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Introduction



At the roots of Software Performance a3

Since early 70s... software
System Performance i SR
Valug = (g 0L (R

if valye .,'E::;:;xs[g“
Print 5 tyy ‘1"3 ]

mort oty "

= codecs. open "

text = 1_;::')‘( alle

f.close()

# open the file again for writyyg

f = codees.open(alle., v s

f write(values"\n")

# Write the original contests

End of 90s...

hardware

in performance
“contributors”...
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At the roots of Software Performance a3

softwa re

e (s iy
for 98 ety ' \
h3 n u“ f
Value = o 10000 oy
1f valyg 12 Sppeen(e)
i (rl,’,ﬂ
1mport cogeqe
1 = codecs ope Open("alle 1y,
tm f.read()
f.close()
# open the file again c
f = codecs. open( alle
f.write(values"\n"
o Wrice the onowl Lo

hardware

Software services

| User invokes use
software hardware
services resources

Software as a first-class artifacts in performance
assessment of computer systems
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At the roots of Software Performance <3

Performance parameters

softwa re

AT "’W ‘ y "Ly
for b3 i ""llex g.

Vllue oy oy,
i g °°";:;u[e1

user i hardware

s caes

= Codecs, open| k

tm ”e:::)( Qe v s
f.close()

# open the file again for writyy

f = codecs. open("alle. ",

f write(values"\n")

# write the origunal conte

: ’ Service demand

Amount of resources
needed to software

Workload

Number of
requests per \
unit of time

execution
: Service rate
Operational profile
Number of operations
Probability of execution of completed by each
"some part” of the software resource per unit of time
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At the roots of Software Performance a3

Easier experimentation of
s different SW solutions
e
o b e  onthe same HW platform (and

Valug < (2 ALy
if vnu.(?f'f::;:'gs[gh

print » i ) h d
user ;»J::.,;::;"M viceversa ardware

= codecs. open(“alle 11+ -, )
text = ”e:::)( Aot o
f.close()
# open the file again for writyy
f = codecs.open("alle.tit”, W', eonig
f write(values"\n")
# write the origunal contest

software

Not only
hardware bottlenecks to remove, but
also

software refactoring solutions

More knobs in the hands of performance analyzers!
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Software performance : <3
looking at last 25+ years

* Performance model generation:
languages and transformations Model

* Analysis results interpretation:
performance antipatterns

* Performance analysis at system execution time Code

—_—
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Performance model generation: languages and
transformations



Software Performance Engineering :

model generation

(Performance-annotated) Software/Architectural Model

— 2 2

Augmented — iy Wy

modeling

_—

Model Q\/_(
-

transformations

spence

Pe nc:

Vittorio Cortellessa, DISIM, Universita dell’Aquila 6

v

Performance Model

T o

languages .X< iy
e
(Perf-ann)SAM 2 PM

Performance Requirements
T
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Miguel de Miguel, Thomas Lambolais, Mehdi Hannouz, Stéphane Betqgé-Brezetz, Sophie
Piekarec: UML extensions for the specification and evaluation of latency constraints a

in architectural models. WOSP 2000
ET <<cyclicRT>>
CCGFacade {Maximum Utilization PTGFacade
of CPU 10000}

+addInitialFlightPlan() ET T>-.._ |<<concurrentRT>>

+assume(®.....oo..ofeees {Maximum Utilization +addFP! _I.Data(_) .
1 of CPU 2000} +operationPeriodic()
ET <<concurrentRT>>

{Maximum Utilization --Ql-g'el:FPIData()
of CPU 10000} 3 1
<<cyclicRT>> :“
1 ScenarioManager !

| +operationPeriodic() ’ /
, E 3} ;
locallncludePlan : K
{(Every 1000000 with 0) and j '
Priority ﬁ trackInfo
{1} {(Every 4000000 with 0) and j

(wert <= 1000000)}
(wert <= 4000000)}

Figure 1. Application of UML extensions in a static

di . : ..
rasram UML extensions: multiview aspects
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https://dblp.org/pid/59/6977.html
https://dblp.org/pid/43/884.html
https://dblp.org/pid/28/5734.html
https://dblp.org/pid/18/5604.html
https://dblp.org/pid/83/1554.html
https://dblp.org/pid/83/1554.html

C. Murray Woodside, Dorina C. Petriu, Dorin Bogdan Petriu, Hui Shen, Togeer Israr, José

Merseguer: Performance by unified model analysis (PUMA).

= AoquiniVides | P—
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Figure 4. A UML2 the Acquire/Store for the Build) System from (15]
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Astog>

Figure 3 UML1.4 Activity Diagram for the Acquire/Store Video Scenario for the building security system
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Figure 5 Core Scenario Model for the Video Scenario.
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Pivot language: multiple sources to multiple targets
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... any relationship to sustainability?

Our contribution to model-based
performance/sustainability joint analysis

>
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Vittorio Cortellessa, DISIM, Universita dell’Aquila

2024 IEEE 21st International Conference on Software Architecture (ICSA)
[ S O

Exploring sustainable alternatives for the
deployment of microservices architectures in the
cloud

Vittorio Cortellessa
SPENCER Lab
University of L’Aquila, Italy
vittorio.cortellessa@univaq.it

Abstract—As organizations increasingly migrate their applica-
tions to the cloud, the optimization of microservices architectures
becomes imperative for achieving sustainability goals. Nonethe-
less, sustainable deployments may increase costs and deteriorate
performance, thus the identification of optimal trade-offs among
these conflicting requirements is a key objective not easy to
achieve. This paper introduces a novel approach to support
cloud deployment of microservices architectures by targeting
optimal combinati of application performance, deployment
costs, and power consumption. By leveraging genetic algorithms,
specifically NSGA-II, we automate the generation of alternative
architectural deployments. The results demonstrate the potential
of our approach through a comprehensive assessment of the Train
Ticket case study.

Index Terms—sustainability, refactoring, performance, search-
based software engineering, model-driven engineering
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Daniele Di Pompeo
SPENCER Lab
University of L’Aquila, Italy
daniele.dipompeo @univagq.it

Michele Tucci
SPENCER Lab
University of L’Aquila, Italy
michele.tucci@univagq.it

ensure the long-term viability of cloud-based microservices
architectures.

A number of approaches [9]-[11] emerged in recent years
to optimize energy consumption and cost when deploying to
the cloud. Nevertheless, these approaches seldom address this
problem at the architectural level and, as a consequence, often
they lack the capability to empower designers with a compre-
hensive understanding of the intricate trade-offs emerging from
this task. This lack of understanding is further exacerbated by
the fact that the energy consumption of a microservices archi-
tecture is not only a function of the deployment configuration
but also of the user behavior [12].

In this paper, we aim to address this lack by presenting
a novel approach to explore sustainable solutions when de-
ploying microservices architectures in the cloud. Specifically,

wa avynlnit NQGA_IT 1121 tn oenerata diverca danlaumant
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of <ils
Microservices Architectures in the Cloud (ICSA 2024)

PROEBLEM DEFINITION SOLUTION SPACE EXPLORATION PARETO FRONT
Architecture as UML | I
Component, | |
Deployment,
and Sequence diagrams | Quantitative models |
| to evaluate the | . <
— objectives hij= Pea b
@: Objectives: | [ | 12,
0 - - performance . . s
f - - power consumption | Genetic algorithm: [ ;
— - deployment cost NSGA-II :
- refactoring complexity I I o [ . :
| Solution as sequence 1 - h ' e
) Refactoring actions: of refactoring actions - =
== - clone/remove a component | | '
<[> - move an operation
%’ - redeploy a component | I
| |
— —

spencer
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of 7
Microservices Architectures in the Cloud (ICSA 2024)

Objectives
Deployment cost Performance
Sum of the hourly cost of all the used Sum of the average response times of
nodes. all the types of requests.
Refactoring complexity Power consumption
Estimation of the effort required to Total power of a cloud instance by
refactor the architecture. combining active and scaled-down idle

. CPU power.
complexity = Z Chase(@) - Carcn(a, €)
aes
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of )12
Microservices Architectures in the Cloud (ICSA 2024)

Refactoring actions

Redeploy Existing Component Relocate Operation to Existing

Move a component to a new node while Component

maintaining its connections to all Move an operation to a different

originally linked nodes. (existing) component.

Clone Node Move Operation to New Component on
New Node

Create a replica of the node with its
components and connections. Complex action that creates a new node

and component to host an operation.
Remove Node

Remove a node and relocate its
components to other nodes.

Vittorio Cortellessa, DISIM, Universita dell’Aquila 6 ?pe!? cer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of
Microservices Architectures in the Cloud (ICSA 2024)

- Approach tested on Train Ticket Booking Service (TTBS), a web-based
application with 40 microservices.

« On three scenarios: Login, Update user details, and Rebook a ticket.

« We reverse engineered the architectural specification, including component,
deployment, and sequence diagrams (in UML format).

[ e

Eel
|

[0
i
4

------
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of 3
Microservices Architectures in the Cloud (ICSA 2024)

# initial solution @® baseline B power-aware
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of
Microservices Architectures in the Cloud (ICSA 2024)

User profiles

power (W): Login cost (USD/h): Login
mam power (W): Rebook a ticket I cost (USD/h): Rebook a ticket
N power (W): Update user details EmE cost (USD/h): Update user details

175 1 - 1.0
Sen « In some configurations, a single type of
. 0.8 request appears to be responsible for
§ 1251 i |. = most of the power consumption and cost
& 100 . 063 of the entire system.
.
o - =2
g 71 0.4
= oy ! 8 « This is the case for the Rebook a ticket
' I. 5 to2 scenario in solutions with higher values of
h LiL ' power and cost.
0 a0 L1 1L

initial sol.
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of
Microservices Architectures in the Cloud (ICSA 2024)

Frequencies of types of refactoring actions

Tvoe Target To Frequency
yp (N,C,0) (N,C) baseline power-aware

DROP  (N) verification 25.00% (13)  24.26% (66)
DROP  (N) login 2115% (1) 21.69% (59)
DROP  (N) order-other 19.23% (10)  24.63% (67)
DROP  (N) route-plan 13.46% (7)  15.81% (43)
REDO  (C)order-other  (N)new-node  7.69% (4) 0.74% (2)
DROP  (N)travelplan  — 3.85% (2) 2.57% (7)
MOVE  (0) login (C) ticket-info 1.92% (1) 0.37% (1)
MOVE (0) updateuser (C) travel-plan  1.92% (1) -

DROP  (N) rebook — 1.92% (1) -

DROP  (N) sso - 1.92% (1) -

DROP  (N) ticket-info - 1.92% (1) 0.74% (2)

MOVE  (0O) login (C) verification  — 1.47% (4)
CLON  (N)login - - 1.47% (4)
MOVE  (0) getbyid (C) rebook - 1.47% (4)
MOVE  (0) login (C) rebook - 1.10% (3)
DROP  (N) seat — - 1.10% (3)
MOVE  (0O) login (C) travelplan  — 0.74% (2)
MOVE  (0) rebook (C) order-other — 0.74% (2)
CLON  (N)ticketinfo  — - 0.37% (1)
MOVE  (0) login (C) sso - 0.37% (1)
MOVE  (0) modify (C) station - 0.37% (1)
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V. Cortellessa, D. Di Pompeo, M. Tucci
Exploring Sustainable Alternatives for the Deployment of
Microservices Architectures in the Cloud (ICSA 2024)

What changes when we consider the power consumption?

Tvpe Target To Freguency
P (N,C,0) (N,C) baseline  power-aware

REDO  (C)order-other  (N)new-node 7.69% (4) 0.74%(2)

« The component redeployment action (REDO) is more frequent in the baseline
experiment, adding new nodes. In contrast, focusing on power consumption
leads to node removal, even at the cost of performance.

« The MOTN action, moving an operation to a new component on a new node, is
absent in the super Pareto front of both experiments, likely due to the
complexity of creating new nodes.
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... any relationship to sustainability? ¥ 24 |

e Separation of software and hardware for sustainability modeling

* Modeling languages for representing sustainability metrics
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Analysis results interpretation:
Performance Antipatterns



Software Performance Engineering : P

results interpretation

cccccccc

Vittorio Cortellessa, DISIM, Universita dell’Aquila

How to (automatically)
interpret negative
analysis results?

How to generate
corrective actions on
the model???

‘_) S pencer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



Antipatterns : <&
Negative features of a (software) system

» Conceptually similar to design patterns: recurring
solutions To common design problems

» The definition includes common mistakes (i.e. bad
practices) in sof fware development as well as their
solutions

» What to avoid and how to solve (performance) problems!

W.J.Brown, R.C. Malveau, H.W. Mc Cornich III, and T.J. Mowbray.
"Antipatterns: Refactoring Software, Architectures, and Project in Crisis”, 1998.

spencer
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Performance Antipatterns: an example ~ &3

Antipattern Problem Solution

Occurs when a single class
or component either 1)
performs all of the work of
an application or 2) holds all

Blob of the applications data.
Either manifestation results
in excessive message
traffic that can degrade
performance.

Refactor the design to
distibute intelligence
uniformly over the
applications top-level classes,
and to keep related data and
behavior together.

They are very complex mostly due to the dif ferent “"nature”
of their basic elements

However, they have represented a rich, solid knowledge
repository for interpreting analysis results

C.U. Smith and L. 6.Williams. "More new software performance antipatterns:
Even more ways to shoot yourself in the foot", 2003.
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Software Performance Engineering : <@

results interpretation

cccccccc

Vittorio Cortellessa, DISIM, Universita dell’Aquila

How to (automatically)
interpret negative
analysis results?

How to generate
corrective actions on
the model???

‘_) S pencer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



Software Performance Engineering : <
results interpretation

Software i

q -0 I T
== | Performance
— O " |

uuuuuuuu

The concept of
% Performance Antipattern
& @q‘ o] PAS P
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Performance Antipattern Representation <«aB

PROBLEM: "It occurs when a single class or component either 1)
performs all of the work of an application or 2) holds all of the

applications data. Either manifestation results in excessive message
traffic that can degrade performance”

(Annotated) Software

Model M

(a) Static View

BLOB

EalliEs

i (b) Dyne A%
(¢c) Deployment View

,,,,,, \ P ‘

rr v dploy-
ocesNo A 3
maxHwUtl “ProcesNods

Sutil PN.

PNy =

(cl) centralized

4._ maxNetUtil = SutilNet|

Net

(c2) distributed

"BLOB-controller" problem

(Annotated) Software

Model M EXEa

(a) Static View

maxHwUtl = ProcesNode~>| —] - ) ;
sutil PN [ |maxNetUtil = SutilNer
PN, | z_J Net

(c1) centralized (c2) distributed

"BLOB-dataContamer" problem

Vittorio Cortellessa, DISIM, Universita dell’Aquila
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Performance Antipatterns Representation <

SOLUTION: "Refactor the design to distribute
intelligence uniformly over the applications top-level
classes, and to keep related data and behavior together"

_  (Annotated) Software ~ (Annotated) Software
Model M’ o Model M’
(b) Dynamic View
(a) Static View ) Static Vi (b) Dynamic View
- a anc ew
| sy
wareEntity : — - “X Y .
e N i V. Cortellessa, A. Di
executet " Sx nstance== 1 : ..
= op — e I Marco, and C. Trubiani.
manageData - —
1 1 op’ |
| |
L op's - ; “An approach for

modeling and detecting
Software Performance
Antipatterns based on
first-order logics",

BLOB . —

deploy=> 1 "-de—pln\' > v e "‘ ==ProcesNode==> Sy h
. \ Y : y “
. I PN, — N, Software and Systems
Procestiode= 3 « | — y ' .
e — —— s Modeling (SoSyM), 2014.
maxHwUTtil = <ProcesNode>> . . maxHwUtil = <<ProcesNode>>| (—|
Sutil' PN, TWXNE‘UHI = Sl“'JNE‘L Sutil’ HD‘;\?? ) [maxNetUtil = SutilNet'
PN, = Net PN, /, N2 s Net /
(c1) centralized (c2) distributed (c1) centralized (c2) distributed
"BLOB-controller” solution "BLOB-dataContainer" solution
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Performance Antipatterns Detection

thresholds

asw;E’x| mek vm\:cl:(SWExa VE\') 2 4
L

BINDS TO

NS

anul\[xg\'(s‘fVE\», SWE\S) 2 18

lel: ] i

libraryController l

___ getBookStatus
T
setBook Status

¥ Ll

libraryController

ERSTE
bookLibrary

Q T
|getBookStatus
-_—
]

. . ‘
(libraryController, bookLibrary, browseCatalog) ( ngﬁ = T Juemenksuns
This instance satisfies the Blob predicate, 2}&“13;“ e |

hence it must be pointed out to the designer : —
for a deeper analysis - o Jremersen
<=artifact=> ‘ setBookStatus ‘
lel_libraryController I | :_|
setBookStatus

~

<<deplay>> "«
N

<<GaExecHost>>
{utilization = 0.82}

\_‘ sendBookStatus [€—

librmyNode ‘4_ N checkStatus |
lsetBook Availability _|
I |
| | |
o«
| setBookAvwvailability
<<node>> .- | )
“<node>> <<node>>, | manageBock |
<<GaExecHost>> =G
P aCommHost>>
{utilization = 0.68} L ImanageBook
{utilization = 0.92} \ [
controlNode LAN | P

7

T

[

FmaxNetUtil(PS\\'EX b Ps\\'E\ 2 0.85
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Performance Antipatterns Solution L i

An example: solving a Blob instance

ISWE, | Frconeas SWE,, swE\.lX4

¥
BINDS TO \

mmll\m SWE SWE‘», S)X]8

¥ el A bl

c—H lel:  &#] libraryController bookLibrary
libraryController /) ‘ :
|
bll:
ook bookLibraryEE | manageBook |
| lmanageBuuk
|
‘ 1
<<artifact>> 0o
lel_libraryController cenodes
AN <<GaFxecHost=>
<<attifact> [ “edeploy>z {utilization = 0.65}
bll_bookLibrary libraryNode
~
<<deploy>\>\ N
.
<<node>> <<nodes>,
<<GaExecHost>> = =
{utilization = 0.72} { ']qa(;?:;]m:l[);t';g
controlNode LAN :

/ o

Fmaxlﬁmtil(Ps“‘Ex H Ps\\'E\')XO' 85

Vittorio Cortellessa, DISIM, Universita dell’Aquila S spep cer

Solutions of an antipattern
(i.e., refactoring actions)
can be automatically
deducted by negating
detection predicates
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... any relationship to sustainability? ¥ 35 |

e Separation of software and hardware for sustainability modeling

* Modeling languages for representing sustainability metrics

» Refactoring impact on sustainability
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Some relevant literature (from the last 25+ years) <
(model reconstruction, diagnostic, root cause analysis)

* TauseefA. Israr, Danny H. Lau, Greg Franks, C. Murray Woodside (2005):

Automatic generation of layered queuing software performance models from commonly available traces
* Ahmad Mizan, Greg Franks (2011):

An automatic trace based performance evaluation model building for parallel distributed systems

e Thanh H. D. Nguyen, Bram Adams, Zhen Ming Jiang, Ahmed E. Hassan, Mohamed N. Nasser, Parminder Flora (2012):
Automated detection of performance regressions using statistical process control techniques
 Christoph Heger, Jens Happe, Roozbeh Farahbod (2013):
Automated root cause isolation of performance regressions during software development
 David Daly, William Brown, Henrik Ingo, Jim O'Leary, David Bradford (2020):
The Use of Change Point Detection to Identify Software Performance Regressions in a Continuous Integration System
* Raghu Ramakrishnan, Arvinder Kaur (2017):
Technique for Detecting Early-Warning Signals of Performance Deterioration in Large Scale Software Systems
* Vittorio Cortellessa, Luca Traini (2020):
Detecting Latency Degradation Patterns in Service-based Systems
* Yutong Zhao, Lu Xiao, Xiao Wang, Lei Sun, Bihuan Chen, Yang Liu, Andre B. Bondi (2020):
How Are Performance Issues Caused and Resolved?-An Empirical Study from a Design Perspective
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Our recent contributions

Time series forecasting
*  Federico Di Menna, Vittorio Cortellessa, Maurizio Lucianelli, Luca Sardo, Luca Traini:
RADig-X: a Tool for Regressions Analysis of User Digital Experience. SANER 2024
*  Federico Di Menna, Luca Traini, Vittorio Cortellessa:
Time Series Forecasting of Runtime Software Metrics: An Empirical Study. ICPE 2024
* (((Using transformer models and metalearning — ongoing)))

Warmup -vs- Steady state
*  Luca Traini, Vittorio Cortellessa, Daniele Di Pompeo, Michele Tucci:
Towards effective assessment of steady state performance in Java software: are we there yet? EMSE journal (2023)
* Luca Traini, Federico Di Menna, Vittorio Cortellessa:
Al-driven Java Performance Testing: Balancing Result Quality with Testing Time. ASE 2024

Code analysis/optimization
* Luca Traini, Daniele Di Pompeo, Michele Tucci, Bin Lin, Simone Scalabrino, Gabriele Bavota, Michele Lanza, Rocco
Oliveto, Vittorio Cortellessa:
How Software Refactoring Impacts Execution Time. ACM TOSEM (2022)
* FE DiMenna, L. Traini, G. Bavota, V. Cortellessa:
Investigating Execution-Aware Language Models for Code Optimization. RENE @ICPC 2025
* (((Performance analysis of repositories that use Al libraries - ongoing)))
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ABSTRACT (ICPE °24), May 7-11, 2024, London, United Kingdom. ACM, New York, NY,

Software applications can produce a wide range of runtime software
metrics (e.g., number of crashes, response times), which can be
closely monitored to ensure operational efficiency and prevent
significant software failures. These metrics are typically recorded
as time series data. However, runtime software monitoring has
become a high-effort task due to the growing complexity of today’s
software systems. In this context, time series forecasting (TSF)
offers unique opportunities to enhance software monitoring and
facilitate proactive issue resolution. While TSF methods have been
widely studied in areas like economics and weather forecasting, our
understanding of their effectiveness for software runtime metrics
remains somewhat limited.

In this paper, we investigate the effectiveness of four TSF meth-
ods on 25 real-world runtime software metrics recorded over a
period of one and a half years. These methods comprise three re-
current neural network (RNN) models and one traditional time
series analysis technique (i.e., SARIMA). The metrics are gathered
from a large-scale IT infrastructure involving tens of thousands
of digital devices. Our results indicate that, in general, RNN mod-
els are very effective in the runtime software metrics prediction,
although in some scenarios and for certain specific metrics (e.g.,
waiting times) SARIMA proves to outperform RNN models. Addi-
tionally, our findings suggest that the advantages of using RNN
models vanish when the prediction horizon becomes too wide, in
our case when it exceeds one week.
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1 INTRODUCTION

As software systems grow in complexity, the task of ensuring soft-
ware quality becomes increasingly challenging. Today software
systems constantly evolve, with frequent daily software releases
[46], and they operate under highly variable workloads [5], which
make them susceptible to unforeseen software failures [5, 55, 58].
In such a dynamic environment, traditional proactive strategies,
such as software testing, are often insufficient for ensuring consis-
tent operational efficiency [45, 58]. For this reason, monitoring is
emerging as a key activity for maintaining operational efficiency
of software systems [12, 23, 32].

Modern software applications can produce large volumes of
runtime metrics, which are typically stored as time series data in
specialized databases [23], (e.g., Prometheus [15]). Dedicated moni-
toring teams continuously analyze these time series to identify and
mitigate potential software issues [12]. However, the vast volume
of collected data can make manual analysis costly and potentially
ineffective. To address this challenge, researchers started to de-
velop automated techniques that can facilitate the identification of
software issues or aid in the debugging process [1, 6, 16, 19, 25, 53].

Despite these advancements, significant opportunities in the
realm of data analysis remain unexploited. Time series forecasting
(TSF), in particular, presents a promising avenue for enhancing
the current practices in software monitoring. Indeed, the ability to
predict future trends in runtime software metrics could facilitate
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continuously monitored to manage
uncertainty during their evolution
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Exploring in detail the effectiveness of TSF approaches
when applied to runtime software metrics

|

How effective are TSF methods when applied to predict
short-term runtime software metrics?
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Exploring in detail the effectiveness of TSF approaches
when applied to runtime software metrics

1 &
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Do TSF methods exhibit diverse forecasting accuracy
over different classes of runtime software metrics?
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Exploring in detail the effectiveness of TSF approaches
when applied to runtime software metrics
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To what extent does forecasting accuracy degrade when applied
to predict longer-term runtime software metrics?
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Tens of thousands of monitored digital devices
for more than one year
L] Lo
|__J\/.\_:| |__J\,.\;| L_JV‘._:| Total of 25 runtime software metrics
Three software metrics classes:
l o Crash rates (9) : Average number of observed

‘/\T @ crashes of an application per hour
o Hang times (8) : Percentage of idle time of an
application

o Waiting times (8) : User response time
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Statistical Machine Learning
Seasonal Auto- Fully- Long Gated
Regressive Connected Short- Recurrent
Integrated Moving Recurrent Term Unit
Average Neural Memory (GRU)
(SARIMA) Network %STM)
‘ ﬂ (FC-RNN)
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Two naive baseline approaches

Seasonal Naive (sNaive) Seasonal Monthly Mean (sMM)
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How effective are TSF methods when applied to predict
short-term runtime software metrics?
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Do TSF methods exhibit diverse forecasting accuracy
over different classes of runtime software metrics?
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To what extent does forecasting accuracy degrade when applied
to predict longer-term runtime software metrics?

Exploitation of the prediction offset to estimate
farthest forecasting targets
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To what extent does forecasting accuracy degrade when applied
to predict longer-term runtime software metrics?

[F sNave W sMM_ mEE SARIMA FCR\N _mmm LSTM _mmm GRU|
SMAPE values demonstrate . m——, R R
a rising trend as the offset 5. e — Iy
increases I f = -/

feo 2 N

B T al R 17
Effectiveness of TSF ) N anaall —— =
methods vanish if the offset s ;,.3;;;7:;: I~
exceeds approximately one s et =
week =17 a 1

Vittorio Cortellessa, DISIM, Universita dell’Aquila S spep cer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



... any relationship to sustainability? ¥ 5 |

e Separation of software and hardware for sustainability modeling
* Modeling languages for representing sustainability metrics

» Refactoring impact on sustainability

e Sustainability antipatterns
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Al-driven Java Performance Testing:
Balancing Result Quality with Testing Time

Luca Traini
luca.traini@univaq.it
University of L’Aquila, Italy

ABSTRACT

Performance testing aims at uncovering efficiency issues of soft-
ware systems. In order to be both effective and practical, the design
of a performance test must achieve a reasonable trade-off between
result quality and testing time. This becomes particularly chal-
lenging in Java context, where the software undergoes a warm-up
phase of execution, due to just-in-time compilation. During this
phase, performance measurements are subject to severe fluctua-
tions, which may adversely affect quality of performance test results,
Both practiti and hers have proposed approaches to
mitigate this issue. Practitioners typically rely on a fixed number of
iterated executions that are used to warm-up the software before
starting to collect performance measurements (state-of-practice).
Researchers have developed techniques that can dynamically stop
warm-up iterations at runtime (state-of-the-art). However, these
approaches often provide suboptimal estimates of the warm-up
phase, resulting in either insufficient or excessive warm-up itera-
tions, which may degrade result quality or increase testing time.
There is still a lack of consensus on how to properly address this
problem. Here, we propose and study an Al-based framework to
dynamically halt warm-up iterations at runtime. Specifically, our
framework leverages recent advances in Al for Time Series Clas-
sification (TSC) to predict the end of the warm-up phase during
test execution. We conduct experiments by training three different
TSC models on half a million of measurement segments obtained
from JMH microbenchmark executions. We find that our framework
significantly improves the accuracy of the warm-up estimates pro-
vided by state-of-practice and state-of-the-art methods. This higher
estimation accuracy results in a net improvement in either result
quality or testing time for up to +35.3% of the microbenchmarks.
Our study highlights that integrating Al to dynamically estimate
the end of the warm-up phase can enhance the cost-effectiveness
of Java performance testing.
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Figure 1: Execution time of a Java microbenchmark (from
the Roaring Bitmap project) over consecutive iterations. The
execution is characterized by an initial warm-up phase and a
subsequent steady-state of performance. The grey dotted line
indicates the iteration st at which steady-state is attained.

1 INTRODUCTION

Software performance is a critical non-functional aspect of software
systems. Technology organizations use performance testing to un-
cover performance bugs that might deteriorate software efficiency.
Nevertheless, performance testing requires careful design in order
to be effective. A significant challenge is to design an adequate num-

25+ years of Software Performance @ GreenSys ’25 (Rotterdam)




L. Traini, F. Di Menna, V. Cortellessa
AI-driven Java Performance Testing: )54
Balancing Result Quality with Testing Time (ASE 2024)

Performance testing requires careful design in order to be effective

f? Adequate number of execution repetitions that mitigate
the variability of performance measurements

Balance the quality of performance test results against the
practical constraints of resources and testing time
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h20-3 ¢ water.util.lcedHashMapBench.writeMap

(fork no. 8)
JVM - the warmup problem
4.5
long measurements[] = new long[3000]; 4.0
for (inti=0; i< 3000; i++) { 35
long startTime = System.nanoTime(); 2
Arrays.sort(arr); ‘:’ 3.0
long endTime = System.nanoTime(); g
c
long duration = (endTime - startTime); % 2.5
measurements|i] = duration; §
w 2.0
}
1.5
1.0 '
0 500 1000 1500 2000 2500 3000
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Stop execution and Run an additional iteration and
return measurements shift the measurement window
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Repository Stars Forked Repo. Microbench.

HdrHistogram/HdrHistogram 2,141 251 20

JCTools/JCTools 3,496 554 20

° 1 ReactiveX/RxJava 47,702 7,581 20
586 J M H m IC ro b e nc h m a rks ac ross RoaringBitmap/RoaringBitmap 3,415 535 20
apache/arrow 13,686 3,341 20

30 Java software system oachefcamel ”
apache/hive 5,370 4,601 20

° H H H H apache/kafka 27,594 13,571 20
5K+ time series, each one involving e cheflogame logil2 o0 o 2

. apache/tinkerpop 1911 786 20

measures from 3,000 consecutive cantaloupe-project/cantaloupe 261 104 19

. . . crate/crate 3,977 546 20
microbenchmark iterations eclipsevertx/vertx 14153 2043 16
eclipse/eclipse-collections 2,368 581 20

eclipse/jetty.project 3,766 1,899 19

eclipse/rdfdj 347 160 20

h2oai/h20-3 6,756 1,991 20

hazelcast/hazelcast 5,935 1,803 17

imglib/imglib2 291 93 20

H jdbi/jdbi 1,917 333 15
Final dataset of 521,900 measurement bt jgrapht byt 219 2
netty/netty 32,923 15,763 20

S e gm e n ts : openzipkin/zipkin 16,780 3,069 20
prestodb/presto 15,646 5,265 20

prometheus/client_java 2,134 772 20

i 376,925 (72%) Sta b le SegmentS protostuff/protostuff 2,016 302 20
r2dbc/r2dbe-h2 196 44 20

raphw/byte-buddy 6,052 776 20

b 1 44 9 9 7 5 (2 8%) u n Sta b l.e S eg m e ntS yellowstonegames/SquidLib 447 46 20
zalando/logbook 1,737 257 20
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e Balanced Accuracy is the average recall obtained across
Model Prec. Rec. F1 Bal. Acc. each of the two classes. We use this metric instead of tradi-

tional accuracy due to the imbalanced nature of our dataset.

FCN 0.880 0.659 0.753 0.712
OSCNN 0.886  0.650 0.748 0.715
ROCKET 0.810 0.932 0.867 «=»0.682

( )

TSC models demonstrated their suitability for dynamically halting warm-up
iterations. This supports their integration into our framework.

. J
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Al-based framework vs. state-of-practice (SOP)

Improvement (%) Regression (%) Net Improvement (%)

Model vs. SOP | Res. Quality Testing Time Total | Res. Quality Testing Time Total | (Tot. Impr. - Tot. Regr.)

FCN vs. SOP 16.7 30.7 47.4 14.3 7.8 22.2
OSCNN vs. SOP 17.9 30.9 48.8 13.7 8.2 218
Rocket vs. SOP 9.4 20.1 29.5 25.9 6.5 324

[ )

Al-based framework provides more accurate estimates of the warm-up phase compared to the SOP.
Net improvement in either result quality or testing time in up to +27% of the microbenchmarks,

with OSCNN demonstrating the highest net improvement.

. J
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Al-based framework vs. state-of-the-art (SOTA)

Improvement (%) Regression (%) Net Improvement (%)
Model vs. SOTA Res. Quality  Testing Time  Total ‘ Res. Quality  Testing Time  Total | (Tot. Impr. - Tot. Regr.)
FCN vs. CV 26.8 27.1 53.9 123 7.7 20.0 +34.0
FCN vs. RCIW 6.3 50.3 56.7 24.2 4.6 28.8 +27.8
FCN vs. KLD 25.9 24.4 50.3 13.1 10.4 23.5 +26.8
OSCNN vs. CV 28.8 26.8 55.6 123 8.0 20.3 +35.3
OSCNN vs. RCIW 7.0 52.6 59.6 21.8 4.8 26.6 +32.9
OSCNN vs. KLD 27.8 23.0 50.9 12.1 12.8 24.9 +25.9
ROCKET vs. CV 11.3 19.8 311 24.6 2.7 27.3 +3.8
ROCKET vs. RCIW 4.1 24.4 28.5 51.4 3.4 54.8 -26.3
ROCKET vs. KLD 7.2 21.5 28.7 22.5 3.9 26.5 +2.2
[ )
Al-based framework provides more accurate estimates of the warm-up phase than the SOTA.
Variants of the framework based on neural network models observably enhance
either the result quality or testing time of the SOTA techniques,
leading to net improvements in up to +35.3% of the microbenchmarks.
. J

Vittorio Cortellessa, DISIM, Universita dell’Aquila S

sPen cer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



... any relationship to sustainability? ¥ 61 |

Separation of software and hardware for sustainability modeling
Modeling languages for representing sustainability metrics
Refactoring impact on sustainability

Sustainability antipatterns

Sustainability metrics time series forecasting
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Investigating Execution-Aware Language Models
for Code Optimization
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Abstracti—Code optimization is the process of enhancing code
efficiency, while preserving its intended functionality. This process
often requires a deep understanding of the code execution behav-
ior at run-time to identify and address inefficiencies effectively.
Recent studies have shown that language models can play a
significant role in automating code optimization. However, these
models may have insufficient knowledge of how code execute at
run-time. To address this limitation, researchers have developed
strategies that integrate code execution information into language
models. These strategies have shown promise, enhancing the
effectiveness of language models in various software engineering
tasks. However, despite the close relationship between code execu-
tion behavior and efficiency, the specific impact of these strategies
on code optimization remains largely unexplored. This study
investigates how incorporating code execution information into
language models affects their ability to optimize code. Specifically,
we apply three different training strategies to incorporate four
code execution aspects — line executions, line coverage, branch
coverage, and variable states — into CodeT5+, a well-known
language model for code. Our results indicate that execution-
aware models provide limited benefits ed to the standard
CodeT5+ model in optimizing code.

Index Terms—Code Optimization, Deep Learning

I. INTRODUCTION

Q
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have shown that integrating these models with code execution
information can significantly enhance their effectiveness across
a variety of downstream software engineering tasks [15]-[18].
For instance, Ding et al. [18] proposed a pre-training strategy
to teach language models specific aspects of code execution,
such as branch coverage and variable states, demonstrating
improvements in tasks like clone retrieval and vulnerability
detection. Similarly, Ni et al. [15] introduced NExT, a method
that enables language models to inspect variable states of
executed code lines and reason about their execution behavior,
resulting in a higher fix rate for program repair tasks. Despite
these and other efforts [16], [17], [19]-{21], the impact of
execution-awareness in automated code optimization remains
largely unexplored.

Given the close relationship between run-time execution
behavior and code efficiency, this paper investigates how
teaching language models to understand code execution behav-
ior affects their effectiveness in optimizing code. Specifically,
we first train a CodeT5+ model [22] with training objectives
related to four code execution aspects, namely number of line
executions, line coverage, branch coverage, and variable states.

25+ years of Software Performance @ GreenSys ’25 (Rotterdam)
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Deep-Learning (especially Large Language
Models) engaged on programming language
modeling for advancing code intelligence:

» Code Generation and Summarization
» Code Completion
» Code Review and Bug Detection

» Code Optimization

Vittorio Cortellessa, DISIM, Universita dell’Aquila
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LEARNING PERFORMANCE-IMPROVING CODE EDITS

Alexander Shypula'; Aman Madaan’; Yimeng Zeng!, Uri Alon,
Jacob Gardner', Milad Hashemi®, Graham Neubig?, Parthasarathy Ranganathan®,
Oshert Bastani', Amir Yazdanbakhsh!

‘amegic Mellon University, *Google *Google DeepMind
u and ayazdan@google.com

' University of Pennsylvania.
shypulaBseas.upenn.

ABSTRACT

With the waning of Moore’s law, eptimizing program performance has become a major
focus of software research. However, high-level optimizations such as APl and algorithm
changes remain elusive due to the difficulty of understanding the semantics of code. Si-
multancously, pretrained large language models (LLMs) have demonstrated strong capa-
bilities at solving a wide range of programming tasks. To that end, we introduce a frame-
work for adapnng LLMsto hwh level program optimization. we curate a dataset of
performance-improving edits made by human programmers of over 77 K competitive C++

ther optimiaed v
e o ot o e o aies. whore 5

o k)
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irs, by extensive unit tests. A major challenge
is the \.me.mt variability of mc‘nunuL performance on commodity hardware, which
can le ents”. To isolate and reliably evaluate the impact of pro-
gn an environment based on the gems full system simulator,
‘he de facto simulator used in academia and industry. Next, we propose a broad range of
adaptation strategies for code optimization; for prompting, these include retrieval-based
few-shot prompting and chain-of h i

based on self-play. A comi ination
of these techniques achieves a mean speedup of 6.86:x with eight generations, higher than
average optimizations from individual programmers (3.66). Using our model’s fasiest
generations, we set a new upper limit on the fasic up passible for our dataset at
9.64: compared to using the fastest human submi. cailable (9.565).!

I INTRODUCTION

Despite the impressive progress of optimizing compilers and other tools for performance engineering (Aho
et al.. 2007), programmers are still largely respansible for high-level performance considerations such as
algorithuns and API choices. Recent work fas demonsizated the promise of decp leaming for automating

1., 2023). However, these techniques are either
ble performance measure-

(Garg et al., 2
narrow or dlfﬁcu][ to hrultd on due to the la
ment techniques, i’ n. Red
(LLMs) have e range of ks (Chen et al.,
2021b; Fried et al., 22). Yet, the effectivencss of large, pre-trained
LLMs for nrosram ontimization remains an onen research aiestion. We studv whether such 11 Ms can be

P
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Code representation learning is a key
factor for LLMs effectiveness:

» Dynamic (execution) information is
critical in code understanding

» Recent work demonstrated benefits
leveraging execution-related
information while performing code-
related tasks with LLMs

> The task of code optimization is
closely linked to both code
understanding and execution

behavior @

Goal: exploit execution-aware
information for improving the code
optimization task

Guo®™. Yifeng He'. Hao Chen’

2024 IEEE/ACM 461h International Confesence on Software Engineeriag (ICSE)

TRACED: Execution-aware Pre-training for Source Code
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High Level Approach: Double-Stage Strategy
Pre-training + Fine-tuning

Pre-Training
@ — @ — B
Source Large Language E:_:_ecutlon
Code Model races

L]
.....................................

® @& & & & & & & & & & & & & O O O° O O O " " 00000 00

Fine-Tuning

:>@:>-:9

Slow Pre-Trained Optimized
Code Checkpoint Code
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High Level Approach: Direct Fine-Tuning Variant

: A Execution-aware fine-tuning :
° —_V ¢
: + h |:> - |:> .
(] ®
. Slow Execution Large Language Optimized o
Code Traces Model Code °

®
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Candidates for Experimental Evaluation

4 execution-aware 3 training strategies:

aspects:
» S1 — Execution Prediction & Code

> Line Executions Optimization
> Line Coverage x » S2 — Execution Prediction-MLM &
Code Optimization
» Branch Coverage
» S3 — Execution-Aware Code

Optimization

v

Final Program States

VS

Baseline

Vanilla Model: Directly fine-
tuned for Code Optimization
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Training Strategy

Evaluation Metrics

Model Execution Aspect

xecult P Pre-training Fine-tuning | Correct Speedup  %Opt
BLgy, - | - Code optimization | 18.75% 1.79 7.68%
LEsg, Line Executions Execution-aware Code optimization 12.36% 1.52 5.73%
LEg, Execution-aware + MLM  Code optimization 11.97% 1.54 5.6%
LCs, Line Coverage Execution-aware Code optimization 14.84% 1.7 6.9%
LCg, & Execution-aware + MLM  Code optimization 14.45% 1.76 1.55%
BCs, Branch Coverace Execution-aware Code optimization 13.93% 1.67 7.03%
B052 8 Execution-aware + MLM  Code optimization 13.15% 1.55 5.73%
VSs, Variable States Execution-aware Code optimization 15.49% 1.69 7.29%
VSs, Execution-aware + MLM  Code optimization 14.97% 1.65 6.64%
BLs, - | - Code optimization | 12.06% 2.09 9.22%
LEs, Line Executions | - Execution-aware code optimization | 12.71% 2.11 9.35%
LCs;  Line Coverage | - Execution-aware code optimization | 9.97% 1.67 5.84%
BCs,  Branch Coverage | - Execution-aware code optimization | 8.65% 1.64 5.76%
VSs, Variable States | - Execution-aware code optimization | 11.55% 1.96 8.35%

Vittorio Cortellessa, DISIM, Universita dell’Aquila
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Separation of software and hardware for sustainability modeling
Modeling languages for representing sustainability metrics
Refactoring impact on sustainability

Sustainability antipatterns

Sustainability metrics time series forecasting

Warmup vs Steady state analysis for sustainability metrics
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Conclusions



Other promising directions in SPE... B

* Performance in a CD/CI context (model+code)

* Cross-fertilization of (black- and white-box) models and runtime data
e Automation from functional testing to performance testing

* (Micro-)benchmarking (and their settings/parameters)

* Performance-driven developer’s assistant

How to profitably use static code information?

Vittorio Cortellessa, DISIM, Universita dell’Aquila S sPen cer 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)
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Thanks!

Any question?

spencer
o

Vittorio Cortellessa, DISIM, Universita dell’Aquila 9 Ve Partormanc 25+ years of Software Performance @ GreenSys ’25 (Rotterdam)



	Slide 1: 25+ years of Software Performance:  from integrated system modelling to AI-based runtime analysis… any relation to sustainability?
	Slide 2
	Slide 3
	Slide 4: Introduction
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10: Performance model generation: languages and transformations
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25: Analysis results interpretation: Performance Antipatterns
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36:  Performance analysis at system execution time
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70: Conclusions
	Slide 71
	Slide 72
	Slide 73

