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Abstract

The emerging technology of Data Science platforms addresses the need to ana-
lyze Big Data directly where it is stored, because moving large volumes of data
is nearly impossible. Typical platforms, like Pangeo, ESA DatalLab, and SciS-
erver are complex cloud-based systems, running on large clusters, providing
hundreds of users access to petabyte-scale astronomical data archives. They use
flexible orchestration of multiple containers to allow script-driven data process-
ing and complex database queries, as well as interactive exploratory analysis
via a web GUL

Similar principles can be applied to smaller, task-specific infrastructures, par-
ticularly for machine learning experiments that demand continuous user inter-
action. A representative example is the active learning—based classification of
millions of stellar spectra from large surveys. In such cases, iterative training
requires annotators to label candidate spectra across multiple cycles while si-
multaneously accessing complementary data such as catalog metadata, images,
and spectra from other surveys.

To address this need, we introduce the ml-job-manager, a dedicated
multi-tier cloud platform designed for orchestrating parallel experiments with
human-in-the-loop active deep learning on several million spectra from the
LAMOST archives. The system adopts modern DevOps strategies, leverag-
ing a microservices backend with RESTful asynchronous job control inspired
by the IVOA UWS protocol. The entire environment in several containers can
be rapidly deployed using Docker Compose, ensuring reproducibility and ease
of installation.

1 Active Deep Learning

The Active Learning method is a novel approach to overcome the need for a
large and representative training set, as is required by classical deep learning. It
is based on idea that the algorithm will perform better if it is allowed to choose
data for its training.

A machine learning algorithm combined with active learning queries unlabelled
data samples to be labelled by an Oracle (usually a human expert). The samples
are selected in batches of a given size according to a certain informativeness
measure. Commonly used is the uncertainty sampling, which selects data with
the least certain labelling (based on information entropy)

A particular version of Active deep learning was introduced into astronomical
spectra analysis and successfully applied to search for emission-line spectra in
archive of the LAMOST telescope by (Skoda et al., 2020). The code used in this
paper is available on GitHub (Podsztavek, 2019).

2 Active Deep Learning Cycle

2.1 Labelling of New Training Samples by Oracle

The role of the Oracle (usually a human annotator) is to assign the correct label
to the queried sample. The batch for Oracle labelling is selected from the sam-
ple where the network is least sure about the right classification. It is expected
that the oracle can make the decision immediately just by looking at the visual
properties of the sample.

In real cases, other data and metadata about the sample may be helpful to esti-
mate the correct label.

The batch samples from the labelled Oracle set are added to the training set and
the network is retrained on them.

Below is an example of the active deep learning cycle as depicted in Maze
(2020).
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Schema of active deep learning workflow The role of oracle in assigning the correct label

2.2 Performance Estimation Sample

In addition to the Oracle data set, there is another set of samples shown to to the
expert as well. When it is correcly labelled, it is used for calculating the classifi-
cation accuracy of the network. It helps to identify the moment when the train-
ing iterations should stop, as the performance of the algorithm is not further
improving. The samples in this set are selected randomly, and after computing
the performance their label is discarded.

2.3 Network Iterations

After the network is trained on the new training set with added samples from
Oracle set, it is asked to provide classification of all data. They are ordered by
the cross entropy, and a some small number (a batch) of samples from the top
is converted into a an oracle set shown to the expert. This repeats until the
accuracy no longer improves.
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3 Cloud-based Science Platform ml-job-manager

A modern, cloud-based scientific platform m1-job-manager represents a com-
prehensive redevelopment of the now outdated system vO-CLOUD (Koza, 2015,

017) and the its Active Deep Learning client (Mazel, 2020).

This redevelopment was undertaken in two Bachelor’s theses (Burakov, 2025;

Layik, 2025) within the software and web engineering program at the Czech

Technical University in Prague.

The current implementation features two main types of processing units. The
primary—and most sophisticated—component is the Active Deep Learning
worker, offering an interactive interface for labeling and visualization. The sec-
ondary unit, the Pre-processing worker, efficiently handles large-scale data tasks
such as converting, rescaling, trimming, and padding millions of spectral sam-
ples.

The system is composed of a backend server and a web-based graphical in-
terface. Communication between these components utilizes a RESTful API,
drawing inspiration from the IVOA Universal Worker Service (UWS) protocol
arrison and Rixon, 2016).
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Schema of m1-job-manager science platform

4 Technology Stack of m1-job-manager

The platform is based on microservice architecture combining a number of mod-
ern technologies, frameworks and libraries. Its development was following the
current DevOps best practices. The whole system is easily deployed in several
containers using docker-compose (or compatible podman-compose ).

* Implementation language: Python 3.13
* Package management: Poetry

* Relational database: PostgreSQL 17

* Object relational mapping and migrations: SQLAlchemy, Alembic
* Message broker: RabbitMQ

* Web framework: FastAPI

* Data validation & serialization: Pydantic

* Job orchestration: Celery

e Async I/O: aiofiles

* Configuration format: JSON

* Scientific data handling: Astropy (FITS), h5py (HDF5), NumPy

® Machine learning: Scikit-learn, TensorFlow , Keras

* Containerization: Docker (or Podman) composer

* Web Frontend: React, TypeScript, Tailwind CSS, HTTPX, Plotly
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Source Code

https://github.com/bursasha/ml-job—manager
https://github.com/sparki0/mj—job—-manager—-client-modules
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5 Front End Graphics Screen Shots

ML Job Manager Home Jobs Filesystem

Create Jobs:
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PENDING DATA_PREPROCESSING reprocessing_.
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Window with jobs listing. Various types of jobs in different stages of processing are shown

Details about the individual job including the files belonging to it

Iteration number: 2

Labelling window showing list of files selected for extending the training set after correct labelling
by Oracle (grey) or performance estimation files (yellow). The previwed spectrum may be zoomed
or panned interactively thanks to embedded Plotly JavaScript library. The dark blue buttons call
various actions, as assigning the label to the spectrum, opening the tSNE plot of current batch (as
shown), opening the performance estimation graph of all iterations, or showing the original view of
spectrum in the archive

6 Conclusions

The active deep learning of large spectral archives requires all the training it-
erations to be supported by the interactive labelling performed by the domain
expert in role of the Oracle. The m1-job-manager cloud-based science plat-
form provides the expert with the flexible and user-friendly visual environment
allowing to run a number of experiment in parallel.
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