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Abstract
Interference among co-located applications is a major con-
cern among Cloud Service Providers that aim to maximize
the utilization of their resources, while maintaining the qual-
ity of service for their tenants. Prior work relies on modelling
techniques that predict interference and support co-location
decisions, but fails to provide a practical solution that can ac-
commodate co-locations beyond pairwise placements, avoid
per-application offline profiling and seamlessly incorporate
new, unseen applications.
In this work, we propose a prediction model that can

drive multi-wise co-locations of applications within a CPU
socket through the use of unsupervised learning techniques.
By clustering applications based on resource access patterns
and leveraging co-execution results, our approach constructs
inferred heatmaps that facilitate co-location decisions across
multiple degrees.

CCS Concepts: • Computer systems organization →
Cloud computing; Processors and memory architectures; •
General and reference → Performance.

Keywords: cloud computing, clustering, unsupervised learn-
ing

1 Introduction
Cloud computing is a dominant paradigm, relying on large-
scale data centers that entail significant acquisition and op-
erational costs while offering substantial computing capabil-
ities. Maximizing resource utilization by co-locating work-
loads is essential for both profitability and user satisfaction.
However, the architecture of modern servers presents signifi-
cant challenges in resource allocation, since they incorporate
multiple cores and share resources in the memory hierarchy.

The main goal of a Cloud Service Provider (CSP) is to co-
locate as many applications as possible on every available
CPU socket to maximize resource utilization. Consequently,
limiting co-locations to pairwise placements fails to fully
exploit the capabilities of a compute node. However, the
shared nature of the resources (CPU, memory channels and
network interfaces) can cause degraded and unpredictable
performance [1, 8], potentially leading to Service Level Ob-
jective (SLO) violations.

Despite the extensive prior work on this field [1, 2, 5, 7, 8],
we still lack a practical solution for effective prediction of
the performance of applications in a co-location scenario.

A contention-unaware approach overlooks the interference
patterns between co-located applications, increasing the like-
lihood of SLO violations. Existing state-of-the-art approaches
rely on per-application offline profiling, fail to support the
co-location of multiple applications within a single node, or
require extensive retraining to handle unseen applications.
In this work, we propose a proactive model for applica-

tion characterization that relies on unsupervised machine
learning methods. Specifically, this model (a) can drive co-
location decisions of several co-location degrees beyond pair-
wise placements, (b) can be deployed online, since it requires
solely the collection of resource utilization metrics from iso-
lated executions, avoiding per-application offline profiling
and (c) can trivially handle unseen applications without the
necessity for extensive retraining.

2 Background
Aligned with prior research on the field [1, 2, 5, 6] we con-
sider that the set of SLOs includes the deviation of the ap-
plication performance when executed in a shared resource
environment, compared to the performance achieved when
executed in isolation. The performance indicator depends on
the nature of each application and can vary among through-
put, tail latency, execution time and others. We use slowdown
as Service-Level Indication (SLI), defined as follows:

𝑠𝑙𝑜𝑤𝑑𝑜𝑤𝑛 =
𝑝𝑒𝑟 𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑖𝑠𝑜𝑙𝑎𝑡𝑖𝑜𝑛

𝑝𝑒𝑟 𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒𝑐𝑜−𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛

Prior research on avoiding interference in co-location sce-
narios through characterization of applications can be cat-
egorized into two approaches. Several works focus on on
predicting the performance degradation of applications in
co-location scenarios [7, 8], while others classify applications
based on their resource usage and their likelihood to cause
or suffer from interference [2, 5].

A brute force model for slowdown prediction in a scenario
of 𝑘 co-located applications would look up the slowdown of
each application in a 𝑘-dimensional matrix, called heatmap,
derived by offline executions of the same co-locations. How-
ever, this approach is unrealistic since it requires 𝑁𝑘 offline
co-executions (𝑁 : number of applications hosted in the data
center) for every degree of co-location and would require
extensive profiling to accommodate unseen applications.

Zacarias et al. [8] proposed a regression model that aims to
converge to the brute-force model with pairwise co-locations
by predicting the performance degradation of each applica-
tion in a co-location scenario. The characterization requires
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the collection of performance metrics in an interference-
free environment, enabling the immediate deployment of
each application upon arrival. However, the information
from these predictions fails to provide insight on multi-wise
co-locations, as the pairwise results cannot be trivially gen-
eralized to a higher co-location degree.

In Pythia [7], Xu et al. accommodatemulti-wise co-locations
by extending pairwise approaches with models that predict
the degradation of each application in these scenarios. They
also assert the inaccuracy of simplistic additive models when
assessing slowdown in multi-wise co-locations. However,
the need for extensive retraining of the entire model when
encountering an unseen application limits its practicality for
deployment in real-world production environments.
Other works [2, 5] classify applications by co-executing

them with several micro-benchmarks of tunable intensity.
While such models can accommodate unseen applications,
the co-execution with these micro-benchmarks necessitates
a profiling step before the deployment of the application,
since the risk for SLO violations is high and inherent in the
methodology.

3 Our approach
In this work, we demonstrate a model for application char-
acterization that leverages unsupervised machine learning
techniques to perform interference-aware application co-
locations. The model employs clustering and matrix comple-
tion methods, in the attempt to approximate the ideal brute
force model, while avoiding its unrealistic and computation-
ally expensive pre-deployment phase.

Given a set of𝑁 applications that are expected to be hosted
in the CSP premises, the initial step is the collection of re-
source utilization metrics for each application in an isolated
environment, such as a single CPU socket without co-located
tenants. These metrics, obtained through performance coun-
ters, include CPU utilization, Instructions per Cycle, cache
misses at all levels, Last-Level Cache occupancy, memory
bandwidth usage, TLB misses, and incoming and outgoing
network traffic. These metrics capture the behavior and ac-
cess patterns of the application, and can be collected while
the application is running, due to the low risk of SLO viola-
tions, eliminating the need for offline profiling.

After collecting the resource utilization metrics, a cluster-
ing method is applied to group applications with similar re-
source access patterns. Among various clustering techniques
(KMeans clustering, Hierarchical Clustering or GaussianMix-
ture), we choose Correlation Clustering with incremental
updates [3, 4] due to its ability to incorporate new records
without requiring extensive retraining. This approach allows
for seamless integration of previously unseen applications.
The quality of the clustering results is dependent on the

similarity between the members of the same cluster and
the distance between the clusters, and can be measured

through different scoring methods that include Silhouette
score, Davies-Bouldin index and Calinski-Harabasz index.

The number of clusters that the clustering method yields,
indicates the number of distinct groups of applications with
similar resource access behavior. Supposing that the applica-
tions have been grouped into 𝑛 clusters, we can choose one
application per cluster as its representative. Using these 𝑛
representative applications, we construct 𝑘 heatmaps, one
for each degree of co-location. Each element 𝑖1, 𝑖2, ..., 𝑖𝑘 of
a heatmap indicates the slowdown of application 𝑖1 when
co-located with applications 𝑖2, ..., 𝑖𝑘 .

The required number of co-executions has a cost of𝑂 (𝑛𝑘 ).
Although this approach is significantly cheaper than eval-
uating all 𝑁 applications of the CSP, which would incur a
cost of 𝑂 (𝑁𝑘 ), it remains computationally expensive and
grows exponentially with 𝑛. To further mitigate this cost, we
employ matrix completion techniques, utilizing either Prin-
cipal Component Analysis (PCA) or Singular Value Decom-
position (SVD) to estimate missing values within a matrix.
Specifically, only a subset of the heatmap is executed, while
the remaining values are inferred throughmatrix completion.
This approach is expected to significantly reduce the cost of
heatmap construction up to an order of magnitude.
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