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IlepiAnyn

Ta tedeutaia xpovia n Prxaviki pabnorn yveopidet peydn avoion otov topéa tng mAnpo-
popkrg. H enoxr) ynoromoteitatl kat ta dsdopéva peyadovouv. Kabwg n pnyxavikr pabnon
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Slaxeiplon Kat v apakoAoubnor POVIEAGV PNXAVIKTG PAbnong oty napaywyr) mpaypa-
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TIEPUTTOOELS PeyaAng KATpakag vrtodopav kat dedopévov. Ilaparinla, ot Sradikaoieg mmou
IMIPAYHATOIIO0UVIAl 08 €va OUOTNHA UNXAVIKNG pabnong oty mapaynyr, pe tmyv mnapodo
TOU XpOvou, peyebBuvouv Tig amattrnoelg yla Xpron mopev kat dwaxeipton. O ouvbuaopog
G PNXavikng padnong pe 1o Kubernetes, suvosital amo ta KUpla XApaKIinelotKd 10U yid
EVOPXIOTP®OT], KATHAKOOTOTNTA KAl QOpnTIoTNTa.

YKomog tng rapoucag SIMAOUATIKAG €ival 1 vldoroinon kat diepevvnon dtadikaociwv
MLOps otnv napayeyr). YAoroteitat pa vniodopr) pe Kubernetes, mou rmpoocopowwvel éva
MAPAY®YIKO Tep1BaAdov, kabwg kat ermAgyetat n miatpoppa Kubeflow tng Google yia v
avaruén twv MLOps. YAorotouviat ot Stadikaoieg MLOps kat epappodoviatl oe éva {umpa
ONHACI0A0YIKNG TaSvoNong TV otolXeiev ekovev unobaldooiou eddgpoug. Tautdxpova,
neplypAageTal ) ouvepyaoia emotpovev dedopevev katl pnxavikov DevOps, oe éva cuotnpa
PNXavikng padnong oty napay®yr Kat g EUvVvoouvIat arod v autopatonoinor) mou na-
péxouv ot dadikaoieg MLOps. TeAdiko napayopevo sivat pia cwdnveon Kubeflow Pipeline,
n ortoia avaAapBavel va aUTOPATOTIO)0EL TV TAKTIKI entaveknaideuor), npowbnon kat ma-

pPaKOAoUO1N o1 £VOG POVIEAOU OtV IAPAY®YT).
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Abstract

Machine learning has made tremendous advances in the past decade. As machine
learning and artificial intelligence proliferate in software products and services, there is a
need to apply best practices and tools for testing, developing, managing, and monitoring
machine learning models in real-world production. These practices are known as machine
learning operations - MLOps. The goal of MLOps is to reduce the "technical debt" in
machine learning applications.

The majority of IT enterprises have adopted a container strategy. Kubernetes, as a
container orchestrator, is gaining more and more popularity, especially in large-scale
infrastructure and big data cases. Meanwhile, production machine learning systems
are getting more complex requiring more and more resources and management. The
combination of machine learning with Kubernetes, is favored due to Kubernetes key
features of orchestration, scalability, and portability.

The purpose of this thesis is the implementation and analysis of MLOps in production.
An infrastructure with Kubernetes is implemented, simulating a production environment,
and the Google’s Kubeflow platform is chosen for the development of MLOps. MLOps are
developed and applied to a problem of semantic classification of seabed images. Addition-
ally, there is an approach that describes the collaboration of data scientists and DevOps
engineers in a production machine learning system and the benefits of automation pro-
vided by MLOps. The final product is a Kubeflow Pipeline which automates the regular

retraining, deploying and monitoring a model in production.

Keywords

Machine Learning, Artificial Intelligence, Containers, Container Orchestrator, MLOps,

DevOps, Kubernetes, Kubeflow, Pipeline






Extended Summary

Nowadays, machine learning is used in a wide range of applications and has been the
focus of interest of many companies. The interest lies both in developing products for
direct use of machine learning for prediction and classification, as well as in the aspect
of recognizing trends in customer and business behavior to support existing products or
develop new ones. In this manner, some operations are needed to continuously develop
the machine learning models, check their performance, enhance them and integrate them
into new or existing products. These operations are known as MLOps [1] and are of vital

importance in production environments.

To develop a machine learning system, data scientists need to apply and train a
machine learning model with predictive performance on a dataset, taking into account
relevant training data for their use case. However, the real challenge is not building
a model, the challenge is building a complete machine learning system and running it
continuously in production. Only a small fraction of a real machine learning system
consists of code. The required components, coexisting with the machine learning code,
are many and complex [2]. These components are responsible for operations such as
data collection, data verification, resource management, automation, serving models,

monitoring and many more.

Many teams have data scientists and researchers who can build state-of-the-art mod-
els, but the process of developing and deploying models is completely manual. This
process is interactive and scenario-based. Every step is manual, including data analysis,
data preparation, model training, and validation. It requires manual execution of each
step and manual transition from one step to another. This process is typically driven
by experimental code written and run by the data scientist interactively, until a working
model is produced. This process depends on the data scientists who build the model and
the engineers who make the model available as a predictive service. Data scientists de-
liver a trained model to the engineering team to incorporate into their infrastructure. This
handoff may include placing the trained model in a storage location or code repository, or
uploading it to a model registry. In this way, this process does not have frequent updates

of the model, and the performance of the model is not actively monitored.

MLOps are a key aspect of machine learning engineering that focuses on simplify-
ing and speeding up the process of delivering models to production, maintaining and
monitoring them. They involve collaboration between different teams, including data
scientists, DevOps engineers, IT specialists, and others. These operations aim at the uni-
fication of system development and the operation of a machine learning system. MLOps

include the following practices : Continuous Integration (CI), Continuous Delivery (CD),
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Continuous Training (CT) and Continuous Monitoring (CM) . CI focuses on testing and
validating data, data schemas, and models. CD is about delivering of a training pipeline
of a machine learning system that automatically makes another predictive model service
available. CT is only found in MLOps, not DevOps, and it is concerned with automatically
retraining and serving the models. CM refers to the monitoring of production data and
model performance metrics. All these steps lead to an automated pipeline solution.

Cloud computing companies have invested a great amount of money in infrastructure
and management. These companies invest in research and development of specialized
hardware, software, and SaaS applications, but also MLOps software. Two of the lead-
ing commercial platforms are Amazon Sagemaker and Microsoft Azure MLOps with the
individual tools AzureMachine Learning, Azure Pipelines, and Google Cloud MLOps with
the tools Dataflow, Al Platform Notebook, TFX, and Kubeflow [3]. A tech company has to
take into consideration several factors deciding if it should buy, build or go hybrid with
its MLOps infrastructure. It can take over a year to build a functioning machine learning
infrastructure. It may take even longer to build a data pipeline that can produce value.
Moreover, cloud solution costs and human resources needed for building and maintain-
ing in-house solutions are two factors needing leveraging. Tech companies that want
to survive long-term usually have in-house teams and build custom solutions. If they
have the skills, knowledge, and tools to tackle complex problems, then this approach is
probably well suited.

For the purposes of this thesis, an infrastructure was implemented to host MLOps.
More specifically, Kubeflow platform, originally created by Google, was chosen to run on
top of a Kubernetes [4] cluster. Kubeflow is a many tool platform, hosting every component
needed in machine learning workflow. It translates steps of a data science workflow
into Kubernetes jobs, providing the cloud-native interface for ML libraries, frameworks,
pipelines and notebooks. Kubeflow benefits of Kubernetes rich ecosystem. Kubernetes is
commonly used in production environments, as an open-source system for automating
deployment, scaling, and management of containerized applications.

In order to simulate a production environment and avoid single point failure, a high
available Kubernetes cluster was created. Also, for the needs of a production ML system,
the cluster was GPU enabled. Two alternatives were explored to create a cluster on
a single physical machine. Firstly, a solution was implemented with Multipass tool of
Canonical, creating three virtual machines. At each machine, that ran Ubuntu 20.04,
Kubernetes was installed and afterwards they were all joined in cluster. For the use of
GPU by the VMs, PCI passthrough was needed, but only one VM would be able to use it
and the host machine would no longer be able to. So, this solution was not continued.
Secondly, a solution with LXD manager was implemented. Three LXC containers were
spawned to host Kubernetes nodes and finally create a cluster. With a simple LXC profile
configuration the containers were able to use the GPU. In the matter of Kubernetes, three
flavors were explored, two of Rancher, the RKE2 and the K3s, and one of Canonical, the
MicroK8s. The latter was chosen due to the better open-source support of Kubeflow.
Kubeflow was custom installed on the cluster with Kustomize tool, getting the latest

features at the time, using the release candidate version v1.6.0-rc.0.
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MLOps and infrastructure created were used to tackle a real machine learning problem
of Seabed classification. In this case, offline data were available for three consecutive
years of 2016, 2017 and 2018 for the Bedford Basin bay. Each year data contained a
backscatter image, a bathynetry image and a ground truth image that was constructed
as labeled data. Continuing the work of Mertikas P. and Karantzalos K. [5], an automated
Kubeflow pipeline was created for hyperparameter tuning, training and model serving.
Main tools of Kubeflow that were used are Jupyter Notebooks along with Kubeflow SDK
[6], Katib [7] for hyperparameter tuning and KServe [8] for serving model, managing
rollouts and monitoring the inference services. For the training of the model, a docker
container was created with two ways, one solely with Kubeflow SDK and one with the
normal process with Dockerfile. Kubeflow pipelines were solely created with the Kubeflow

SDK coding in python. The created pipeline is depicted in the following picture.

Katib - Launch (]

Experiment

seabed-model- (V] Convert katib results &
volumel7
export-best-model (]

—  —

Serve a model with @&
KServe

Figure 1: End to end pipeline for seabed classification

The pipeline starts with the hyperparameter tuning, using the Katib tool. Several runs
are made, trying different hyperparameter sets with Bayesian optimization. The output
of this stage is the best set of hyperparameters based on one chosen metric. In this
case, Katib tries to maximize accuracy of the model, while also logging Cohen’s kappa,
precision and recall of classes. Hyperparameters available for tuning are the classifier
used, the percentage of training set against the validation, the embedding dimensions

and embedding sigma.
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accuracy kappa precision 1 precision 2 precision 3 precision 4 precision 5 recall 1 recall 2 recall 3 recall 4 recall 5 odel perc embedding sigemabedding dir

P

Figure 2: Hyperparameter tuning with Katib

Status Accuracy Kappa Precision 1 Precision2  Precision3  Precision4  Precision5 Recall 1 Recall 2 Recall 3 Recall 4 Recall 5 Model Perc Embedding sigma Embedding dit
Succeeded 0.99796 0.9974 0.99815 0.99702 0.99813 0.99691 0.9997 0.99969 0.99758 0.99816 0.99668 0.99579 rf 0.7 1.79734e-5 7
Succeeded 0.97306 0.96554 0.97668 0.96128 0.98521 0.95134 0.98447 0.99544 0.95933 0.97448 0.96482 0.95031 rf 03 7.00753e-3 6
Succeeded 0.86093 0.8207 0.91391 0.92941 0.73521 0.96297 0.88991 0.96811 0.64809 0.98613 0.60768 0.98028 svm 03 0.65418 3
Succeeded 0.88297 0.85003 0.90409 0.93559 0.85817 0.79646 0.93495 0.96691 0.63868 0.94697 0.91652 0.9041 svm 0.5 8.92547e-2 2

Succeeded 0.90313 0.87655 0.94798 0.82543 0.97341 0.84401 0.88609 0.94985 0.88602 0.83645 0.86477 0.97987 svm 0.5 6.9168e-6 2

Succeeded 0.80861 0.75375 0.97381 0.86384 0.69652 0.98707 0.69319 0.92711 0.81134 0.97126 0.10737 0.99937 svm 0.5 4.46636e-6 6

Succeeded 0.92857 0.9086 0.94716 0.87236 0.94521 0.9092 0.96161 0.97875 0.87766 0.91755 0.9226 0.91743 rf 0.5 03514 3
Succeeded 0.91812 0.89519 0.93772 0.85341 0.93873 0.89475 0.9598 0.97684 0.86214 0.9035 0.90973 0.90425 rf 03 1.25708 7
Succeeded 0.99757 0.99689 0.99773 0.99732 0.99845 0.99428 0.99949 0.99957 0.9968 0.9988 0.99636 0.99349 rf 0.7 7.2899%-6 6

Figure 3: Table of trials of Katib

The next step of pipeline is auxiliary for conforming the output of Katib to a proper
format for the next step. Also auxiliary is the step of creating the PVC storage to store the
model created. Kserve supports Azure blobs, Amazon S3, URI and PVC for model storage.
In this case, the latter was chosen. Following up, in the next step, the model was trained
with the best set of hyperparameters and stored at the PVC. In the final step, the model is
served with KServe using a Canary rollout, routing the total traffic to the inference service

created.

All Kubeflow procedures can be monitored by Central Dashboard of Kubeflow. The
runs of a pipeline are organized in Kubeflow experiments. Every stage of a pipeline run

produces logs, artifacts and visualations if implemented.
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Furthermore, Kserve at the last step of the created pipeline, spaws an inference service
known as Model Server. Central dashboard provides easy access to these procedures as

shown bellow.

Model Servers + NEW MODEL SERVER
Status ~ Name Age Predictor Runtime  Protocol  Storage URI
O mnist-e2e 4 months age  tensorflow vl pve/fend-... F|:| i'
0 seabed-sklearn-serve 29 days ago sklearn vl pve://sea F|:| [}
o seabed-clf 1 minute ago sklearn vl pvc://sea.. F|:| i
tems per page: 10 - -30f3

Figure 6: Model servers

« Model server details

@ seabed-clf
OVERVIEW DETAILS LOGS YAML
Status & Ready
URL external http://seabed-cIf kubeflow-dimitris.example.com (]
URL internal http://seabed-clf kubeflow-dimitris.svec.cluster.local/v1/models/seabed-clf-predict @
Component predictor
Storage URI pve://seabed-classification-95mtm-seabed-model-volume
Predictor sklearn
Protocol Version vl

InferenceService Conditions

Status Type Last Transition Time

° IngressReady less than a minute ago
o PredictorConfigurationReady less than a minute ago
o PredictorReady less than a minute ago
o PredictorRouteReady less than a minute ago
0 Ready less than a minute ago

Figure 7: Model server details

In the matter of continuous training, the above pipeline is sufficient. In a more generic
manner, a stable pipeline that is implemented and automated in production handling live
data, in some stage collects updated data. The training code does not change, as well
as the pipeline does not change. Only the data change. Following up, in this thesis
retraining, or better rerunning the pipeline, will be simulated as if it happened at each
year of our data 2016, 2017 and 2018. When training the model at year 2016 only data
of 2016 are known. When training at year 2017, data of 2016 and 2017 are known and
data of 2018 are unknown. When trying at year 2018, data of all years are known. Below

is listed the performance of the models created by each pipeline run.
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H accuracy | kappa | prec_l1 | prec_2 | prec_3 | prec_ 4 | prec_5 | recall_1 ‘ recall_2 ‘ recall_3 ‘ recall_4 ‘ recall 5
model ’16 0.99983 | 0.99978 | 0.99988 | 0.99962 | 0.99984 | 0.99994 1.0 1.0 1.0 1.0 0.99893 | 0.9999
at 2016
model ’16 0.60898 | 0.49144 | 0.65907 | 0.24476 | 0.55603 | 0.87916 | 0.99995 | 0.99949 | 0.255690 | 0.53317 | 0.09311 | 0.96927
at 2017
model ’16 0.72483 | 0.58081 | 0.69983 | 0.71013 | 0.04479 | 0.93878 | 0.99195 | 0.94077 | 0.86175 | 0.00108 | 0.00106 | 0.75573
at 2018
model ’17 0.99978 | 0.99971 | 0.99994 | 0.99939 | 0.99988 | 0.99978 | 0.99999 | 0.99998 0.9999 0.99994 | 0.9985 | 0.99995
at 2016
model ’17 0.99968 0.9996 0.99907 | 0.99987 | 0.99987 | 0.99997 1.0 0.99996 | 0.99866 | 0.99993 | 0.99976 | 0.9999
at 2017
model ’17 0.6699 0.48917 | 0.61697 | 0.71738 | 0.04586 | 0.99714 | 0.98888 | 0.99937 | 0.62684 | 0.00148 | 0.02406 | 0.69297
at 2018
model ’18 0.99969 | 0.99959 | 0.9999 | 0.99935 | 0.9999 | 0.99922 | 0.99997 | 0.99982 | 0.99979 | 0.99994 | 0.99845 | 0.99999
at 2016
model ’18 0.99967 | 0.99959 | 0.99911 | 0.99986 | 0.9998 0.99997 1.0 0.99993 0.9987 0.99997 | 0.99965 | 0.99989
at 2017
model ’18 0.99686 | 0.99559 | 0.99634 | 0.99729 | 0.99662 | 0.99425 | 0.99972 1.0 0.99983 0.99783 | 0.97006 | 0.9947
at 2018

(a) backscatter 2016

Table 1: Performance of 2016, 2017, 2018 models

(d) model '16

(b) bathymetry 2016

(e) model '17

(c) ground truth 2016

(f) model ’18

Figure 8: Bedford 2016 dataset classification
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(a) backscatter 2017 (b) bathymetry 2017 (c) ground truth 2017

(d) model ’'16 (e) model 17 () model 18

Figure 9: Bedford 2017 dataset classification

(a) backscatter 2018 (b) bathymetry 2018 (c) ground truth 2018

(d) model ’16 (e) model '17 () model 18

Figure 10: Bedford 2018 dataset classification
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The overall assumption is that Kubeflow is a very powerful platform trying to simplify
MLOps and mostly succeeds it. It manages to make an agnostic Kubernetes environment
for data scientists, who can by only describing some steps in a pipeline create complex
machine learning operations. It has integrated with most of the tools used by data scien-
tists, from developing a model to deploying and monitoring in production. It contributes
a lot in the decoupling and collaboration of data science teams and DevOps engineers.
Kubeflow benefits of Kubernetes features of scaling and orchestration.

Some aspects of the implementation of this thesis could be further explored. User
management with RBAC should be enforced in production, as well as resource man-
agement based on user or group. In this case, user isolation was enforced, but had
not limitations in cluster. When tackling complex ML systems with Kubeflow and Ku-
bernetes, infrastructure should be monitored regarding resource usage. Grafana and
Prometheus, would be a great fit, as they are the most commonly used tools. Further
usage and exploration should be done regarding Kubeflow training operators, tf-operator,
pytorch-operator and mpi-operator (Horovod [9]), that provide out of the box distributed
training. An aspect of great importance is model and data monitoring. They should be
implemented, exploring Katib options of Alibi Detector, AIF Bias Detector and ART Ad-
versial Detector, as well as ModelMesh. Rollback should also be implemented, as well as
gradually replacing a model with Canary rollout. Finally, an interesting tool, when tack-
ling neural networks and deep learning algorithms, is Katib’s NAS [10], which performs

Neural Architecture Search.
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Keflaio

Eisagwg

Se aut thn diplwmatik a gbnei mia proseggish thc ulopobhshc automatopoihménwn
diadikasi,n mhganik ¢ m“jhshc (MLOps) se sust mata pou rbskontai sthn paragwg .
S mera, h mhganik m’jhsh grhsimopoiebtai se éna eurO “sma efarmog.n kai apoteleD
to epbkentro tou endiaférontoc poll,n epigeir sewn. To endiaféron egkeitai tiso sthn a-
n“ptuxh prodintwn gia "mesh gr sh mhganik ¢ m“jhshc gia pribleyh kai taxinimhsh, iso
kai sthn anagn, rish twn t"sewn sth sumperifor™ pelat, n kai epigeir sewn gia upost rixh
upargintwn prodintwn kai thn an”ptuxh néwn. Kat™ autin to tripo grei"zontai k"poiec
diadikasbPec pou a analamb™noun na anaptOssoun suneq.c ta montéla mhganik ¢ mijh-
shc, na eléggoun thn apotelesmatikithta touc, na ta exelbssoun kai na ta enswmat,noun se
néa up’rqonta prodinta.

1.1 Mhganik m’jhsh

1.1.1  An"ptuxh susthm™twn

Gia thn an”ptuxh enic sust matoc mhganik ¢ m“jhshc, oi epist monec dedoménwn kalo-
Ontai na efarmisoun kai na ekpaideOsoun &na montélo mhganik ¢ m“jhshc me prognwstik
apidosh se éna sOnolo dedoménwn, lamb™nontac upiyh sgetik™ dedoména ekpabdeushc gia
thn perbptwsh gr shc touc. Wstiso, h pragmatik priklhsh den ePnai h dhmiourgba e-
nic montélou, h priklhsh ebnai h oikodimhsh enic oloklhrvménou sust matoc mhganik ¢
m’jhshc kai h suneq c leitourgba tou sthn paragwg .

'Opwc aPnetai sto paraktw di"gramma, mino éna mikri kI’'sma enic pragmatikoO
sust matoc mhganik ¢ m’jhshc apotelebtai api ton k dika. Ta apaitoOmena perib llonta
stoigeDa ePnai ter“stia kai polOploka.
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Sgma 1.1: Stoigeba gia sust mata mhganik ¢ m“jhshc [2]

Se k’je sOsthma mhaganik ¢ mjhshc, afoQ prosdioristeb h epigeirhmatik qr sh

kai kajoristoOn ta krit ria epitugPac, h diadikasPa par"doshc enic montélou mhganik ¢

m’jhshc sthn paragwg perilambnei ta akilouja mata.

Aut” ta mata mporoOn na oloklhrwjoOn geirokBnhta mporoOn na oloklhrwjoOn

me autimath swl nwsh.

" Exagwg dedoménwn: Epilog kai enswm’twsh twn sqetik,n dedoménwn api di*forec

phgeéc.

An"lush dedoménwn: Ektélesh diereunhtik ¢ an“lushc dedoménwn ( EDA) gia kata-
nihsh twn diajésimwn dedoménwn gia th dhmiourgba tou montélou. Aut h diadikasba
odhgeb sta ex c:

Katanihsh tou sq matoc dedoménwn kai twn garakthristik,n pou anaménontai

api to montélo.

Prosdiorismic thc proetoimasbac dedoménwn kai thc mhqganik ¢ garakthristi-
k.n pou apaitoOntai gia to montélo.

Proetoimasba dedoménwn: Aut h proetoimasba perilamb™nei kajarismi dedomeénwn,
ipou gwrbzontai ta dedoména se set ekpabdeushc, epikOrwshc kai dokim n. Perilam-
“nei epbshc metasghmatismi dedoménwn kai exagwg garakthristik,n sto montélo. H
éxodoc autoO tou matoc ePnai ta diagwrisména set dedoménwn sthn proetoimasménh

morf .

Ekpabdeush montélwn: O epist monac dedoménwn efarmizei diaforetikoOc algirij-
mouc me ta proetoimasmeéna dedomeéna gia na ekpaideQOsei di*fora montéla mhganik ¢
mjhshc. Epipléon, se autoOc tou algorBjmouc anazht” tic étlistec uperpara-
métrouc gia na rei to montélo me thn kalOterh apidosh. H éxodoc autoO tou matoc

ebnai éna ekpaideuméno montélo.

Axiolighsh montélou: To montélo axiologebtai se éna set dokim,n gia thn axiolighsh
thc poiithtac tou montélou. To apotélesma autoO tou matoc ePnai éna sOnolo
metr sewn gia thn axiolighsh thc poiithtac tou montélou.
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" EpikOrwsh montélou: To montélo epibebai netai iti eDnai eparkéc gia pro,jhsh sthn
paragwg , iti h prognwstik tou apidosh ePnai kalOterh api éna sugkekriméno
kat,fli.

~ Pro,jhsh montélou sthn paragwg : To epikurwméno montélo gbnetai diajeésimo sthn
paragwg gia thn parog probléyewn. Aut h Pro,jhsh mporeb na ebnai éna api
ta akilouja:

Microservices meREST API gia thn paroq diadiktuak,n probléyewn.
'Ena enswmatwmeéno montélo se mia suskeu edge kinht suskeu .

Méroc enic sust matoc pribleyhc se partbdec.

" ParakoloOjhsh montélou: H prognwstik apidosh tou montélou parakoloujebtai
gia pijan epbklhsh miac néac epan’lhyhc sth diadikasba mhganik ¢ m“jhshc.

1.1.2 Diadikasbec mhqganik ¢ m“jhshc (MLOps)

Oi diadikasbec mhganik ¢ mjhshc, MLOps gia suntomba, ebnai mia asik ptuq thc
mhganik ¢ mhganik ¢ mjhshc pou epikentr netai sthn aplopobhsh kai sthn epit"qunsh
thc diadikasbac par"doshc montélwn sthn paragwg kai sth sunt rhsh kai parakolo-
Ojhsh touc. Perilamb™noun th sunergasba metaxO diaforetik,n om"dwn, sumperilambano-
ménwn episthminwn dedoménwn, mhganik,n DevOps, eidik,n plhroforik ¢ kai “llwn. Oi
diadikasbec autéc stogeOoun sthn enopobhsh thc anptuxhc sust matoc kai the leitourgbac
enic sust matoc mhqanik ¢ m’jhshc.

Ta MLOps [1] perilamb™noun tic akiloujec praktikec:

Continuous Integration (Cl) : 'Opou epektePnetai o éleggoc kai h epikOrwsh tou k_ di-
ka kai twn stoigeBwn prosjétontac dedoména kai montéla dokim,_n kai epikOrwshc.

Continuous Delivery (CD) : 'Opou afor” thn pardosh miac swl nwshc ekpabdeu-
shc enic sust matoc mhganik ¢ m“jhshc pou knei diajesimh autimata mia “lih
uphresba pribleyhc montelou.

Continuous Training (CT) : Sunant’tai mino se MLOps kai igi se DevOps, ipou epa-
nekpaideOontai autimata ta montéla gia ek néou an“ptuxh.

Continuous Monitoring (CM)  : Afor” thn parakoloOjhsh twn dedoménwn paragwg ¢
kai twn metr sewn apidoshc montélwn, oi opobec sundéontai me tic epigeirhmatikéc

metr seic.
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Mh autimath diadikasba

Polléc omdec &éqoun epist monec dedoménwn kai ereunhtéc pou mporoOn na kataskeu-
“soun montéla teleutabac tegnologbac, all” h diadikasba an“ptuxhc kai pro,jhshc sthn
paragwg twn montélwn ebnai entel c geirokbnhth.

Sg ma 1.2: Mh autimath diadikasba MLOps

H diadikasba aut ebnai diadrastik kai asisménh se sen’ria. K'je ma ebPnai geiro-
kPnhto, sumperilambanoménhc thc an“lushc dedoménwn, thc proetoimasbac dedoménwn, thc
ekpabdeushc montélwn kai thc epikOrwshc. ApaiteD geirokPnhth ektélesh kai geirokBnhth
met"bash api to éna ma sto “llo. Aut h diadikasba sun jwc kajodhgebtai api peirama-
tiki k dika pou gr-fetai kai ektelebtai api ton epist mona dedoménwn diadrastik™, méqri
na paragjeb éna leitourgiki montelo. H diadikasba diagwrbzei touc epist monec dedoménwn
pou dhmiourgoOn to montelo kai touc mhganikoOc pou k™noun diajésimo to montélo wc éna
service pribleyhc. Oi epist monec dedoménwn paradbdoun éna ekpaideuméno montelo sthn
om“da mhqganik,n gia na to enswmat,soun sthn upodom touc. Aut h metabbBbash mporeb
na perilamb’nei thn topojéthsh tou ekpaideuménou montélou se mia ésh apoj keushc
se éna apojet rio k. dika th metafirtws tou se éna mhtr,0 montélwn (model registry) .

Kat™ autin ton tripo, aut h diadikasba den égei sugn™ néec anane,seic tou montélou,
kaj,c kai den parakoloujebtai energ™ h apidosh tou montélou.

Automatopoihménh swl nwsh

Se aut thn diadikasba epitugqnetai suneq ¢ ekpabdeush tou montelou me thn automa-
topobhsh thc swl nwshc. Auti epitrépei thn suneq par"dosh thc uphresbac pribleyhc
montélou (Continuous Delivery « CD) . Gia na automatopoihjeb h diadikasba qr shc newn
dedoménwn gia thn epanekpabdeush montélwn sthn paragwg (Continuous Training « CT)
a prépei na eis"gontai automatopoihména dedoména kai k’poia mata epikOrwshc mo-
ntélwn sth swl nwsh. EpBshc prépei na up“rxoun k™poioi energopoihtéc gia thn swl nwsh

kai na gbnei diagePrish twn metadedoménwn pou prokOptoun se k'je st™dio.
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Sq ma 1.3: Automatopoihmenh swl nwsh  MLOps (CD<CT)

Oi energopoihtéc thc swl nwshc mporoOn na automatopoihjoOn an’loga me tic an"gkec.
MporoOn na energopoioOn thn swl nwsh kat™ apabthsh, eDte an” takt” gronik™ diast mata,
ebte ipote up“rqoun diajésima néa dedoména, ebte akima itan up“rgei aisjht upob”jmish
thc apidoshc, prokal, ntac thn epanekpabdeush tou montélou.

Pol® shmantik ebnai kai h diageBrish twn metadedoménwn. Oi plhroforbec sqetik®
me k'je ektelesh thc swl nwshc ipou katagr-fontai ta sugkekriména dedomeéna, k,dikec
pou grhsimopoi jhkan, kaj,c kai ta artifacts pou dhmiourg jhkan, gia thn anaparagw-
gimithta kai tic sugkrbseic. Auti ohj" sthn diirjwsh sfalm“twn kai anwmali n.

Epbshc kombiki ilo sthn diadikasba éqei to "versioning" . O stigoc tou ePnai na anti-
metwpDzontai ta sen’ria ekpabdeushc, ta montéla kai ta sOnola dedoménwn gia ekpabdeush
montélwn ipwc stic diadikasPec DevOps, parakolouj ntac ta montéla kai ta sOnola de-
doménwn me sust mata elégqou ekdisewn. Me auti ton tripo gia k'je ektélesh sthn
diadikasba ekpabdeushc tou montelou, a up'rgei katagraf /ékdosh tiso tou k,dika,
iso kai twn dedoménwn pou grhsimopoi jhkan.

To st'dio tou CD ebnai h diadikasba an"ptuxhc tou k,dika gia thn antikat”stash twn
prohgoOmenwn ekdisewn. Auti pragmatopoieBtai mésw miac strathgik ¢, sun jwc mba ek
twn dOo, thc "bluesgreen" thc "canary" . Ousiastik™ eDnai mejodologbDec gia th stadiak
kukloforba ekdisewn. H  "bluesgreen" proséggish apaiteD dOo perib’llonta paragwg c,
iso to dunatin panomoiitupa. An” p“sa stigm éna api aut”, to mple gia par"deigma,
ebnai en leitourgba. Kaj,c etoim”zetai mia néa ékdosh tou montélou, to teliki st"dio
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thc dokim ¢ gPnetai sto prisino perib’llon. Milic to montélo leitourgeb sto prisino
peribllon, dromologoOntai ila ta eisergimena ait mata na phgaPnoun se auti, opite
kai to mple ePnai pléon adranéc. E™n Kkti den leitourg sei swst”, ila dromologoOntai
xan” sto mple peribllon. Parimoia, sthn "canary" strathgik , h allag anaptOssetai
se éna mikri uposOnolo peript, sewn, exuphret ntac éna mikri pososti thc kBnhshc sthn
paragwg . Milic diapistwjeD iti to kainoOrio montélo leitourgeD kal” tite dromologebtai
na exuphreteb ilh thn kbnhsh.

Mia epbshc strathgik ebnaito “"shadow evaluation” (Dark launch) . H strathgik aut
ePnai mia polO diaisjhtik kai asfal c. Kat™ thn strathgik aut, to néo montélo pro-
stbjetai sto mhtr,o wc upoy fio montelo. Opoiod pote néo abthma pribleyhc ektelebtai
tiso api tic ekdiseic tou montélou pou grhsimopoieBbtai epb tou parintoc sthn paragwg ,
iso kai api th néa upoy fia ekdosh pou ebnai se shadow evaluation . 'Etsi h apidosh
thc néac ékdoshc axiologebtai prin gbnei diajésimh sthn paragwg . 'Otan ewrhjeb iti to
upoy fio montelo ebnai eparkéc, antikajist™ to up“rqwn montélo sthn paragwg .

H diadikasPa CD a prépei na ePnai stadiak gia thn epikOrwsh thc orjithtac kai thc

poiithtac tou montélou se "zwntan™ dedoména, grhsimopoi,ntac sust mata paragwg c,

protoO prowjhjeD sthn paragwg kai xekin sei na lamb™nei pragmatikéc automatopoih-

meénec apofseic. Aut h axiolighsh onom™zetai sugn”™ "diadiktuak axiolighsh", se a-
ntbjesh me tic dokimec pou pragmatopoi jhkan kat™ th “sh Cl pou asbzontai se istorik™

sOnola dedoménwn kai mporeD na ewrhjoOn "axiolighsh ektic sOndeshc".

Automatopoihmenh swl nwsh me Cl/CD

Gia gr gorh kai axiipisth enhmérwsh twn swlhn sewn sthn paragwg , grei"zetai éna
automatopoihméno sOsthma CI/CD . Auti to sOsthma epitrépei stouc epist monec dedo-
ménwn na exereunoOn gr gora néec idéec sqgetik” me th mhganik garakthristik,n, thn
argitektonik montélwn kai tic uperparamétrouc. MporoOn na efarmisoun autéc tic idéec
kai na dhmiourg soun autimata, na dokim soun kai na anaptOxoun ta néa stoigePa thc
swl nwshc sto perib’llon stigo.

To parak™tw di"gramma debqgnei thn ulopobhsh thc swl nwshc grhsimopoi, ntac Cl/ICD
to opoPo égei ta qarakthristik® thc Ojmishc twn automatopoihménwn swihn sewn pou
anaférjhkan parap™nw sun tic automatopoihmenec outbnec Cl/ICD .
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Sgma 1.4: CI/CD se automatopoihménh swl nwsh

'Opwc abnetai sthn parap™nw eikina, gia thn pragmatopobhsh automatopoihménhc
swl nwshc me CI/CD grei"zontai ta parak’tw stoigeba:

~ SOsthma elégqou ekdisewn

" Services gia dokiméc kai kataskeu twn pakétwn
" Services gia egkat'stash

" Mhtr,o gia thn apoj keush twn montélwn

" Q,roc gia thn apoj keush twn garakthristik n

" Q,roc gia thn apoj keush twn metadedoménwn

" Enorghstrwt ¢ twn swihn,sewn
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Pio sugkekriména, to parak’tw di"gramma debqgnei ta st"dia thc automatopoihménhc

swl nwshc me CI/CD :

Sgma 1.5: Tast'dia CI/CD thc automatopoihménh swl nwsh

H swl nwsh apotelebtai api ta akilouja st"dia:

An“ptuxh kai peiramatismic: Dokim~zontai epanalhptik™ néoi algirijmoi mhganik ¢
m’jhshc kai néa montéela kat™ thn enorqg strwsh twn hm™twn tou peirmatoc. H
éxodoc autoO tou stadbou ePnai o phgaboc k dikac twn hm™twn swl nwshc pou sth
sunégeia prowjoOntai se éna apojet rio.

Pipeline Cl : GPnetai tobuild tou k,dika kai ekteloOntai k™poiec dokiméc. Oi éxodoi
autoO tou stadbou ePnai stoigeDa swl nwshc (pakéta, ektelésima kai artifacts ) pou a
anaptugjoOn se metagenéstero st’dio.

Pipeline CD : AnaptOssontai ta artifacts pou par"gontai api to st’dio Cl sto peri-
“llon stigo. H éxodoc autoO tou stadbBou ePnai mba swl nwsh me th néa efarmog
tou montélou.

Automatopoihménh energopobhsh: H swl nwsh ektelebtai autimata sthn paragwg
me “sh éna gronodi"gramma wc apikrish se énan energopoiht . H éxodoc autoO
tou stadbou ebnai éna ekpaideuméno montélo pou prowjebtai sto mhtr,0 montélwn.

Montelo CD: To ekpaideuméno montélo anaptOssetai we  service probléyewn.

ParakoloOjhsh: Sullégontai statistik™ stoigePa gia thn apidosh tou montélou me
"sh wntan™ dedoména. H éxodoc autoQ tou stadbou ePnai éna énausma gia thn e-
ktelesh thc swl nwshc gia thn ektélesh enic néou kOklou peirmatoc.



1.2 Antikebmeno thc diplwmatik ¢

1.2 AntikeBPmeno thc diplwmatik ¢

Se aut thn diplwmatik proseggbzetai h ulopobhsh upodom,n kai diadikasi,n mhqga-
nik c mijhshc  MLOps sthn paragwg. H proséggish aut efarmizetai se éna thma
mhganik ¢ m“jhshc gia shmasiologik kattmhsh se gewqwrik™ dedomeéna. Sugkekrimena
kathgoriopoioOntai stoigeDa api upojal’ssiec eikinec, gia thn anagn,rish tou eBdouc tou
edfouc. Ulopoiebtai mia IOsh me  Kubernetes kai thn platfirma Kube ow . Stic diadi-
kasbPec mhganik ¢ mijhshc, a perigrafoOn k™poiec tegnikéc pou aposkopoOn sthn auto-
matopobhsh twn susthm™twn gia suneq ekpabdeush twn montélwn kai suneq exuphréthsh
sthn paragwg .

1.3 Dom thc diplwmatik ¢

H paroOsa ergasba organ, netai wc ex c:

~

Sto kef'laio 2 perigrifetai to ewrhtiki upibajro anaforik® me ta ergaleba
Kubernetes kai Kube ow .

Sto kef'laio 3 perigrifontai oi epilogéc pou gbnontai kat™ thn sqedbash enic su-
st matoc mhganik ¢ m“jhshc sthn paragwg . Epbshc parousi“zontai oi ulopoi seic
se mikriterh klIbmaka, oi opobec éginan sta plabsia thc ergasbac.

Sto kef'laio 4 proseggbzetai kai epilOetai éna thma mhganik ¢ m’jhshc me dia-
dikasPec MLOps me stiqo thn automatopoBhsh sthn paragwg . AnalOontai ila ta
st"dia thc diadikasbac, sullog ¢ dedoménwn, ekpabdeushc tou montélou kai pro,jh-
sh tou montélou sthn paragwg . Kaj,c epPshc, analOetai h diadikasPa epanekpa-

Bdeushc kai antikat’stashc montélwn sthn paragwg .

Sto kef'laio 5 gbnetai mPa sOnoyh sqgetik™ me ta ofélh thc gr shc twn MLOps,
ipwc ulopoi jhkan sthn paroOsa ergasPa kai tic diaforéc pou mporeD na éqgei api

éna sOsthma sthn paragwg . EpPshc dbnontai sOntoma, k“poiec pijanéc mellontikéc
epekt'seic kai efarmogéc twn  MLOps diadikasi,n pou ulopoi jhkan.






Kef’laio

Upodom Kkai ergaleba

2.1 Kubernetes

To Kubernetes [4] ePnai mia epekt’simh platfirma anoigqtoO k dika gia th diageBrish
irtou ergasbac kai services me qr sh containers , pou dieukolOnei tiso to  "Infrustr
ture as Code" (IaC) iso kai ton automatismi. 'Eqgei eéna meglo, tagéwc anaptussimeno

uce

oikosOsthma. Oi uphresPec, h upost rixh kai ta ergaleDa Kubernetes ebnai euréwc dia-

ésima. H Google dhmioOrghse to pritzekt  Kubernetes anoiqtoO k dika to 2014. To

Kubernetes esti"zei sth diagebrish irtou ergasbac paragwg ¢ se meg’lh kibmaka me tic
kalOterec idéec kai praktikéc api thn koinithta.

Sgma 2.1: An’ptuxh efarmog,n sthn paragwg

'Opwc abnetai sto sq ma 2.1, palaiitera, sthn "paradosiak epoq " ipwc anafére-

tai, oi organismob ekteloOsan efarmogéc apeujebac se usik® mhgan mata (servers).

up rge tripoc na kajoristoOn ta iria pirwn gia efarmogéc se éna usiki mhg™nhma kai
auti prok’lese probl mata katanom ¢ pirwn. Gia par"deigma, €°n pollec efarmogéc
ekteloOntai se éna usiki mhg"nhma, mporeD na up’rxoun peript,seic ipou mia efarmog
a katal’'mbane touc perissiterouc pirouc kai wc ek toOtou, oi “llec efarmogéc a ebgan
gamhl apidosh. Mia IOsh gia auti a tan h ektélesh k'je efarmog ¢ se diaforetiki
usiki mhg™nhma. All" aut h 10sh den mporeD na éqgei klim“kwsh, kaj,c oi piroi mporeD
na grhsimopoioOntan el"gista kai tan akribi gia touc organismoOc na diathroOn poll®
usik™ mhgan mata.

Den



Kef'laio 2. Upodom kai ergaleba

San exelixh, érgetai mia "epoq " eikonik ¢ an"ptuxhc. H eikonikopobhsh (virtualization)
epitrépei na up“rqoun pollapléc eikonikeéc mhganéc VM se ena usiki mhg™nhma. Epbshc
epitrépei thn apominwsh twn efarmog,n metaxO twn VM kai paréqei ena epbpedo asf’leiac
kaj,c oi plhroforDec miac efarmog ¢ den mporoOn na ePnai eleOjera prosb’simec api
“llh efarmog . Kat™ autin ton tripo gBnetai kalOterh gr sh twn pirwn se éna usiki
mhg nhma kai dieukolOnetai h epektasimithta. MPa efarmog mporeb na prostejeD na
enhmerwjeD eOkola. Me thn eikonikopoBhsh mporeb na parousiasteD éna sOnolo usik.n
pirwn wc éna cluster eikonik,n mhgan,n. Kje VM ebnai ena pl rec mhg"nhma pou trégei
ila ta stoigePa, sumperilambanoménou tou dikoO tou leitourgikoO sust matoc, pnw api
to eikonikopoihméno uliki.

'Epeita erqgetai h epog an”ptuxhc se containers . Ta containers ebnai parimoia me
ta VM, all” égoun ligiterec idiithtec apominwshc gia koin gr sh tou leitourgikoO su-
stmatoc (OS) metaxO twn efarmog,n. Epoménwc, ta containers ewroOntai elafri” wc
proc ton irto pou dhmiourgoOn sto usiki mhg"nhma. Parimoia me éna VM, éna cone
tainer éqei to diki tou sOsthma argePwn, merbdio CPU, mn mh, q.ro diergasi_n kai poll®
“lla. Epeid ebnai aposundedeména api thn upokebmenh upodom , kataférnoun na ebnai
orht” se  cloud kai di*fora leitourgik™ sust mata.

2.1.1 Domik™ stoigeba

'Ena Kubernetes cluster apoteleBtai api éna sOnolo mhgan,n, pou onom”zontai kimboi
nodes, ipou ekteloOntai efarmogéc me kontéiner. K’je cluster égei toul"giston énan kimbo
ergasbac. 'Enac kimboc mporeb na ebPnai enayM éna usiki mhg"nhma.

Oi kimboi periéqoun ta  pods pou ePnai ta stoigeDa pou exuphretoOn ton irto ergasbac
thc efarmog c. Sta  pods trégoun ta konteiner thc efarmog c.

Sqma 2.2: Domik™ stoigeba tou Kubernetes [11]



2.1.1 Domik™ stoigeba

Stoigeba tou Control Plane

To control plane diageirbzetai touc kimbouc kai ta pods sto cluster . Se perib’llonta

paragwg ¢, to  control plane sun jwc ektelePtai se polloOc upologistéc kai éna cluster

sun jwc ekteleb polloOc kimbouc, parégontac anoq se sflimata kai uyhl diajesimith-

kubeeapiserver

H diepaf giato  Control Plane . Exuphreteb tic leitourgbec REST, mésw thc opobac

allhlepidroOn ila ta “lla stoigePa tou cluster .
etcd
Q.roc apoj keushc thc morf c keyevalue pou grhsimopoiebtai wc antbgrafo asfa-

lebac gia ila ta dedoména tou cluster .

kubeescheduler

Parakoloujeb tanéa pods pou dhmiourg jhkan kai den anatéjhkan se kpoio kimbo
kai epilégei énan kimbo ston opoPo a ekteloOntai.

kubescontrollersmanager

Periéqei diafirwn tOpwn elegktéc pou diasfalDzoun thn swst leitourgba diafirwn
stoigebwn sto cluster .

cloudscontrollersmanager

Epitrépei thn sOndesh enic cluster sto API enic pariqou cloud kai diaqwrbzei ta
stoigePa pou allhlepidroOn me autn thn platfirma cloud api ta stoigeba pou

allhlepidroOn mino me to  cluster .

Stoigeba twn kimbwn

" kubelet

'Enac agent pou trégei se K'je kimbo sto  cluster . Diasfalbzei iti ePnai se leitourgba
ta kontéiner sta pods.
kubeeproxy

'Enac diamesolabht c diktOou pou ektelebtai se kajéna api touc kimbouc se éna cluse
ter. Diathreb kaninec diktOou stouc kimbouc. AutoD oi kaninec diktOou epitrépoun
thn epikoinwnba diktOou me ta pods api sundéseic diktOou entic ektic tou cluster .
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2.1.2 Leitourgbec

Ta containers ePnai énac kalic tripoc gia na omadopoihjoOn kai na ektelestoOn oi
efarmogéec. Se ena perib’llon paragwg c, prépei na up’rqgei diagebrish twn konteiner pou
ekteloOn tic efarmogéc kai diasflish iti den up’rgei grinoc diakop c leitourgbPac. Gia
par‘deigma, e€'n éna kontéiner termatbsei, éna “llo kontéiner prépei na xekin sei. Autéc
tic leitourgbec analamb™nei to  Kubernetes , paréqontac éna plabsio gia na ekteloOntai ta
katanemhména sust mata me euelixbPa. Frontbzei gia thn klim"kwsh kai to failover thc
efarmog c, parégei motbba an”ptuxhc, kaj,c kai “llec leitourgbec.

K"poiec api autéc tic leitourgbec ebnai oi parak’tw.

" Anak’luyh uphresbac  (service discovery)

To Kubernetes mporeb na dbnei diajésimo éna kontéiner grhsimopoi, ntac to inoma
méswDNS (Domain Name System)  grhsimopoi, ntac th dik tou dieQjunsh IP.

" Exisorriphsh ortbou (load balancing)

E°n h kbnhsh se éna kontéiner ebnai uyhl, tite gbnetai exisorriphsh ortbou kai
dianémetai h kbnhsh sto upiloipo dbktuo étsi ,ste h efarmog na leitourgeb stajer”.

" Enorq strwsh apoj keushc

To Kubernetes epitrépei na autimath pros’rthsh éna sust matoc apoj keushc,
ipwc api topikoOc apojhkeutikoOc g.rouc ao dhmisiouc parigouc cloud ..

~ Automatopoihména rollouts kai rollbacks

DOnatai na up’rgei perigraf thc epijumht ¢ kat"stashc gia ta kontéiner pou égoun
anaptugjeb. Qrhsimopoi, ntac to Kubernetes diasfalbzetai iti mporeb na all’xei h
pragmatik kat'stash sthn epijumht kat’stash me eleggimeno ujmi. Gia pa-

“deigma, up’rgei dunatithta na automatopoihjeb to Kubernetes gia na dhmiourgh-
oOn néa konteéiner gia mia efarmog , na afairejoOn ta up“rqonta kontéiner kai na
uiojethjoOn iloi oi piroi touc sto néo konteiner.

Automatopoihméno bin packing

Argik™ parégetai sto Kubernetes éna cluster api kimbouc pou mporeb na grhsimo-
poi sei gia thn ektélesh ergasi,n me kontéiner. 'Epeita perigr-fetai pish CPU kai
mn mh (RAM) grei“zetai kje kontéiner. To Kubernetes analamb™nei na topojet sei
apodotik™ ta konteiner stouc kimbouc, ste na k™nei thn kalOterh gr sh twn pirwn.

Autodash (self healing)

To Kubernetes epanekkineb ta konteiner pou apotugq noun, antikajist™ ta kontei-
ner, termatbzei ta kontéiner pou den antapokrbnontai kai den ta eqei diajesima sthn
efarmog meqri na ebnai étoima na exuphret soun kbnhsh.



2.1.3 Kubernetes objects

" DiageBbrish mustik,n kai ujmbsewn

To Kubernetes paregei teqnikéc gia apoj keush kai diageirbsh euabsjhtwn plhro-
orbwn, ipwc kwdikoOc prisbashc, OAuth tokens kai kleidi® SSH. EPnai dunat
h dhmiourgba kai h enhmérwsh mustik,.n kai ujmbsewn efarmog,n qwrbc thn epa-
nadhmiourgPa twn eikinwn tou kontéiner kai qwrBc na apokalOptontai oi euaPsjhtec
plhroforbBec sthn upiloiph upodom .

2.1.3 Kubernetes objects

Ta Kubernetes objects ebnai k’poiec ontithtec pou perigrifoun mia epijumht ka-
t"stash gia to  cluster . Perigrifoun poiec efarmogéc ekteloOntai, se poiouc kimbouc, ti
pirouc grei“zontai kai ipoiec strathgikéc grhsimopoioOn gia thn omal ektélesh touc.

Gia th dhmiourgba enic Kubernetes object , prépei na dojeb to spec tou antikeiménou
pou perigrifei thn epijumht kat'stas tou, kaj,c kai k"poiec asikec plhroforbec
gia to antikebmeno, ipwc éna inoma. Mporeb na grhsimopoihjeb to  Kubernetes API gia th
dhmiourgba tou antikeiménou. Auti to abthma sto  API prépei na perilambnei autec tic

plhroforbec wc  JSON sto s,ma ait matoc. Pio sugn™ grhsimopoiebtai éna argebo .yaml
(manifest) me to ergalebo kubectl (Kubernetes commandeline tool) . To kubectl metatrepei
tic plhroforbec se  JSON kat™ thn upobol tou ait matoc API.

Sgma 2.3: Par"deigma .yaml manifest
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Sto .yaml arqebo ta parak’tw pedba ebnai upoqrewtik™.

apiVersion : H ékdosh tou Kubernetes APl pou grhsimopoiebtai
kind : To ebdoc tou antikeiménou
metadata : To ebPdoc tou antikeiménou

spec: Epijumht kat’stash tou antikeiménou

Basik stoigebo sto Kubernetes ebnai oi g,roi onom™twn (namespaces). Oi q,roi o-
nom’twn paréqoun énan mhganismi gia thn apominwsh om“dwn ontot twn se éna cluster .
Ta onimata twn ontot twn prépei na ePnai monadik™ entic enic g,rou onom™twn, all” iqi
metaxO ilwn. H embeéleia “sei g,rou onom’twn isqQei se k’poia antikePmena ipwc Deploye
ments [12], Services kai “lla. K"poia “lla antikebmena ebnai diajésima se ilo to cluster ,
ipwc ta StorageClass, PersistentVolumes , oi kimboi kai “lla.

Shmantiki epPshc stoigePo ePnai ta Services [13], pou kajistoOn dunat thn prisbash se
mba efarmog api éna setapi  pods. Ta Services ePnai mia énnoia pou orbzei &éna sOnolo api
pods pou ekteloOntai k’pou sto  cluster kai ila parégoun thn Bdia leitourgikithta. 'Otan
dhmiourgebtai, se klje service ekqwrebtai mia monadik dieQjunsh IP. Aut h dieQjunsh
ebnai sundedeménh me th di'rkeia wc tou service kai den a all"xei iso ektelebtai to
service. Ta pods mporoOn na diamorfwjoOn ste na mil'ne me to service kai up’rgei
loadebalancing me ta upiloipa pods tou service.

Workloads

'‘Ena workload ebnai mia efarmog pou ektelebtai sto  Kubernetes . Ektelebtai ebte ebnai
éna memonwmeéno stoigePo ebte ePnai poll” pou leitourgoOn mazb, se éna sOnolo api pods.
K poia enswmatwmena workload resources sto kubernetes ebnai ta parak’tw:

~

Deployment : Sta plabsia miac efarmog c, perieqoun odhgbec gia thn diagebrish twn
pods kai twn ReplicaSets .

ReplicaSet : O skopic enic ReplicaSet [14] ePnai na diathreD éna stajeri sOnolo api
antbgrafa pods pou ekteloOntai an” p“sa stigm .

StatefulSet : Qrhsimopoiebtai gia th diagebrish  stateful efarmog,n.

DaemonSet : Diasfalbzei iti iloi ( orisménoi) kimboi ekteloOn éna antbgrafo enic

pod. Kaj,c oi kimboi prostbjentai sto cluster , prostbjentai kaita pods se aut”. Ka-
.c oi kimboi afairoOntai api to cluster , aut”ta pods sullégontai api ton  garbage
collector . H diagraf enic  DaemonSet a kajarDseita pods pou dhmioOrghse.

Job: Mia ergasba pou perigrifei mia epitughménh ektélesh, dhmiourgeb éna pe-
issitera  pods kai a sunegbsei na prospajeD na ektelései xan” ta pods meqri na
termatbsei epitug,c.



2.2 Kube ow

2.2 Kube ow

To Kube ow [3] ebnai mia platfirma gia epist monec dedoménwn pou éloun na ka-
taskeu"soun kai na peiramatistoOn me swilhn seic mhganik ¢ mijhshc. Qrhsimopoiebtai
epbshc gia mhganikoOc mhganik ¢ mijhshc pou éloun na dhmiourg soun sust mata mh-
ganik ¢ mjhshc se di*fora perib’llonta gia an"ptuxh, dokim kai leitourgba se epbpedo
paragwg c.

2.2.1 Swilhn neic (pipelines)

Mia swl nwsh [15] ePnai mia perigraf miac o ¢ ergasbac mhganik ¢ m'jhshc, pou
sumperilamb’nei ila ta stoigePa thc o ¢ ergasbac kai to tripou me ton opobo sundu”zontai
me th morf graf matoc. H swl nwsh perilamb~nei ton orismi twn eisidwn (paramétrwn)
pou apaitoOntai gia thn ektélesh thc swl nwshc kai tic eisidouc kai exidouc kK’je stadbou.

Sq ma 2.4: Kube ow Pipeline

Basik™ stoigeba twn swlhn sewn ebnai ta parak’tw:

" Component : Klje component thc swlnwshc ePnai éna autinomo sOnolo k dika
api ton gr sth, paketarisméno wc eikina Docker , pou ekteleB mia leitourgba sth
swl nwsh.

" Grfoc: H optik perigraf thc ektéleshc th swl nwshc
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Ektélesh ( Run): Mba memonwménh ektélesh thc swl nwshc. K'je ektélesh kata-
grfei ilec tic paramétrouc pou grhsimopoi jhkan, ta logs kai artifacts pou dh-
miourg jhkan. Bohj,ntac me auti ton tripo sthn parakoloOjhsh thc exélixhc thc

ektéleshc kai sthn anaparagwgimithta. Sto Kube ow uposthrbzontai kai epanalam-

animenec ekteléseic.

Pebrama: Qrhsimopoiebtai gia thn omadapobhsh twn ektelésewn thc swl nwshc me

diaforetikéc paramétrouc.

Energopoiht c ektéleshc  (Run trigger) : 'Enac energopoiht ¢ ektéleshc enhmer nei to
sOsthma pite na dhmiourg sei mia néa ektélesh. H energopoPhsh mporeb na ePnai

periodik programmatismenh me cron.

Bma Step: 'Ena ma ebnai mPa ektélesh enic api ta components tou agwgoO. Se
mPa swl nwsh ta components mporeD ektelestoOn polléc oréc se riggouc.

Artifacts exidou: Par"gontai api opoiod pote st'dio thc swl nwshc kai mporoOn
na d,soun k“poiec apeikonBseic, ipwc &énac pPnakac sOgqushc kai poll” “lla.

Metadata mhganik ¢ mjhshc: Perieqoun plhroforbec gia thn exélixh thc ektéleshc
enic peir'matoc, thn diajesimithta twn artifacts kai peraitérw leptoméreiec gia tic

ujmbseic thc k'je leitourgbac.

Pipelines SDK (Software Development Kit)

To Kube ow Pipelines SDK  [6] parégei éna sOnolo pakétwn Python pou mporeP na
grhsimopoihjeb gia ton kajorismi kai thn ektelesh o,n ergasi"c mhqganik ¢ m’jhshc.
To SDK periéqgei ulopoihmenh diepaf me to Kube ow Pipelines APl  kai “llec leitour-
gbec touKube ow . DBnei thn dunatithta na dhmiourghjoOn ta  components pou grei*zetai
h swl nwsh exolokl rou api mejidouc thc python dhmiourg,ntac aut™ pou apokaleb
lightweight components , kaj,c kai na grhsimopoi sei dh ulopoihména docker images
gia thn dhmiourgba enic component . Ta docker images mporeD na grhsimopoihjoOn ebte
san “sh kai na ulopoi sei o gr sthc ton ektelésimo k,dika, ebte na ektelesteb o k, dikac
pou up’rgei sto  docker image . Sthn pr'xh o gr sthc mporeb na d,sei i,ti grei”zetai gia na
gtisteb enadocker image , ipwc thn "sh  (base_image) kai tic iblioj kec pou grei“zetai na
egkatastajoOn. 'Etsi grhsimopoi,ntac mino thn python apofeOgetai h poluplokithta thc
dhmiourgbac Docker le gia thn dhmiourgba docker image kai h ulopobhsh enic polOplokou
yaml manifest gia thn dhmiourgba tou Kube ow pipeline apito Kubernetes API .



2.2.1 Swilhn,neic (pipelines)

Sg ma 2.5: Par"deigma ulopobhshc Kube ow Component meSDK

Sqg ma 2.6: Par"deigma ulopobhshc Kube ow Pipeline meSDK
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Sg ma 2.7: Par"deigma kl shc sto Kube ow API gia thn dhmiourgba pipeline

2.2.2 Katib

To Katib [7] ePnai ena pritzekt anaptugméno gia Kubernetes gia automatopoihménh mh-
ganik mjhsh  (AutoML) . PragmatopoieD eOresh éltistwn uperparamétrwn, priwrh dia-
kop (early stopping) kai anaz thsh eltisthc argitektonik ¢ neurwniko® diktOou (NAS).
Uposthrbzei di*forec platfirmec mhganik ¢ m“jhshc ipwc TensorFlow, MXNet, PyTorch,
XGBoost kai “llec. Sthn pr'xh to Katib ekteleb arketéc dokiméc ekpabdeushc (trials) se
éna pePrama, gia thn eOresh eéltistwn uperparamétrwn . K'je dokim dokim’zei éna dia-
oretiki sOnolo uperparamétrwn. Sto téloc tou peir'matoc, to Katib ex’gei tic eéltistec
timec gia tic uperparametrouc.

2.2.3 Notebooks

Ta Kube ow Notebooks [16] paréqoun énan tripo ektéleshc periballintwn an”ptuxhc
mésa sto Kubernetes cluster , ektel .ntac ta mésa sto  pods. Uposthrbzoun JupyterLab,
RStudio kai Visual Studio Code . Oi notebook servers ekteloOntai wc kontéiner mésa se
éna pod, gegonic pou shmabnei iti o tOpoc tou server kai poia pakéta ePnai egkatesthména
kajorbzontai api thn eikina Docker pou a grhsimopoihjeb.

2.2.4 Kserve

To KServe [8] grhsimopoiebtai gia thn dhmiourgba inference services me ta montéla
mhganik ¢ m“jhshc se perib’llonta paragwg c. Uposthrbzei tic pleon grhsimopoio-
Omenec platfirmec mhganik ¢ mijhshc TensorFlow, XGBoost, scikitelearn, PyTorch kai
ONNX_.EpilQei thn poluplokithta thc autimathc klim"kwshc (dhmiourgPa/diagraf pol-
lapl.n mon“dwn gia exuphréthsh), tou elégqou ugebac, thc autimathc klim“kwshc stic
GPU kai ta rollouts . Epbshc paréqgei mia diepaf gia ton gr sth pou up'rgei kai sto
kentriki Dasboard sthn selbda Models .

Gia thn apoj keush twn montélwn to Kserve uposthrbzei touc parak™tw g,rouc apo-
keushc:

~ Azure Blob
~ Amazon S3

" Google Cloud Storage (GCS)



2.25 Kentriki Dasboard
" PVC
" URI
2.2.5 Kentriki Dasboard
To Dasboard [17] paregei gr gorh prisbash kai diepaf sta stoigeba tou Kube ow

pou éqoun egkatastajeb sto Kubernetes cluster

Sg ma 2.8: Kube ow Dashboard
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Sgedbash kai ulopobhsh upodom c

3.1 Epilog perib’llontoc

StogeQontac se mia upodom gia MLOps sthn paragwg prokOptoun polloP par"me-
troi pou kajorbzoun thn sgedbash thc. Arqik™ préepei na epilegeb pou a iloxenhjeb h
upodom . Mia etaireDa mporeD na epiléxei na ependOsei ebte se eswterik ulopoBhsh, ebte
se mia upodom sto cloud , ebte se mia ubridik 10sh metaxO twn dOo. Oi etairePec tegno-
logbac pou éloun na epibi,soun makroprijesma egoun sun jwc eswterikec om™dec kai
kataskeu"zoun prosarmosmeénec IOseic. E™n égoun tic dexiithtec, tic gn seic kai ta erga-
leba gia na antimetwpbsoun sOnjeta probl mata, h I0sh aut endebknutai. Up“rgqoun imwc
kai “lloi par"gontec pou prépei na IhfjoOn upiyh, ipwc:

" Erg“simoc grinoc kai prospjeia

SOmfwna me éreuna tou cnvrg.io [18], oi epist monec dedoménwn sugn” afier,noun
to grino touc dhmiourg,ntac IOseic gia na prosjésoun sthn up’rqousa upodom

touc prokeiménou na oloklhr,soun érga. To 65% tou qrinou touc afier,jhke se

ariec ergasbec mhganik ¢, mh epist mhc dedoménwn, ipwc h parakoloOjhsh, h
diamirfwsh, h diagebrish upologistik,n pirwn, h upodom exuphréthshc, h exagwg
garakthristik,n kai h an"ptuxh montelwn.

Autic o gamenoc grinoc anaféretai sugn” wc {krufi tegniki gréoc} (hidden technical
debt) kai ebnai éna koini shmebo sumfirhshc gia tic om“dec mhganik ¢ mjhshc. H
dhmiourgba miac eswterik ¢ IOshc  h diat rhsh miac IOshc mh apodotik™ mporeb na
diarkesei api 6 m nec éwc 1 grino. Akimh kai itan éqgei dhmiourghjeb mia leitour-

gik upodom , gia na sunthrhjeb kai na ebnai diark,c enhmerwménh me thn teleutaba
teqnologba apaitePtai diagePrish tou kOklou w ¢ kai mia om™da pou asqolebtai a-
pokleistik™ me auti.

Anijr_pino dunamiki

Gia thn dhmiourgba twn MLOps apaitebtai arket doulei” api thn om”da twn mhqa-
nik,n mhganik ¢ mijhshc. Gia mia omal o ergasi,n mhganik ¢ m“jhshc, kK’je

om’da epist mhc dedoménwn prépei na égei mia om"da mhganik,n pou katanoeb tic
monadikec apait seic an"ptuxhc montélwn mhganik ¢ ekm”jhshc.

EpendOontac se mia platfirma  MLOps apokleistik® sto  cloud , autéc oi diadikasPec
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mporoOn na automatopoihjoOn pl rwe, dieukolOnontac tic om“dec mhqanik,n MLOps
na epikentrwjoOn sth eltistopobhsh thc upodom c.

Kistoc

H Oparxh miac apokleistik c om“dac mhganik,n gia th diageBrish montélwn mporeD
na ePnai dapanhr api minh thc. E"n greiasteD na klimakwjoOn ta peir'mata kai oi
anaptOxeic, a prépei na proslhfioOn perissiteroi mhganikoB gia na diageiristoOn
aut n th diadikasba. EPnai mia shmantik epéndush kai mia arg diadikasba gia na
rejeb h kat’llhlh om"da.

Mia IOsh MLOps éqgei kataskeuasteD me gn,mona thn epektasimithta, me éna kl"sma
tou kistouc. AfoO upologistoOn ila ta diaforetik™ kisth pou sgetBzontai me thn
prislhyh kai thn enswm™twsh miac oliklhrhc om“dac mhqganik,n, h apidosh thc
epéndus ¢ mei,netai, gegonic pou odhgeb ston epimeno par"gonta.

Qrinoc gia na up’rxei kerdoc

Mporeb na greiasteD pnw api éna grino gia na dhmiourghjeb mia leitourgik upo-
dom mhganik ¢ ekm’jhshc. Mporeb na qgreiasteb akimh perissiteroc grinoc gia th

dhmiourgba miac o ¢ dedoménwn pou mporeb na par"gei axPa gia énan organismi.

Etairebec ipwc h Uber, to Netix kai to Facebook eqoun afier,sei grinia kai te-
“stiec prosp”jeiec mhganik c gia na klimak,soun kai na diathr soun tic platfir-

mec mhqganik ¢ ekmjhshc touc gia na paramebnoun antagwnistikéc. Gia tic peris-
siterec etaireDec, mia epéndush ipwc aut den ePnai dunat , oOte kai aparabthth. To
topbo thc mhganik ¢ m“jhshc égei wrim’sei api tite pou h Uber, to Netix kaito
Facebook dhmioOrghsan argik” tic eswterikéc IOseic touc. Up“rgoun arketéc étoi-

mec I0seic pou prosféroun ila isa mporeb na grei“zetai mia etairePa, se éna kl’sma

tou Kistouc.

Kistoc eukarbac

'Opwc anaférjhke parap™nw, mia éreuna debgnei iti to 65% tou grinou enic epi-

st mona dedoménwn afier,netai se ergasbBec pou den aforoOn thn epist mh dedo-
meénwn. H gr sh miac platfirmac MLOps automatopoieb tic tegnikec ergasbec kai
mei_nei tic leitourgPec DevOps. Oi epist monec dedoménwn mporoOn afier noun to
grino touc k"nontac perissitera api aut™ pou prosl fihkan gia na k’noun, na
paradbdoun apodotik™ montéla, en, o p'rogoc cloud analamb’nei ta upiloipa. H
uiojéthsh miac platfirmac MLOps sto cloud dbnei éna shmantiki antagwnistiki ple-
onekthma pou epitrépei sthn an“ptuxh thc mhganik ¢ ekm“jhshc na klimak,netai
shmantik”.

En antijései, mia ubridik 10sh érgetai na IOsei k“poia “lla ht mata. Se orisménec
etaireDec éqoun dojeb idiwtik™ kai euabsjhta dedoména. Aut” ta dedoména den gbnetai na
metaferjoOn api touc diakomistéc touc sthn pijanithta opoiasd pote eup’jeiac. Se aut
thn perbptwsh grhsimopoiebtai h ubridik upodom cloud gia MLOps. Proc to parin, h
upodom cloud uprgei par’lihla me topik™ sust mata stic perissiterec peript,seic. H
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diagePrish ubridikoO néfouc ePnai polOplokh, all* sugn” aparabthth. H upodom cloud
ebnai oloéna kai pio dhmofil c, all” exakoloujeD na ebnai sp™nio na rejeb mia meg'lh
etaireDa pou na éqei egkataleDyei entel c thn eswterik upodom .

'‘Oson afor” to  MLOps apokleistik™ sto cloud , up’rqoun arketéc I0seic. Prikeitai
gia pl rwe diageirizimenec uphresbec pou paréqoun stouc programmatistéc kai stouc e-
pist monec dedoménwn th dunatithta na dhmiourgoOn, na ekpaideOQoun kai na anaptOssoun
gr gora montela mhqganik ¢ m'jhshc. Merikec api tic korufabec emporikéec platfirmec
ebnai toAmazon Sagemaker , to Microsoft Azure MLOps me ta epimérouc ergaleba Azure
Machine Learning, Azure Pipelines  kai to Google Cloud MLOps me ta ergaleba Data ow,
Al Platform Notebook, TFX kai Kube ow .

3.2 Qrsh Kubernetes gia MLOps

Sthn prohgoOmenh par“grafo perigrfhkan k’poiec 10seic MLOps kai ta perib’l-
lonta pou pou mporoOn na up’rxoun. San upibajro arketéc api autéc tic IOseic qrh-
simopoioOn to Kubernetes . To Kubernetes ePnai ousiastik® éna sOsthma enorq strwshc
konteiner anoiqtoO k,dika pou grhsimopoiebtai api organismoOc gia thn automatopoBhsh
thc an"ptuxhc, thc klim“kwshc kai thc diageBPrishc gia efarmogéc upologist.n. Wc enorgh-
strwt ¢, to  Kubernetes qgrhsimopoiebtai gia th dhmiourgba klimakoOmenwn katanemhménwn
susthm’™twn kai epPshc axiopoiebtai gia na epiférei thn aparabthth euelixba se poikbla pla-

Dsia mhganik ¢ mjhshc sta opoPa mporoOn na ergastoOn oi epist monec dedoménwn. Aut

h euelixba epektePnetai sthn epektasimithta kai thn epan’lhyh pou apaitoOntai api mo-
n"dec pou ekteloOn sust mata mhganik ¢ ekm’jhshc se prodinta, kaj,c kai perissitero

eleggo sthn katanom pirwn pou apaiteBtai api th mon“da leitourgi,n. 'Otan efarmizetai

sth mhganik mjhsh, to Kubernetes mporeb na dieukolOnei shmantik” th diadikasPa gia
touc epist monec dedoménwn kai stouc diageiristec.

'Ena Kubernetes cluster sthn paragwg egei perissiterec apait seic api ena peri-

“llon proswpik ¢ gr shc, an”ptuxhc  dokim c Kubernetes . Api tic pléon asikiterec
apait seic ePnai h asfal ¢ prisbash api polloOc gr stec, uyhl diajesimithta kai
pirouc gia na prosarmosteb stic metaballimenec apait seic.

'Ena uyhl” diajésimo Kubernetes cluster ebnai enacluster pou mporeb na antéxei mia
astogba se opoiod pote api ta stoigeba tou kai na sunegbsei na exuphreteb irto ergasbac
gwrbc diakop . Up“rgoun trba stoigeba aparabthta gia éna uyhl” diajésimo Kubernetes
cluster :

" Prépei na up“rqoun perissiteroi api énac kimboi diajésimoi an” p“sa stigm .

" To epbpedo eléggou prépei na ektelebtai se perissiterouc api énan kimbouc, étsi
,ste h ap,leia enic mino kimbou na mhn kajist™ to sOmplegma mh leitourgiki.

" H kat'stash tou  cluster prépei na rbsketai se éna g,ro apoj keushc dedoménwn
pou ebnai o Bdioc uyhl” diajésimoc.
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En, up’rgoun polléc IOseic Kubernetes , oi diageirizimenec I10seic ipwc to  Azure Kue
bernetes Service (AKS) , to Amazon Elastic Kubernetes Service (EKS) kai to Google Kue
bernetes Engine (GKE) ePnai oi pio dhmofileBc. To Kubernetes ePnai mia polO perbplokh
platfirma, all” h dhmiourgba enic cluster Kubernetes ePnai arket™ eOkolh, me mia dia-
geirizimenh I0sh cloud . Wstiso autéc oi IOseic ePnai epD plhrwm kai kostbzoun me “sh
thn gr sh twn pirwn. Opite arketéc etaireDec progwroOn se topik egkat’stash.

3.3 Topik ulopobhsh

Sta plabsia aut ¢ thc ergasbac ulopoi jhke topik egkat”stash, den grhsimopoi jh-
ke k’poia IOsh se  cloud . Epoménwc diereun jhkan ekdiseic tou Kubernetes gia topik
egkat"stash kai épeita egkatast’jhke to Kube ow . EpBshc, diereun jhkan ulopoi seic
gia na epiteugjeD uyhl diajesimithta se éna usiki mhg™nhma. H Oparxh enic mino
usikoO mhgan matoc, anaireD to nihma thc uyhl ¢ diajesimithtac, all” proseggbzetai
wc prosomobwsh enic perib“llontoc sthn paragwg .

3.3.1 LOsh me eikonik® mhgan mata

Gia na epiteugjeb h uyhl diajesimithta, prépei na up“rqoun toul"giston treic kimboi.
Me qgr sh tou ergalebou tou ergalebou Multipass thc Canonical ulopoi jhkan trba VM
se eéna usiki mhg™nhma. To  multipass egkajist™ wc proepilog thn teleutaba ékdosh
Ubuntu LTS (Long Term Support)

Algorijmoc  3.1: Dhmiourgba trin VM me tomultipass

multipass launch = name dsml01 = cpus 2 —mem 4096M = disk 20G
multipass launch = name dsml02 = cpus 2 =mem 4096M = disk 20G
multipass launch = name dsml03 = cpus 2 —mem 4096M = disk 20G
AfoO dhmiourg jhkan ila ta eikonik™ mhgan mata, egkatast’jhke to kubernetes se
ila kai epeita en, jhkan se cluster .

Gia na up'rgei diagjesimh h ~ GPU tou mhgan matoc se k’poio eikoniki mhg"nhma, épre-
pe na gbneiPCI passthrough . Auti a s maine iti h GPU den a tan pia diajésimh sto
usiki mhg"nhma, all” mino se éna eikoniki. Gia auti ton ligo kai den suneqgbsthke h
IOsh.

3.3.2 LOsh me LXD

To LXD ebnai enac diageirist ¢ konteiner sust matoc kai eikonik.n mhgan,n. Pro-
sférei mia enopoihménh empeirba gr sth gOrw api sust mata Linux pou ekteloOntai mésa
se kontéiner eikonik® mhgan mata. To LXC parégei th asik leitourgikithta pou grh-
simopoiebtai api to LXD. To LXC ePnai éna polO gnwsti Linux container runtime pou
apotelebtai api ergalePa, pritupa kai iblioj kec kai desmeQseic gl ssac. En, ta VM
paréqoun éna pl rec perib’llon, ta kontéiner sust matoc prosféroun éna perib’llon iso
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to dunatin plhsieéstero se auti pou prosférei éna VM, all” qwrbc thn epib“runsh pou su-
nodeQei thn ektélesh enic xeqwristoO kernel kai thn prosomobwsh ilou tou ulikoO. To LXC
sundu’zeita cgroups tou Linux kernel kai thn upost rixh apomonwménwn g,rwn onom”™twn
gia na parégei éna apomonwmeno perib’llon gia efarmogeéc.

Gia thn dhmiourgba twn LXC containers qrei"zetai na dhmiourghjoOn ta aparabthta

prole pou periegoun plhroforbec gia tic ujmbseic twn containers , touc pirouc tou su-
st matoc pou a grhsimopoi soun kai “lla. EpBshc up“rqoun dh dhmiourghmenec LXC
images diafirwn logismik,n linux pou grhsimopoioOntai we “sh.

Algorijmoc  3.2: Dhmiourgba tri,n LXC containers

Ixc launch =p default =p microk8s ubuntu:20.04 dsml01
Ixc launch =p default =p microk8s ubuntu:20.04 dsml02
Ixc launch =p default =p microk8s ubuntu:20.04 dsml03

Met™ thn dhmiourgba twn kontéiner, egkatastijhke se ila wc leitourgiki sOsthma
to Ubuntu 20.04 . Se sunégeia, ipwc kai sthn perbBptwsh twn eikonik,n mhganhm’twn,
en jhkan se cluster .

Ta LXC dbnoun eOkolh prisbash stouc pirouc tou mhgan matoc, den grei“sthke PCI
passthrough gia na mporoOn na grhsimopoioOn thn GPU tou usikoO mhgan matoc, tan
apl” mpa Ojmish.

3.4 Epilog ergalebwn kai ekdisewn

H ergasba aut epikentr,netai sthn ulopobhsh diadikasi,n MLOps me qgr sh tou er-
galebou Kube ow . 'Otan anaptOssontan h upodom thc ergasPac, to  Kube ow upost rize
meéqri kai thn ékdosh 1.21  Kubernetes . Gia to Kubernetes up’rgoun polléc I0seic gia to-
pik egkat'stash, ipwc to MicroK8s thc etairebac Canonical , ta K3s, RKE2 thc Rancher,
to Minicube , to kind , to kubeadm kai “lla. Ulopoi jhke egkat"stash me to Microk8s kai
me to RKE2. Amfiterec oi IQseic sunant ntai sthn paragwg , éqoun eOkolh egkat’sta-
sh kai dhmiourgba cluster . Protim jhke to Microk8s gia ton ligo iti eDge megalOterh
upost rixh sto  Kube ow api thn openesource koinithta.

Kat™ thn suggraf thc diplwmatik ¢, to Kube ow tan se dokimastik “sh sthn
ékdosh 1.6. Parila aut”, egkatast’jhke aut h ékdosh, gia thn gr sh twn teleutabwn
diajésimwn leitourgi,n. Sugkekriména egkatast’jhke h ékdosh v1.6.0erc.0 . 'Opwc ebnai
usiki, up rxan arketéc dunatithtec pou den tan pl rwc leitourgikec. H platfirma
Kube ow , ipwc perigrfhke sto kef'laio 2, sunen nei poll” autoOsia domik™ stoigePa,
ipwc to Kube ow Pipelines , to KServe kai arket™ “lla. Aut™ egkatast’jhkan to kajéna
xeqwrist”, gia na up“rqoun oi teleutabec ekdiseic me ilec tic dunatithtec. Qrhsimopoi-
jhkan ta  yaml manifests tou git apojethrbou tou Kube ow , me tautigronh gr sh tou
ergalebou kustomize . To ergalebo kustomize ebnai éna ergalebo pou mporeb na sunduzei
k“poia argeba ujmbsewn me to yaml manifest enic Kubernetes object , metab’llontac étsi

to parag,meno object.
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Proseggish probl matoc

4.1 Perigraf probl matoc kai dedomenwn

'Opwc perigr'fhke sthn eisagwg to priblhma sto opobo a gbnei proséggish ebnai
h taxinimhsh stoigeBwn tou al’ssiou ujoO. Ta dedoména proérgontai api hgobolistik™
mhgan mata pollapl,n desm_n kai pollapl,n sugnot twn. Teliki paragimeno ePnai mba
eikina opisjoskédashc tri,n diast"sewn kai mPa eikina ajumetrBac dOo diast"sewn, ipou
anaparistoOn ton al’ssio pujména. Par’llhla, Ostera api éreuna, éqoun dhmiourghjeb
eikinec Bdiou megejouc all” mbac di"stashc ipou égei kathgoriopoihjeb Kk’je pixel se
mba kathgorba ed“fouc. Autec eikinec anaférontai wc ground truth  eikinec. H tim tou
Kje pixel thc anaparist” mPa kathgorDa ed*fouc. Ta trDa eDdh twn eikinwn apoteloOn
ta dedoména, me “sh ta opoPa a ekpaideOsoume éna montélo taxinimhshc upojal”ssiou
ed fouc. 'Epeita to montélo auti a mporeb na dégetai wc eBsodo mia eikina opisjoskédashc
kai mba eikina ajumetri"c api éna "gnwsto upojal’ssio ed“foc. Tite to montelo a
taxinomeb k'je pixel, par"gontac wc apotélesma mba eikina, pou perigr-fei tic kathgorbec
tou ed"fouc.

(ap)backscatter (p) bathymeterry (gp)round truth

Sqg ma 4.1: Eikinec gia thn ekpabdeush twn montélwn

Oi kathgorbec tou ed"fouc pou entopbzontai ebnai oi ex c:
~ Yellow Sand
" Sand and Algae

~ Mud Sand and Corals
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~

Sand
" Gravel

Oi eikinec opisjoskédashc, ajumetrbac kai oi ground truth  eikinec, ebnai thc morf ¢
GeoTIFF. To GeoTIFF ebnai éna ebdoc eikinac.tif to opobo periegei epipléon gewqwrikéc
plhroforbec tic opoPec anaférei we  tags. Aut” ta tags mporoOn na periéqoun tic ex c
plhroforbec:

Qwrik éktash: Thn perioq pou kalOptei auti to sOnolo dedoménwn.
SOsthma anafor’c suntetagménwn

An”lush: Ta dedoména ebnai se morf  raster. Auti shmabnei iti apotelebtai api
pixel . H perioq sto édafoc pou kalOptei k’je eikonostoigePo ePnai h qwrik tou
an’lush.

Nodata : Qarakthrbzei ta pixels me “gnwsta qarakthristik™
Arijmic epBpedwn pou up’rqoun sto argebo  .tif

Sthn paroOsa ergasba a melethjeb h perioq Bedford Basin , ipou éqoun sullegjeb oi
aparabthtec eikinec opisjoskédashc kai ajumetrbDac kai égqoun dhmiourghjeb oi antbstoi-
gec ground truth  eikinec gia ta éth 2016, 2017, 2018.

4.1.1 Proepexergasba twn dedomenwn

Gia thn metatrop twn dedomenwn kai thn dhmiourgba twn sunilwn ekpabdeushc kai e-
pal jeushc grei“sthkan na gbnoun k™poiec enérgeiec. Api tic eikinec opisjoskédashc kai
ground truth  eikinec afairéjhkan isa pixel ebgan totag "nodata" pou perigr-fei pwc den
up’rgei gn,sh giato  pixel. Opite san dedomena eisidou krat jhkan ta pixel pou rbsko-
ntai se ésh ipou up’rgei plhroforba tiso stic eikinec opisjoskedashc, ajumetrbac iso
kai sthn ground truth  eikina.

Téloc to dedomeéna qwrbzontai se éna sOnolo ekpabdeushc kai éna epal jeushc me “sh
éna éltisto pososti diagwrismoO pou a perigrafeDb akoloOjwec.
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4.2 Algorijmik Proseggish

4.2.1 Ekpabdeush tou montélou

Se sunegeia thc proseggishc twn Mertbkac P. kai Kar"ntzalou K. [5] gia thn dhmiourgba
tou montelou exet"sthkan dOo eDdh eDdh taxinomht,n, o algirijmoc taxinimhshc Rf (Random
Forest) kai o algirijmoc Mhgan,n dianusm™twn upost rixhc (SVM).

Algirijmoc RF

O algirjmoc  RF prot’jhke api ton Breiman (2001)[19] kai ebnai eéna ebdoc algorBjmou
pribleyhc pou asbzetai se déntra taxinimhshc, se palindrimhsh (CART) (L. I. Breiman,
Friedman, Olshen, Stone, 1984) [20] kai sthn tegnik ~ bagging (Breiman, 1996) [21].

Sqg ma 4.2: Algirijmoc taxinimhshc ~ Random Forest

Ta tugaba dsh leitourgoOn me “sh thn arq iti @énac meg’loc arijmic déntrwn a
égoun kalOterh apidosh api éna mino déntro sthn ekpabdeush enic montélou. Merik®
memonwmeéna déntra mporeb na ebPnai I'joc, all” efison ta memonwmena déntra den knoun
entel,c tugabec probléyeic, to “jroism” touc a sghmatbsei mia proséggish twn upoke-
DPmenwn dedoménwn. Aut thn logik enswmat nei to bagging. To bagging ebnai mba h algo-
ijmik tegnik pou grhsimopoiebtai sto sen’rio tugabwn das, n. EkpaideOei memonwména
deéntra apifashc se tugaba debgmata uposunilwn tou sunilou dedoménwn gia na mei,sei th
susgétish. Ta memonwména déntra apof°’sewn ebnai epirrep se uperbolik prosarmog
kai égoun thn t"sh na majaBnoun ton irubo sto sOnolo dedoménwn. Ta tugaPa d“sh lam-
“noun kat™ méso iro poll” dentra, epoménwec, efison ta memonwmeéna déntra apofsewn
den susgetbzontai, aut h strathgik mei, nei thn uperprosarmog kai thn euaisjhsba sto
irubo sto sOnolo dedomenwn.
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Mhganéc Dianusm™twn Upost rixhc (SVM)

Oi Mhganéc Dianusm’twn Upost rixnc ~ (SVMs) ePnai mPa om”da algorbjmwn epithroOme-
nhc mjhshc pou grhsimopoioOntai gia kathgoriopobhsh kai gia probl mata palindrimh-
shc. AnaptOgjhkan gia pr.th or™ api ton Vapnik kai touc sunerg“tec touc sto  ATT Bell
Labs to 1992 [22]. Apéspasan gr gora to endiaféron kaj,c parousbasan meg’lh ikanith-
ta genbkeushc se sgésh me “llec paradosiakéc mejidouc taxinimhshc. H asik idéa thc
kataskeu c touc sthrbzetai sthn arq elagistopoPhshc tou kataskeuastikoO Bskou (SRM)
pou eqei apodeigjeb pwc upertereb enanti thc paradosiak ¢ elagistopobhshc tou empeiri-
koO Bskou (ERM) sthn opoba sthrDzontai ta neurwnik™ dbktua. H kathgoriopoPhsh twn
dedoménwn sthrbzetai sthn eOresh enic eéltistou uperepipédou hyperplane pou diagwrbzei
ta dedomena dhmiourg,ntac to mégisto perij, rio.

Sq ma 4.3: Mhganéc Dianusm™twn Upost rixhc ~ (SVMSs)

Sthn perBptwsh pou o grammikic diagwrismic ePnai adOnatoc, gbnetai gr sh kat'llh-
lwn apeikonDsewn pou metaféroun to sOnolo twn dedoménwn se megalOterh di’stash ,ste
na epiteuqgjeb telik™ o diagwrismic touc. H ikanithta genbkeushc thc gr shc twn SVM se
mh grammik™ dedomena sthrbzetai sto tegnasma tou pur na (kernel trick) . K'je mhgan
dianusm’twn upost rixhc ebnai énac duadikic taxinomht c, eégei dhlad th dunatithta ka-
thgoriopobhshc se dOo kl'seic. E™n oi kl'seic ePnai perissiterec, efarmizontai di*forec
tegnikec ,ste na analujeb to priblhma poll,n kI"'sewn se epimérouc duadik™ probl mata
taxinimhshc, grhsimopoi,ntac pollapléc mhganec dianusm™wn upost rixhc.

4.2.2 Apotbmhsh montélou

AfoO kataskeuasteb to ek’stote montélo api thn diadikasPa ekpaPdeushc, epilégou-
me k“poiec metrikéc ,ste na axiolog soume thn poiithta/ikanithta tou taxinomht pou
ulopoi jhke. Oi metrikec pou epilegjhkan ebnai oi parak™tw:

" Akrbbeia (Accuracy) : To pososti twn swst n probléyewn tou montélou

" Sunépeia (Precision) : To pososti twn etik,n tautopoi sewn pou tan pr gmati

swsti
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" An’klhsh (Recall): To pososti twn pragmatik,n etik,n pou prosdiorDsthke swst"

" Confusion Matrix : PPnakac pou periégei mia sOnoyh twn probléyewn, pite éginan
swst”, pite esfalména. Sthn perbptwsh twn esfalménwn up’rqei plhroforba kai thc
pragmatik ¢ kathgorbac kai thc esfalména taxinomhmeénhc kathgorbac. Ousiastik™
periegei thn plhroforba ilwn twn parap™nw metrik, n.

Cohen's Kappa : O suntelestc k Cohen ebnai éna statistiki métro thc sumfwnbac
metaxO twn axiolog sewn dOo ajmologht.n itan kai oi dOo ajmologoOn to Pdio
antikebmeno. Lamb™nei timéc sto di"sthma [-1, 1], me thn tim 1 na dhl nei téleia
sumfwnba. Oi gamhléc arnhtikéc timéc (0 éwc -0,10) mporoOn genik™ na ermhneujoOn
wc {kamba sumfwnba}. 'Ena meg’lo arnhtiki k“pa antiproswpeOei meg’lh diafwnba
metaxO twn axiologht,n [23].

4.3 Automatopobhsh me Kube ow

4.3.1 Perigraf tou pipeline

H diadikasba ekpabdeushc pou perigr-fhke sthn prongoOmenh pargrafo ulopoi jh-
ke se kube ow pipelines . Gia thn dhmiourgba twn pipelines to kube ow paréqei k™poiec
dunatithtec gia thn dhmiourgba tou ek’stote stadbou (component) ipwc perigr'fhke sto
kef’laio 2. Sugkekriména ulopoi jhkan kai oi 2 enallaktikec gia thn dhmiourgba twn
pipelines , tiso me thn dhmiourgba docker image me ton ektelésimo k,dika, tiso me gr sh
mino thc python kai thn dhmiourgba enic lightweigt component

Algorijmoc  4.1: Docker le for cpu

FROM python:3.9-slim

RUN mkdir -p /opt/seabed

COPY requirements.txt /opt/seabed/

RUN pip install -r /opt/seabed/requirements.txt

COPY dtrian _seabed _classification.py /opt/seabed/

COPY dtrian _seabed _classification-multi-input.py /opt/seabed/
COPY libs/ /opt/seabed/libs/

COPY utils/ /opt/seabed/utils/

WORKDIR /opt/seabed/

RUN chgrp -R 0 /opt/seabed \
&& chmod -R g+rwX /opt/seabed

ENTRYPOINT [ 8 ]

Algorijmoc  4.2: Dockerle giaq sh GPU

FROM pytorch/pytorch:1.12.1-cudall.3-cudnn8-runtime

RUN mkdir -p /opt/seabed

RUN pip show torch

COPY requirements.txt /opt/seabed/

RUN pip install -r /opt/seabed/requirements.txt

COPY dtrian _seabed _classification.py /opt/seabed/

COPY dtrian _seabed _classification-multi-input.py /opt/seabed/
COPY libs/ /opt/seabed/libs/

COPY utils/ /opt/seabed/utils/

WORKDIR /opt/seabed/

RUN chgrp -R 0 /opt/seabed \
&& chmod -R g+wX /opt/seabed
ENTRYPOINT [ : 1
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'Opwc abnetai ta parap™nw argeba ePnai panomoiitupa, me minh diafor” to docker ime
age pou grhsimopoioOn wc “sh. H ékdosh gia thn GPU a mporeb na ektelései ton k,dika
tiso apokleistik™ se CPU iso kai sundiastik® me  CPU, antbjeta api thn ekdosh se CPU
pou den mporeb na grhsimopoi sei thn  GPU gia thn ektélesh tou k,dika. Parilh aut thn
dunatithta thc  GPU ékdoshc, na mporeb na ekteleb se opoiod pote uliki, dhmiourg jh-
ke kai h ékdosh gia CPU ligw shmantik™ mikriterou megejouc tou parag,menou docker

image .

Algorijmoc  4.3: Apispasma k,dika dhmiourgbac tou Pipeline

@dsl.pipeline(
name="Seabed classi cation",
description="Seabed classi cation with early stopping"

)

def seabed_thesis_ nal():
katib_op = katib_experiment_launcher_op(
experiment_name=experiment_name,
experiment_namespace=experiment_namespace,
experiment_spec=ApiClient().sanitize_for_serialization(experiment_spec),
experiment_timeout_minutes=600,
delete_ nished_experiment=False)

model_volume_op = dsl.VolumeOp(
name="seabed = model = volume = nal",
resource_name="seabed = model = volume",
size="1Gi",
modes=dsl.VOLUME_MODE_RWO
)
convert_katib_results_op = components.func_to_container_op(convert_katib_results)(katib_op.output).
after(katib_op)

best_model_op = dsl.ContainerOp(
name="export best model",

image="localhost:32200/dtrian_seabed = classi cation:0.0.5 =cpu",

command=["sh"," =c"],

arguments=["python ./dtrian_seabed_classi cation.py == track == gt=GT_CAT.tif

== dataset = dir=./samples/Bedford\\ Basin/2016 == model = export = path=/mnt/models/model.
joblib {}"

.format(str(convert_katib_results_op.output))],
pvolumes={"/mnt/models/":model_volume_op.volume}
) .after(convert_katib_results_op)

kserve_op = kserve_launcher_op(
action="apply",
model_uri=f"pvc://{model_volume_op.outputs['name’]/}",
model_name="seabed = clf",
namespace=experiment_namespace,
framework="sklearn",
watch_timeout="300",
).set_image_pull_policy('‘Always").after(best_model_op)

kfp_client.create_run_from_pipeline_func(seabed_thesis_ nal, experiment_name='seabed', namespace=
experiment_namespace, arguments={})




4.3.1 Perigraf tou pipeline

Kat™ sunépeia, dhmiourg jhke to parak™tw pipeline wc perigraf thc o ¢ ergasbac
pou akolouj jhke.

Sg ma 4.4: Pipeline gia ekpabdeush kai pro,jhsh sthn paragwg taxinomht upojal”ssiou
ed“fouc

'Opwc abnetai sthn parap™nw eikina to pipeline kalebtai arqik™ na k'nei eQresh
eltistwn uperparamétrwn. 'Epeita kalebtai na qrhsimopoi sei éna metabatiki st"dio gia
na metratréyei tic eltistec paramétrouc se ebsodo gia to epimeno st’dio pou ePnai h
ekpabdeush tou montéelou me tic éltistec uperparameétrouc kai na dhmiourg sei to montelo.
Gia thn apoj keush tou montélou dhmiourg jhke se éna st"dio éna pvc. Sto teliki st"dio

to montélo gbnetai diajesimo gia exuphrethsh.

Kat™ thn ektélesh autoO tou pipeline dhmiourgebtai, an den up-rgei, to pebrama sto
opobo eloume na pragmatopoihjeb aut h ektelesh. H ektélesh ebnai epPshc mba ontithta
tou Kube ow pou dhmiourgebtai. Parak™tw dbnetai h diepaf tou Kube ow gia to pebrama
kai thn ektélesh pou éginan. H diepaf thc ektéleshc paréqei plhrofbec gia ila ta st"dia
tou pipeline , me tic eisidouc/exidouc aut,n, tic éseic twn artifacts aut,n, ta logs twn
pods pou ektélesan tic diadikasbec, k’poiec optikopoi seic pou mporeb na dhmiourg sei o
gr sthc kai poll” “lla.
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Sq ma 4.5: Selbda peiram™twn

Sqma 4.6: Selbda ektelésewn



4.3.2 St'dio eOreshc eéltistwn uperparamétrwn

Sthn ektélesh mporoOn na up’rqoun kai optikopoi seic se morf grafhm™twn, pi-
n"kwn éna prosarmosmeno HTML . Sugkekriména epilegjhke na optikopoihjeb o pPnakac

sOgqushc gia epopteba thc apidoshc tou montélou sthn ek’stote kathgorba taxinimhshc.

Sg ma 4.7: Optikopobhseic apotelesm™twn twn peiram™twn

4.3.2 St'dio eOreshc éltistwn uperparamétrwn

Sto st"dio auti, me gr sh tou ergalebou Katib , gbnontai dokiméc ekpabdeushc tou taxi-
nomht me polloOc sunduasmoOc uperparamétrwn méqri na rejoOn oi éltistec me “sh
k"poia krit ria. Qrhsimopoiebtai éna "qtisméno" docker image pou up'rgei sthn  Docker
registry kai ebnai prosb“simh sto Kubernetes Cluster to
"localhost:32200/dtrian_seabedeclassi cation:0.0.5«cpu” . Parak’tw dbnetai o tripoc me
ton opobo dbnontai oi par"metroi pou prépei ha exereun sei to Katib , oi dunatéc timéc au-
t,n kai ta krit ria epilog c éltistou sunilou uperparamétrwn kai olokl rwshc tou

peirmatoc.
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Algorijmoc 4.4 Parametropobhsh tou Katib 1/3

# Trial count speci cation.
max_trial_count = 30
max_failed_trial_count = 3
parallel_trial_count = 3

# Objective speci cation.
objective = V1betalObjectiveSpec(
type="maximize",
goal=0.99,
objective_metric_name="accuracy",
additional_metric_names=[
"kappa",
"precision_1",
"precision_2",
"precision_3",
"precision_4",
"precision_5",
"recall_1",
"recall_2",
"recall_3",
"recall_4",
"recall_5",

)

algorithm = V1betalAlgorithmSpec(
algorithm_name="bayesianoptimization",
algorithm_settings=[V1betalAlgorithmSetting(name="random_state", value="10")],

)

parameters = [
V1betalParameterSpec(
name="model",
parameter_type="categorical",
feasible_space=V1betalFeasibleSpace(list=["svm", "rf"]),
)
Vl1betalParameterSpec(
name="perc",
parameter_type="categorical",
feasible_space=V1betalFeasibleSpace(list=["0.3", "0.5", "0.7"]),
)
Vl1betalParameterSpec(
name="embedding = sigma",
parameter_type="double",
feasible_space=V1betalFeasibleSpace(min="0.000001", max="10.0"),
)
V1betalParameterSpec(
name="embedding =dim",
parameter_type="categorical",
feasible_space=V1lbetalFeasibleSpace(list=["0", "2", "3", "6", "7"),
)
]
# Early Stopping speci cation.
early_stopping = V1betalEarlyStoppingSpec(
algorithm_name="medianstop",
algorithm_settings=[
V1betalEarlyStoppingSetting(name="min_trials_required", value="2")

I,




4.3.2 St'dio eOreshc eéltistwn uperparamétrwn

Algorijmoc  4.5: Parametropobhsh tou Katib 2/3

# JSON template speci cation for the Trial's Worker Kubernetes Job.

trial_spec = {
"apiVersion": "batch/v1",
"kind": "Job",
"spec": {
"template": {
"metadata": {"annotations": {"sidecar.istio.io/inject": "false"}},
"spec": {
"containers": [
{
"name": "training = container",
"image": "localhost:32200/dtrian_seabed = classi cation:0.0.5 =cpu",
"command": [
"python",
"./dtrian_seabed_classi cation.py",
"== model=${trialParameters.model}",
"== perc=${trialParameters.perc}",
"== gt=GT_CAT.tif",
"== dataset = dir=./samples/Bedford\\ Basin/2016",
"== embedding = sigma=${trialParameters.embeddingSigma}",
"== embedding = dim=${trialParameters.embeddingDim}",
1.
}
P
"restartPolicy": "Never",
h
}
h
}

# Con gure parameters for the Trial template.
trial_template = V1betalTrialTemplate(
retain=True,
primary_container_name="training = container",
trial_parameters=[
V1betalTrialParameterSpec(
name="model", description="Model (svm, rf)", reference="model"
)
V1betalTrialParameterSpec(
name="perc", description="Percentage of training set", reference="perc"
),
V1betalTrialParameterSpec(
name="embeddingSigma",
description="Positional embedding sigma",
reference="embedding = sigma",
)
VlbetalTrialParameterSpec(
name="embeddingDim",
description="Specify positional embedding dimension"”,
reference="embedding =dim",
),
I

trial_spec=trial_spec,
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Algorijmoc 4.6 Parametropobhsh tou Katib 3/3

experiment_spec = V1betalExperimentSpec(
max_trial_count=max_trial_count,
max_failed_trial_count=max_failed_trial_count,
parallel_trial_count=parallel_trial_count,
objective=objective,
algorithm=algorithm,
early_stopping=early_stopping,
parameters=parameters,
trial_template=trial_template,

)

katib_op = katib_experiment_launcher_op(
experiment_name=experiment_name,
experiment_namespace=experiment_namespace,
experiment_spec=ApiClient().sanitize_for_serialization(experiment_spec),
experiment_timeout_minutes=600,
delete_ nished_experiment=False,

'Opwc abnetai ston parap™nw k, dika gia thn anaz thsh twn éltistwn uperparametrwn

grhsimopoiebtai Mpeb6zian eltistopobhsh. H ekpabdeush montélwn ebnai mia dapanh-
diadikasba kai k“je or” pou prépei na axiologhjeb éna di"nusma uperparamétrwn,

prépei na ektelebtai aut h diadikasPa. Auti kajist™ thn anaz thsh plégmatoc polO a-
krib kaj,c ebnai ekjetik wc proc ton arijmi twn uperparameétrwn. H tugaba anaz thsh
mporeb epbshc na qgrei"zetai polléc epanal yeic gia na t'sei se éna kali di"nusma u-
perparamétrwn, kaj,c dokim’zei tugaPa diaforetikéc epilogéc. ProtoO diadojeD euréwc o
autimatoc suntonismic uperparameétrwn, o koinic mhganismic gia thn eOresh enic kaloO
sunilou uperparamétrwn tan geirokbnhth epilog , gnwst wc Grad Student Descent . H
anjr,pinh logik akoloujeb sugn™ éna Mpedziani montelo, ipou dokimzetai K'ti kai sth
sunégeia epilégetai epanalhptik™ auti pou pisteOetai iti ePnai to epimeno kali sOnolo
tim, n proc dokim . Ta sust mata ston pragmatiki kismo sugn” tairi"zoun se mia katano-
m pijanot twn, ipwc mia kanonik katanom . H Mpebzian eltistopobhsh montelopoieb
thn apidosh tou dianOsmatoc uperparamétrou wc katanom , sugn” mia diadikasPa Gauss.
Sth sunéqgeia gbnetai prosp’jeia na eltistopoihjeb h apidosh aut c thc leitourgbac.

Auti to st"dio par"gei wc apotélesma to sOnolo twn éltistwn uperparamétrwn, kaj,c
epbshc kai ta apotelésmata ilwn twn dokim ,n me mba periektik optikopobhsh aut.n. H

optikopobhsh a dojeb parak™tw, sthn par"grafo twn apotelesm™twn.



4.3.3 Bohjhtik” st'dia

4.3.3 Bohjhtik™ st"dia
Dhmiourgba persistent volume

Sthn par“grafo 2.2.4 anaférjhke pwc to Kserve uposthrbzei wc g,rouc apoj keushc
twn montélwn touc Azure Blob, S3, GCS, PVC, URI . Sta plabsia aut ¢ thc ergasbac grhsi-
mopoi jhke  PVC, opite tan kai aparabthth h dhmiourgba tou. Se “llh perbptwsh ipou
up rge k'poioc api touc parap™nw epb plhrwm g,rouc apoj keushc den a greiazitan
h dhmiourgba.

Metatrop apotelesm™twn tou Katib

To stdio auti metatrépei thn éxodo tou prohgoOmenou stadbou, thc eOreshc twn él-
tistwn uperparametrwn, sth morf pou déqgetai to epimeno st'dio thc ekpabdeushc tou
eltistou taxinomht .

4.3.4 Dhmiourgba éltistou montélou

Sto st’dio auti ekpaideOetai to montélo me “sh tic eltistec uperparamétrouc tou
montélou. Shmei netai pwc a mporoOse kat™ thn di'rkeia thc exereOnhshc twn uperpa-
ametrwn na apojhkeOontai ta montéla, dedoménou iti gPnetai h diadikasPa thc ekpabdeushc
gia k'je sOnolo uperparamétrwn. An imwc gbnotan auti, se peript,seic ipou up“rgei me-
g’loc arijmic dokim_n, a mporoQse o arijmic twn apojhkeuménwn montélwn kai o g,roc
ton opobo katalamb™noun na ebnai mh diageirbsima.

4.3.5 Pro,jhsh tou montelou gia exuphrethsh

Me grsh tou Kserve to eéltisto montélo pou ekpaideOthke sto prohgoOmeno st'dio
gbnetai diajesimo sthn paragwg . Parak'tw apeikonbzetai h diepaf tou KServe pou
prosférei sto kentriki dashboard tou Kube ow .

Sq ma 4.8: Model servers
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Sq ma 4.9: Model server tou taxinomht

Sg ma 4.10: Leptomeéreiec tou Model server tou taxinomht

Api tic parap nw eikinec parégetai h epopteba twn taxinomht.n pou ePnai sthn pa-
agwg . Merikéc api tic shmantikec plhroforBec pou dPnontai ePnai ta eswterik™ kai
exwterik™ (tou kubernetes cluster ) urls , h kat"stash twn  services, to pososti thc kbnhshc
pou exuphretoOn sthn paragwg , sOmfwna me to  canary rollout



4.3.6 Epanekpabdeush

4.3.6 Epanekpabdeush

Gia thn epanekpabdeush enic montélou pou rbsketai sthn paragwg , ipwc proanaféer-
hke, to kube ow dPneithn dunatithta na ektelebtai programmatisména k"poio pipeline an”
takt” qronik™ diast mata ipwc to orbzei o gr sthc. Kaj,c epbshc, gwrbc na sunist'tai, o
gr sthc mporeb na ekteleb geirokbnhta to pipeline . San genik efarmog , se k"poio st"dio
tou pipeline sullegontai ta dedoména. Ta dedoména aut™ a ePnai ta pléeon enhmerwmena
kai pl rh thn ek”stote gronik stigm pou gbnetai mba epanekpabdeush. Epoménwc, den a
all’xei o algirijmoc ekpabdeushc tou montélou, oOte to pipeline gia thn ekpabdeush tou
montélou. Se aut thn logik ewrebtai dedoméno iti o algirijmoc thc ekpabdeushc tou mo-
ntélou ePnai apodotikic kai apl”~ epanekpaideOetai to montélo me enhmerwmeéna dedoména,
kaj,c epPshc rbskontai oi kainoOriec éltistoi uperpar metroi.

Sthn perbptwsh pou exet’zei h paroOsa ergasPa, up’rqoun dedoména gia thn upo-
al"ssia perioq Bedford Basin gia ta éth 2016, 2017 kai 2018. Ja proswmoiwjeb h
epanekpabdeush se treic ekteléseic, mba gia k'je étoc. Sthn pr th ektélesh, pou a gbno-
tan ewrhtik™ to 2016, dbnontai wc ebsodoc sto  pipeline gia ekpabdeush ta dedoména tou
étouc 2016. Sthn deOterh ekpabdeush, tou étouc 2017, dbnontai wc ePsodoc ta dedoména
twn 2016 kai 2017. Teloc sthn trbth, tou etouc 2018, dbnontai wc eBsodoc ta dedoména twn
2016, 2017, 2018.
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4.4 Apotelesmata

4.4.1 Sqoliasmic ekpabdeushc kai suntonismoO parameétrwn

'Opwe perigr-fhke stic parap™nw paragrfouc autoO tou kefalaDou, gia thn ekpa-
Pdeush tou montélou diereun jhkan oi algirijmoi taxinimhshc RF, SVM kai éna sOnolo
uperparametrwn. Epbshc anaférjhkan oi metrikeéc me tic opobec ektim™tai h apidosh tou
montélou.

Qronik™ prohgebtai h ekpabdeush tou montélou me gr sh twn dedomenwn tou étouc
2016. 'Opou gbnetai kai h eOresh twn éltistwn uperparamétrwn tou montélou. Api to
katib prokOptei to parak’tw di"gramma me ton antbstoigo pPnaka.

Sgma 4.11: Anaz thsh éltistwn uperparamétrwn 2016 (Katib)

Sq ma 4.12: Pbnakac dokim,n anaz thshc éltistwn uperparameétrwn 2016 (Katib)



4.4.1 Sqoliasmic ekpaPdeushc kai suntonismo® paramétrwn

Oi uperpar’metroi pou diereuneb to  Katib ePnai to o algirijmoc taxinimhshc, me epi-
logéc ton RF kaita SVM, to embedding sigma kai to embedding dimensions . Sthn eikina
4.11 anaparist,ntai grafik™ ta apotelésmata ilwn twn dokim,n pou dienerg jhkan, ipwc
proékuyan api to  Katib . Me anoigtigrwma gr,ma abPnontai oi kampOlec ipou to ekpai-
deuimeno montélo apédwse kalOtera me krit rio thn mégisth akrbbeia. Fabnetai xek’jara
iti o algirijmoc RF upertereD énanti twn SVM gia ilouc touc sundiasmoOc paramétrwn.
Epbshc abnetai iti o taxinomht ¢ mporeb na problépei ikanopoihtik™ kai sthn perBptwsh
pou ekpaideuteb me to 30% twn dedoménwn kai na epalhjeujeb sto upiloipo 70%. Sugn”
ebnai epijumhti éna mikritero pososti twn dedoménwn sto sOnolo ekpabdeushc, gia thn a-
pofug uperprosarmog c tou montéelou sta dedomena. Sthn eikina 4.12 me kbtrino gr,ma
abnetai h dokim me to éltisto apotélesma, kat” to Katib , kai kat™ sunépeia to éltisto
sOnolo uperparamétrwn. 'Omwc to  katib mporeD na eléggei mPa metrik wc krit rio gia
thn apidosh tou montélou. Opite, an h akrbbeia miac dokim ¢ me to 70% twn dedomenwn
wc sOnolo ekpabdeushc égei we apotélesma éna montélo me akrbbeia el gista megalOterh,
a protimhjeb enic montélou pou ekpaideOthke me sOnolo ekpabdeushc to 50% dedoménwn.
Sthn prxh mporeb na mhn epijumhti auti.

Parimoia ikanopoihtik®™ ebnai ta apotelésmata gia thn anaz thsh éltistwn uperpa-
ameétrwn kai tic antbstoigec ekpaideOseic twn epimenwn grinwn 2017, 2018.

Sqma 4.13: Anaz thsh eltistwn uperparamétrwn 2017 (Katib)
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Sqg ma 4.14: Anaz thsh éltistwn uperparamétrwn 2018

4.4.2 Sqoliasmic apidoshc twn taxinomht,n

Epoménwg éqoun p okOyei t eic taxinomhtéc gia ta t Da éth
twn taxinomht,n aut,n énanti twn dedomenwn api k™ e étoc

Melet hke h apidosh

(Katib)

H accuracy kappa prec_1 prec_2 prec_3 prec_4 prec_5 recall_1 recall_2 recall_3 | recall_4 recall_5
model '16 0.99983 0.99978 | 0.99988 | 0.99962 | 0.99984 | 0.99994 1.0 1.0 1.0 1.0 0.99893 0.9999
at 2016
model '16 0.60898 0.49144 0.65907 0.24476 0.55603 0.87916 0.99995 0.99949 0.255690 0.53317 0.09311 0.96927
at 2017
model '16 0.72483 0.58081 | 0.69983 | 0.71013 | 0.04479 | 0.93878 | 0.99195 | 0.94077 0.86175 0.00108 | 0.00106 | 0.75573
at 2018
model '17 0.99978 0.99971 | 0.99994 | 0.99939 | 0.99988 | 0.99978 | 0.99999 | 0.99998 0.9999 0.99994 0.9985 0.99995
at 2016
model '17 0.99968 0.9996 0.99907 0.99987 0.99987 0.99997 1.0 0.99996 0.99866 0.99993 0.99976 0.9999
at 2017
model '17 0.6699 0.48917 | 0.61697 | 0.71738 | 0.04586 | 0.99714 | 0.98888 | 0.99937 0.62684 0.00148 | 0.02406 | 0.69297
at 2018
model '18 0.99969 0.99959 0.9999 | 0.99935 0.9999 0.99922 | 0.99997 | 0.99982 0.99979 0.99994 | 0.99845 | 0.99999
at 2016
model '18 0.99967 0.99959 0.99911 0.99986 0.9998 0.99997 1.0 0.99993 0.9987 0.99997 0.99965 0.99989
at 2017
model '18 0.99686 0.99559 | 0.99634 | 0.99729 | 0.99662 | 0.99425 | 0.99972 1.0 0.99983 0.99783 | 0.97006 0.9947

at 2018

Table 4.1: ApotBmhsh twn montélwn twn 2016, 2017, 2018




4.4.2 Sgoliasmic apidoshc twn taxinomht,n

To montelou tou 2016 ipwc abnetai ston pbnaka 4.1, parousi“zei exairetik akrbbeia
kai sunépeia kai an’klhsh se k’je kathgorba itan ektim“tai énanti twn dedoménwn tou
2016, me ta opoPa ekpaideOthke. 'Omwc ePnai epijumhti to montélo na mporeD na genikeOei
ston plhjusmi kai na problépei swst™ se "gnwsta dedomeéna. Ektim ntac to montélo auti
wc proc ta "gnwsta dedomeéna tou 2017, ipwc ebnai logiki den apodbdei is™xia kal". Fabne-
tai pwc ebnai ikani na taxinomeb ikanopoihtik™ thn kathgorba 5 (  gravel) me kal sunépeia
kai an“klhsh, thn xeqwrbzei énanti twn “llwn. Thn kathgorba 1 ( yellow sand ) abnetai iti
thn entipise se ila ta shmeba pou up rge, égontac kal an“klhsh, imwc thn entipise
lanjasména se poll” “lla shmeba, eqontac kak sunépeia. Thn kathgorba 4 (sand), den
thn entipise epark,c se arijmi twn shmebwn pou emfanbzetai, all” ebge kal sunépeia
ipou taxinom jhke. Stic kathgorbec 2 (sand and algae) , 3 (mud sand and corals) to mo-
ntélo édeixe adunamPa na taxinom sei swst”. KalOterh apidosh sunolik™ aPnetai na égei
to montelo itan ektim“tai énanti twn dedoménwn tou 2018. Auti mporeb na shmabnei iti ta
dedoména twn et,n 2016, 2018 mporeb na parousi"zoun mia omoiithta énanti tou 2017
pijan,n na up’rgei k'poioc iruboc, Bswc megalOteroc, sta dedoména tou 2017. 'Opoia
kai an ebnai h perbptwsh abnetai pwc kai sthn perbptwsh twn dedoménwn tou 2018, a-
nagnwrbzetai ikanopoihtik™ h kathgorba 5, all” me mikriterh an"klhsh thn ektbmhsh sta
dedomeéna tou 2017. H kathgorba 2 anagnwrbzetai arket™ kalOtera, me shmantik™ kalOterh
an’klhsh kai sunepeia api thn ektbmhsh sta dedomena tou 2017. Antbjeta, h kathgorba 3
taxinomebtai kalOtera, iqi epark,c, sta dedoména tou étouc 2017 énanti sta dedoména tou
18.

To montélou tou 2017, ekpaideOthke me ta dedoména twn et,n 2016-2017. Sta dedoména
twn et,n 2016, 2017 parousi“zei exairetik apidosh, ipwc abnetai ston pbnaka 4.1. Sta
“gnwsta dedoména tou 2018, to montélo taxinomeb ligitero apodotik™ api to montélo tou
2016. 'Opwc anaférjhke ston sqgoliasmi tou montélou tou 2016, abnetai pwc ta dedoména
2016, 2018 emfanbzoun megalOterh susgétish énanti sto 2017. Epoménwc sto montélo tou
2017 sthn ekpabdeush tou, prosarmisthke proc ta dedomena tou 2018. Epoménwc ebnai
logiki na meiwjeb h apidosh tou montélou sta dedoména tou 2018.

Téloc, to montélo tou 2018 ekpaideOthke se sta dedoména ilwn twn et,n 2016, 2017,
2018. 'Opwc abnetai ston pbnaka 4.1, to montélo apodbdei exairetik™ sta dedomena ilwn
twn et,n.

Paraktw dbnetai grafik™ pwc taxinomoOntai ta dedomeéna k’je étouc api k'je taxino-
mht . DPBnetai stic pr,tec eikinec twn sumplegm’twn oi eikinec anafor"c twn dedoménwn

kai sthn sunéqeia oi eikinec pribleyhc api to ek"stote montélo.
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(ap)backscatter 2016 ('p) bathymetry 2016 (gp)round truth 2016

(dp)model '16 (epynodel '17 (p) model '18

Sqg ma 4.15: Taxinimhsh dedoménwnBedford 2016

(ap)backscatter 2017 ('p) bathymetry 2017 (gp)yround truth 2017

(dp)model '16 (epynodel '17 (p) model '18

Sq ma 4.16: Taxinimhsh dedoménwnBedford 2017



4.4.2 Sgoliasmic apidoshc twn taxinomht,n

(ap)backscatter 2018 ('p) bathymetry 2018 (gp)round truth 2018

(dp)model '16 (epmodel '17 (p) model '18

Sq ma 4.17: Taxinimhsh dedoménwnBedford 2018






Keflaio

Sumper’smata kai mellontikéc enéergeiec

Sthn paroOsa ergasba égine mba proséggish sgediasmoO kai ulopobhshc enic sust ma-
toc mhganik c m“jhshc sthn paragwg . Skopic kai epbkentro thc proséggishc aut c,
tan h automatopobhsh twn diadikasi,n pou ebnai anagkaba se tétoiou ebdouc sust mata.
Oi diadiakasPec autéc ( MLops ) aforoOn thn suneq parakoloOjhsh, ekpabdeush kai dia-
esimithta twn montélwn pou ebnai sthn paragwg . Epilégjhke kai grhsimopoi jhke h
platfirma Kube ow , gia na dhmiourghjoOn oi diadikasDPec MLOps . Tautigrona, dijhke
kai mia eikina, twn om”dwn ergasbac pou grei"zontai se tétoia sust mata kai pwc meta-
“lletai me thn exelixh twn tegnologi,n mhganik ¢ m“jhshc. Perigr'fhke pwc me thn
gr sh twn diadikasi,n MLOps, diamorf netai o iloc tiso twn episthminwn dedomenwn,
iso kai twn mhqganik,n mhganik c mijhshc. H diamirfwsh aut eunoeb thn sunergasba
twn dOo aut,n om dwn, intac pia ligitero exarthménec. Praktik”, ulopoi jhke mia upo-
dom pou prosomoi,nei tic sunj kec sthn paragwg . Kaj,c epPbshc, égine efarmog se
éna thma mhganik c m“jhshc, gia taxinimhsh stoigePwn api upojal’ssiec eikinec, gia
thn anagn,rish tou ebdouc tou ed fouc. Gia thn epblush tou ht matoc, grhsimopoi jhke

kai epekt’jhke up“rgousa algorijmik 10sh [5].

5.1 Sumper’smata

Gia thn upodom twn diadikasi,n mhganik ¢ epilegjhke h platfirma Kube ow pou
sthrbzetai sto Kubernetes . To Kube ow upisqgetai na aplopoi sei tic diadikasBec mhgani-
k ¢ mTjhshc ipou up’rgei to Kubernetes . 'Opwc analOjhke sthn par"grafo 2, h ekpa-
Bdeush, h parakoloQjhsh kai h diajesimithta montélwn sthn paragwg qwrbc diadikasbec
MLOps, ebnai mia perbplokh diadikasba. Aut h mh automatopoihmenh diadikasba, epi-
“llei thn exarthménh sunergasba twn episthminwn dedoménwn kai twn mhganik,n DevOps.
Prigmati to Kube ow , kataférnei na d,sei thn dunatithta se énan epist mona dedoménwn,
apl” perigrifontac kpoiec diadikasbec sta Kube ow Pipelines grfontac python , na
ulopoioOntai kai na mporoOn autimata na sunthroOn éna montélo sthn paragwg . Kat
auti ton tripo den grei“zetai pia h diark ¢ enasqilhsh tou epist mona dedoménwn me thn
parakoloOjhsh tou montélou sthn paragwg kai h exeidbkeush tou mhganikoO DevOps se

ht mata mhqganik ¢ m“jhshc.
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To Kube ow , enswmat, nei di“fora ergaleba pou suneisféroun ston epist mona dedo-
meénwn. H suneisfor”™ aut afor” tiso to pr,imo st'dio thc exereOnhshc twn dedoménwn
kai anaz thshc eéltisthc IOshc se éna thma mhganik ¢ mijhshc, iso kai thn diamorfw-
meénh IOsh pipeline , pou a sunthreD éna montélo sthn paragwg . Parégei ergalePa pou
egoun kajierwjeb sthn ergasba tou epist mona dedoménwn, ipwc ta  jupyter notebooks gia
anptuxh k,dika, optikopoi seic me tensorboards , kaj,c kai ipoia ergaleba grei"zontai
ston kOklo ergasba enic sust matoc mhganik ¢ m7jhshc.

5.2 Mellontikec ergasbec

An’loga me tic an"gkec pou kalebtai na kalQyei h upodom , h ulopoBhsh twn Kubes
ow kai Kubernetes , mporeb na gbnei exairetik™ perbplokh. Se éna paragwgiki periblion,
grei"zetai om’da DevOps pou na asqolebtai apokleistik® me thn sunt rhsh twn dOo er-
galebwn. Qrei"zetai na gbnei diagebrish grhst,n, gia thn gr sh tiso tou Kube ow iso
kai pirwn tou  Kubernetes . H I10sh pou ulopoi jhke pareDge apominwsh grhst, n stic o-
ntithtec tou Kube ow , all” iloi oi gr stec ebgan aperiiristh prisbash stouc pirouc tou
kubernetes , dunatithta pou den epitrépetai sthn paragwg . EpBbshc, grei"zetai h epibol
orbwn sth gr sh twn pirwn tou kubernetes an’loga ton gr sth to group tou.

PolO shmantik ptug, pou den exereun jhke ekten,c se aut thn ergasPa, ePnai h
parakoloOjhsh tou montélou sthn paragwg , kaj.c kai parakoloOjhsh thc poiithtac
twn dedoménwn. Ta montéla mhganik ¢ mijhshc sugn™ antimetwpbzoun katestrammeéna,
kajusterhména ellip dedoména. Ta ht mata poiithtac dedoménwn eujOnontai gia to
megalOtero merbdio twn astoqi.n sthn paragwg . EpBshc, akima kai an h poiithta twn
dedoménwn ebnai egguhménh, h apidosh tou montélou mporeb na jbnei. Se aut thn pe-
Pptwsh, up“rgqoun dOo sun jeic aitbec: H metatipish dedoménwn h metatipish ennoi n,

kai ta dOo tautigrona. To Kserve grhsimopoi jhke gia thn dunatithta na tou na k'nei
diajésimo to montélo sthn paragwg . Exereun jhkan oi dunatithtec gia rollouts pou dbnei,
kaj,c kai san el’gisth parakoloOjhsh eléggontan h katagraf (logging) pou paréqei
sthn optik diepaf tou. San sunégeia, a mporoOsan na grhsimopoihjoOn kpoia erga-
leDa pou égei gia parakoloOjhsh tou montélou ipwc ta Alibi Detector, AIF Bias Detector
kai ART Adversial Detector . Epbshc, shmantik™ ergaleba tou Kserve ebnai to ModelMesh
pou grhsimopoiebtai gia thn diajesimithta meglou arijmoO montélwn, to Autoscaling gia
thn autimath klim“kwsh ton services pou paréqoun to montelo kai “lla.

ParakoloOjhsh grei“zetai kai sthn upodom [24]. To Kube ow ebnai mba platfirma
pou enswmat, nei exarg ¢ meglo arijmi ergalebwn. 'Otan épeita prostbjentai ta ipoia
peir‘mata, pipelines , servers twn montélwn, tite oi gbnetai meg’lh gr sh twn pirwn tou
sust matoc. Qr simh kai euréwc grhsimopoioOmenh I0sh gia thn parakoloOjhsh thc
upodom c ebnai ta ergaleba Prometheus kai Grafana .

Endiaféron kai mellontik an“gkh parousi“zoun ta probl mata meg’lwn dedoménwn.

Se tétoia probl mata, o igkoc twn dedoménwn gia thn ekpabdeush enic montélou kai to Bdio

to montelo ebnai arket™ meg’la kai gr zoun na katanemhjeb h ekpabdeush. To Kube ow
eunoeb egkain,c thn katanemhmeéenh ekpabdeush, me touc operators [25] pou uposthrbzei,
tfeoperator, pytorcheoperator kai mpieoperator (Horovod [9])



5.2 Mellontikéc ergasbec

Peraitérw, a mporoOsan na ulopoihjoOn k’poia sen’ria, me tegnikéc rollout kai rolls
backs . Sthn pr'xh pragmatopoi jhke Canary rollout me plrh antikat"stash tou mo-
ntélou sthn paragwg . Se epimeno st"dio, a prépei na ulopoihjeb ajmiaba antikat™sta-
sh tou montélou kai diadikasba rollback se perbptwsh kpoiac astogbac.

Téloc, sta plabsia thc algorijmik ¢ proseggishc enic ht matoc mhganik ¢ me neurw-
nik” dbktua, to Katib paréqei to ergaleBbo NAS. To NAS (Neural Architecture Search  [10],
an kai ebnai akima se dokimastik “sh beta, anazht™ thn eltisth argitektonik enic neu-
wnikoO diktOou enic montélou mhganik ¢ mijhshc. To NAS sthrbzetai sto ENAS (E cient
Neural Architecture Search  ipwc prot’jhke api touc Hieu Pham, Melody Y. Guan, Barret
Zoph, Quoc V. Le and Je Dean[26]
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