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Περίληψη

Τα τελευταία χρόνια η µηχανική µάθηση γνωρίζει µεγάλη άνθιση στον τοµέα της πληρο-
ϕορικής. Η εποχή ψηφιοποιείται και τα δεδοµένα µεγαλώνουν. Καθώς η µηχανική µάθηση
και η τεχνητή νοηµοσύνη διαδίδονται σε προϊόντα και υπηρεσίες λογισµικού, κρίνεται α-
ναγκαία η εφαρµογή ϐέλτιστων πρακτικών και εργαλείων για τη δοκιµή, την ανάπτυξη, τη
διαχείριση και την παρακολούθηση µοντέλων µηχανικής µάθησης στην παραγωγή πραγµα-
τικού κόσµου. Αυτές οι πρακτικές συνθέτουν τις διαδικασίες µηχανικής µάθησης MLOps.
Στόχος των MLOps είναι η µείωση το «τεχνικού χρέους» σε εφαρµογές µηχανικής µάθησης.

Η χρήση στρατηγικών εικονικοποίησης µε κοντέινερ έχει επικρατήσει στις εταιρείες και το
Kubernetes, ως ενορχηστρωτής κοντέινερ, κερδίζει όλο και µεγαλύτερο έδαφος, ειδικότερα σε
περιπτώσεις µεγάλης κλίµακας υποδοµών και δεδοµένων. Παράλληλα, οι διαδικασίες που
πραγµατοποιούνται σε ένα σύστηµα µηχανικής µάθησης στην παραγωγή, µε την πάροδο
του χρόνου, µεγεθύνουν τις απαιτήσεις για χρήση πόρων και διαχείριση. Ο συνδυασµός
της µηχανικής µάθησης µε το Kubernetes, ευνοείται από τα κύρια χαρακτηριστικά του για
ενορχήστρωση, κλιµακωσιµότητα και ϕορητότητα.

Σκοπός της παρούσας διπλωµατικής είναι η υλοποίηση και διερεύνηση διαδικασιών
MLOps στην παραγωγή. Υλοποιείται µια υποδοµή µε Kubernetes, που προσωµοιώνει ένα
παραγωγικό περιβάλλον, καθώς και επιλέγεται η πλατφόρµα Kubeflow της Google για την
ανάπτυξη των MLOps. Υλοποιούνται οι διαδικασίες MLOps και εφαρµόζονται σε ένα Ϲήτηµα
σηµασιολογικής ταξινόµησης των στοιχείων εικόνων υποθαλάσσιου εδάφους. Ταυτόχρονα,
περιγράφεται η συνεργασία επιστήµονων δεδοµένων και µηχανικών DevOps, σε ένα σύστηµα
µηχανικής µάθησης στην παραγωγή και πως ευννοούνται από την αυτοµατοποίηση που πα-
ϱέχουν οι διαδικασίες MLOps. Τελικό παραγόµενο είναι µια σωλήνωση Kubeflow Pipeline,
η οποία αναλαµβάνει να αυτοµατοποιήσει την τακτική επανεκπαίδευση, προώθηση και πα-
ϱακολούθηση ενός µοντέλου στην παραγωγή.

Λέξεις Κλειδιά

Μηχανική Μάθηση, Τεχνητή Νοηµοσύνη, Εικονικοποίηση, Ενορχηστρωτής Κοντέινερ,
Τεχνικό χρέος, ∆ιαδικασίες Μηχανικής Μάθησης, MLOps, DevOps, Kubernetes, Kubeflow,
Pipeline
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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
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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),

5



Extended Summary

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, AI 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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Extended Summary

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.

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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Extended Summary

Figure 2: Hyperparameter tuning with Katib

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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Extended Summary

Figure 4: Run page

Figure 5: Stage visualizations
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Extended Summary

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.

Figure 6: Model servers

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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Extended Summary

accuracy kappa prec_1 prec_2 prec_3 prec_4 prec_5 recall_1 recall_2 recall_3 recall_4 recall_5

model ’16
at 2016

0.99983 0.99978 0.99988 0.99962 0.99984 0.99994 1.0 1.0 1.0 1.0 0.99893 0.9999

model ’16
at 2017

0.60898 0.49144 0.65907 0.24476 0.55603 0.87916 0.99995 0.99949 0.255690 0.53317 0.09311 0.96927

model ’16
at 2018

0.72483 0.58081 0.69983 0.71013 0.04479 0.93878 0.99195 0.94077 0.86175 0.00108 0.00106 0.75573

model ’17
at 2016

0.99978 0.99971 0.99994 0.99939 0.99988 0.99978 0.99999 0.99998 0.9999 0.99994 0.9985 0.99995

model ’17
at 2017

0.99968 0.9996 0.99907 0.99987 0.99987 0.99997 1.0 0.99996 0.99866 0.99993 0.99976 0.9999

model ’17
at 2018

0.6699 0.48917 0.61697 0.71738 0.04586 0.99714 0.98888 0.99937 0.62684 0.00148 0.02406 0.69297

model ’18
at 2016

0.99969 0.99959 0.9999 0.99935 0.9999 0.99922 0.99997 0.99982 0.99979 0.99994 0.99845 0.99999

model ’18
at 2017

0.99967 0.99959 0.99911 0.99986 0.9998 0.99997 1.0 0.99993 0.9987 0.99997 0.99965 0.99989

model ’18
at 2018

0.99686 0.99559 0.99634 0.99729 0.99662 0.99425 0.99972 1.0 0.99983 0.99783 0.97006 0.9947

Table 1: Performance of 2016, 2017, 2018 models

(a) backscatter 2016 (b) bathymetry 2016 (c) ground truth 2016

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

Figure 9: Bedford 2017 dataset classification

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

(d) model ’16 (e) model ’17 (f) 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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Kefˆlaio 1

Eisagwg 

Se aut  thn diplwmatik  �a gÐnei mia prosèggish thc ulopoÐhshc automatopoihmènwn

diadikasi¸n mhqanik c mˆjhshc (MLOps) se sust mata pou �rÐskontai sthn paragwg .

S mera, h mhqanik  mˆjhsh qrhsimopoieÐtai se èna eurÔ �ˆsma efarmog¸n kai apoteleÐ

to epÐkentro tou endiafèrontoc poll¸n epiqeir sewn. To endiafèron ègkeitai tìso sthn a-

nˆptuxh proðìntwn gia ˆmesh qr sh mhqanik c mˆjhshc gia prìbleyh kai taxinìmhsh, ìso

kai sthn anagn¸rish twn tˆsewn sth sumperiforˆ pelat¸n kai epiqeir sewn gia upost rixh

uparqìntwn proðìntwn   kai thn anˆptuxh nèwn. Katˆ autìn to trìpo qreiˆzontai kˆpoiec

diadikasÐec pou �a analambˆnoun na anaptÔssoun suneq¸c ta montèla mhqanik c mˆjh-

shc, na elègqoun thn apotelesmatikìthta touc, na ta exelÐssoun kai na ta enswmat¸noun se

nèa   upˆrqonta proðìnta.

1.1 Mhqanik  mˆjhsh

1.1.1 Anˆptuxh susthmˆtwn

Gia thn anˆptuxh enìc sust matoc mhqanik c mˆjhshc, oi epist monec dedomènwn kalo-

Ôntai na efarmìsoun kai na ekpaideÔsoun èna montèlo mhqanik c mˆjhshc me prognwstik 

apìdosh se èna sÔnolo dedomènwn, lambˆnontac upìyh sqetikˆ dedomèna ekpaÐdeushc gia

thn perÐptwsh qr shc touc. Wstìso, h pragmatik  prìklhsh den eÐnai h dhmiourgÐa e-

nìc montèlou, h prìklhsh eÐnai h oikodìmhsh enìc oloklhrwmènou sust matoc mhqanik c

mˆjhshc kai h suneq c leitourgÐa tou sthn paragwg .

'Opwc �aÐnetai sto parakˆtw diˆgramma, mìno èna mikrì klˆsma enìc pragmatikoÔ

sust matoc mhqanik c mˆjhshc apoteleÐtai apì ton k¸dika. Ta apaitoÔmena peribˆllonta

stoiqeÐa eÐnai terˆstia kai polÔploka.
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Sq ma 1.1: StoiqeÐa gia sust mata mhqanik c mˆjhshc [2]

Se kˆje sÔsthma mhqanik c mˆjhshc, afoÔ prosdioristeÐ h epiqeirhmatik  qr sh

kai kajoristoÔn ta krit ria epituqÐac, h diadikasÐa parˆdoshc enìc montèlou mhqanik c

mˆjhshc sthn paragwg  perilambˆnei ta akìlouja � mata.

Autˆ ta � mata mporoÔn na oloklhrwjoÔn qeirokÐnhta   mporoÔn na oloklhrwjoÔn

me autìmath swl nwsh.

ˆ Exagwg  dedomènwn: Epilog  kai enswmˆtwsh twn sqetik¸n dedomènwn apì diˆforec

phgèc.

ˆ Anˆlush dedomènwn: Ektèlesh diereunhtik c anˆlushc dedomènwn ( EDA) gia kata-

nìhsh twn diajèsimwn dedomènwn gia th dhmiourgÐa tou montèlou. Aut  h diadikasÐa

odhgeÐ sta ex c :

� Katanìhsh tou sq matoc dedomènwn kai twn qarakthristik¸n pou anamènontai

apì to montèlo.

� Prosdiorismìc thc proetoimasÐac dedomènwn kai thc mhqanik c qarakthristi-

k¸n pou apaitoÔntai gia to montèlo.

ˆ ProetoimasÐa dedomènwn: Aut  h proetoimasÐa perilambˆnei kajarismì dedomènwn,

ìpou qwrÐzontai ta dedomèna se set ekpaÐdeushc, epikÔrwshc kai dokim¸n. Perilam-

�ˆnei epÐshc metasqhmatismì dedomènwn kai exagwg  qarakthristik¸n sto montèlo. H

èxodoc autoÔ tou � matoc eÐnai ta diaqwrismèna set dedomènwn sthn proetoimasmènh

morf .

ˆ EkpaÐdeush montèlwn : O epist monac dedomènwn efarmìzei diaforetikoÔc algìrij-

mouc me ta proetoimasmèna dedomèna gia na ekpaideÔsei diˆfora montèla mhqanik c

mˆjhshc. Epiplèon, se autoÔc tou algorÐjmouc anazhtˆ tic �ètlistec uperpara-

mètrouc gia na �rei to montèlo me thn kalÔterh apìdosh. H èxodoc autoÔ tou � matoc

eÐnai èna ekpaideumèno montèlo.

ˆ Axiolìghsh montèlou : To montèlo axiologeÐtai se èna set dokim¸n gia thn axiolìghsh

thc poiìthtac tou montèlou. To apotèlesma autoÔ tou � matoc eÐnai èna sÔnolo

metr sewn gia thn axiolìghsh thc poiìthtac tou montèlou.
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1.1.2 DiadikasÐec mhqanik c mˆjhshc (MLOps)

ˆ EpikÔrwsh montèlou : To montèlo epibebai¸netai ìti eÐnai eparkèc gia pro¸jhsh sthn

paragwg , ìti h prognwstik  tou apìdosh eÐnai kalÔterh apì èna sugkekrimèno

kat¸fli.

ˆ Pro¸jhsh montèlou sthn paragwg  : To epikurwmèno montèlo gÐnetai diajèsimo sthn

paragwg  gia thn paroq  problèyewn. Aut  h Pro¸jhsh mporeÐ na eÐnai èna apì

ta akìlouja :

� Microservices meREST API gia thn paroq  diadiktuak¸n problèyewn.

� 'Ena enswmatwmèno montèlo se mia suskeu  edge   kinht  suskeu .

� Mèroc enìc sust matoc prìbleyhc se partÐdec.

ˆ ParakoloÔjhsh montèlou : H prognwstik  apìdosh tou montèlou parakoloujeÐtai

gia pijan  epÐklhsh miac nèac epanˆlhyhc sth diadikasÐa mhqanik c mˆjhshc.

1.1.2 DiadikasÐec mhqanik c mˆjhshc (MLOps)

Oi diadikasÐec mhqanik c mˆjhshc,   MLOps gia suntomÐa, eÐnai mia �asik  ptuq  thc

mhqanik c mhqanik c mˆjhshc pou epikentr¸netai sthn aplopoÐhsh kai sthn epitˆqunsh

thc diadikasÐac parˆdoshc montèlwn sthn paragwg  kai sth sunt rhsh kai parakolo-

Ôjhsh touc. Perilambˆnoun th sunergasÐa metaxÔ diaforetik¸n omˆdwn, sumperilambano-

mènwn episthmìnwn dedomènwn, mhqanik¸n DevOps , eidik¸n plhroforik c kai ˆllwn. Oi

diadikasÐec autèc stoqeÔoun sthn enopoÐhsh thc anˆptuxhc sust matoc kai thc leitourgÐac

enìc sust matoc mhqanik c mˆjhshc.

Ta MLOps [1] perilambˆnoun tic akìloujec praktikèc :

ˆ Continuous Integration (CI) : 'Opou epekteÐnetai o èlegqoc kai h epikÔrwsh tou k¸di-

ka kai twn stoiqeÐwn prosjètontac dedomèna kai montèla dokim¸n kai epikÔrwshc.

ˆ Continuous Delivery (CD) : 'Opou aforˆ thn parˆdosh miac swl nwshc ekpaÐdeu-

shc enìc sust matoc mhqanik c mˆjhshc pou kˆnei diajèsimh autìmata mia ˆllh

uphresÐa prìbleyhc montèlou.

ˆ Continuous Training (CT) : Sunantˆtai mìno se MLOps kai ìqi se DevOps , ìpou epa-

nekpaideÔontai autìmata ta montèla gia ek nèou anˆptuxh.

ˆ Continuous Monitoring (CM) : Aforˆ thn parakoloÔjhsh twn dedomènwn paragwg c

kai twn metr sewn apìdoshc montèlwn, oi opoÐec sundèontai me tic epiqeirhmatikèc

metr seic.
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Mh autìmath diadikasÐa

Pollèc omˆdec èqoun epist monec dedomènwn kai ereunhtèc pou mporoÔn na kataskeu-

ˆsoun montèla teleutaÐac teqnologÐac, allˆ h diadikasÐa anˆptuxhc kai pro¸jhshc sthn

paragwg  twn montèlwn eÐnai entel¸c qeirokÐnhth.

Sq ma 1.2: Mh autìmath diadikasÐa MLOps

H diadikasÐa aut  eÐnai diadrastik  kai �asismènh se senˆria. Kˆje � ma eÐnai qeiro-

kÐnhto, sumperilambanomènhc thc anˆlushc dedomènwn, thc proetoimasÐac dedomènwn, thc

ekpaÐdeushc montèlwn kai thc epikÔrwshc. ApaiteÐ qeirokÐnhth ektèlesh kai qeirokÐnhth

metˆbash apì to èna � ma sto ˆllo. Aut  h diadikasÐa sun jwc kajodhgeÐtai apì peirama-

tikì k¸dika pou grˆfetai kai ekteleÐtai apì ton epist mona dedomènwn diadrastikˆ, mèqri

na paraqjeÐ èna leitourgikì montèlo. H diadikasÐa diaqwrÐzei touc epist monec dedomènwn

pou dhmiourgoÔn to montèlo kai touc mhqanikoÔc pou kˆnoun diajèsimo to montèlo wc èna

service prìbleyhc. Oi epist monec dedomènwn paradÐdoun èna ekpaideumèno montèlo sthn

omˆda mhqanik¸n gia na to enswmat¸soun sthn upodom  touc. Aut  h metabÐbash mporeÐ

na perilambˆnei thn topojèthsh tou ekpaideumènou montèlou se mia �èsh apoj keushc  

se èna apojet rio k¸dika   th metafìrtws  tou se èna mhtr¸o montèlwn (model registry) .

Katˆ autìn ton trìpo, aut  h diadikasÐa den èqei suqnˆ nèec anane¸seic tou montèlou,

kaj¸c kai den parakoloujeÐtai energˆ h apìdosh tou montèlou.

Automatopoihmènh swl nwsh

Se aut  thn diadikasÐa epitugqˆnetai suneq c ekpaÐdeush tou montèlou me thn automa-

topoÐhsh thc swl nwshc. Autì epitrèpei thn suneq  parˆdosh thc uphresÐac prìbleyhc

montèlou (Continuous Delivery • CD) . Gia na automatopoihjeÐ h diadikasÐa qr shc nèwn

dedomènwn gia thn epanekpaÐdeush montèlwn sthn paragwg  (Continuous Training • CT) ,

�a prèpei na eisˆgontai automatopoihmèna dedomèna kai kˆpoia � mata epikÔrwshc mo-

ntèlwn sth swl nwsh. EpÐshc prèpei na upˆrxoun kˆpoioi energopoihtèc gia thn swl nwsh

kai na gÐnei diaqeÐrish twn metadedomènwn pou prokÔptoun se kˆje stˆdio.
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Sq ma 1.3: Automatopoihmènh swl nwsh MLOps (CD•CT)

Oi energopoihtèc thc swl nwshc mporoÔn na automatopoihjoÔn anˆloga me tic anˆgkec.

MporoÔn na energopoioÔn thn swl nwsh katˆ apaÐthsh, eÐte anˆ taktˆ qronikˆ diast mata,

eÐte ìpote upˆrqoun diajèsima nèa dedomèna, eÐte akìma ìtan upˆrqei aisjht  upobˆjmish

thc apìdoshc, prokal¸ntac thn epanekpaÐdeush tou montèlou.

PolÔ shmantik  eÐnai kai h diaqeÐrish twn metadedomènwn. Oi plhroforÐec sqetikˆ

me kˆje ektèlesh thc swl nwshc ìpou katagrˆfontai ta sugkekrimèna dedomèna, k¸dikec

pou qrhsimopoi jhkan, kaj¸c kai ta artifacts pou dhmiourg jhkan, gia thn anaparagw-

gimìthta kai tic sugkrÐseic. Autì �ohjˆ sthn diìrjwsh sfalmˆtwn kai anwmali¸n.

EpÐshc kombikì �ìlo sthn diadikasÐa èqei to "versioning" . O stìqoc tou eÐnai na anti-

metwpÐzontai ta senˆria ekpaÐdeushc, ta montèla kai ta sÔnola dedomènwn gia ekpaÐdeush

montèlwn ìpwc stic diadikasÐec DevOps , parakolouj¸ntac ta montèla kai ta sÔnola de-

domènwn me sust mata elègqou ekdìsewn. Me autì ton trìpo gia kˆje ektèlesh sthn

diadikasÐa ekpaÐdeushc tou montèlou, �a upˆrqei katagraf /èkdosh tìso tou k¸dika,

ìso kai twn dedomènwn pou qrhsimopoi jhkan.

To stˆdio tou CD eÐnai h diadikasÐa anˆptuxhc tou k¸dika gia thn antikatˆstash twn

prohgoÔmenwn ekdìsewn. Autì pragmatopoieÐtai mèsw miac strathgik c, sun jwc mÐa ek

twn dÔo, thc "blue•green"   thc "canary" . Ousiastikˆ eÐnai mejodologÐec gia th stadiak 

kukloforÐa ekdìsewn. H "blue•green" prosèggish apaiteÐ dÔo peribˆllonta paragwg c,

ìso to dunatìn panomoiìtupa. Anˆ pˆsa stigm  èna apì autˆ, to mple gia parˆdeigma,

eÐnai en leitourgÐa. Kaj¸c etoimˆzetai mia nèa èkdosh tou montèlou, to telikì stˆdio
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thc dokim c gÐnetai sto prˆsino peribˆllon. Mìlic to montèlo leitourgeÐ sto prˆsino

peribˆllon, dromologoÔntai ìla ta eiserqìmena ait mata na phgaÐnoun se autì, opìte

kai to mple eÐnai plèon adranèc. Eˆn kˆti den leitourg sei swstˆ, ìla dromologoÔntai

xanˆ sto mple peribˆllon. Parìmoia, sthn "canary" strathgik , h allag  anaptÔssetai

se èna mikrì uposÔnolo peript¸sewn, exuphret¸ntac èna mikrì posostì thc kÐnhshc sthn

paragwg . Mìlic diapistwjeÐ ìti to kainoÔrio montèlo leitourgeÐ kalˆ tìte dromologeÐtai

na exuphreteÐ ìlh thn kÐnhsh.

Mia epÐshc strathgik  eÐnai to "shadow evaluation" (Dark launch) . H strathgik  aut 

eÐnai mia polÔ diaisjhtik  kai asfal c. Katˆ thn strathgik  aut , to nèo montèlo pro-

stÐjetai sto mhtr¸o wc upoy fio montèlo. Opoiod pote nèo aÐthma prìbleyhc ekteleÐtai

tìso apì tic ekdìseic tou montèlou pou qrhsimopoieÐtai epÐ tou parìntoc sthn paragwg ,

ìso kai apì th nèa upoy fia èkdosh pou eÐnai se shadow evaluation . 'Etsi h apìdosh

thc nèac èkdoshc axiologeÐtai prin gÐnei diajèsimh sthn paragwg . 'Otan �ewrhjeÐ ìti to

upoy fio montèlo eÐnai eparkèc, antikajistˆ to upˆrqwn montèlo sthn paragwg .

H diadikasÐa CD �a prèpei na eÐnai stadiak  gia thn epikÔrwsh thc orjìthtac kai thc

poiìthtac tou montèlou se "zwntanˆ" dedomèna, qrhsimopoi¸ntac sust mata paragwg c,

protoÔ prowjhjeÐ sthn paragwg  kai xekin sei na lambˆnei pragmatikèc automatopoih-

mènec apofˆseic. Aut  h axiolìghsh onomˆzetai suqnˆ "diadiktuak  axiolìghsh", se a-

ntÐjesh me tic dokimèc pou pragmatopoi jhkan katˆ th �ˆsh CI pou �asÐzontai se istorikˆ

sÔnola dedomènwn kai mporeÐ na �ewrhjoÔn "axiolìghsh ektìc sÔndeshc".

Automatopoihmènh swl nwsh me CI/CD

Gia gr gorh kai axiìpisth enhmèrwsh twn swlhn¸sewn sthn paragwg , qreiˆzetai èna

automatopoihmèno sÔsthma CI/CD . Autì to sÔsthma epitrèpei stouc epist monec dedo-

mènwn na exereunoÔn gr gora nèec idèec sqetikˆ me th mhqanik  qarakthristik¸n, thn

arqitektonik  montèlwn kai tic uperparamètrouc. MporoÔn na efarmìsoun autèc tic idèec

kai na dhmiourg soun autìmata, na dokimˆsoun kai na anaptÔxoun ta nèa stoiqeÐa thc

swl nwshc sto peribˆllon stìqo.

To parakˆtw diˆgramma deÐqnei thn ulopoÐhsh thc swl nwshc qrhsimopoi¸ntac CI/CD ,

to opoÐo èqei ta qarakthristikˆ thc �Ôjmishc twn automatopoihmènwn swlhn¸sewn pou

anafèrjhkan parapˆnw sun tic automatopoihmènec �outÐnec CI/CD .
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1.1.2 DiadikasÐec mhqanik c mˆjhshc (MLOps)

Sq ma 1.4: CI/CD se automatopoihmènh swl nwsh

'Opwc �aÐnetai sthn parapˆnw eikìna, gia thn pragmatopoÐhsh automatopoihmènhc

swl nwshc me CI/CD qreiˆzontai ta parakˆtw stoiqeÐa :

ˆ SÔsthma elègqou ekdìsewn

ˆ Services gia dokimèc kai kataskeu  twn pakètwn

ˆ Services gia egkatˆstash

ˆ Mhtr¸o gia thn apoj keush twn montèlwn

ˆ Q¸roc gia thn apoj keush twn qarakthristik¸n

ˆ Q¸roc gia thn apoj keush twn metadedomènwn

ˆ Enorqhstrwt c twn swlhn¸sewn
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Pio sugkekrimèna, to parakˆtw diˆgramma deÐqnei ta stˆdia thc automatopoihmènhc

swl nwshc me CI/CD :

Sq ma 1.5: Ta stˆdia CI/CD thc automatopoihmènh swl nwsh

H swl nwsh apoteleÐtai apì ta akìlouja stˆdia :

ˆ Anˆptuxh kai peiramatismìc : Dokimˆzontai epanalhptikˆ nèoi algìrijmoi mhqanik c

mˆjhshc kai nèa montèla katˆ thn enorq strwsh twn �hmˆtwn tou peirˆmatoc. H

èxodoc autoÔ tou stadÐou eÐnai o phgaÐoc k¸dikac twn �hmˆtwn swl nwshc pou sth

sunèqeia prowjoÔntai se èna apojet rio.

ˆ Pipeline CI : GÐnetai tobuild tou k¸dika kai ekteloÔntai kˆpoiec dokimèc. Oi èxodoi

autoÔ tou stadÐou eÐnai stoiqeÐa swl nwshc (pakèta, ektelèsima kai artifacts ) pou �a

anaptuqjoÔn se metagenèstero stˆdio.

ˆ Pipeline CD : AnaptÔssontai ta artifacts pou parˆgontai apì to stˆdio CI sto peri-

�ˆllon stìqo. H èxodoc autoÔ tou stadÐou eÐnai mÐa swl nwsh me th nèa efarmog 

tou montèlou.

ˆ Automatopoihmènh energopoÐhsh : H swl nwsh ekteleÐtai autìmata sthn paragwg 

me �ˆsh èna qronodiˆgramma   wc apìkrish se ènan energopoiht . H èxodoc autoÔ

tou stadÐou eÐnai èna ekpaideumèno montèlo pou prowjeÐtai sto mhtr¸o montèlwn.

ˆ Montèlo CD: To ekpaideumèno montèlo anaptÔssetai wc service problèyewn.

ˆ ParakoloÔjhsh : Sullègontai statistikˆ stoiqeÐa gia thn apìdosh tou montèlou me

�ˆsh 
wntanˆ dedomèna. H èxodoc autoÔ tou stadÐou eÐnai èna ènausma gia thn e-

ktèlesh thc swl nwshc   gia thn ektèlesh enìc nèou kÔklou peirˆmatoc.
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1.2 AntikeÐmeno thc diplwmatik c

Se aut  thn diplwmatik  proseggÐzetai h ulopoÐhsh upodom¸n kai diadikasi¸n mhqa-

nik c mˆjhshc MLOps sthn paragwg . H prosèggish aut  efarmìzetai se èna 
 thma

mhqanik c mˆjhshc gia shmasiologik  katˆtmhsh se gewqwrikˆ dedomèna. Sugkekrimèna

kathgoriopoioÔntai stoiqeÐa apì upojalˆssiec eikìnec, gia thn anagn¸rish tou eÐdouc tou

edˆfouc. UlopoieÐtai mia lÔsh me Kubernetes kai thn platfìrma Kube�ow . Stic diadi-

kasÐec mhqanik c mˆjhshc, �a perigrafoÔn kˆpoiec teqnikèc pou aposkopoÔn sthn auto-

matopoÐhsh twn susthmˆtwn gia suneq  ekpaÐdeush twn montèlwn kai suneq  exuphrèthsh

sthn paragwg .

1.3 Dom  thc diplwmatik c

H paroÔsa ergasÐa organ¸netai wc ex c :

ˆ Sto kefˆlaio 2 perigrˆfetai to �ewrhtikì upìbajro anaforikˆ me ta ergaleÐa

Kubernetes kai Kube�ow .

ˆ Sto kefˆlaio 3 perigrˆfontai oi epilogèc pou gÐnontai katˆ thn sqedÐash enìc su-

st matoc mhqanik c mˆjhshc sthn paragwg . EpÐshc parousiˆzontai oi ulopoi seic

se mikrìterh klÐmaka, oi opoÐec èginan sta plaÐsia thc ergasÐac.

ˆ Sto kefˆlaio 4 proseggÐzetai kai epilÔetai èna 
 thma mhqanik c mˆjhshc me dia-

dikasÐec MLOps me stìqo thn automatopoÐhsh sthn paragwg . AnalÔontai ìla ta

stˆdia thc diadikasÐac, sullog c dedomènwn, ekpaÐdeushc tou montèlou kai pro¸jh-

sh tou montèlou sthn paragwg . Kaj¸c epÐshc, analÔetai h diadikasÐa epanekpa-

Ðdeushc kai antikatˆstashc montèlwn sthn paragwg .

ˆ Sto kefˆlaio 5 gÐnetai mÐa sÔnoyh sqetikˆ me ta ofèlh thc qr shc twn MLOps ,

ìpwc ulopoi jhkan sthn paroÔsa ergasÐa kai tic diaforèc pou mporeÐ na èqei apì

èna sÔsthma sthn paragwg . EpÐshc dÐnontai sÔntoma, kˆpoiec pijanèc mellontikèc

epektˆseic kai efarmogèc twn MLOps diadikasi¸n pou ulopoi jhkan.
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Kefˆlaio 2

Upodom  kai ergaleÐa

2.1 Kubernetes

To Kubernetes [4] eÐnai mia epektˆsimh platfìrma anoiqtoÔ k¸dika gia th diaqeÐrish

�ìrtou ergasÐac kai services me qr sh containers , pou dieukolÔnei tìso to "Infrustruc•

ture as Code" (IaC) ìso kai ton automatismì. 'Eqei èna megˆlo, taqèwc anaptussìmeno

oikosÔsthma. Oi uphresÐec, h upost rixh kai ta ergaleÐa Kubernetes eÐnai eurèwc dia-

�èsima. H Google dhmioÔrghse to prìtzekt Kubernetes anoiqtoÔ k¸dika to 2014. To

Kubernetes estiˆzei sth diaqeÐrish �ìrtou ergasÐac paragwg c se megˆlh klÐmaka me tic

kalÔterec idèec kai praktikèc apì thn koinìthta.

Sq ma 2.1: Anˆptuxh efarmog¸n sthn paragwg 

'Opwc �aÐnetai sto sq ma 2.1, palaiìtera, sthn "paradosiak  epoq " ìpwc anafère-

tai, oi organismoÐ ekteloÔsan efarmogèc apeujeÐac se �usikˆ mhqan mata (servers) . Den

up rqe trìpoc na kajoristoÔn ta ìria pìrwn gia efarmogèc se èna �usikì mhqˆnhma kai

autì prokˆlese probl mata katanom c pìrwn. Gia parˆdeigma, eˆn pollèc efarmogèc

ekteloÔntai se èna �usikì mhqˆnhma, mporeÐ na upˆrxoun peript¸seic ìpou mia efarmog 

�a katalˆmbane touc perissìterouc pìrouc kai wc ek toÔtou, oi ˆllec efarmogèc �a eÐqan

qamhl  apìdosh. Mia lÔsh gia autì �a  tan h ektèlesh kˆje efarmog c se diaforetikì

�usikì mhqˆnhma. Allˆ aut  h lÔsh den mporeÐ na èqei klimˆkwsh, kaj¸c oi pìroi mporeÐ

na qrhsimopoioÔntan elˆqista kai  tan akribì gia touc organismoÔc na diathroÔn pollˆ

�usikˆ mhqan mata.
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San exèlixh, èrqetai mia "epoq " eikonik c anˆptuxhc. H eikonikopoÐhsh (virtualization)

epitrèpei na upˆrqoun pollaplèc eikonikèc mhqanèc VM se èna �usikì mhqˆnhma. EpÐshc

epitrèpei thn apomìnwsh twn efarmog¸n metaxÔ twn VM kai parèqei èna epÐpedo asfˆleiac

kaj¸c oi plhroforÐec miac efarmog c den mporoÔn na eÐnai eleÔjera prosbˆsimec apì

ˆllh efarmog . Katˆ autìn ton trìpo gÐnetai kalÔterh qr sh twn pìrwn se èna �usikì

mhqˆnhma kai dieukolÔnetai h epektasimìthta. MÐa efarmog  mporeÐ na prostejeÐ   na

enhmerwjeÐ eÔkola. Me thn eikonikopoÐhsh mporeÐ na parousiasteÐ èna sÔnolo �usik¸n

pìrwn wc èna cluster eikonik¸n mhqan¸n. Kˆje VM eÐnai èna pl rec mhqˆnhma pou trèqei

ìla ta stoiqeÐa, sumperilambanomènou tou dikoÔ tou leitourgikoÔ sust matoc, pˆnw apì

to eikonikopoihmèno ulikì.

'Epeita èrqetai h epoq  anˆptuxhc se containers . Ta containers eÐnai parìmoia me

ta VM, allˆ èqoun ligìterec idiìthtec apomìnwshc gia koin  qr sh tou leitourgikoÔ su-

st matoc (OS) metaxÔ twn efarmog¸n. Epomènwc, ta containers �ewroÔntai elafriˆ wc

proc ton �ìrto pou dhmiourgoÔn sto �usikì mhqˆnhma. Parìmoia me èna VM, èna con•

tainer èqei to dikì tou sÔsthma arqeÐwn, merÐdio CPU, mn mh, q¸ro diergasi¸n kai pollˆ

ˆlla. Epeid  eÐnai aposundedemèna apì thn upokeÐmenh upodom , katafèrnoun na eÐnai

�orhtˆ se cloud kai diˆfora leitourgikˆ sust mata.

2.1.1 Domikˆ stoiqeÐa

'Ena Kubernetes cluster apoteleÐtai apì èna sÔnolo mhqan¸n, pou onomˆzontai kìmboi

nodes , ìpou ekteloÔntai efarmogèc me kontèiner. Kˆje cluster èqei toulˆqiston ènan kìmbo

ergasÐac. 'Enac kìmboc mporeÐ na eÐnai ènaVM   èna �usikì mhqˆnhma.

Oi kìmboi perièqoun ta pods pou eÐnai ta stoiqeÐa pou exuphretoÔn ton �ìrto ergasÐac

thc efarmog c. Sta pods trèqoun ta kontèiner thc efarmog c.

Sq ma 2.2: Domikˆ stoiqeÐa tou Kubernetes [11]
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2.1.1 Domikˆ stoiqeÐa

StoiqeÐa tou Control Plane

To control plane diaqeirÐzetai touc kìmbouc kai ta pods sto cluster . Se peribˆllonta

paragwg c, to control plane sun jwc ekteleÐtai se polloÔc upologistèc kai èna cluster

sun jwc ekteleÐ polloÔc kìmbouc, parèqontac anoq  se sfˆlmata kai uyhl  diajesimìth-

ta.

ˆ kube•apiserver

H diepaf  gia to Control Plane . ExuphreteÐ tic leitourgÐec REST, mèsw thc opoÐac

allhlepidroÔn ìla ta ˆlla stoiqeÐa tou cluster .

ˆ etcd

Q¸roc apoj keushc thc morf c key•value pou qrhsimopoieÐtai wc antÐgrafo asfa-

leÐac gia ìla ta dedomèna tou cluster .

ˆ kube•scheduler

ParakoloujeÐ ta nèa pods pou dhmiourg jhkan kai den anatèjhkan se kˆpoio kìmbo

kai epilègei ènan kìmbo ston opoÐo �a ekteloÔntai.

ˆ kube•controller•manager

Perièqei diafìrwn tÔpwn elegktèc pou diasfalÐzoun thn swst  leitourgÐa diafìrwn

stoiqeÐwn sto cluster .

ˆ cloud•controller•manager

Epitrèpei thn sÔndesh enìc cluster sto API enìc parìqou cloud kai diaqwrÐzei ta

stoiqeÐa pou allhlepidroÔn me aut n thn platfìrma cloud apì ta stoiqeÐa pou

allhlepidroÔn mìno me to cluster .

StoiqeÐa twn kìmbwn

ˆ kubelet

'Enac agent pou trèqei se kˆje kìmbo sto cluster . DiasfalÐzei ìti eÐnai se leitourgÐa

ta kontèiner sta pods .

ˆ kube•proxy

'Enac diamesolabht c diktÔou pou ekteleÐtai se kajèna apì touc kìmbouc se èna clus•

ter . DiathreÐ kanìnec diktÔou stouc kìmbouc. AutoÐ oi kanìnec diktÔou epitrèpoun

thn epikoinwnÐa diktÔou me ta pods apì sundèseic diktÔou entìc   ektìc tou cluster .
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2.1.2 LeitourgÐec

Ta containers eÐnai ènac kalìc trìpoc gia na omadopoihjoÔn kai na ektelestoÔn oi

efarmogèc. Se èna peribˆllon paragwg c, prèpei na upˆrqei diaqeÐrish twn kontèiner pou

ekteloÔn tic efarmogèc kai diasfˆlish ìti den upˆrqei qrìnoc diakop c leitourgÐac. Gia

parˆdeigma, eˆn èna kontèiner termatÐsei, èna ˆllo kontèiner prèpei na xekin sei. Autèc

tic leitourgÐec analambˆnei to Kubernetes , parèqontac èna plaÐsio gia na ekteloÔntai ta

katanemhmèna sust mata me euelixÐa. FrontÐzei gia thn klimˆkwsh kai to failover thc

efarmog c, parèqei motÐba anˆptuxhc, kaj¸c kai ˆllec leitourgÐec.

Kˆpoiec apì autèc tic leitourgÐec eÐnai oi parakˆtw.

ˆ Anakˆluyh uphresÐac (service discovery)

To Kubernetes mporeÐ na dÐnei diajèsimo èna kontèiner qrhsimopoi¸ntac to ìnoma

mèswDNS (Domain Name System)   qrhsimopoi¸ntac th dik  tou dieÔjunsh IP.

ˆ Exisorrìphsh �ortÐou (load balancing)

Eˆn h kÐnhsh se èna kontèiner eÐnai uyhl , tìte gÐnetai exisorrìphsh �ortÐou kai

dianèmetai h kÐnhsh sto upìloipo dÐktuo ètsi ¸ste h efarmog  na leitourgeÐ stajerˆ.

ˆ Enorq strwsh apoj keushc

To Kubernetes epitrèpei na autìmath prosˆrthsh èna sust matoc apoj keushc,

ìpwc apì topikoÔc apojhkeutikoÔc q¸rouc   ao dhmìsiouc parìqouc cloud ..

ˆ Automatopoihmèna rollouts kai rollbacks

DÔnatai na upˆrqei perigraf  thc epijumht c katˆstashc gia ta kontèiner pou èqoun

anaptuqjeÐ. Qrhsimopoi¸ntac to Kubernetes diasfalÐzetai ìti mporeÐ na allˆxei h

pragmatik  katˆstash sthn epijumht  katˆstash me elegqìmeno �ujmì. Gia pa-

�ˆdeigma, upˆrqei dunatìthta na automatopoihjeÐ to Kubernetes gia na dhmiourgh-

�oÔn nèa kontèiner gia mia efarmog , na afairejoÔn ta upˆrqonta kontèiner kai na

uiojethjoÔn ìloi oi pìroi touc sto nèo kontèiner.

ˆ Automatopoihmèno bin packing

Arqikˆ parèqetai sto Kubernetes èna cluster apì kìmbouc pou mporeÐ na qrhsimo-

poi sei gia thn ektèlesh ergasi¸n me kontèiner. 'Epeita perigrˆfetai pìsh CPU kai

mn mh (RAM) qreiˆzetai kˆje kontèiner. To Kubernetes analambˆnei na topojet sei

apodotikˆ ta kontèiner stouc kìmbouc, ¸ste na kˆnei thn kalÔterh qr sh twn pìrwn.

ˆ Autoòash (self healing)

To Kubernetes epanekkineÐ ta kontèiner pou apotugqˆnoun, antikajistˆ ta kontèi-

ner, termatÐzei ta kontèiner pou den antapokrÐnontai kai den ta èqei diajèsima sthn

efarmog  mèqri na eÐnai ètoima na exuphret soun kÐnhsh.
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ˆ DiaqeÐrish mustik¸n kai �ujmÐsewn

To Kubernetes parèqei teqnikèc gia apoj keush kai diaqeirÐsh euaÐsjhtwn plhro-

�orÐwn, ìpwc kwdikoÔc prìsbashc, OAuth tokens kai kleidiˆ SSH. EÐnai dunat 

h dhmiourgÐa kai h enhmèrwsh mustik¸n kai �ujmÐsewn efarmog¸n qwrÐc thn epa-

nadhmiourgÐa twn eikìnwn tou kontèiner kai qwrÐc na apokalÔptontai oi euaÐsjhtec

plhroforÐec sthn upìloiph upodom .

2.1.3 Kubernetes objects

Ta Kubernetes objects eÐnai kˆpoiec ontìthtec pou perigrˆfoun mia epijumht  ka-

tˆstash gia to cluster . Perigrˆfoun poiec efarmogèc ekteloÔntai, se poiouc kìmbouc, ti

pìrouc qreiˆzontai kai ìpoiec strathgikèc qrhsimopoioÔn gia thn omal  ektèlesh touc.

Gia th dhmiourgÐa enìc Kubernetes object , prèpei na dojeÐ to spec tou antikeimènou

pou perigrˆfei thn epijumht  katˆstas  tou, kaj¸c kai kˆpoiec �asikèc plhroforÐec

gia to antikeÐmeno, ìpwc èna ìnoma. MporeÐ na qrhsimopoihjeÐ to Kubernetes API gia th

dhmiourgÐa tou antikeimènou. Autì to aÐthma sto API prèpei na perilambˆnei autèc tic

plhroforÐec wc JSON sto s¸ma ait matoc. Pio suqnˆ qrhsimopoieÐtai èna arqeÐo .yaml

(manifest) me to ergaleÐo kubectl (Kubernetes command•line tool) . To kubectl metatrèpei

tic plhroforÐec se JSON katˆ thn upobol  tou ait matoc API.

Sq ma 2.3: Parˆdeigma .yaml manifest
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Sto .yaml arqeÐo ta parakˆtw pedÐa eÐnai upoqrewtikˆ.

ˆ apiVersion : H èkdosh tou Kubernetes API pou qrhsimopoieÐtai

ˆ kind : To eÐdoc tou antikeimènou

ˆ metadata : To eÐdoc tou antikeimènou

ˆ spec: Epijumht  katˆstash tou antikeimènou

Basik  stoiqeÐo sto Kubernetes eÐnai oi q¸roi onomˆtwn (namespaces) . Oi q¸roi o-

nomˆtwn parèqoun ènan mhqanismì gia thn apomìnwsh omˆdwn ontot twn se èna cluster .

Ta onìmata twn ontot twn prèpei na eÐnai monadikˆ entìc enìc q¸rou onomˆtwn, allˆ ìqi

metaxÔ ìlwn. H embèleia �ˆsei q¸rou onomˆtwn isqÔei se kˆpoia antikeÐmena ìpwc Deploy•

ments [12], Services kai ˆlla. Kˆpoia ˆlla antikeÐmena eÐnai diajèsima se ìlo to cluster ,

ìpwc ta StorageClass, PersistentVolumes , oi kìmboi kai ˆlla.

Shmantikì epÐshc stoiqeÐo eÐnai ta Services [13], pou kajistoÔn dunat  thn prìsbash se

mÐa efarmog  apì èna set apì pods . Ta Services eÐnai mia ènnoia pou orÐzei èna sÔnolo apì

pods pou ekteloÔntai kˆpou sto cluster kai ìla parèqoun thn Ðdia leitourgikìthta. 'Otan

dhmiourgeÐtai, se kˆje service ekqwreÐtai mia monadik  dieÔjunsh IP. Aut  h dieÔjunsh

eÐnai sundedemènh me th diˆrkeia 
w c tou service kai den �a allˆxei ìso ekteleÐtai to

service . Ta pods mporoÔn na diamorfwjoÔn ¸ste na milˆne me to service kai upˆrqei

load•balancing me ta upìloipa pods tou service .

Workloads

'Ena workload eÐnai mia efarmog  pou ekteleÐtai sto Kubernetes . EkteleÐtai eÐte eÐnai

èna memonwmèno stoiqeÐo eÐte eÐnai pollˆ pou leitourgoÔn mazÐ, se èna sÔnolo apì pods .

Kˆpoia enswmatwmèna workload resources sto kubernetes eÐnai ta parakˆtw :

ˆ Deployment : Sta plaÐsia miac efarmog c, perièqoun odhgÐec gia thn diaqeÐrish twn

pods kai twn ReplicaSets .

ˆ ReplicaSet : O skopìc enìc ReplicaSet [14] eÐnai na diathreÐ èna stajerì sÔnolo apì

antÐgrafa pods pou ekteloÔntai anˆ pˆsa stigm .

ˆ StatefulSet : QrhsimopoieÐtai gia th diaqeÐrish stateful efarmog¸n.

ˆ DaemonSet : DiasfalÐzei ìti ìloi (  orismènoi) kìmboi ekteloÔn èna antÐgrafo enìc

pod . Kaj¸c oi kìmboi prostÐjentai sto cluster , prostÐjentai kai ta pods se autˆ. Ka-

�¸c oi kìmboi afairoÔntai apì to cluster , autˆ ta pods sullègontai apì ton garbage

collector . H diagraf  enìc DaemonSet �a kajarÐsei ta pods pou dhmioÔrghse.

ˆ Job : Mia ergasÐa pou perigrˆfei mia epituqhmènh ektèlesh, dhmiourgeÐ èna   pe-

�issìtera pods kai �a suneqÐsei na prospajeÐ na ektelèsei xanˆ ta pods mèqri na

termatÐsei epituq¸c.
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2.2 Kube�ow

To Kube�ow [3] eÐnai mia platfìrma gia epist monec dedomènwn pou �èloun na ka-

taskeuˆsoun kai na peiramatistoÔn me swlhn¸seic mhqanik c mˆjhshc. QrhsimopoieÐtai

epÐshc gia mhqanikoÔc mhqanik c mˆjhshc pou �èloun na dhmiourg soun sust mata mh-

qanik c mˆjhshc se diˆfora peribˆllonta gia anˆptuxh, dokim  kai leitourgÐa se epÐpedo

paragwg c.

2.2.1 Swlhn¸neic (pipelines)

Mia swl nwsh [15] eÐnai mia perigraf  miac �o c ergasÐac mhqanik c mˆjhshc, pou

sumperilambˆnei ìla ta stoiqeÐa thc �o c ergasÐac kai to trìpou me ton opoÐo sunduˆzontai

me th morf  graf matoc. H swl nwsh perilambˆnei ton orismì twn eisìdwn (paramètrwn)

pou apaitoÔntai gia thn ektèlesh thc swl nwshc kai tic eisìdouc kai exìdouc kˆje stadÐou.

Sq ma 2.4: Kube�ow Pipeline

Basikˆ stoiqeÐa twn swlhn¸sewn eÐnai ta parakˆtw :

ˆ Component : Kˆje component thc swl nwshc eÐnai èna autìnomo sÔnolo k¸dika

apì ton qr sth, paketarismèno wc eikìna Docker , pou ekteleÐ mia leitourgÐa sth

swl nwsh.

ˆ Grˆfoc : H optik  perigraf  thc ektèleshc th swl nwshc
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ˆ Ektèlesh ( Run ): MÐa memonwmènh ektèlesh thc swl nwshc. Kˆje ektèlesh kata-

grˆfei ìlec tic paramètrouc pou qrhsimopoi jhkan, ta logs kai artifacts pou dh-

miourg jhkan. Bohj¸ntac me autì ton trìpo sthn parakoloÔjhsh thc exèlixhc thc

ektèleshc kai sthn anaparagwgimìthta. Sto Kube�ow uposthrÐzontai kai epanalam-

�anìmenec ektelèseic.

ˆ PeÐrama: QrhsimopoieÐtai gia thn omadapoÐhsh twn ektelèsewn thc swl nwshc me

diaforetikèc paramètrouc.

ˆ Energopoiht c ektèleshc (Run trigger) : 'Enac energopoiht c ektèleshc enhmer¸nei to

sÔsthma pìte na dhmiourg sei mia nèa ektèlesh. H energopoÐhsh mporeÐ na eÐnai

periodik    programmatismènh me cron .

ˆ B ma Step : 'Ena � ma eÐnai mÐa ektèlesh enìc apì ta components tou agwgoÔ. Se

mÐa swl nwsh ta components mporeÐ ektelestoÔn pollèc �orèc se �rìgqouc.

ˆ Artifacts exìdou : Parˆgontai apì opoiod pote stˆdio thc swl nwshc kai mporoÔn

na d¸soun kˆpoiec apeikonÐseic, ìpwc ènac pÐnakac sÔgqushc kai pollˆ ˆlla.

ˆ Metadata mhqanik c mˆjhshc : Perièqoun plhroforÐec gia thn exèlixh thc ektèleshc

enìc peirˆmatoc, thn diajesimìthta twn artifacts kai peraitèrw leptomèreiec gia tic

�ujmÐseic thc kˆje leitourgÐac.

Pipelines SDK (Software Development Kit)

To Kube�ow Pipelines SDK [6] parèqei èna sÔnolo pakètwn Python pou mporeÐ na

qrhsimopoihjeÐ gia ton kajorismì kai thn ektèlesh �o¸n ergasiˆc mhqanik c mˆjhshc.

To SDK perièqei ulopoihmènh diepaf  me to Kube�ow Pipelines API kai ˆllec leitour-

gÐec touKube�ow . DÐnei thn dunatìthta na dhmiourghjoÔn ta components pou qreiˆzetai

h swl nwsh exolokl rou apì mejìdouc thc python dhmiourg¸ntac autˆ pou apokaleÐ

lightweight components , kaj¸c kai na qrhsimopoi sei  dh ulopoihmèna docker images

gia thn dhmiourgÐa enìc component . Ta docker images mporeÐ na qrhsimopoihjoÔn eÐte

san �ˆsh kai na ulopoi sei o qr sthc ton ektelèsimo k¸dika, eÐte na ektelesteÐ o k¸dikac

pou upˆrqei sto docker image . Sthn prˆxh o qr sthc mporeÐ na d¸sei ì,ti qreiˆzetai gia na

qtisteÐ ènadocker image , ìpwc thn �ˆsh (base_image) kai tic �iblioj kec pou qreiˆzetai na

egkatastajoÔn. 'Etsi qrhsimopoi¸ntac mìno thn python apofeÔgetai h poluplokìthta thc

dhmiourgÐac Docker�le gia thn dhmiourgÐa docker image kai h ulopoÐhsh enìc polÔplokou

yaml manifest gia thn dhmiourgÐa tou Kube�ow pipeline apì to Kubernetes API .
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2.2.1 Swlhn¸neic (pipelines)

Sq ma 2.5: Parˆdeigma ulopoÐhshc Kube�ow Component meSDK

Sq ma 2.6: Parˆdeigma ulopoÐhshc Kube�ow Pipeline meSDK
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Sq ma 2.7: Parˆdeigma kl shc sto Kube�ow API gia thn dhmiourgÐa pipeline

2.2.2 Katib

To Katib [7] eÐnai èna prìtzekt anaptugmèno gia Kubernetes gia automatopoihmènh mh-

qanik  mˆjhsh (AutoML) . PragmatopoieÐ eÔresh �èltistwn uperparamètrwn, prìwrh dia-

kop  (early stopping) kai anaz thsh �èltisthc arqitektonik c neurwnikoÔ diktÔou (NAS).

UposthrÐzei diˆforec platfìrmec mhqanik c mˆjhshc ìpwc TensorFlow, MXNet, PyTorch,

XGBoost kai ˆllec. Sthn prˆxh to Katib ekteleÐ arketèc dokimèc ekpaÐdeushc (trials) se

èna peÐrama, gia thn eÔresh �èltistwn uperparamètrwn . Kˆje dokim  dokimˆzei èna dia-

�oretikì sÔnolo uperparamètrwn. Sto tèloc tou peirˆmatoc, to Katib exˆgei tic �èltistec

timèc gia tic uperparamètrouc.

2.2.3 Notebooks

Ta Kube�ow Notebooks [16] parèqoun ènan trìpo ektèleshc periballìntwn anˆptuxhc

mèsa sto Kubernetes cluster , ektel¸ntac ta mèsa sto pods . UposthrÐzoun JupyterLab,

RStudio kai Visual Studio Code . Oi notebook servers ekteloÔntai wc kontèiner mèsa se

èna pod , gegonìc pou shmaÐnei ìti o tÔpoc tou server kai poia pakèta eÐnai egkatesthmèna

kajorÐzontai apì thn eikìna Docker pou �a qrhsimopoihjeÐ.

2.2.4 Kserve

To KServe [8] qrhsimopoieÐtai gia thn dhmiourgÐa inference services me ta montèla

mhqanik c mˆjhshc se peribˆllonta paragwg c. UposthrÐzei tic plèon qrhsimopoio-

Ômenec platfìrmec mhqanik c mˆjhshc TensorFlow, XGBoost, scikit•learn, PyTorch kai

ONNX.EpilÔei thn poluplokìthta thc autìmathc klimˆkwshc (dhmiourgÐa/diagraf  pol-

lapl¸n monˆdwn gia exuphrèthsh), tou elègqou ugeÐac, thc autìmathc klimˆkwshc stic

GPU kai ta rollouts . EpÐshc parèqei mia diepaf  gia ton qr sth pou upˆrqei kai sto

kentrikì Dasboard sthn selÐda Models .

Gia thn apoj keush twn montèlwn to Kserve uposthrÐzei touc parakˆtw q¸rouc apo-

� keushc :

ˆ Azure Blob

ˆ Amazon S3

ˆ Google Cloud Storage (GCS)
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ˆ PVC

ˆ URI

2.2.5 Kentrikì Dasboard

To Dasboard [17] parèqei gr gorh prìsbash kai diepaf  sta stoiqeÐa tou Kube�ow

pou èqoun egkatastajeÐ sto Kubernetes cluster .

Sq ma 2.8: Kube�ow Dashboard
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Kefˆlaio 3

SqedÐash kai ulopoÐhsh upodom c

3.1 Epilog  peribˆllontoc

StoqeÔontac se mia upodom  gia MLOps sthn paragwg  prokÔptoun polloÐ parˆme-

troi pou kajorÐzoun thn sqedÐash thc. Arqikˆ prèpei na epilegeÐ pou �a �iloxenhjeÐ h

upodom . Mia etaireÐa mporeÐ na epilèxei na ependÔsei eÐte se eswterik  ulopoÐhsh, eÐte

se mia upodom  sto cloud , eÐte se mia ubridik  lÔsh metaxÔ twn dÔo. Oi etaireÐec teqno-

logÐac pou �èloun na epibi¸soun makroprìjesma èqoun sun jwc eswterikèc omˆdec kai

kataskeuˆzoun prosarmosmènec lÔseic. Eˆn èqoun tic dexiìthtec, tic gn¸seic kai ta erga-

leÐa gia na antimetwpÐsoun sÔnjeta probl mata, h lÔsh aut  endeÐknutai. Upˆrqoun ìmwc

kai ˆlloi parˆgontec pou prèpei na lhfjoÔn upìyh, ìpwc :

ˆ Ergˆsimoc qrìnoc kai prospˆjeia

SÔmfwna me èreuna tou cnvrg.io [18], oi epist monec dedomènwn suqnˆ afier¸noun

to qrìno touc dhmiourg¸ntac lÔseic gia na prosjèsoun sthn upˆrqousa upodom 

touc prokeimènou na oloklhr¸soun èrga. To 65% tou qrìnou touc afier¸jhke se

�arièc ergasÐec mhqanik c, mh epist mhc dedomènwn, ìpwc h parakoloÔjhsh, h

diamìrfwsh, h diaqeÐrish upologistik¸n pìrwn, h upodom  exuphrèthshc, h exagwg 

qarakthristik¸n kai h anˆptuxh montèlwn.

Autìc o qamènoc qrìnoc anafèretai suqnˆ wc {krufì teqnikì qrèoc} (hidden technical

debt) kai eÐnai èna koinì shmeÐo sumfìrhshc gia tic omˆdec mhqanik c mˆjhshc. H

dhmiourgÐa miac eswterik c lÔshc   h diat rhsh miac lÔshc mh apodotikˆ mporeÐ na

diarkèsei apì 6 m nec èwc 1 qrìno. Akìmh kai ìtan èqei dhmiourghjeÐ mia leitour-

gik  upodom , gia na sunthrhjeÐ kai na eÐnai diark¸c enhmerwmènh me thn teleutaÐa

teqnologÐa apaiteÐtai diaqeÐrish tou kÔklou 
w c kai mia omˆda pou asqoleÐtai a-

pokleistikˆ me autì.

ˆ Anjr¸pino dunamikì

Gia thn dhmiourgÐa twn MLOps apaiteÐtai arket  douleiˆ apì thn omˆda twn mhqa-

nik¸n mhqanik c mˆjhshc. Gia mia omal  �o  ergasi¸n mhqanik c mˆjhshc, kˆje

omˆda epist mhc dedomènwn prèpei na èqei mia omˆda mhqanik¸n pou katanoeÐ tic

monadikèc apait seic anˆptuxhc montèlwn mhqanik c ekmˆjhshc.

EpendÔontac se mia platfìrma MLOps apokleistikˆ sto cloud , autèc oi diadikasÐec
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mporoÔn na automatopoihjoÔn pl rwc, dieukolÔnontac tic omˆdec mhqanik¸n MLOps

na epikentrwjoÔn sth �eltistopoÐhsh thc upodom c.

ˆ Kìstoc

H Ôparxh miac apokleistik c omˆdac mhqanik¸n gia th diaqeÐrish montèlwn mporeÐ

na eÐnai dapanhr  apì mình thc. Eˆn qreiasteÐ na klimakwjoÔn ta peirˆmata kai oi

anaptÔxeic, �a prèpei na proslhfjoÔn perissìteroi mhqanikoÐ gia na diaqeiristoÔn

aut n th diadikasÐa. EÐnai mia shmantik  epèndush kai mia arg  diadikasÐa gia na

�rejeÐ h katˆllhlh omˆda.

Mia lÔsh MLOps èqei kataskeuasteÐ me gn¸mona thn epektasimìthta, me èna klˆsma

tou kìstouc. AfoÔ upologistoÔn ìla ta diaforetikˆ kìsth pou sqetÐzontai me thn

prìslhyh kai thn enswmˆtwsh miac olìklhrhc omˆdac mhqanik¸n, h apìdosh thc

epèndus c mei¸netai, gegonìc pou odhgeÐ ston epìmeno parˆgonta.

ˆ Qrìnoc gia na upˆrxei kèrdoc

MporeÐ na qreiasteÐ pˆnw apì èna qrìno gia na dhmiourghjeÐ mia leitourgik  upo-

dom  mhqanik c ekmˆjhshc. MporeÐ na qreiasteÐ akìmh perissìteroc qrìnoc gia th

dhmiourgÐa miac �o c dedomènwn pou mporeÐ na parˆgei axÐa gia ènan organismì.

EtaireÐec ìpwc h Uber , to Net�ix kai to Facebook èqoun afier¸sei qrìnia kai te-

�ˆstiec prospˆjeiec mhqanik c gia na klimak¸soun kai na diathr soun tic platfìr-

mec mhqanik c ekmˆjhshc touc gia na parameÐnoun antagwnistikèc. Gia tic peris-

sìterec etaireÐec, mia epèndush ìpwc aut  den eÐnai dunat , oÔte kai aparaÐthth. To

topÐo thc mhqanik c mˆjhshc èqei wrimˆsei apì tìte pou h Uber , to Net�ix kai to

Facebook dhmioÔrghsan arqikˆ tic eswterikèc lÔseic touc. Upˆrqoun arketèc ètoi-

mec lÔseic pou prosfèroun ìla ìsa mporeÐ na qreiˆzetai mia etaireÐa, se èna klˆsma

tou kìstouc.

ˆ Kìstoc eukarÐac

'Opwc anafèrjhke parapˆnw, mia èreuna deÐqnei ìti to 65% tou qrìnou enìc epi-

st mona dedomènwn afier¸netai se ergasÐec pou den aforoÔn thn epist mh dedo-

mènwn. H qr sh miac platfìrmac MLOps automatopoieÐ tic teqnikèc ergasÐec kai

mei¸nei tic leitourgÐec DevOps . Oi epist monec dedomènwn mporoÔn afier¸noun to

qrìno touc kˆnontac perissìtera apì autˆ pou prosl fjhkan gia na kˆnoun, na

paradÐdoun apodotikˆ montèla, en¸ o pˆroqoc cloud analambˆnei ta upìloipa. H

uiojèthsh miac platfìrmac MLOps sto cloud dÐnei èna shmantikì antagwnistikì ple-

onèkthma pou epitrèpei sthn anˆptuxh thc mhqanik c ekmˆjhshc na klimak¸netai

shmantikˆ.

En antijèsei, mia ubridik  lÔsh èrqetai na lÔsei kˆpoia ˆlla 
ht mata. Se orismènec

etaireÐec èqoun dojeÐ idiwtikˆ kai euaÐsjhta dedomèna. Autˆ ta dedomèna den gÐnetai na

metaferjoÔn apì touc diakomistèc touc sthn pijanìthta opoiasd pote eupˆjeiac. Se aut 

thn perÐptwsh qrhsimopoieÐtai h ubridik  upodom  cloud gia MLOps . Proc to parìn, h

upodom  cloud upˆrqei parˆllhla me topikˆ sust mata stic perissìterec peript¸seic. H
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diaqeÐrish ubridikoÔ nèfouc eÐnai polÔplokh, allˆ suqnˆ aparaÐthth. H upodom  cloud

eÐnai oloèna kai pio dhmofil c, allˆ exakoloujeÐ na eÐnai spˆnio na �rejeÐ mia megˆlh

etaireÐa pou na èqei egkataleÐyei entel¸c thn eswterik  upodom .

'Oson aforˆ to MLOps apokleistikˆ sto cloud , upˆrqoun arketèc lÔseic. Prìkeitai

gia pl rwc diaqeirizìmenec uphresÐec pou parèqoun stouc programmatistèc kai stouc e-

pist monec dedomènwn th dunatìthta na dhmiourgoÔn, na ekpaideÔoun kai na anaptÔssoun

gr gora montèla mhqanik c mˆjhshc. Merikèc apì tic korufaÐec emporikèc platfìrmec

eÐnai toAmazon Sagemaker , to Microsoft Azure MLOps me ta epimèrouc ergaleÐa Azure

Machine Learning, Azure Pipelines kai to Google Cloud MLOps me ta ergaleÐa Data�ow,

AI Platform Notebook, TFX kai Kube�ow .

3.2 Qr sh Kubernetes gia MLOps

Sthn prohgoÔmenh parˆgrafo perigrˆfhkan kˆpoiec lÔseic MLOps kai ta peribˆl-

lonta pou pou mporoÔn na upˆrxoun. San upìbajro arketèc apì autèc tic lÔseic qrh-

simopoioÔn to Kubernetes . To Kubernetes eÐnai ousiastikˆ èna sÔsthma enorq strwshc

kontèiner anoiqtoÔ k¸dika pou qrhsimopoieÐtai apì organismoÔc gia thn automatopoÐhsh

thc anˆptuxhc, thc klimˆkwshc kai thc diaqeÐrishc gia efarmogèc upologist¸n. Wc enorqh-

strwt c, to Kubernetes qrhsimopoieÐtai gia th dhmiourgÐa klimakoÔmenwn katanemhmènwn

susthmˆtwn kai epÐshc axiopoieÐtai gia na epifèrei thn aparaÐthth euelixÐa se poikÐla pla-

Ðsia mhqanik c mˆjhshc sta opoÐa mporoÔn na ergastoÔn oi epist monec dedomènwn. Aut 

h euelixÐa epekteÐnetai sthn epektasimìthta kai thn epanˆlhyh pou apaitoÔntai apì mo-

nˆdec pou ekteloÔn sust mata mhqanik c ekmˆjhshc se proðìnta, kaj¸c kai perissìtero

èlegqo sthn katanom  pìrwn pou apaiteÐtai apì th monˆda leitourgi¸n. 'Otan efarmìzetai

sth mhqanik  mˆjhsh, to Kubernetes mporeÐ na dieukolÔnei shmantikˆ th diadikasÐa gia

touc epist monec dedomènwn kai stouc diaqeiristèc.

'Ena Kubernetes cluster sthn paragwg  èqei perissìterec apait seic apì èna peri-

�ˆllon proswpik c qr shc, anˆptuxhc   dokim c Kubernetes . Apì tic plèon �asikìterec

apait seic eÐnai h asfal c prìsbash apì polloÔc qr stec, uyhl  diajesimìthta kai

pìrouc gia na prosarmosteÐ stic metaballìmenec apait seic.

'Ena uyhlˆ diajèsimo Kubernetes cluster eÐnai ènacluster pou mporeÐ na antèxei mia

astoqÐa se opoiod pote apì ta stoiqeÐa tou kai na suneqÐsei na exuphreteÐ �ìrto ergasÐac

qwrÐc diakop . Upˆrqoun trÐa stoiqeÐa aparaÐthta gia èna uyhlˆ diajèsimo Kubernetes

cluster :

ˆ Prèpei na upˆrqoun perissìteroi apì ènac kìmboi diajèsimoi anˆ pˆsa stigm .

ˆ To epÐpedo elègqou prèpei na ekteleÐtai se perissìterouc apì ènan kìmbouc, ètsi

¸ste h ap¸leia enìc mìno kìmbou na mhn kajistˆ to sÔmplegma mh leitourgikì.

ˆ H katˆstash tou cluster prèpei na �rÐsketai se èna q¸ro apoj keushc dedomènwn

pou eÐnai o Ðdioc uyhlˆ diajèsimoc.
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En¸ upˆrqoun pollèc lÔseic Kubernetes , oi diaqeirizìmenec lÔseic ìpwc to Azure Ku•

bernetes Service (AKS) , to Amazon Elastic Kubernetes Service (EKS) kai to Google Ku•

bernetes Engine (GKE) eÐnai oi pio dhmofileÐc. To Kubernetes eÐnai mia polÔ perÐplokh

platfìrma, allˆ h dhmiourgÐa enìc cluster Kubernetes eÐnai arketˆ eÔkolh, me mia dia-

qeirizìmenh lÔsh cloud . Wstìso autèc oi lÔseic eÐnai epÐ plhrwm  kai kostÐzoun me �ˆsh

thn qr sh twn pìrwn. Opìte arketèc etaireÐec proqwroÔn se topik  egkatˆstash.

3.3 Topik  ulopoÐhsh

Sta plaÐsia aut c thc ergasÐac ulopoi jhke topik  egkatˆstash, den qrhsimopoi jh-

ke kˆpoia lÔsh se cloud . Epomènwc diereun jhkan ekdìseic tou Kubernetes gia topik 

egkatˆstash kai èpeita egkatastˆjhke to Kube�ow . EpÐshc, diereun jhkan ulopoi seic

gia na epiteuqjeÐ uyhl  diajesimìthta se èna �usikì mhqˆnhma. H Ôparxh enìc mìno

�usikoÔ mhqan matoc, anaireÐ to nìhma thc uyhl c diajesimìthtac, allˆ proseggÐzetai

wc prosomoÐwsh enìc peribˆllontoc sthn paragwg .

3.3.1 LÔsh me eikonikˆ mhqan mata

Gia na epiteuqjeÐ h uyhl  diajesimìthta, prèpei na upˆrqoun toulˆqiston treic kìmboi.

Me qr sh tou ergaleÐou tou ergaleÐou Multipass thc Canonical ulopoi jhkan trÐa VM

se èna �usikì mhqˆnhma. To multipass egkajistˆ wc proepilog  thn teleutaÐa èkdosh

Ubuntu LTS (Long Term Support) .

Algorijmoc 3.1 : DhmiourgÐa tri¸n 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

AfoÔ dhmiourg jhkan ìla ta eikonikˆ mhqan mata, egkatastˆjhke to kubernetes se

ìla kai èpeita en¸jhkan se cluster .

Gia na upˆrqei diajèsimh h GPU tou mhqan matoc se kˆpoio eikonikì mhqˆnhma, èpre-

pe na gÐneiPCI passthrough . Autì �a s maine ìti h GPU den �a  tan pia diajèsimh sto

�usikì mhqˆnhma, allˆ mìno se èna eikonikì. Gia autì ton lìgo kai den suneqÐsthke h

lÔsh.

3.3.2 LÔsh me LXD

To LXD eÐnai ènac diaqeirist c kontèiner sust matoc kai eikonik¸n mhqan¸n. Pro-

sfèrei mia enopoihmènh empeirÐa qr sth gÔrw apì sust mata Linux pou ekteloÔntai mèsa

se kontèiner   eikonikˆ mhqan mata. To LXC parèqei th �asik  leitourgikìthta pou qrh-

simopoieÐtai apì to LXD . To LXC eÐnai èna polÔ gnwstì Linux container runtime pou

apoteleÐtai apì ergaleÐa, prìtupa kai �iblioj kec kai desmeÔseic gl¸ssac. En¸ ta VM

parèqoun èna pl rec peribˆllon, ta kontèiner sust matoc prosfèroun èna peribˆllon ìso
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to dunatìn plhsièstero se autì pou prosfèrei èna VM, allˆ qwrÐc thn epibˆrunsh pou su-

nodeÔei thn ektèlesh enìc xeqwristoÔ kernel kai thn prosomoÐwsh ìlou tou ulikoÔ. To LXC

sunduˆzei ta cgroups tou Linux kernel kai thn upost rixh apomonwmènwn q¸rwn onomˆtwn

gia na parèqei èna apomonwmèno peribˆllon gia efarmogèc.

Gia thn dhmiourgÐa twn LXC containers qreiˆzetai na dhmiourghjoÔn ta aparaÐthta

pro�le pou perièqoun plhroforÐec gia tic �ujmÐseic twn containers , touc pìrouc tou su-

st matoc pou �a qrhsimopoi soun kai ˆlla. EpÐshc upˆrqoun  dh dhmiourghmènec LXC

images diafìrwn logismik¸n linux pou qrhsimopoioÔntai wc �ˆsh.

Algorijmoc 3.2 : DhmiourgÐa tri¸n LXC containers

lxc launch =p defaul t =p microk8s ubuntu:20.04 dsml01
lxc launch =p defaul t =p microk8s ubuntu:20.04 dsml02
lxc launch =p defaul t =p microk8s ubuntu:20.04 dsml03

Metˆ thn dhmiourgÐa twn kontèiner, egkatastˆjhke se ìla wc leitourgikì sÔsthma

to Ubuntu 20.04 . Se sunèqeia, ìpwc kai sthn perÐptwsh twn eikonik¸n mhqanhmˆtwn,

en¸jhkan se cluster .

Ta LXC dÐnoun eÔkolh prìsbash stouc pìrouc tou mhqan matoc, den qreiˆsthke PCI

passthrough gia na mporoÔn na qrhsimopoioÔn thn GPU tou �usikoÔ mhqan matoc,  tan

aplˆ mÐa �Ôjmish.

3.4 Epilog  ergaleÐwn kai ekdìsewn

H ergasÐa aut  epikentr¸netai sthn ulopoÐhsh diadikasi¸n MLOps me qr sh tou er-

galeÐou Kube�ow . 'Otan anaptÔssontan h upodom  thc ergasÐac, to Kube�ow upost rize

mèqri kai thn èkdosh 1.21 Kubernetes . Gia to Kubernetes upˆrqoun pollèc lÔseic gia to-

pik  egkatˆstash, ìpwc to MicroK8s thc etaireÐac Canonical , ta K3s, RKE2 thc Rancher ,

to Minicube , to kind , to kubeadm kai ˆlla. Ulopoi jhke egkatˆstash me to Microk8s kai

me to RKE2 . Amfìterec oi lÔseic sunant¸ntai sthn paragwg , èqoun eÔkolh egkatˆsta-

sh kai dhmiourgÐa cluster . Protim jhke to Microk8s gia ton lìgo ìti eÐqe megalÔterh

upost rixh sto Kube�ow apì thn open•source koinìthta.

Katˆ thn suggraf  thc diplwmatik c, to Kube�ow  tan se dokimastik  �ˆsh sthn

èkdosh 1.6. Parìla autˆ, egkatastˆjhke aut  h èkdosh, gia thn qr sh twn teleutaÐwn

diajèsimwn leitourgi¸n. Sugkekrimèna egkatastˆjhke h èkdosh v1.6.0•rc.0 . 'Opwc eÐnai

�usikì, up rxan arketèc dunatìthtec pou den  tan pl rwc leitourgikèc. H platfìrma

Kube�ow , ìpwc perigrˆfhke sto kefˆlaio 2, sunen¸nei pollˆ autoÔsia domikˆ stoiqeÐa,

ìpwc to Kube�ow Pipelines , to KServe kai arketˆ ˆlla. Autˆ egkatastˆjhkan to kajèna

xeqwristˆ, gia na upˆrqoun oi teleutaÐec ekdìseic me ìlec tic dunatìthtec. Qrhsimopoi-

 jhkan ta yaml manifests tou git apojethrÐou tou Kube�ow , me tautìqronh qr sh tou

ergaleÐou kustomize . To ergaleÐo kustomize eÐnai èna ergaleÐo pou mporeÐ na sunduˆzei

kˆpoia arqeÐa �ujmÐsewn me to yaml manifest enìc Kubernetes object , metabˆllontac ètsi

to parag¸meno object .
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Kefˆlaio 4

Prosèggish probl matoc

4.1 Perigraf  probl matoc kai dedomènwn

'Opwc perigrˆfhke sthn eisagwg  to prìblhma sto opoÐo �a gÐnei prosèggish eÐnai

h taxinìmhsh stoiqeÐwn tou �alˆssiou �ujoÔ. Ta dedomèna proèrqontai apì hqobolistikˆ

mhqan mata pollapl¸n desm¸n kai pollapl¸n suqnot twn. Telikì paragìmeno eÐnai mÐa

eikìna opisjoskèdashc tri¸n diastˆsewn kai mÐa eikìna �ajumetrÐac dÔo diastˆsewn, ìpou

anaparistoÔn ton �alˆssio pujmèna. Parˆllhla, Ôstera apì èreuna, èqoun dhmiourghjeÐ

eikìnec Ðdiou megèjouc allˆ mÐac diˆstashc ìpou èqei kathgoriopoihjeÐ kˆje pixel se

mÐa kathgorÐa edˆfouc. Autèc eikìnec anafèrontai wc ground truth eikìnec. H tim  tou

kˆje pixel thc anaparistˆ mÐa kathgorÐa edˆfouc. Ta trÐa eÐdh twn eikìnwn apoteloÔn

ta dedomèna, me �ˆsh ta opoÐa �a ekpaideÔsoume èna montèlo taxinìmhshc upojalˆssiou

edˆfouc. 'Epeita to montèlo autì �a mporeÐ na dèqetai wc eÐsodo mia eikìna opisjoskèdashc

kai mÐa eikìna �ajumetriˆc apì èna ˆgnwsto upojalˆssio edˆfoc. Tìte to montèlo �a

taxinomeÐ kˆje pixel , parˆgontac wc apotèlesma mÐa eikìna, pou perigrˆfei tic kathgorÐec

tou edˆfouc.

(aþ)backscatter (�þ) bathymeterry (gþ)ground truth

Sq ma 4.1: Eikìnec gia thn ekpaÐdeush twn montèlwn

Oi kathgorÐec tou edˆfouc pou entopÐzontai eÐnai oi ex c :

ˆ Yellow Sand

ˆ Sand and Algae

ˆ Mud Sand and Corals
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ˆ Sand

ˆ Gravel

Oi eikìnec opisjoskèdashc, �ajumetrÐac kai oi ground truth eikìnec, eÐnai thc morf c

GeoTIFF. To GeoTIFF eÐnai èna eÐdoc eikìnac.tif to opoÐo perièqei epiplèon gewqwrikèc

plhroforÐec tic opoÐec anafèrei wc tags . Autˆ ta tags mporoÔn na perièqoun tic ex c

plhroforÐec :

ˆ Qwrik  èktash : Thn perioq  pou kalÔptei autì to sÔnolo dedomènwn.

ˆ SÔsthma anaforˆc suntetagmènwn

ˆ Anˆlush : Ta dedomèna eÐnai se morf  raster . Autì shmaÐnei ìti apoteleÐtai apì

pixel . H perioq  sto èdafoc pou kalÔptei kˆje eikonostoiqeÐo eÐnai h qwrik  tou

anˆlush.

ˆ Nodata : QarakthrÐzei ta pixels me ˆgnwsta qarakthristikˆ

ˆ Arijmìc epÐpedwn pou upˆrqoun sto arqeÐo .tif

Sthn paroÔsa ergasÐa �a melethjeÐ h perioq  Bedford Basin , ìpou èqoun sulleqjeÐ oi

aparaÐthtec eikìnec opisjoskèdashc kai �ajumetrÐac kai èqoun dhmiourghjeÐ oi antÐstoi-

qec ground truth eikìnec gia ta èth 2016, 2017, 2018.

4.1.1 ProepexergasÐa twn dedomènwn

Gia thn metatrop  twn dedomènwn kai thn dhmiourgÐa twn sunìlwn ekpaÐdeushc kai e-

pal jeushc qreiˆsthkan na gÐnoun kˆpoiec enèrgeiec. Apì tic eikìnec opisjoskèdashc kai

ground truth eikìnec afairèjhkan ìsa pixel eÐqan totag "nodata" pou perigrˆfei pwc den

upˆrqei gn¸sh gia to pixel . Opìte san dedomèna eisìdou krat jhkan ta pixel pou �rÐsko-

ntai se �èsh ìpou upˆrqei plhroforÐa tìso stic eikìnec opisjoskèdashc, �ajumetrÐac ìso

kai sthn ground truth eikìna.

Tèloc to dedomèna qwrÐzontai se èna sÔnolo ekpaÐdeushc kai èna epal jeushc me �ˆsh

èna �èltisto posostì diaqwrismoÔ pou �a perigrafeÐ akoloÔjwc.
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4.2 Algorijmik  Prosèggish

4.2.1 EkpaÐdeush tou montèlou

Se sunèqeia thc prosèggishc twn MertÐkac P. kai Karˆntzalou K. [5] gia thn dhmiourgÐa

tou montèlou exetˆsthkan dÔo eÐdh eÐdh taxinomht¸n, o algìrijmoc taxinìmhshc Rf (Random

Forest) kai o algìrijmoc Mhqan¸n dianusmˆtwn upost rixhc (SVM).

Algìrijmoc RF

O algìrijmoc RF protˆjhke apì ton Breiman (2001)[19] kai eÐnai èna eÐdoc algorÐjmou

prìbleyhc pou �asÐzetai se dèntra taxinìmhshc, se palindrìmhsh (CART) (L. I. Breiman,

Friedman, Olshen, Stone, 1984) [20] kai sthn teqnik  bagging (Breiman, 1996) [21].

Sq ma 4.2: Algìrijmoc taxinìmhshc Random Forest

Ta tuqaÐa dˆsh leitourgoÔn me �ˆsh thn arq  ìti ènac megˆloc arijmìc dèntrwn �a

èqoun kalÔterh apìdosh apì èna mìno dèntro sthn ekpaÐdeush enìc montèlou. Merikˆ

memonwmèna dèntra mporeÐ na eÐnai lˆjoc, allˆ efìson ta memonwmèna dèntra den kˆnoun

entel¸c tuqaÐec problèyeic, to ˆjroismˆ touc �a sqhmatÐsei mia prosèggish twn upoke-

Ðmenwn dedomènwn. Aut  thn logik  enswmat¸nei to bagging . To bagging eÐnai mÐa h algo-

�ijmik  teqnik  pou qrhsimopoieÐtai sto senˆrio tuqaÐwn das¸n. EkpaideÔei memonwmèna

dèntra apìfashc se tuqaÐa deÐgmata uposunìlwn tou sunìlou dedomènwn gia na mei¸sei th

susqètish. Ta memonwmèna dèntra apofˆsewn eÐnai epirrep  se uperbolik  prosarmog 

kai èqoun thn tˆsh na majaÐnoun ton �ìrubo sto sÔnolo dedomènwn. Ta tuqaÐa dˆsh lam-

�ˆnoun katˆ mèso ìro pollˆ dèntra, epomènwc, efìson ta memonwmèna dèntra apofˆsewn

den susqetÐzontai, aut  h strathgik  mei¸nei thn uperprosarmog  kai thn euaisjhsÐa sto

�ìrubo sto sÔnolo dedomènwn.
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Mhqanèc Dianusmˆtwn Upost rixhc (SVM)

Oi Mhqanèc Dianusmˆtwn Upost rixhc (SVMs) eÐnai mÐa omˆda algorÐjmwn epithroÔme-

nhc mˆjhshc pou qrhsimopoioÔntai gia kathgoriopoÐhsh kai gia probl mata palindrìmh-

shc. AnaptÔqjhkan gia pr¸th �orˆ apì ton Vapnik kai touc sunergˆtec touc sto ATT Bell

Labs to 1992 [22]. Apèspasan gr gora to endiafèron kaj¸c parousÐasan megˆlh ikanìth-

ta genÐkeushc se sqèsh me ˆllec paradosiakèc mejìdouc taxinìmhshc. H �asik  idèa thc

kataskeu c touc sthrÐzetai sthn arq  elaqistopoÐhshc tou kataskeuastikoÔ �Ðskou (SRM)

pou èqei apodeiqjeÐ pwc upertereÐ ènanti thc paradosiak c elaqistopoÐhshc tou empeiri-

koÔ �Ðskou (ERM) sthn opoÐa sthrÐzontai ta neurwnikˆ dÐktua. H kathgoriopoÐhsh twn

dedomènwn sthrÐzetai sthn eÔresh enìc �èltistou uperepipèdou hyperplane pou diaqwrÐzei

ta dedomèna dhmiourg¸ntac to mègisto perij¸rio.

Sq ma 4.3: Mhqanèc Dianusmˆtwn Upost rixhc (SVMs)

Sthn perÐptwsh pou o grammikìc diaqwrismìc eÐnai adÔnatoc, gÐnetai qr sh katˆllh-

lwn apeikonÐsewn pou metafèroun to sÔnolo twn dedomènwn se megalÔterh diˆstash ¸ste

na epiteuqjeÐ telikˆ o diaqwrismìc touc. H ikanìthta genÐkeushc thc qr shc twn SVM se

mh grammikˆ dedomèna sthrÐzetai sto tèqnasma tou pur na (kernel trick) . Kˆje mhqan 

dianusmˆtwn upost rixhc eÐnai ènac duadikìc taxinomht c, èqei dhlad  th dunatìthta ka-

thgoriopoÐhshc se dÔo klˆseic. Eˆn oi klˆseic eÐnai perissìterec, efarmìzontai diˆforec

teqnikèc ¸ste na analujeÐ to prìblhma poll¸n klˆsewn se epimèrouc duadikˆ probl mata

taxinìmhshc, qrhsimopoi¸ntac pollaplèc mhqanèc dianusmˆtwn upost rixhc.

4.2.2 ApotÐmhsh montèlou

AfoÔ kataskeuasteÐ to ekˆstote montèlo apì thn diadikasÐa ekpaÐdeushc, epilègou-

me kˆpoiec metrikèc ¸ste na axiolog soume thn poiìthta/ikanìthta tou taxinomht  pou

ulopoi jhke. Oi metrikèc pou epilèqjhkan eÐnai oi parakˆtw :

ˆ AkrÐbeia (Accuracy) : To posostì twn swst¸n problèyewn tou montèlou

ˆ Sunèpeia (Precision) : To posostì twn �etik¸n tautopoi sewn pou  tan prˆgmati

swstì
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ˆ Anˆklhsh (Recall) : To posostì twn pragmatik¸n �etik¸n pou prosdiorÐsthke swstˆ

ˆ Confusion Matrix : PÐnakac pou perièqei mia sÔnoyh twn problèyewn, pìte èginan

swstˆ, pìte esfalmèna. Sthn perÐptwsh twn esfalmènwn upˆrqei plhroforÐa kai thc

pragmatik c kathgorÐac kai thc esfalmèna taxinomhmènhc kathgorÐac. Ousiastikˆ

perièqei thn plhroforÐa ìlwn twn parapˆnw metrik¸n.

ˆ Cohen's Kappa : O suntelest c k Cohen eÐnai èna statistikì mètro thc sumfwnÐac

metaxÔ twn axiolog sewn dÔo �ajmologht¸n ìtan kai oi dÔo �ajmologoÔn to Ðdio

antikeÐmeno. Lambˆnei timèc sto diˆsthma [-1, 1], me thn tim  1 na dhl¸nei tèleia

sumfwnÐa. Oi qamhlèc arnhtikèc timèc (0 èwc -0,10) mporoÔn genikˆ na ermhneujoÔn

wc {kamÐa sumfwnÐa}. 'Ena megˆlo arnhtikì kˆpa antiproswpeÔei megˆlh diafwnÐa

metaxÔ twn axiologht¸n [23].

4.3 AutomatopoÐhsh me Kube�ow

4.3.1 Perigraf  tou pipeline

H diadikasÐa ekpaÐdeushc pou perigrˆfhke sthn prohgoÔmenh parˆgrafo ulopoi jh-

ke se kube�ow pipelines . Gia thn dhmiourgÐa twn pipelines to kube�ow parèqei kˆpoiec

dunatìthtec gia thn dhmiourgÐa tou ekˆstote stadÐou (component) ìpwc perigrˆfhke sto

kefˆlaio 2. Sugkekrimèna ulopoi jhkan kai oi 2 enallaktikèc gia thn dhmiourgÐa twn

pipelines , tìso me thn dhmiourgÐa docker image me ton ektelèsimo k¸dika, tìso me qr sh

mìno thc python kai thn dhmiourgÐa enìc 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 ["python","./dtrian _seabed _classification.py"]

Algorijmoc 4.2 : Docker�le gia q� sh GPU

FROM pytorch/pytorch:1.12.1-cuda11.3-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+rwX /opt/seabed

ENTRYPOINT ["python","./dtrian _seabed _classification.py"]
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'Opwc �aÐnetai ta parapˆnw arqeÐa eÐnai panomoiìtupa, me mình diaforˆ to docker im•

age pou qrhsimopoioÔn wc �ˆsh. H èkdosh gia thn GPU �a mporeÐ na ektelèsei ton k¸dika

tìso apokleistikˆ se CPU ìso kai sundiastikˆ me CPU, antÐjeta apì thn èkdosh se CPU

pou den mporeÐ na qrhsimopoi sei thn GPU gia thn ektèlesh tou k¸dika. Parìlh aut  thn

dunatìthta thc GPU èkdoshc, na mporeÐ na ekteleÐ se opoiod pote ulikì, dhmiourg jh-

ke kai h èkdosh gia CPU lìgw shmantikˆ mikrìterou megèjouc tou parag¸menou docker

image .

Algorijmoc 4.3 : Apìspasma k¸dika dhmiourgÐac 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={})
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4.3.1 Perigraf  tou pipeline

Katˆ sunèpeia, dhmiourg jhke to parakˆtw pipeline wc perigraf  thc �o c ergasÐac

pou akolouj jhke.

Sq ma 4.4: Pipeline gia ekpaÐdeush kai pro¸jhsh sthn paragwg  taxinomht  upojalˆssiou
edˆfouc

'Opwc �aÐnetai sthn parapˆnw eikìna to pipeline kaleÐtai arqikˆ na kˆnei eÔresh

�èltistwn uperparamètrwn. 'Epeita kaleÐtai na qrhsimopoi sei èna metabatikì stˆdio gia

na metratrèyei tic �èltistec paramètrouc se eÐsodo gia to epìmeno stˆdio pou eÐnai h

ekpaÐdeush tou montèlou me tic �èltistec uperparamètrouc kai na dhmiourg sei to montèlo.

Gia thn apoj keush tou montèlou dhmiourg jhke se èna stˆdio èna pvc. Sto telikì stˆdio

to montèlo gÐnetai diajèsimo gia exuphrèthsh.

Katˆ thn ektèlesh autoÔ tou pipeline dhmiourgeÐtai, an den upˆrqei, to peÐrama sto

opoÐo �èloume na pragmatopoihjeÐ aut  h ektèlesh. H ektèlesh eÐnai epÐshc mÐa ontìthta

tou Kube�ow pou dhmiourgeÐtai. Parakˆtw dÐnetai h diepaf  tou Kube�ow gia to peÐrama

kai thn ektèlesh pou èginan. H diepaf  thc ektèleshc parèqei plhrofÐec gia ìla ta stˆdia

tou pipeline , me tic eisìdouc/exìdouc aut¸n, tic �èseic twn artifacts aut¸n, ta logs twn

pods pou ektèlesan tic diadikasÐec, kˆpoiec optikopoi seic pou mporeÐ na dhmiourg sei o

qr sthc kai pollˆ ˆlla.
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Kefˆlaio 4. Prosèggish probl matoc

Sq ma 4.5: SelÐda peiramˆtwn

Sq ma 4.6: SelÐda ektelèsewn
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4.3.2 Stˆdio eÔreshc �èltistwn uperparamètrwn

Sthn ektèlesh mporoÔn na upˆrqoun kai optikopoi seic se morf  grafhmˆtwn, pi-

nˆkwn   èna prosarmosmèno HTML . Sugkekrimèna epilèqjhke na optikopoihjeÐ o pÐnakac

sÔgqushc gia epopteÐa thc apìdoshc tou montèlou sthn ekˆstote kathgorÐa taxinìmhshc.

Sq ma 4.7: OptikopoÐhseic apotelesmˆtwn twn peiramˆtwn

4.3.2 Stˆdio eÔreshc �èltistwn uperparamètrwn

Sto stˆdio autì, me qr sh tou ergaleÐou Katib , gÐnontai dokimèc ekpaÐdeushc tou taxi-

nomht  me polloÔc sunduasmoÔc uperparamètrwn mèqri na �rejoÔn oi �èltistec me �ˆsh

kˆpoia krit ria. QrhsimopoieÐtai èna "qtismèno" docker image pou upˆrqei sthn Docker

registry kai eÐnai prosbˆsimh sto Kubernetes Cluster , to

"localhost:32200/dtrian_seabed•classi�cation:0.0.5•cpu" . Parakˆtw dÐnetai o trìpoc me

ton opoÐo dÐnontai oi parˆmetroi pou prèpei na exereun sei to Katib , oi dunatèc timèc au-

t¸n kai ta krit ria epilog c �èltistou sunìlou uperparamètrwn kai olokl rwshc tou

peirˆmatoc.
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Kefˆlaio 4. Prosèggish probl matoc

Algorijmoc 4.4 : ParametropoÐhsh 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 = V1beta1ObjectiveSpec(

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 = V1beta1AlgorithmSpec(
algorithm_name="bayesianoptimization",
algorithm_settings=[V1beta1AlgorithmSetting(name="random_state", value="10")],

)

parameters = [
V1beta1ParameterSpec(

name="model",
parameter_type="categorical",
feasible_space=V1beta1FeasibleSpace(list=["svm", "rf"]),

) ,
V1beta1ParameterSpec(

name="perc",
parameter_type="categorical",
feasible_space=V1beta1FeasibleSpace(list=["0.3", "0.5", "0.7"]),

) ,
V1beta1ParameterSpec(

name="embedding = sigma",
parameter_type="double",
feasible_space=V1beta1FeasibleSpace(min="0.000001", max="10.0"),

) ,
V1beta1ParameterSpec(

name="embedding = dim",
parameter_type="categorical",
feasible_space=V1beta1FeasibleSpace(list=["0", "2", "3", "6", "7"]),

) ,
]
# Early Stopping speci�cation.
early_stopping = V1beta1EarlyStoppingSpec(

algorithm_name="medianstop",
algorithm_settings=[

V1beta1EarlyStoppingSetting(name="min_trials_required", value="2")
],

)
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4.3.2 Stˆdio eÔreshc �èltistwn uperparamètrwn

Algorijmoc 4.5 : ParametropoÐhsh 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}",

],
}

],
"restartPolicy": "Never",

},
}

},
}
# Con�gure parameters for the Trial template.
trial_template = V1beta1TrialTemplate(

retain=True,
primary_container_name="training = container",
trial_parameters=[

V1beta1TrialParameterSpec(
name="model", description="Model (svm, rf)", reference="model"

) ,
V1beta1TrialParameterSpec(

name="perc", description="Percentage of training set", reference="perc"
) ,
V1beta1TrialParameterSpec(

name="embeddingSigma",
description="Positional embedding sigma",
reference="embedding = sigma",

) ,
V1beta1TrialParameterSpec(

name="embeddingDim",
description="Specify positional embedding dimension",
reference="embedding = dim",

) ,
],
trial_spec=trial_spec,

)
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Kefˆlaio 4. Prosèggish probl matoc

Algorijmoc 4.6 : ParametropoÐhsh tou Katib 3/3

experiment_spec = V1beta1ExperimentSpec(
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 �aÐnetai ston parapˆnw k¸dika gia thn anaz thsh twn �èltistwn uperparamètrwn

qrhsimopoieÐtai Mpeôzian  �eltistopoÐhsh. H ekpaÐdeush montèlwn eÐnai mia dapanh-

�  diadikasÐa kai kˆje �orˆ pou prèpei na axiologhjeÐ èna diˆnusma uperparamètrwn,

prèpei na ekteleÐtai aut  h diadikasÐa. Autì kajistˆ thn anaz thsh plègmatoc polÔ a-

krib  kaj¸c eÐnai ekjetik  wc proc ton arijmì twn uperparamètrwn. H tuqaÐa anaz thsh

mporeÐ epÐshc na qreiˆzetai pollèc epanal yeic gia na �tˆsei se èna kalì diˆnusma u-

perparamètrwn, kaj¸c dokimˆzei tuqaÐa diaforetikèc epilogèc. ProtoÔ diadojeÐ eurèwc o

autìmatoc suntonismìc uperparamètrwn, o koinìc mhqanismìc gia thn eÔresh enìc kaloÔ

sunìlou uperparamètrwn  tan qeirokÐnhth epilog , gnwst  wc Grad Student Descent . H

anjr¸pinh logik  akoloujeÐ suqnˆ èna Mpeôzianì montèlo, ìpou dokimˆzetai kˆti kai sth

sunèqeia epilègetai epanalhptikˆ autì pou pisteÔetai ìti eÐnai to epìmeno kalì sÔnolo

tim¸n proc dokim . Ta sust mata ston pragmatikì kìsmo suqnˆ tairiˆzoun se mia katano-

m  pijanot twn, ìpwc mia kanonik  katanom . H Mpeôzian  �eltistopoÐhsh montelopoieÐ

thn apìdosh tou dianÔsmatoc uperparamètrou wc katanom , suqnˆ mia diadikasÐa Gauss .

Sth sunèqeia gÐnetai prospˆjeia na �eltistopoihjeÐ h apìdosh aut c thc leitourgÐac.

Autì to stˆdio parˆgei wc apotèlesma to sÔnolo twn �èltistwn uperparamètrwn, kaj¸c

epÐshc kai ta apotelèsmata ìlwn twn dokim¸n me mÐa periektik  optikopoÐhsh aut¸n. H

optikopoÐhsh �a dojeÐ parakˆtw, sthn parˆgrafo twn apotelesmˆtwn.
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4.3.3 Bohjhtikˆ stˆdia

4.3.3 Bohjhtikˆ stˆdia

DhmiourgÐa persistent volume

Sthn parˆgrafo 2.2.4 anafèrjhke pwc to Kserve uposthrÐzei wc q¸rouc apoj keushc

twn montèlwn touc Azure Blob, S3, GCS, PVC, URI . Sta plaÐsia aut c thc ergasÐac qrhsi-

mopoi jhke PVC, opìte  tan kai aparaÐthth h dhmiourgÐa tou. Se ˆllh perÐptwsh ìpou

up rqe kˆpoioc apì touc parapˆnw epÐ plhrwm  q¸rouc apoj keushc den �a qreiazìtan

h dhmiourgÐa.

Metatrop  apotelesmˆtwn tou Katib

To stˆdio autì metatrèpei thn èxodo tou prohgoÔmenou stadÐou, thc eÔreshc twn �èl-

tistwn uperparamètrwn, sth morf  pou dèqetai to epìmeno stˆdio thc ekpaÐdeushc tou

�èltistou taxinomht .

4.3.4 DhmiourgÐa �èltistou montèlou

Sto stˆdio autì ekpaideÔetai to montèlo me �ˆsh tic �èltistec uperparamètrouc tou

montèlou. Shmei¸netai pwc �a mporoÔse katˆ thn diˆrkeia thc exereÔnhshc twn uperpa-

�amètrwn na apojhkeÔontai ta montèla, dedomènou ìti gÐnetai h diadikasÐa thc ekpaÐdeushc

gia kˆje sÔnolo uperparamètrwn. An ìmwc gÐnotan autì, se peript¸seic ìpou upˆrqei me-

gˆloc arijmìc dokim¸n, �a mporoÔse o arijmìc twn apojhkeumènwn montèlwn kai o q¸roc

ton opoÐo katalambˆnoun na eÐnai mh diaqeirÐsima.

4.3.5 Pro¸jhsh tou montèlou gia exuphrèthsh

Me qr sh tou Kserve to �èltisto montèlo pou ekpaideÔthke sto prohgoÔmeno stˆdio

gÐnetai diajèsimo sthn paragwg . Parakˆtw apeikonÐzetai h diepaf  tou KServe pou

prosfèrei sto kentrikì dashboard tou Kube�ow .

Sq ma 4.8: Model servers
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Kefˆlaio 4. Prosèggish probl matoc

Sq ma 4.9: Model server tou taxinomht 

Sq ma 4.10: Leptomèreiec tou Model server tou taxinomht 

Apì tic parapˆnw eikìnec parèqetai h epopteÐa twn taxinomht¸n pou eÐnai sthn pa-

�agwg . Merikèc apì tic shmantikèc plhroforÐec pou dÐnontai eÐnai ta eswterikˆ kai

exwterikˆ (tou kubernetes cluster ) urls , h katˆstash twn services , to posostì thc kÐnhshc

pou exuphretoÔn sthn paragwg , sÔmfwna me to canary rollout .

64



4.3.6 EpanekpaÐdeush

4.3.6 EpanekpaÐdeush

Gia thn epanekpaÐdeush enìc montèlou pou �rÐsketai sthn paragwg , ìpwc proanafèr-

�hke, to kube�ow dÐnei thn dunatìthta na ekteleÐtai programmatismèna kˆpoio pipeline anˆ

taktˆ qronikˆ diast mata   ìpwc to orÐzei o qr sthc. Kaj¸c epÐshc, qwrÐc na sunistˆtai, o

qr sthc mporeÐ na ekteleÐ qeirokÐnhta to pipeline . San genik  efarmog , se kˆpoio stˆdio

tou pipeline sullègontai ta dedomèna. Ta dedomèna autˆ �a eÐnai ta plèon enhmerwmèna

kai pl rh thn ekˆstote qronik  stigm  pou gÐnetai mÐa epanekpaÐdeush. Epomènwc, den �a

allˆxei o algìrijmoc ekpaÐdeushc tou montèlou, oÔte to pipeline gia thn ekpaÐdeush tou

montèlou. Se aut  thn logik  �ewreÐtai dedomèno ìti o algìrijmoc thc ekpaÐdeushc tou mo-

ntèlou eÐnai apodotikìc kai aplˆ epanekpaideÔetai to montèlo me enhmerwmèna dedomèna,

kaj¸c epÐshc �rÐskontai oi kainoÔriec �èltistoi uperparˆmetroi.

Sthn perÐptwsh pou exetˆzei h paroÔsa ergasÐa, upˆrqoun dedomèna gia thn upo-

�alˆssia perioq  Bedford Basin gia ta èth 2016, 2017 kai 2018. Ja proswmoiwjeÐ h

epanekpaÐdeush se treic ektelèseic, mÐa gia kˆje ètoc. Sthn pr¸th ektèlesh, pou �a gÐno-

tan �ewrhtikˆ to 2016, dÐnontai wc eÐsodoc sto pipeline gia ekpaÐdeush ta dedomèna tou

ètouc 2016. Sthn deÔterh ekpaÐdeush, tou ètouc 2017, dÐnontai wc eÐsodoc ta dedomèna

twn 2016 kai 2017. Tèloc sthn trÐth, tou ètouc 2018, dÐnontai wc eÐsodoc ta dedomèna twn

2016, 2017, 2018.
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Kefˆlaio 4. Prosèggish probl matoc

4.4 Apotelèsmata

4.4.1 Sqoliasmìc ekpaÐdeushc kai suntonismoÔ paramètrwn

'Opwc perigrˆfhke stic parapˆnw paragrˆfouc autoÔ tou kefalaÐou, gia thn ekpa-

Ðdeush tou montèlou diereun jhkan oi algìrijmoi taxinìmhshc RF, SVM kai èna sÔnolo

uperparamètrwn. EpÐshc anafèrjhkan oi metrikèc me tic opoÐec ektimˆtai h apìdosh tou

montèlou.

Qronikˆ prohgeÐtai h ekpaÐdeush tou montèlou me qr sh twn dedomènwn tou ètouc

2016. 'Opou gÐnetai kai h eÔresh twn �èltistwn uperparamètrwn tou montèlou. Apì to

katib prokÔptei to parakˆtw diˆgramma me ton antÐstoiqo pÐnaka.

Sq ma 4.11: Anaz thsh �èltistwn uperparamètrwn 2016 (Katib)

Sq ma 4.12: PÐnakac dokim¸n anaz thshc �èltistwn uperparamètrwn 2016 (Katib)
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4.4.1 Sqoliasmìc ekpaÐdeushc kai suntonismoÔ paramètrwn

Oi uperparˆmetroi pou diereuneÐ to Katib eÐnai to o algìrijmoc taxinìmhshc, me epi-

logèc ton RF kai ta SVM, to embedding sigma kai to embedding dimensions . Sthn eikìna

4.11 anaparist¸ntai grafikˆ ta apotelèsmata ìlwn twn dokim¸n pou dienerg jhkan, ìpwc

proèkuyan apì to Katib . Me anoiqtìqrwma qr¸ma �aÐnontai oi kampÔlec ìpou to ekpai-

deuìmeno montèlo apèdwse kalÔtera me krit rio thn mègisth akrÐbeia. FaÐnetai xekˆjara

ìti o algìrijmoc RF upertereÐ ènanti twn SVM gia ìlouc touc sundiasmoÔc paramètrwn.

EpÐshc �aÐnetai ìti o taxinomht c mporeÐ na problèpei ikanopoihtikˆ kai sthn perÐptwsh

pou ekpaideuteÐ me to 30% twn dedomènwn kai na epalhjeujeÐ sto upìloipo 70%. Suqnˆ

eÐnai epijumhtì èna mikrìtero posostì twn dedomènwn sto sÔnolo ekpaÐdeushc, gia thn a-

pofug  uperprosarmog c tou montèlou sta dedomèna. Sthn eikìna 4.12 me kÐtrino qr¸ma

�aÐnetai h dokim  me to �èltisto apotèlesma, katˆ to Katib , kai katˆ sunèpeia to �èltisto

sÔnolo uperparamètrwn. 'Omwc to katib mporeÐ na elègqei mÐa metrik  wc krit rio gia

thn apìdosh tou montèlou. Opìte, an h akrÐbeia miac dokim c me to 70% twn dedomènwn

wc sÔnolo ekpaÐdeushc èqei wc apotèlesma èna montèlo me akrÐbeia elˆqista megalÔterh,

�a protimhjeÐ enìc montèlou pou ekpaideÔthke me sÔnolo ekpaÐdeushc to 50% dedomènwn.

Sthn prˆxh mporeÐ na mhn epijumhtì autì.

Parìmoia ikanopoihtikˆ eÐnai ta apotelèsmata gia thn anaz thsh �èltistwn uperpa-

�amètrwn kai tic antÐstoiqec ekpaideÔseic twn epìmenwn qrìnwn 2017, 2018.

Sq ma 4.13: Anaz thsh �èltistwn uperparamètrwn 2017 (Katib)
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Sq ma 4.14: Anaz thsh �èltistwn uperparamètrwn 2018 (Katib)

4.4.2 Sqoliasmìc apìdoshc twn taxinomht¸n

Epomènwc, èqoun p�okÔyei t�eic taxinomhtèc gia ta t�Ða èth . Melet �hke h apìdosh

twn taxinomht¸n aut¸n ènanti twn dedomènwn apì kˆ�e ètoc .

accuracy kappa prec_1 prec_2 prec_3 prec_4 prec_5 recall_1 recall_2 recall_3 recall_4 recall_5

model '16
at 2016

0.99983 0.99978 0.99988 0.99962 0.99984 0.99994 1.0 1.0 1.0 1.0 0.99893 0.9999

model '16
at 2017

0.60898 0.49144 0.65907 0.24476 0.55603 0.87916 0.99995 0.99949 0.255690 0.53317 0.09311 0.96927

model '16
at 2018

0.72483 0.58081 0.69983 0.71013 0.04479 0.93878 0.99195 0.94077 0.86175 0.00108 0.00106 0.75573

model '17
at 2016

0.99978 0.99971 0.99994 0.99939 0.99988 0.99978 0.99999 0.99998 0.9999 0.99994 0.9985 0.99995

model '17
at 2017

0.99968 0.9996 0.99907 0.99987 0.99987 0.99997 1.0 0.99996 0.99866 0.99993 0.99976 0.9999

model '17
at 2018

0.6699 0.48917 0.61697 0.71738 0.04586 0.99714 0.98888 0.99937 0.62684 0.00148 0.02406 0.69297

model '18
at 2016

0.99969 0.99959 0.9999 0.99935 0.9999 0.99922 0.99997 0.99982 0.99979 0.99994 0.99845 0.99999

model '18
at 2017

0.99967 0.99959 0.99911 0.99986 0.9998 0.99997 1.0 0.99993 0.9987 0.99997 0.99965 0.99989

model '18
at 2018

0.99686 0.99559 0.99634 0.99729 0.99662 0.99425 0.99972 1.0 0.99983 0.99783 0.97006 0.9947

Table 4.1: ApotÐmhsh twn montèlwn twn 2016, 2017, 2018
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4.4.2 Sqoliasmìc apìdoshc twn taxinomht¸n

To montèlou tou 2016 ìpwc �aÐnetai ston pÐnaka 4.1, parousiˆzei exairetik  akrÐbeia

kai sunèpeia kai anˆklhsh se kˆje kathgorÐa ìtan ektimˆtai ènanti twn dedomènwn tou

2016, me ta opoÐa ekpaideÔthke. 'Omwc eÐnai epijumhtì to montèlo na mporeÐ na genikeÔei

ston plhjusmì kai na problèpei swstˆ se ˆgnwsta dedomèna. Ektim¸ntac to montèlo autì

wc proc ta ˆgnwsta dedomèna tou 2017, ìpwc eÐnai logikì den apodÐdei isˆxia kalˆ. FaÐne-

tai pwc eÐnai ikanì na taxinomeÐ ikanopoihtikˆ thn kathgorÐa 5 ( gravel ) me kal  sunèpeia

kai anˆklhsh, thn xeqwrÐzei ènanti twn ˆllwn. Thn kathgorÐa 1 ( yellow sand ) �aÐnetai ìti

thn entìpise se ìla ta shmeÐa pou up rqe, èqontac kal  anˆklhsh, ìmwc thn entìpise

lanjasmèna se pollˆ ˆlla shmeÐa, èqontac kak  sunèpeia. Thn kathgorÐa 4 (sand) , den

thn entìpise epark¸c se arijmì twn shmeÐwn pou emfanÐzetai, allˆ eÐqe kal  sunèpeia

ìpou taxinom jhke. Stic kathgorÐec 2 (sand and algae) , 3 (mud sand and corals) to mo-

ntèlo èdeixe adunamÐa na taxinom sei swstˆ. KalÔterh apìdosh sunolikˆ �aÐnetai na èqei

to montèlo ìtan ektimˆtai ènanti twn dedomènwn tou 2018. Autì mporeÐ na shmaÐnei ìti ta

dedomèna twn et¸n 2016, 2018 mporeÐ na parousiˆzoun mia omoiìthta ènanti tou 2017  

pijan¸n na upˆrqei kˆpoioc �ìruboc, Ðswc megalÔteroc, sta dedomèna tou 2017. 'Opoia

kai an eÐnai h perÐptwsh �aÐnetai pwc kai sthn perÐptwsh twn dedomènwn tou 2018, a-

nagnwrÐzetai ikanopoihtikˆ h kathgorÐa 5, allˆ me mikrìterh anˆklhsh thn ektÐmhsh sta

dedomèna tou 2017. H kathgorÐa 2 anagnwrÐzetai arketˆ kalÔtera, me shmantikˆ kalÔterh

anˆklhsh kai sunèpeia apì thn ektÐmhsh sta dedomèna tou 2017. AntÐjeta, h kathgorÐa 3

taxinomeÐtai kalÔtera, ìqi epark¸c, sta dedomèna tou ètouc 2017 ènanti sta dedomèna tou

18.

To montèlou tou 2017, ekpaideÔthke me ta dedomèna twn et¸n 2016-2017. Sta dedomèna

twn et¸n 2016, 2017 parousiˆzei exairetik  apìdosh, ìpwc �aÐnetai ston pÐnaka 4.1. Sta

ˆgnwsta dedomèna tou 2018, to montèlo taxinomeÐ ligìtero apodotikˆ apì to montèlo tou

2016. 'Opwc anafèrjhke ston sqoliasmì tou montèlou tou 2016, �aÐnetai pwc ta dedomèna

2016, 2018 emfanÐzoun megalÔterh susqètish ènanti sto 2017. Epomènwc sto montèlo tou

2017 sthn ekpaÐdeush tou, prosarmìsthke proc ta dedomèna tou 2018. Epomènwc eÐnai

logikì na meiwjeÐ h apìdosh tou montèlou sta dedomèna tou 2018.

Tèloc, to montèlo tou 2018 ekpaideÔthke se sta dedomèna ìlwn twn et¸n 2016, 2017,

2018. 'Opwc �aÐnetai ston pÐnaka 4.1, to montèlo apodÐdei exairetikˆ sta dedomèna ìlwn

twn et¸n.

Parakˆtw dÐnetai grafikˆ pwc taxinomoÔntai ta dedomèna kˆje ètouc apì kˆje taxino-

mht . DÐnetai stic pr¸tec eikìnec twn sumplegmˆtwn oi eikìnec anaforˆc twn dedomènwn

kai sthn sunèqeia oi eikìnec prìbleyhc apì to ekˆstote montèlo.
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(aþ)backscatter 2016 (�þ) bathymetry 2016 (gþ)ground truth 2016

(dþ)model '16 (eþ)model '17 (�þ) model '18

Sq ma 4.15: Taxinìmhsh dedomènwnBedford 2016

(aþ)backscatter 2017 (�þ) bathymetry 2017 (gþ)ground truth 2017

(dþ)model '16 (eþ)model '17 (�þ) model '18

Sq ma 4.16: Taxinìmhsh dedomènwnBedford 2017
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4.4.2 Sqoliasmìc apìdoshc twn taxinomht¸n

(aþ)backscatter 2018 (�þ) bathymetry 2018 (gþ)ground truth 2018

(dþ)model '16 (eþ)model '17 (�þ) model '18

Sq ma 4.17: Taxinìmhsh dedomènwnBedford 2018
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Kefˆlaio 5

Sumperˆsmata kai mellontikèc enèrgeiec

Sthn paroÔsa ergasÐa ègine mÐa prosèggish sqediasmoÔ kai ulopoÐhshc enìc sust ma-

toc mhqanik c mˆjhshc sthn paragwg . Skopìc kai epÐkentro thc prosèggishc aut c,

 tan h automatopoÐhsh twn diadikasi¸n pou eÐnai anagkaÐa se tètoiou eÐdouc sust mata.

Oi diadiakasÐec autèc ( MLops ) aforoÔn thn suneq  parakoloÔjhsh, ekpaÐdeush kai dia-

�esimìthta twn montèlwn pou eÐnai sthn paragwg . Epilèqjhke kai qrhsimopoi jhke h

platfìrma Kube�ow , gia na dhmiourghjoÔn oi diadikasÐec MLOps . Tautìqrona, dìjhke

kai mia eikìna, twn omˆdwn ergasÐac pou qreiˆzontai se tètoia sust mata kai pwc meta-

�ˆlletai me thn exèlixh twn teqnologi¸n mhqanik c mˆjhshc. Perigrˆfhke pwc me thn

qr sh twn diadikasi¸n MLOps , diamorf¸netai o �ìloc tìso twn episthmìnwn dedomènwn,

ìso kai twn mhqanik¸n mhqanik c mˆjhshc. H diamìrfwsh aut  eunoeÐ thn sunergasÐa

twn dÔo aut¸n omˆdwn, ìntac pia ligìtero exarthmènec. Praktikˆ, ulopoi jhke mia upo-

dom  pou prosomoi¸nei tic sunj kec sthn paragwg . Kaj¸c epÐshc, ègine efarmog  se

èna 
 thma mhqanik c mˆjhshc, gia taxinìmhsh stoiqeÐwn apì upojalˆssiec eikìnec, gia

thn anagn¸rish tou eÐdouc tou edˆfouc. Gia thn epÐlush tou 
ht matoc, qrhsimopoi jhke

kai epektˆjhke upˆrqousa algorijmik  lÔsh [5].

5.1 Sumperˆsmata

Gia thn upodom  twn diadikasi¸n mhqanik c epilèqjhke h platfìrma Kube�ow pou

sthrÐzetai sto Kubernetes . To Kube�ow upìsqetai na aplopoi sei tic diadikasÐec mhqani-

k c mˆjhshc ìpou upˆrqei to Kubernetes . 'Opwc analÔjhke sthn parˆgrafo 2, h ekpa-

Ðdeush, h parakoloÔjhsh kai h diajesimìthta montèlwn sthn paragwg  qwrÐc diadikasÐec

MLOps , eÐnai mia perÐplokh diadikasÐa. Aut  h mh automatopoihmènh diadikasÐa, epi-

�ˆllei thn exarthmènh sunergasÐa twn episthmìnwn dedomènwn kai twn mhqanik¸n DevOps .

Prˆgmati to Kube�ow , katafèrnei na d¸sei thn dunatìthta se ènan epist mona dedomènwn,

aplˆ perigrˆfontac kˆpoiec diadikasÐec sta Kube�ow Pipelines grˆfontac python , na

ulopoioÔntai kai na mporoÔn autìmata na sunthroÔn èna montèlo sthn paragwg . Katˆ

autì ton trìpo den qreiˆzetai pia h diark c enasqìlhsh tou epist mona dedomènwn me thn

parakoloÔjhsh tou montèlou sthn paragwg  kai h exeidÐkeush tou mhqanikoÔ DevOps se


ht mata mhqanik c mˆjhshc.
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To Kube�ow , enswmat¸nei diˆfora ergaleÐa pou suneisfèroun ston epist mona dedo-

mènwn. H suneisforˆ aut  aforˆ tìso to pr¸imo stˆdio thc exereÔnhshc twn dedomènwn

kai anaz thshc �èltisthc lÔshc se èna 
 thma mhqanik c mˆjhshc, ìso kai thn diamorfw-

mènh lÔsh pipeline , pou �a sunthreÐ èna montèlo sthn paragwg . Parèqei ergaleÐa pou

èqoun kajierwjeÐ sthn ergasÐa tou epist mona dedomènwn, ìpwc ta jupyter notebooks gia

anˆptuxh k¸dika, optikopoi seic me tensorboards , kaj¸c kai ìpoia ergaleÐa qreiˆzontai

ston kÔklo ergasÐa enìc sust matoc mhqanik c mˆjhshc.

5.2 Mellontikèc ergasÐec

Anˆloga me tic anˆgkec pou kaleÐtai na kalÔyei h upodom , h ulopoÐhsh twn Kube•

�ow kai Kubernetes , mporeÐ na gÐnei exairetikˆ perÐplokh. Se èna paragwgikì peribˆllon,

qreiˆzetai omˆda DevOps pou na asqoleÐtai apokleistikˆ me thn sunt rhsh twn dÔo er-

galeÐwn. Qreiˆzetai na gÐnei diaqeÐrish qrhst¸n, gia thn qr sh tìso tou Kube�ow ìso

kai pìrwn tou Kubernetes . H lÔsh pou ulopoi jhke pareÐqe apomìnwsh qrhst¸n stic o-

ntìthtec tou Kube�ow , allˆ ìloi oi qr stec eÐqan aperiìristh prìsbash stouc pìrouc tou

kubernetes , dunatìthta pou den epitrèpetai sthn paragwg . EpÐshc, qreiˆzetai h epibol 

orÐwn sth qr sh twn pìrwn tou kubernetes anˆloga ton qr sth   to group tou.

PolÔ shmantik  ptuq , pou den exereun jhke ekten¸c se aut  thn ergasÐa, eÐnai h

parakoloÔjhsh tou montèlou sthn paragwg , kaj¸c kai parakoloÔjhsh thc poiìthtac

twn dedomènwn. Ta montèla mhqanik c mˆjhshc suqnˆ antimetwpÐzoun katestrammèna,

kajusterhmèna   ellip  dedomèna. Ta 
ht mata poiìthtac dedomènwn eujÔnontai gia to

megalÔtero merÐdio twn astoqi¸n sthn paragwg . EpÐshc, akìma kai an h poiìthta twn

dedomènwn eÐnai egguhmènh, h apìdosh tou montèlou mporeÐ na �jÐnei. Se aut  thn pe-

�Ðptwsh, upˆrqoun dÔo sun jeic aitÐec : H metatìpish dedomènwn   h metatìpish ennoi¸n,

  kai ta dÔo tautìqrona. To Kserve qrhsimopoi jhke gia thn dunatìthta na tou na kˆnei

diajèsimo to montèlo sthn paragwg . Exereun jhkan oi dunatìthtec gia rollouts pou dÐnei,

kaj¸c kai san elˆqisth parakoloÔjhsh elègqontan h katagraf  (logging) pou parèqei

sthn optik  diepaf  tou. San sunèqeia, �a mporoÔsan na qrhsimopoihjoÔn kˆpoia erga-

leÐa pou èqei gia parakoloÔjhsh tou montèlou ìpwc ta Alibi Detector, AIF Bias Detector

kai ART Adversial Detector . EpÐshc, shmantikˆ ergaleÐa tou Kserve eÐnai toModelMesh

pou qrhsimopoieÐtai gia thn diajesimìthta megˆlou arijmoÔ montèlwn, to Autoscaling gia

thn autìmath klimˆkwsh ton services pou parèqoun to montèlo kai ˆlla.

ParakoloÔjhsh qreiˆzetai kai sthn upodom  [24]. To Kube�ow eÐnai mÐa platfìrma

pou enswmat¸nei exarq c megˆlo arijmì ergaleÐwn. 'Otan èpeita prostÐjentai ta ìpoia

peirˆmata, pipelines , servers twn montèlwn, tìte oi gÐnetai megˆlh qr sh twn pìrwn tou

sust matoc. Qr simh kai eurèwc qrhsimopoioÔmenh lÔsh gia thn parakoloÔjhsh thc

upodom c eÐnai ta ergaleÐa Prometheus kai Grafana .

Endiafèron kai mellontik  anˆgkh parousiˆzoun ta probl mata megˆlwn dedomènwn.

Se tètoia probl mata, o ìgkoc twn dedomènwn gia thn ekpaÐdeush enìc montèlou   kai to Ðdio

to montèlo eÐnai arketˆ megˆla kai qr zoun na katanemhjeÐ h ekpaÐdeush. To Kube�ow

eunoeÐ egkain¸c thn katanemhmènh ekpaÐdeush, me touc operators [25] pou uposthrÐzei,

tf•operator, pytorch•operator kai mpi•operator (Horovod [9]) .
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5.2 Mellontikèc ergasÐec

Peraitèrw, �a mporoÔsan na ulopoihjoÔn kˆpoia senˆria, me teqnikèc rollout kai roll•

backs . Sthn prˆxh pragmatopoi jhke Canary rollout me pl rh antikatˆstash tou mo-

ntèlou sthn paragwg . Se epìmeno stˆdio, �a prèpei na ulopoihjeÐ �ajmiaÐa antikatˆsta-

sh tou montèlou kai diadikasÐa rollback se perÐptwsh kˆpoiac astoqÐac.

Tèloc, sta plaÐsia thc algorijmik c prosèggishc enìc 
ht matoc mhqanik c me neurw-

nikˆ dÐktua, to Katib parèqei to ergaleÐo NAS. To NAS (Neural Architecture Search [10],

an kai eÐnai akìma se dokimastik  �ˆsh beta , anazhtˆ thn �èltisth arqitektonik  enìc neu-

�wnikoÔ diktÔou enìc montèlou mhqanik c mˆjhshc. To NAS sthrÐzetai sto ENAS (E�cient

Neural Architecture Search ìpwc protˆjhke apì touc Hieu Pham, Melody Y. Guan, Barret

Zoph, Quoc V. Le and Je� Dean[26] .
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