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Abstract—Cloud-hosted applications can experience significant
latency, particularly for users located far from data centers.
Edge computing mitigates these issues by distributing processing
across geographically distributed locations. However, the limited
resources at edge sites must be carefully allocated across appli-
cations to avoid contention that would outweigh the benefits of
lower network latency. We present Scylla, a multi-application,
latency-aware scheduler for edge/cloud environments. Scylla
accurately predicts the relationship between resource allocation
and tail latency using a queuing model faithful to the load
distribution mechanisms used in Kubernetes. It then computes a
global scheduling plan for multiple applications that ensures the
respect of tail latency objectives, while minimizing the volume or
cost of necessary edge resources. We evaluate Scylla on real-world
infrastructure using Kubernetes and several latency-sensitive
applications, including edge AI workloads. Our results show that
Scylla effectively predicts tail latencies and makes scheduling
decisions that utilize just the right amount of resources with low
computational overhead.

Index Terms—Edge-Cloud Continuum, QoS-aware Scheduling,
Tail Latency, Kubernetes, Combinatorial Optimization

I. INTRODUCTION

Edge computing extends cloud offerings based on large
data centers with geographically distributed resources. The
proximity of edge sites is a vital asset for enabling latency-
sensitive applications, such as augmented and virtual reality,
IoT measurement and actuation, and more generally, the
emerging class of Edge Al applications that require fast and
predictable inference times [1].

The deployment of applications across the continuum of
cloud and edge sites requires careful planning. While it may
seem natural to deploy application instances at edge sites close
to their users, the limited resources at these sites may lead
to increased response times due to contention, a phenomenon
known as the performance inversion problem [2]. Furthermore,
latency-sensitive applications generally define their Service-
Level Objectives (SLO) as the worst-case service time they
can bear, i.e., as their tail latency, expressed as a maximum
for a high percentile of service-time distribution (e.g., the
maximum acceptable latency for the 99" percentile of this
distribution, or P99 for short). During peak demand periods,
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resource contention between applications can lead to degraded
performance, commonly referred to as the noisy neighbor
problem, and the violation of these tail latency SLOs. While
applications under contention may decide to spawn new in-
stances at more edge sites, doing so individually can lead to
global issues, such as cascading contention and SLO violation
cycles, ultimately resulting in poor global resource utilization.

Existing solutions for scheduling latency-sensitive applica-
tions often fail to consider the predictability of tail latencies
and the effects of contention, or do not account for the
distributed nature of the edge-cloud continuum. Latency-aware
schedulers were proposed for cloud-only applications [3]-
[5], including for multi-component applications [6], [7], but
without consideration of resource limitations at a collection
of sites and different network latencies between these sites.
Works targeting the edge-cloud continuum focus on a single
application [8]-[11], and generally target mean service times
rather than tail latency [9]-[11].

Contribution. We argue that a global scheduling approach
is necessary to allow the deployment of multiple applications
in the edge-cloud continuum. In contrast to approaches that
schedule applications independently [8]-[11], a global ap-
proach enables achieving resource allocations that allow every
application to meet its SLO, avoid cascading contention, and
optimize resource utilization.

We demonstrate the interest of global edge-cloud scheduling
with Scylla, a scheduler that holistically considers multiple
applications and multiple edge and cloud sites. Scylla com-
bines accurate models of applications’ tail latencies, including
queuing time under concurrent requests, with knowledge of
network latencies. It generates global placement plans that
ensure the tail latency SLOs are met for all applications. Scylla
supports global optimization objectives that extend beyond
the individual view of applications, allowing for system-wide
optimization of resource utilization and costs.

Scylla builds upon the following contributions:

1) We propose a model that predicts both the mean and P99
latency of users’ requests to applications. This model
builds upon queuing theory, accounting for network
latencies and request queuing times under contention.

2) We define the global scheduling problem of multiple



applications in the edge-cloud continuum as an opti-
mization problem. This enables the respect of appli-
cations’ tail latencies while setting global optimization
objectives, such as minimizing the number of sites used,
overall resource consumption, or deployment costs.

3) We identify the NP-hardness of this global scheduling
problem and propose efficient heuristics that provide
near-optimal solutions in practical scenarios at a sig-
nificantly reduced computational overhead (up to 500x).

4) We integrate our scheduler into a multi-site Kuber-
netes [12] installation, enabling the holistic scheduling
of multiple applications.

We evaluate Scylla on a real testbed with emulated rep-
resentative network latencies. We use four latency-sensitive
applications and three different global optimization objectives.
Our results demonstrate the ability of Scylla models to accu-
rately predict application tail service latency when deployed
on Kubernetes and subjected to requests from multiple in-
dependent clients. The placement plans computed by Scylla
ensure compliance with P99 latency SLOs for all applications,
even during high concurrency, while using only the necessary
resources. In contrast, the state-of-the-art research scheduler
INVAR [9] and the Kubernetes HPA built-in auto-scaler fail to
meet these objectives, resulting in tail latency SLOs violations
of up to 171% under the same conditions.

Outline. Section II overviews related work. Section III details
our problem statement. Section IV describes our scheduling
algorithm. Section V extensively evaluates the performance of
Scylla in a Kubernetes testbed, compares it to INVAR [9],
Kubernetes’ HPA, and local-first heuristic, and discusses our
approach’s advantages and limitations. Section VI concludes
the paper and discusses future work.

II. RELATED WORK

Several approaches have been explored for scheduling appli-
cations across the edge-cloud continuum. Simple approaches
rely on reactive auto-scaling techniques, e.g., based on thresh-
olds on average CPU utilization [13], [14]; Kubernetes’ HPA
mechanism is based on this principle and commonly used
in production [15]. More advanced approaches employ a
predictive approach based on analytical models that forecast
the performance of applications and their response to resource
allocation [2], [5], [10], [11], [16]-[18]. This forecasting may
use machine learning, requiring sufficient historical telemetry
data [3], [4], [7], or simpler analytical models. In this latter
class, INVAR [9] explicitly targets edge-cloud settings and
aims to avoid the performance inversion problem [2]. Its model
uses queuing theory to predict the mean end-to-end latency for
an application and determine the number of required instances
at edge sites, along with mapping users to these sites, using the
deployment budget as the optimization objective. LASSY [8]
extends over INVAR by considering tail latency (P99), but
remains limited to scheduling a single application.

Cloud-focused schedulers [3]-[7] employ complex but often
horizontal models, i.e., without awareness of the distributed
nature of the infrastructure and of users’ locations; the closest

Fig. 1: A typical edge-cloud continuum infrastructure.

among them to our setting, FIRM [3] and Sora [5], target
SLO-aware resource management but assume a single dat-
acenter and do not model heterogeneous network latencies
across distributed sites. Schedulers targeting an edge-cloud
setting focus on a single application at a time, forfeiting
the ability to globally optimize SLO-compliance and resource
utilization [2], [8]-[11], [16], [17]. Moreover, most of these ap-
proaches are only validated through simulations: for instance,
the INVAR [9] queuing model has been shown to be ill-
matched to the load balancing and request dispatching mecha-
nisms used in modern cloud stacks such as Kubernetes [8]. To
the best of our knowledge, no existing system simultaneously
accounts for an edge-cloud distributed setting, realistic latency
models validated against production deployment systems such
as Kubernetes, and a global optimization approach across
multiple applications.

III. PROBLEM STATEMENT AND SCOPE

We now describe the targeted edge-cloud continuum archi-
tecture and detail the challenge of globally scheduling multiple
applications that we address in this paper.

A. The Edge-cloud Continuum

The edge-cloud continuum model that we consider in this
work, illustrated by Figure 1, aligns with the model used
by related work [2], [8], [9], [13], [19]. Cloud sites are
large data centers equipped with massive computing resources,
whereas edge sites are small data centers or server stacks with
more limited resources. Geographically, cloud sites are located
far from densely populated areas where most users reside,
whereas edge sites are positioned closer to these users. As
a result, cloud sites offer abundant computing resources but
incur significantly higher network latency for most users than
edge sites [20].

Most users are concentrated in densely populated regions,
such as towns or cities. Users who share similar network
latencies to various cloud and edge sites can, therefore, be
identified as a group [21]. We refer to such a group of users



as a Local User Group, or LUG for short, and treat it as a
single entity, following the approach of prior studies [8], [9],
[22], [23] and industrial practice [24], [25].

We focus on services that involve a synchronous request-
response loop between the user and the back-end, involving
computations of varying complexity, from lightweight real-
time services to more complex edge Al applications. Such ser-
vices can be effectively deployed as stateless, monolithic appli-
cations across different sites, e.g., as containerized instances.
Statelessness here means that any instance can handle any
request, a design widely regarded as efficient and modern [2],
[3], [5]. Each instance of a given application consumes a fixed,
equal amount of computing resources, whereas instances of
different applications have different resource requirements. To
accommodate varying workloads, the application can scale out
or in by adding or removing instances on a site or across sites.
However, the resources allocated to a specific instance remain
fixed; we do not vertically scale individual instances up or
down by modifying their assigned resources.

We consider that each cloud and edge site uses Kuber-
netes [12], a widely used open-source orchestration platform
for containerized applications. In Kubernetes, each physical or
virtual machine is referred to as a node, and the application
instances running on them are called pods. To expose a group
of pods as a single network endpoint, Kubernetes uses a
service, which abstracts and load-balances traffic across the
same pods. A service proxy, kube-proxy [26], routes incoming
user requests to individual pods using a random dispatch
method. If the selected pod is busy, the request is queued at
that instance, as illustrated in Figure 1.

B. Challenge

We consider a multi-application setting. Each application
may receive requests from different LUGs and aims to serve
these requests with a target Service Level Objective (SLO).
This SLO relates to the end-to-end tail latency, i.e., from the
moment the client in a given LUG sends the request until the
response is received. It is defined as a maximal acceptable
value for a high percentile of the latency distribution. We use
the 99" percentile, or P99, in the remainder of this paper.

The problem at hand is to decide and instruct Kubernetes
instances at all cloud and edge sites to bootstrap new ap-
plication instances, and to decide on the mapping between
LUGs and sites (i.e., all requests from a LUG for a given
application are directed to a specific site, as commonly used by
hyperscalers to enable local caching [24], [25]). The primary
goal is to determine a placement and mapping that enables
meeting SLOs for all applications. A secondary goal is that
this placement aims to be minimal with respect to a global
optimization objective. Examples of such global objectives
include minimizing the number of instances deployed overall
(and thus reducing fragmentation), minimizing the number of
sites supporting instances (and thus allowing unused sites to
be shut down), or minimizing overall deployment costs when
each site is associated with specific billing criteria.

Name  Description

st € ST Cloud and edge sites
app € APP Applications
nslotsst  Slots of computing resource available at site st
lug € LUG Local user group(s)
liug,st ~ Round trip netw. latency between user group lug and site st
Alug Request rate of user group lug
lugapp,,, Application used by LUG lug
Slots required by each instance of application app
Happ Service rate of an application instance
Cst Cost per slot at site st

eelgyy  SLO: Maximum P99 latency for application app

Oapp

ninstss¢, app Instances of app deployed on site st

lugsitey,, Site that user group lug is directed to
Set of user groups sending requests for app to site st
Queueing delay at site st for app

Lst,app
Wst, app

TABLE I: Model parameters (top) and variables (bottom).

Deploying an application instance on the “closest” edge site
to a given LUG yields the lowest networking latency, but this
is not always feasible or desirable. As multiple applications
compete for edge resources, a single site may not suffice
to serve all the closest LUGs. In the worst case, contention
can result in end-to-end latency worse than that of a cloud
deployment [2]. Furthermore, this may require deploying in-
stances across multiple sites for the same application, resulting
in increased costs and resource fragmentation (i.e., allocated
resources that are not fully utilized). The choice of a placement
and mapping to a LUG is the result of a tradeoff between
networking and queuing latencies on the one hand, and the
volume and cost of allocated resources on the other hand.
Intuitively, deploying an application instance close to a LUG
results in lower network latency and allows for more slack in
queuing requests while still respecting the SLO. In contrast,
deploying such an instance at a more distant site may require
more resources to achieve lower maximum queuing delays
and guarantee the same SLO. Global scheduling enables de-
termining trade-offs between latency and resource usage across
all applications while meeting their SLOs and minimizing a
global optimization objective.

IV. SCHEDULING WITH SCYLLA

We now formalize the scheduling problem introduced in
Section III and show how suitable scheduling fulfilling the
SLOs of all applications and minimizing operational costs can
be obtained. The symbols used in the following definitions are
summarized in Table I.

A. System and scheduling model

In our model, an edge-cloud infrastructure consists of mul-
tiple cloud and edge sites ST = {st1,..., st|gr|}. Each site
hosts servers that provide a certain amount of computation
resources. We abstract from the individual machines and
express the available resources at site st € ST as a number
nslotss; € N of uniform computation “slots”.

We extend our previous work [8] and consider the set
of monolithic applications APP = {app1,...,app|app|},



for which instances can be deployed at the different sites.
Each instance of an application app requires an application-
specific number o, of computation slots. One of the tasks
of the scheduler will be to determine the number of instances
ninstsst app € NU O of app that should be deployed on site
st, subject to the resource constraints

Z NINStS s, app * Tapp < NSlotsg, for all st € ST. (1)
appEAPP

The instances of an application app serve user-issued re-
quests. We assume that each request requires a constant service
time ﬁm) and, therefore, an instance can serve requests at a
rate of f1,p,. As we will see in Section V, this model provides
excellent results for a wide range of applications, including
those employing machine learning models, where the service
time is primarily determined by a constant inference time.

As motivated in Section III-A, a local user group lug €
LUG = {lugy,...,lug Ly} stands for a group of clients
in the real world who are geographically close to each other
and have similar network latencies to the different sites. The
round trip network latency between a group lug and site st is
given by l;,4,c. We assume that a group lug sends requests
to exactly one application lugapp,,, € APP and one site
lugsitey,, € ST (without loss of generality, as the same group
of physical users can be represented by multiple LUGs sending
requests to different sites and applications). We assume that
the number of requests sent by group [ug per time unit follows
a Poisson distribution with rate Aj,; € Rxg. This follows from
the idea that LUGs represent large numbers of independently
acting real-world clients.

Scheduling the set of applications A PP means determining
(a) how many resource slots ninstsg; app - Oapp to allocate for
each application on each site, and (b) which LUG should be
served by which site, i.e., lugsite lugs such that the application
SLOs are fulfilled. As explained in Section III-B, the SLO
of application app specifies that the probability that a request
experiences an end-to-end-latency of less than eelj, " must be
greater than or equal to 0.99.

Following the request dispatching mechanism of Kubernetes
(see Section III-A), requests for an application app from
users to a site st are randomly and evenly dispatched to
the ninstss qpp instances running at that site. Under the
assumptions stated above, each of the instances can be treated
as an independent M |D|1 queue with service rate fiqp, and

arrival rate AJf5!  given by
\inst ZlugGLst:app Alug 2
st,app 2

NINSLS st app

where Ly qpp is the set of LUGs sending requests to applica-
tion app on site st:

Lst,app = {lug € LUG | lugsite,,, = st \lugapp,,, = app}.
3)

Since we assume that all instances of an application re-
ceive the same number of computation resources, all requests
processed by a site for an application experience the same

queueing delay distribution. The end-to-end latency of a
request sent by lug for application a := lugapp,,, to site
s = lugsite;,, is composed of the network latency ljg,s,
the queueing delay w, , at the instance serving the request,
and the constant service time 1. Accounting for application’s
SLO yields the following set of constraints:

1
P(llug,s + Ws,q + — < eel;naz) > 0.99
Y

with a := lugapp,,,,, s == lugsite,,,, for all lug € LUG.
“4)

We assume that the size of the requests and responses
is small compared to the network bandwidth, i.e., the net-
work latency does not depend on the individual requests and
responses. Furthermore, similarly to previous work [9], we
assume that network latencies between users and sites in the
continuum are relatively stable. This allows us to approximate
liug,s by the average network latency l_zug,s and to write the
constraints (4) as

= 1
P(ws,a < eel;naa: - llug,s - ;) >0.99

a

for all lug € LUG. (5)

The probability P(ws, < -) in constraints (5) is the
queueing delay distribution of the M|D|1 queue. It is given
by [27]

inst

Plws, <t)=(1—-—2%).

Ha
[tta] y i
st (g _p @/ e — 1) inst\i
3 N/ t)%(xmt). 6)
i=0 '

B. Scheduling as optimization problem

In general, the scheduling problem presented above will
have multiple solutions. An optimization objective is there-
fore necessary to select the best solution. Since edge-cloud
providers often charge fees based on allocated resources, one
such objective could be to minimize these fees, i.e.,

by

steST ,appeE APP

min Cst - MINSS st app * Tapps @)
subject to the constraints (1) and (5), where cg; is the cost of
a slot at st. The solution of this mixed-integer programming
problem is the optimal instance allocation ninsts; qp, for all
sites st and applications app, as well as the user mapping
lugsite,,, for all user groups lug.

Alternative objectives can be easily formulated. For ex-
ample, the infrastructure operator could want to min-
imize the number of used sites, ie., min|{st €
ST | 3 ppeapp Minstsst app > 0}[, as the unused sites can
then be shut down to save energy.

Some of the model parameters, namely the request rates
Ag of the user groups, the average network latencies [lug,st,
and the service rates f(i,pp, have to be determined before
scheduling can take place. We consider the techniques used



to establish these parameters to be outside the scope of this
paper, given that they have been discussed at length in existing
literature. These include direct and indirect techniques for
estimating network latencies [28] and methods for determining
arrival and service rates based on previous observations [13].

C. Layered Permutation Search heuristic

The above optimization problem, as a generalized variant of
the multiple knapsack problem extended with latency require-
ments, is commonly known as NP-hard.

Global optimization. Modern solvers employ advanced tech-
niques, such as branch-and-bound and cutting planes, to solve
such problems efficiently for small-scale scenarios. Scylla
specifically uses the Gurobi Optimizer [29]. We denote the
solver algorithm that computes the optimal solution for our
scheduling problem as Gop. Unfortunately, for larger-scale
scenarios consisting of numerous sites, applications, and local
user groups, the exponential growth of computation time for
Gopt is prohibitive.

Full permutation search. One way to reduce the computation
time is to use a greedy algorithm Hgy; with full permutation
search: We could first schedule application app, by running
Gopt with just app, and its users, then schedule app, on
the remaining resources, and so on until all applications are
placed. However, such an approach is sensitive to the order
in which applications are considered. Such full permutation
search of all |[APP|! application orderings would, thus, be
necessary to avoid suboptimal solutions. While G, with
a single application in each permutation can significantly
reduce computation time, a full enumeration of all |APP|!
permutations exhaustively explores the sequential decision
space to approach the global optimum, it is computationally
intractable for large |APP].

Layered Permutation Search. To address computational
complexity, we propose the Layered Permutation Search (LPS)
heuristic Hyps (Algorithm 1). Instead of enumerating all
|APP|! permutations, Hyps takes a depth parameter d and
evaluates all ordered prefixes of d applications, while ap-
pending the remaining |APP| — d applications in a random
order. For each permutation, applications are scheduled se-
quentially via Gop (lines 6-13): for each application in turn,
Gopt determines the optimal instance count and LUG to ST
assignment subject to the tail latency SLO constraint and the
remaining available resource budget; if no feasible placement
exists, the permutation is discarded and the next one is tried.
If the resulting solution &’ yields a lower objective value
f(8’) than the best found so far, the global solution is updated
(line 15). By increasing d from 1 to | APP|, the search space is
explored progressively: at d = 1, only | APP| permutations are
evaluated, while at d = |APP)|, all |APP|! permutations are
covered. The depth d thus acts as a tunable trade-off between
solution quality and computational cost.

The LPS strategy can be viewed as a generalized Beam
Search [30] where the beam width is determined by the prefix
depth d. By exhaustively exploring all permutations at a fixed

Algorithm 1 Hpg: Layered Permutation Search Heuristic

1: Input: d > Desired depth parameter
2: S+ 0,V <+ o0 > Best solution and objective value
3: P < GeneratePrefixPermutations(A PP, d)

4: for m € P do

5: avail_resources < nslotg, S’ + 0
6: for app in 7™ do

7: Gopt(app, avail_resources)

8: if scheduling feasible then

9: Update S’ and avail_resources
10: else

11: S’ + 0; break

12: end if

13: end for

14:  if S’ #0and f(S’) <V then

15: S+ S8,V <+ f(8)

16: end if

17: end for

18: return S

depth, LPS transforms from a high-breadth heuristic into a
progressive full-space search as d increases.

V. EXPERIMENTAL EVALUATION

We provide a detailed experimental evaluation of Scylla and
answer the following research questions (RQ):

¢ RQ1: How accurate are Scylla’s latency predictions and
queueing model when compared to applications running
over Kubernetes in a realistic deployment setting?

e RQ2: How does Scylla perform in complex scenarios
consisting of multiple sites, applications, and LUGs?

o RQ3: What is the impact of different global optimization
objectives, such as the minimization of used slots, open
sites, or global costs?

e RQ4: Does H;ps provide a scalable alternative to Gop
and Hpy while preserving solution optimality in practical
multi-application scenarios?

We support reproducibility and provide our code, the exper-
imental setup, and instructions to reproduce our work [31].

A. Experimental setup

We perform all our experiments on a testbed cluster and
do not use simulations. We used 22 cluster nodes, each with
an 18-core CPU (Intel Xeon Gold 5220) and 96 GB of RAM.
We deploy Kubernetes with a dedicated node hosts the control
plane, and logically isolate groups of nodes using labels to
form cloud and edge sites as well as LUGs.

For reproducibility and flexibility, we utilize network em-
ulation to replicate WAN latencies between LUGs and the
different sites. We implement a network topology generator
that utilizes network coordinates in an Euclidean plane and
decides on latencies between all system actors as the distance
in that plane [28]. We emulate the resulting latencies with zc.

LUGs and load injection. We emulate LUGs workloads
using httperf [32], a load generator able to send requests to
a remote service at a high rate while accurately following a
Poisson distribution of inter-request times. This distribution
is key to emulating the behavior of a group of independently



acting users. The httperf processes corresponding to LUGs are
pinned on dedicated cores to avoid scheduling hazards.

Resource allocation. We allocate resources at cloud and edge
sites at the granularity of a slor with 1 CPU core and 1 GB of
RAM. Each application instance is deployed as a Kubernetes
pod by the control plane and uses a fixed, integer number of
slots. Slot capacity is homogeneous across sites.

Applications. We select four representative applications with
diverse resource needs. (a) Thumbnailing accepts a base64
string representation of an image and returns a resized image
in the same format. Each instance of Thumbnailing is assigned
one slot. (b) OCR implements text-recognition from an image
provided as input. We implement it using Tesseract [33], a
reference OCR engine based on an LSTM neural network.
Each instance of OCR requires two slots. (¢) MatrixProduct
multiplies two fixed-size matrices and returns the result. Each
instance of MatrixProduct is assigned two slots. (d) Transla-
tor implements a translation service. We implement it with
EasyNMT [34] and the neural machine translation model
Opus-MT [35], [36]. Translator is the most demanding ap-
plication, each of its instances requires eight slots.

We choose these applications for their diversity and rep-
resentativeness of latency-sensitive edge-cloud workloads.
Thumbnailing is network-latency-dominated with very short
service times, while MatrixProduct is compute-intensive. OCR
and Translator represent resource-heavy edge Al services with
relatively long response times, powering scenarios such as
augmented reality and mobile applications.

We use three runs of five minutes each for all experiments.
We discard the first 10% of measurements to eliminate warm-
up effects. We report averages over these three runs. Confi-
dence intervals were always negligible, hence we do not report
them in the figures.

Baselines. We compare Scylla to two baselines. The first
one is INVAR [9]. This scheduler generates placement plans
for edge-cloud scenarios, focusing on a single application
and SLO objectives based on mean end-to-end latency. The
second is Kubernetes’ built-in Horizontal Pod Autoscaling
(HPA) [15], one of the most commonly deployed resource
allocation mechanisms in industry. HPA triggers the scale-
out (i.e., adds instances) of applications reactively when their
average CPU utilization over a specified observation period ex-
ceeds a threshold. To account for our focus on latency-sensitive
applications, we set this threshold to 60% average CPU rather
than the default 80% [5]. In contrast with Scylla and INVAR,
HPA does not use a model of application performance but only
reacts to system-level metrics. For multi-site multi-application
scenarios in Section V-D, we also compare the placement plans
computed by Scylla to a local-first heuristic which abides
by the SLO requirements of each application, but uses only
resources on the closest edge site to each LUG and only uses
the cloud resource if resources at that edge site are insufficient,
mimicking a situation where application developers would be
in charge of deciding where to place their own application,
without global decision making.
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Fig. 2: Evaluation of performance and prediction accuracy
for applications’ single instances used in isolation and local

setting.

B. Baseline applications performance prediction

Our first experiment targets RQI1. It evaluates the quality
of Scylla latency predictions and compares them to those of
INVAR. More precisely, we evaluate whether the queueing
model used by Scylla is suitable to predict the tail latency
of requests sent to an application instance. To this end, we
deploy a single instance of each target application and send
requests at a controlled mean rate with a Poisson-distributed
inter-arrival time. We consider a local setting with no network
latency to focus on the estimation of queuing delays.

Figure 2 shows the measured mean and P99 end-to-end
latencies (EEL) for the four applications with increasing
request rates. The blue and red curves are the predictions
reported by Scylla’s M|D|1 model and INVAR’s M|M]c,
respectively. Note that INVAR does not provide a prediction
of tail latency but only of its mean.

Scylla accurately predicts the tail latency for lower to
medium request rates, with an average relative prediction error
of 11% across all four applications, only overestimating it
slightly for high request rates close to the saturation point.
In contrast, INVAR’s prediction of the average latency is
relatively inaccurate, with an average relative error of 49%.
This is due to the use of exponentially distributed service
times in INVAR’s model and to the mismatch between the
single-queue-multiple-server model used and how a Kuber-
netes installation dispatches requests to pods, an element that
INVAR’s simulation-only evaluation does not consider.

C. Model evaluation: Single-site scenario

Our second experiment continues the exploration of RQ1
and evaluates whether the latency predictions made by Scylla
allow determining the necessary scale-out to meet a target
P99 latency SLO. We focus on the Thumbnailing application.
Results with other applications, not shown due to space
constraints, are similar. We set an SLO of eel™** = 100 ms
and let Scylla decide on the number of instances for increasing
input request rates. We compare our results to those of INVAR
and HPA. For INVAR, which only supports mean latency
targets, we set its objective to 50 ms (half the P99 latency
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Network latency from LUG to site (ms) #1 #2 #3 #4 #5 #6 #7 \ #Imp
* % O L S o Yy o ® Thumbnailing 5 10 107 205 304 402 500 | 290
¢ ¢ NS o Ny & g & owr 5 10 19 24 33 41 50 |24
%\Q & 00 00 00% F EF F s MatrixProduct 5 10 29 46 66 82 100 | 46
S I TS STeTeEee Translator 305 6 71 8 9 10 |7
C 72 S1 38 58 34 31 34 60 57 42 60 60 TABLE III: Volume of requests for each of the four applica-
El 36 $3 56 108 16 49 8 10 61 42 60 110 . in th diff fi . . d
B2 36 $4 12 70 52 81 40 60 107 20 110 60 tions in the seven different configurations (in requests/second).
E3 36 $2 88 58 48 19 60 60 11 92 16 60
E4 36 $2 44 20 84 51 16 110 57 70 66 10

TABLE II: Resource and pricing for the cloud (C) and edge
(E) sites, and relative latencies.

target). As for the previous experiment, network latency is
zero between the single LUG and the single site.

Figure 3’s left-most plot shows the number of instances
deployed by Scylla, INVAR, and HPA. The three other plots
show the measured mean and P99 latencies for requests
for the three solutions, as well as predictions for Scylla
and INVAR. Scylla systematically determines the sufficient
number of instances for the Thumbnailing, with predictions
that closely match the performance of the application and of
the Kubernetes load balancing policies. In contrast, the number
of instances decided by INVAR is insufficient even if the mean
EEL latency stays well below the target 100 ms, leading to
P99 SLO violations of up to 171%. Similarly, the number
of instances decided by HPA (after convergence of the elastic
scaling process) is also insufficient, with violations up to 76%.

We answer positively to RQ1: Scylla latency predictions are
accurate compared to Kubernetes and allow effective scale-out
decisions for meeting a tail latency SLO for a given request
rate to a specific site. INVAR and HPA are unable to provide
this guarantee. As these baselines also do not consider the
scheduling of multiple applications, as we discuss next, we
do not consider them further in our evaluation.

D. Multi-site, multi-application scenario

We now proceed to answering RQ2 with a complex, multi-
site, and multi-application scenario.

Infrastructure. We consider one cloud site (C1) and four edge
sites (E1-E4). The capacity is set as 36 slots for edge sites and
72 for the cloud site. The “Price” column in Table II indicates
the price per slot and per unit of time for the different sites,
with the cloud being the cheapest and edge sites being 2 to

4 times more expensive. We select ten locations uniformly
distributed in the network coordinate Euclidean space and
having varying latencies to the sites, with one close-by edge
site and varying latencies to the cloud and other edge sites (the
cloud is not necessarily the farthest away site for a location).
The network latencies between the locations and the sites are
based on the measurements of Ali et al. [2] and presented in
Table II. At each location, we place four LUGs (one LUG for
each of the four applications), thus 40 LUGs in total.

Applications SLOs. We use the four applications and set P99
latencies as follows: eel™®* = 100 ms for Thumbnailing,
eel™™ = 400 ms for OCR, eel™® = 200 ms for Matrix-
Product, and eel™** = 800 ms for Translator. Each instance
of an application deployed by Scylla uses the number of slots
detailed in Section V-A.

Load configurations. We consider a gradual load increase
scenario through seven configurations, i.e., distribution of
request rates from the LUGs to the four applications. Table III
provides the fotal request rate for each application in these
configurations labelled #1 to #7. This total rate is distributed
among LUGs using a normal distribution. Each configuration
gradually increases the volume of requests, and thus the
necessary resources to serve them.

Impulsive load configuration. In addition, a configuration
named #Imp represents an “impulse” scenario based on con-
figuration #4, where the request rate for the Thumbnailing
application increases by an additional 85 req/s coming from
LUGI. This represents a sudden surge in user activity, such
as a local event. This selective amplification of load enables
the evaluation of Scylla performance under highly skewed
demand conditions, where a single user group generates a
disproportionate volume of requests. The rightmost column
in Table IIT shows the total request rates from all 10 LUGs
for each application under configuration #Imp.
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Fig. 5: The placement plan generated by Scylla for all configurations in multi-site multi-app scenario under three optimization
objectives. Each bar with a color represents the number of resource slots consumed by an application on each site.

Optimization objectives. We consider three different global
optimization objectives. The first one, named “min_slots”,
aims to reduce the number of used slots overall without
consideration of price or the number of activated sites. The
objective of min_slots is min} ¢y ninstss - Tapp. The
second one, named “min_cost”, minimizes the total cost of the
deployment based on the slot unit price defined in Table II. The
objective of min_cost is min ., gy Css - NiNStSst - T app. The
third objective, “min_sites”, aims to limit the number of active
sites, i.e., hosting at least one active slot. This objective allows
shutting down unused sites and saving energy. The objective of
min_sites is min [{st € ST | }_,  capp Ninstsst,app > 0}].
We emphasize that these three global objectives are intended
to be illustrative. Scylla would support the easy integration of
additional policies, e.g., based on carbon footprint [37] or the
nature of electric sources [38].

Results. Figure 4 shows the distribution of observed P99
latencies for all configurations, while Figure 5 graphically
represents the number of slots used by each application on
each site for configurations #1 to #7.

Config \ Objective Used slots Total cost Used sites

min_slots 73 105 4

“ min_cost 77 99 4
min_sites 107 143 2

| local-first 92 243 4
min_slots 152 312 5

#7 min_cost 156 276 5
min_sites 178 321 4

| local-first 160 368 5

TABLE IV: Global results obtained with the three optimization
objectives and local-first heuristic as baseline in configuration
#3 and #7 as examples.

The placement plans (number of instances and assignment
of LUGs to sites) decided by Scylla successfully keep the
mean of the observed P99 latency below the SLO for all
applications, thereby positively answering RQ2. We observe
minor violations for the Thumbnailing application for the
maximum of the tail latency distribution, but not for the other
applications, with a single exception for Translator under
configuration #5 for the min_cost objective. Overall, the tail
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latencies observed in configurations decided by Scylla closely
match the requirements. This includes the #Imp scenario,
represented to the right of Figure 4 and compared to configu-
ration #4, showing that Scylla can effectively generate suitable
placement plans for a wide range of scenarios, including
demand bursts from specific LUGs.

The results of the three optimization objectives are visible
on the distribution of slots per site given by Figure 5. For
the min_slots objective, we observe that edge sites are used
starting from the first configuration. Scylla places Translator,
the heaviest application, on the cloud site (but with sufficient
resources to compensate for network latency by reducing
queuing). Other applications are deployed mostly at the edge,
as they require fewer slots than in the cloud for a given
workload, thanks to lower networking latencies. The min_cost
deploys instances preferentially in the cloud site due to its
lower cost, but starts using more expensive edge sites starting
from configuration #3, as the closer edge sites E1, E3, and E4
become competitive due to their better resource effectiveness.
When cloud resources are insufficient, starting from configu-
ration #4, minimizing this objective results in the balancing
of the instances over all sites, using the most expensive E2
only in configuration #7. Finally, the min_site objective result
in one site (E2) never being used, but also in more slots and
higher costs than the two other policies.

Table IV reports the numerical results under the three
optimization objectives together with the local-first heuristic
as baseline for configurations #3 and #7. Each objective from
Scylla achieves the best performance on its targeted metric.
Compared to the optimization-based solutions, the local-first
heuristic consistently incurs higher resource consumption and
cost. These results demonstrate that Scylla can be guided
to select SLO-compliant solutions for all applications while
optimizing different global objectives, thereby answering RQ3.

E. Heuristic algorithm evaluation

We finally evaluate the impact of the heuristic algorithm
Hyps compared to Gop and Hpy to answer RQ4. For all
experiments presented above, Hips and Gop return the same
scheduling solution.

To explore this further, we use the same parameters (5 sites
and 10 LUGs each application) as with the experiment in the
previous subsection except for the number of applications that
we vary from 1 to 10 under the min_slots objective. Figure 6
shows the computation times measured on an Intel CPU with
32 cores. We make use of Gurobi’s multi-threading capability
and let it use all cores when running Gp. For Hpy and Hyps,
we explore the set of permutations in 8 parallel processes and
give each Gurobi instance 4 cores.

We observe that computation times become prohibitive with
more than 4 applications for Gy due to the explosion of
the search space, and more than 6 applications for Hgy; due
to the factorial growth of the number of permutations, we
therefore omit these results for higher numbers of applications.
In contrast, the running time for Hypg is significantly reduced
(up to 500x), while yielding indistinguishable results when
the resources on each sites are relatively sufficient (less than
7 applications). When the resources at edge sites become
scarce (beyond 7 applications), placement plans computed by
Hips with d = 1 exhibit a larger optimality gap (around 5%)
compared to those with d = 2, highlighting the inherent trade-
off between runtime and solution quality in the heuristic.

Using Hyps is practical for periodic re-assessment of re-
source and LUG-to-site assignments even for complex, multi-
application scenarios, thus answering RQ4 positively.

F. Discussion

Our model of multiple independent M|D|1 queueing sta-
tions is well representative of Kubernetes dispatching mecha-
nism and allows modeling the tradeoff between queuing time
and network latency that matters greatly when scheduling for
tail latency. In some scenarios, Scylla slightly underestimates
the number of instances due to jitter in service time. One
possible approach is to estimate an upper bound on the
service time based on historical data and let Scylla generate
a placement plan that provisions sufficient instances to cover
the worst-case scenarios.

When resources are scarce, scheduling decisions become
tightly coupled and the feasible space shrinks, making ap-
plication ordering more critical. Our proposed Hips there-
fore exposes a controllable depth-runtime trade-off: exploring
more prefix permutations improves solution quality and moves
closer to the global optimum, while limiting the depth reduces
computation time at the cost of potential optimality loss.

Regarding scalability with the number of sites, the combi-
natorial complexity of Hypg stems from the factorial growth of
application permutations, not from the number of sites: each
Gopt call solves a single-application subproblem whose size
grows polynomially with the number of sites, and remains
tractable for the site counts typical of edge-cloud deployments.

VI. CONCLUSION

We presented Scylla, a scheduler for multiple applications
in the edge-cloud continuum. Scylla uses queuing models to
predict the tail latency of the end-to-end query-response cycle
of applications with distributed users. Scylla employs a global



scheduling approach that enables meeting each application’s
tail latency objective while optimizing overall objectives. The
evaluation of Scylla shows that it accurately predicts tail
latency and allocates resources in scenarios of increasing
complexity, unlike the closest state-of-the-art and standard
elastic scaling solutions.
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