernetes,
using our provisioning strategy to dictate the resource limits of
each container. By conducting experiments under both low and
high workload conditions, we show that our theoretically grounded
approach translates into tangible performance gains in a real sys-
tem. The experimental results indicate that our strategy effectively
manages the trade-off between resource usage and response time,
consistently outperforming alternative ablation strategies. This
outcome validates that considering the stochastic durations and
topological dependencies of workflows is essential for efficient
resource provisioning in cloud-native environments.

2 Background

In this section, we describe the considered class of workflows (Sec-
tion 2.1) and the resource provisioning technique of [3] (Section 2.2).

2.1 Workflows with stochastic durations

Fig. 1 shows an example of workflow topology, specified using the
notation of the activity diagram of UML [5]: elementary actions
represent elementary activities (i.e., A11, A12, A21, and A22), each
consisting of a CPU bound task, whose completion time depends
on the provisioned CPU amount; structured actions compose other
actions, which can be elementary actions or structured actions
themselves. We consider three composition patterns: i) the sequence
pattern, modeling the sequential execution of actions (i.e., A1); ii) the
fork-join pattern, modeling the concurrent execution of actions
(i.e., A), and iii) the split-merge pattern, modeling the exclusive
execution of actions, each with an assigned probability (i.e., A2).
The workflow E2E response time is a random variable deter-
mined by the durations of the elementary actions and the topology
that composes them. The E2E response time of an elementary ac-
tion a provisioned with CPU amount r is a random variable T(a, r):

I(a)

- 1
where J(a) is the job size of a, i.e., the duration of the CPU bound
task when a is provisioned with a unit of CPU resource [2, 3, 8].

T(a,r) =

Figure 1: UML activity diagram of a workflow.
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The EZ2E response time of a structured action a is a random
variable depending on the composition pattern. Let a be provisioned

with CPU amount r and compose actions aj, ..., an provisioned
with CPU amount r4, ..., ry, respectively, such that r = ZHN:I Tt
e If a is the sequence of ay, ..., an, T(a,r) = Zil T(ap, ry) is
the sum of the E2E response times of ay, ..., an.
e If a is the fork-join of a1, ..., an, T(a,r) = maan=1 T(an, rn)
is the maximum of the E2E response times of ay, . .., an.

e If a is the split-merge of ay, . . ., ay with probabilities py, . . .,
PN, respectively, such that ZnN:1 pn = 1, then T(a,r) =
ZnNzl Pn-T(an, ry) is the mixture of the E2E response times of
ai, . .., an weighted by probabilities py, . . ., pn, respectively.

2.2 Compositional coordinated provisioning

Given a workflow and a total resource capacity R, our approach de-
rives a resource allocation with the aim of minimizing the workflow
EZ2E response time. The approach models the workflow as a struc-
ture tree, ie., a tuple T = (V, E,vy) where N is the set of nodes, E is
the set of edges, and vy € V is the root node. Nodes are partitioned
into leaf nodes, modeling elementary actions (in the example: A1.1,
A1.2,A2.1, A2.2), and internal nodes, modeling structured actions.
Edges represent composition relations between actions. We derive
the structure tree of a workflow in a straightforward manner, by
visiting the UML activity diagram starting from the action modeling
the whole workflow, and by translating elementary actions into
leaf nodes, and structured actions into internal nodes.

Our strategy performs a top-down traversal of the tree, starting
from the root node, which is assigned a CPU budget equal to the
total amount R. Each intermediate node is allocated a CPU quan-
tity equal to the amount required for its subtree. For each node v
corresponding to an action a provisioned with CPU amount R,, the
CPU allocation to its child nodes is based on a proxy metric of the
response time y(T(a,r)):

e If v is a sequence of nodes vy, . ..,vN, the CPU amount R,
is partitioned so as to minimize 25:1 y(T(an,ry)). By em-
ploying the Lagrangian formulation subject to the constraint
ZnNzl rn = Ry, the optimal resource allocation ry, is:

’ Y(T(am rn))
r,=————— "R, Vne{l...,N} 2)
1V (T(an, 1))
o If v is a split-merge of nodes vy, . . ., vy with associated prob-
abilities py, .. ., pn, the CPU amount R, is partitioned so as

to minimize ZnN:1 pn - Y(T(an, rn)). By employing the La-
grangian formulation subject to the constraint Zﬁ’zl rn =Ry,
the optimal resource allocation ry, is:

Y(T(an, rn))
r=————— " .R, Vne{l,...,N} 3)
"N Vr(T(an, )
e If v is a fork-join of nodes vy, ..., vN, we replace it into an

equivalent binary composition of fork-join nodes, i.e., node
v becomes the fork-join of nodes v; and v}, where v; is the
fork-join of nodes v; and v}, and so on, until we define node
v)_; as the fork-join of nodes vy—-; and uy. So the resources
of the two child nodes r{ and r; are allocated so as to balance
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the proxy metric of the E2E response time:

Vo= Y(T(an, 1)) .
" Y(T(an:rn)) + Y(T(aﬁ: rr'l))

where 7 indicates the opposite child node.

R, ne{12} (4

In our experimental evaluation, the proxy metric y is the expected
value E. However, the algorithm is equally applicable with any other
metric (e.g., percentiles, standard deviation, or a mixture of metrics)
to target different optimization objectives.

3 Experimental validation

This section evaluates the performance efficiency, as defined by
the ISO/IEC 25010 standard [7], of our CPU provisioning method.
We test the approach in a real Kubernetes-based environment to
answer two main research questions: does our method achieve
a better response time distribution than the baselines in (RQ1)
low-workload scenarios and (RQ2) high-workload scenarios?

In the following, we describe the experimental setup (Section 3.1),
define the alternative baselines (Section 3.2), and introduce the
quantitative measure used for comparison (Section 3.3).

3.1 Experimental setup

The experiments were performed on randomly generated microser-
vice workflows, with topologies of varying complexity. The work-
flows feature a tree structure, which represents the most prevalent
pattern in microservice architectures [9]. The generation process
follows a top-down approach, parameterized by a target tree height
D and a maximum number of children per node B > 2. At each step,
a composition pattern is randomly selected along with a random
number of children n € {2, ..., B}. The process continues until the
current height d reaches D. At this point, elementary actions are
generated, and the tree construction terminates. Job sizes for the
elementary actions were sampled from 100 histograms of microser-
vice response times in the WS-Dream dataset [16], processed via the
inter-quartile range rule [14] and scaled to be within [10, 100] ms.
The obtained workflows consist of 5 to 20 elementary actions.

The experiments were performed on 8 workflows generated
using D € {2,3,4} and B € {3,4} (see Table 1), provisioned by
three baselines (Section 3.2) and by our approach. The provisioning
derivation for our approach took nearly 100 ms. Then, the YAML
files required for deployment in a Kubernetes cluster were auto-
matically generated from the resulting topologies. The Kubernetes
services use a custom Docker image that performs a "busy sleep”
operation, consuming CPU resources according to the associated
job size distribution J. After each busy sleep operation, one or more
services are invoked based on the topology. Once the services are
deployed, a Python script handles load generation. and the E2E
response times are collected. The experiments were performed on
a single node equipped with Intel Xeon Gold 6238R processor with
2.2 GHz frequency and 135 GB RAM, using Minikube as Kubernetes
environment.

3.2 Baseline resource provisioning techniques

To evaluate the proposed approach, we consider three alternative
baseline provisioning strategies defined in [3],:
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e Completely Agnostic Provisioning (CAP). Given a work-
flow W with N elementary actions and a set of resources R,
this method allocates R equally among all elementary tasks:
Vne{1,...,N}r, =R/N.

Topology Driven Provisioning (TDP). Given a workflow
W with N elementary actions and a set of resources R, this
method generates a workflow W’ derived from W by replac-
ing the job sizes of each elementary action a, with a unitary
job size I(a,) = Det(1) Vn € {1,..., N}. Then, the allocation
follows the proposed methodology (Section 2.2).

Balanced Duration Driven Provisioning (BDDP). Given
a workflow W with N elementary actions and a set of re-
sources R, this method constructs a workflow W’ as a single
fork-join node of all the elementary actions of W. It allocates

resources to the elementary actions proportionally by con-

y(T(anrn)) .
=N y(T(air))
our experimentation, y is the expected value E.

sidering a proxy of the job size y: r,, = R.In

These baselines allow us to evaluate our approach against method-
ologies that disregard the topology of the workflow (BDDP), the
response times of the elementary actions (TDP), or both (CAP).

3.3 Quantitative measure of interest

We assess the relative performance of our approach and each base-
line techniques in terms of workflow response time distribution by
using the pairwise comparison dominance. Let 7 and 7 two random
variables the pairwise comparison dominance D(7, 7) between ¢
and 7 is an average measure of how many times 7 anticipates 7:

D(%,7) :=Prob{f < 7} = /000(1 —F (1)) - fz(t)dt. (5)

where f;(t) and F;(t) represent respectively the PDF and the
CDF of the random variable 7. Starting from the pairwise compar-
ison dominance we compute the pairwise comparison dominance
deviation (dominance deviation for short):

A(%17) =D(3,7) — % (6)

If A(7,7) € (0, %] then 7 anticipates 7 more than viceversa and
if A(7,7) € [—%, 0) then 7 anticipates 7 more than viceversa. In
the practice from the collected E2E workflow response time, we
construct the Empirical Cumulative Distribution Functions (ECDFs)
F (t) = %lesg where N is the total number of samples. Therefore,
starting from the collected data, the Empirical Probability Density
Functions (EPDFs) ]? (t) can be obtained by discretizing the time
range into bins and computing the relative frequency of samples
within each interval. Thus, we calculate D(7, 7) and A(7, 7) by re-
placing the PDF and CDF in Eq. (5) with their respective empirical
formulations and performing numerical integration.

4 Experimental results

Low-workload scenario. We perform the low-workload exper-
iments by sending a workflow request only once the preceding
request has been fully served. Table 1 shows the dominance devia-
tion achieved by our approach with respect to each baseline: for
each workflow, our approach provides the best performance if it
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Table 1: For each workflow model and workload conditions, dominance deviation achieved by our approach with respect to
each baseline. Our approach outperforms in case of positive dominance deviation value.

workflow  structure low-workload conditions high-workload conditions
A(ours, CAP) A(ours, TDP) A(ours, BDDP) ‘ A(ours, CAP) A(ours,TDP) A(ours, BDDP)

M1 D2-B3 0.0374 0.1796 0.1194 0.0363 0.2739 0.0923
M2 D2-B3 0.0097 0.1569 0.2086 0.0414 0.2556 0.3740
M3 D2-B4 0.0335 0.3073 0.1115 0.0210 0.4954 0.1416
M4 D2-B4 0.0038 0.1439 0.1754 0.0632 0.4920 0.3533
M5 D3-B3 0.0354 0.4136 0.2613 0.0164 0.4518 0.2791
M6 D3-B3 0.0668 0.0241 0.2205 0.0850 -0.0257 0.2074
M7 D3-B4 0.0712 0.1809 0.2124 0.0927 0.2183 0.2382
M8 D4-B3 0.0827 0.1637 0.1714 0.0853 0.1809 0.2054

A Mean 0.0426 0.1963 0.1850 0.0551 0.2928 0.2364

achieves positive dominance deviation with respect to each base-
line, while the baselines provide better performance with respect to
each other in decreasing order of dominance deviation (i.e., lower
dominance deviation indicates better performance).

Under low-workload scenarios, the proposed approach demon-
strates robust and consistent superiority over all competing method-
ologies. Our approach achieves the most significant performance
gains against the TDP baseline, with A(ours, TDP) reaching as high
as 0.4136 (M5). This indicates that strategies based exclusively on
topology awareness are insufficient to achieve the performance
achievements of the proposed method. The proposed methodology
consistently outperforms BDDP, achieving deviation scores be-
tween 0.11 and 0.26. This highlights the limitations of provisioning
strategies that depend exclusively on duration analysis. Conversely
to the topology-only (TDP) baseline, the BDDP results indicate
that duration data lack the necessary context when used in isola-
tion. This outlines how combining the service duration knowledge
with the workflow topology is indispensable for achieving supe-
rior provisioning results in terms of E2E distribution. Surprisingly
the margins against the CAP baseline are generally tighter with a
mean dominance deviation of 0.0426. This results from the choice
of the distributions for the elementary actions. Indeed it is critical
to contextualize these results within the mechanics of Kubernetes
resource scheduling. CPU limits are enforced via the Completely
Fair Scheduler (CFS) bandwidth control, which typically operates
on a 100 ms period. Consequently, a limit of 500 mCPU grants a
container 50 ms of runtime per period. For microservices character-
ized by short processing times (e.g. < 100 ms), the execution can
complete within the initial time slice. In such "short-job" scenarios,
processing time becomes invariant to provisioning levels, allocating
100 mCPU versus 1000 mCPU yields identical processing times as
long as the quota is not exhausted. Consequently, although CAP
demonstrates surprisingly good performance in these experiments,
it might not ensure comparable stability in scenarios where pro-
cessing times exhibit greater skew or longer absolute durations
than those analyzed here.

Collectively these findings suggest that our approach consistently
outperforms all baselines by maintaining a better response time
distribution under low-workload conditions.

High-workload scenario. We perform the high-workload experi-
ments by sending workflow requests with exponential inter-arrival
time with rate % 1, where u denotes the workflow average response
time measured at low workloads across the CPU allocations pro-
vided by our approach and the baselines. In this high-load scenario,
our method maintains superior performance compared to the other
cases. In fact, our method ranks first in terms of dominance devi-
ation in 7 out of the 8 tested workflows. As shown in Table 1, it
can be observed that the average dominance deviation for TDP and
BDDP is higher under high-load conditions. This was expected, as
suboptimal provisioning leads to performance degradation when
the load increases, correspondingly raising the pressure on certain
services that may be under-provisioned. In only one instance does
our approach rank second (M6). In this specific case, the work-
flow features a significant presence of split-merge nodes, both at
the root and within intermediate tree nodes. This implies that the
topological structure plays a more critical role than task duration
knowledge. Consequently, it is observed that TDP performs signifi-
cantly better than BDDP in this scenario. Despite this, the proposed
approach continues to outperform the other methods. As shown
in Fig. 2, TDP proves to be the least stable method when transi-
tioning from low to high workloads (M1, M7, M8). Indeed, the
highly unbalanced resource provisioning causes this method to
suffer significantly as the load increases, generating substantial
queues in under-provisioned services and consequently degrading
performance. The CAP method exhibits sustained stability, even
under high workload conditions. This behavior can be attributed
to the fact that the selected workload magnitude does not induce
excessive stress within the system. Consequently, performance pat-
terns observed during low-workload regimes are often mirrored in
high-workload scenarios.

Except for M6, these results confirm that our approach maintains a
clear performance advantage across all high-workload scenarios.

Threats to validity. Our experimental setup uses a single-node
Minikube environment. This limitation is mitigated by the observa-
tion that the processing times of the individual services far exceed
network communication delays. Thus, the additional latency in-
herent in a distributed multi-node cluster would have a negligible
impact and would not affect the choices made by the provisioning
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Figure 2: Workflow E2E response time distribution achieved by our approach and the baselines.

method. Moreover, we use synthetic workflow topologies rather
than those of benchmark applications. We mitigated this concern
by randomly generating a substantial number of topologies, which
permitted us to perform a sound experimental evaluation.

5 Conclusions

We have presented a resource provisioning strategy for microser-
vices workflow that effectively integrates topology and processing
time distribution knowledge. The experimental analysis conducted
in this study suggests that in low-workload scenarios, our approach
consistently achieves better performance in terms of dominance
deviation compared to all baselines. The results confirm that this
superiority is maintained and amplified under high-workload con-
ditions. Collectively, these findings indicate that jointly considering
the workflow topology and the duration distributions is essential
for robust resource provisioning across varying load intensities.
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