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| The Square Kilometer Array

@

Location:
South Africa

8.8 Th/s

CENTRAL SIGNAL PROCESSORS

SKA will generate massive radio data volumes

v’ Automated extraction of science-ready data is a major challenge
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SCIENCE DATA PROCESSORS ‘0\
& %

SKA Regional Centres

Discovery of SKA data from the
SRCNet, local or remote,
transparently to the user

g

Support to Science Community
Support community on SKA data
use, SRC services use, Training,

/
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-
-
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/ Science Enabling Applications
Analysis Tools, Notebooks,
Workflows execution
Machine Learning, etc

~

Data Discovery

Project Impact Dissemination

Data Management

Dissemination of Data to SRCs

and Distributed Data Storage

Al/deep learning is a key resource for many SKA
science use cases, from source finding & classification
to anomaly discovery (--> SKA SRC-0000004)

Distributed Data Processing
Computing capabilities provided
by the SRCNet to allow data
processing

Visualization

Advanced visualizers for SKA
data and data from other
observatories

Interoperability
Heterogeneous SKA data from
different SRCs and other
observatories



| SKA Precursors

SKA precursors surveys and upgrade operations are ongoing ...
v’ Anticipating SKA challenges, serving as analysis test benches for SKA
v’ Boosting new developments in data processing software

MeerKAT
ASKAP EMU Survey SARAO MeerKAT Galactic Plane Survey (SMGPS)
| Ear/y Science (SCORPIO field, 912 MHz) (2018-2019) m Surveyed area: |bl<1.5°, 2°<|<60°, 252°«|<358°
m Pilot 1(SCORPIQ field, 1243 MHz) (2019) m frequency: 886 - 1678 MHz
m Pilot 2(SCORPIO & other GP fields, 943 MHz) (2021) m Theoretical LAS @ 1.284 GHz: 27 arcmin
m EMU main survey (943 MHz) started 3



¢ | ML in Radio Astronomy
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. Detection/Segmentation
e ° . N g to extract sources from maps
§ He or to segment source regions

[

Regression/Inference

1 ; e.g to estimate source physical parameters
/ (redshift, flux, ...J or model parameters

Classification

e.g. to classify source type or
morphology, or to find
sub-groups

IMAGING

Denoising
eg. to clean data from background
or instrumentation noise patterns

# Anomaly Detection

e.g. to search for astrophysical objects with peculiar
morphology or to identify outliers/anomalies in the

data

Representation Learning

eg. to extract
features/parameters from the
data, view/discover hidden
patterns

Data Generation

eg. to generate
simulated/synthetic data, map
inpainting, etc



| Vision Language Models (VLLMs)

m VLMs used for various tasks on image + text inputs
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v’ Image Captioning

v’ Visual Question Answering (VA
v Text-to-Image

v’ Image Search/Retrieval

Why exploring VLMs for astronomy?

v’ Instruct and perform visual tasks (data quality assessment, source
detection/classification, anomaly/similarity search, etc] without
coding through a text-based interface and examples
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.~ | Radio Benchmarks

We have set up 6 benchmarks on radio source detection/classification

B1 - Extended/diffuse radio source detection B2 - Source morphology classification
v Multi-label multi-class classification v Single-label multi-class classification
v Dataset: -5,700 ASKAP/MeerKAT labelled images with v Dataset: -3,800 VLA source-zoomed images of 6
extended (33%), diffuse (4%]) and large-scale diffuse (7%) morphological classes (-600 per class): 1C-1P, 1C-2P. 1C-3P,
radio sources 2C-2P. 2C-3P. 3C-3P

# Context: ...
# Context: ...

# Question: Which of these
morphological classes of radio sources
do you see in the image?

# Question: Which of these morphological classes
of radio sources do you see in the image?

1C-1P
EXTENDED 1C-2C
DIFFUSE 1C-3P
DIFFUSE-LARGE 2C-2P
NONE 2C-3P
3C-3P

Sample image

{EXTENDED, DIFFUSE-LARGE}



.~ | Radio Benchmarks

B3 - Extended Radio Galaxy Detection

v Binary classification
v Datasel: 5,700 ASKAP/MeerKAT images with extended
radio galaxies (~18%)

## Context: ...

## Question: Do you see any likely
radio galaxy with an extended
morphology in the image?

YES
NO

BS - Image peculiarity classification
v Single-label multi-class classification
v Dataset: ~5,700 ASKAP/MeerKAT images labelled as
ORDINARY (~-63%), COMPLEX (~35%), PECULIAR (~3%)
## Context: ...

## Question: Can you identify
which peculiarity class the
presented image belongs to?

ORDINARY
COMPLEX
PECULIAR

B4 - Artefact Detection
v Binary classification
v Datasel: ~5,700 ASKAP/MeerKAT images with imaging
artefacts (~7%)

## Context: ...
## Question: Do you see any imaging

artefact with a ring pattern around
bright sources in the image?

YES
NO

B6 - Radio Galaxy Morphology Classification
v Binary classification
v Datasel: ~-832 VLA images centred on FR-| (~48%]) and
FR-II (~52%) radio galaxies

## Context: ...

## Question: Which of these
morphological classes of radio
galaxy do you see in the image?

FR-1
FR-I




dn | Zero-Shot Results

Evaluating open VLMs of various sizes on radio benchmarks

o 1=
S [ zeroshot v’ Overall, poor performance across all
O I~ M llava-ov 0.5B benchmarks
(',0 | [ llava-ov 7B )
v 0.8/~ [ llava-ov 728 v Larger models performing better, as
| WM tinyllava 3.1B | |
[ qwen2vil 2B L exp ected
| I qwen2vl 75 v’ Best results on B3 (galaxy detection)
0.6 __qwenzvl 72B | .
- internvl 2B & B4 (artefact detection)
= AL v’ LLaVA slightly outperforming other
0.4 models on most benchmarks
— need models specialized
on radio tasks

B2 B3



5% | The radio-llava model

. . .. . : Language Response Xa”\.
Fine-tuning LLaVA-OneVision 7B on radio data Com ) | (e, =
v’ Vision encoder frozen |
v LLM (qwen2) & projector free [ 2tayermp | || Projection po ]/—-Q [afay Q QQ
v Full vs LORA fine-tuning tested BT | [ Vision Encoder gszX X )

[ q

v Shallow (1 epoch] vs deeper (3 epochs] fine-tuning
v/ Standard vs alternative hyperparameter choices

- Visual Signal --_ Language Instruction

Two training datasets created ; T BT
| O&A dataset Single Image Multi-lmage

v assembled from fine- & coarse-grained annotated radio datasets .
v 58k radio images (source-zoomed & wide-field, ASKAP/MeerKAT + others) mm= caption sel (#words>5, score>7)

m soft sel (caption sel + single-plot)
B hard sel (caption sel + single-plot + astromap)

v ~15Muser-assistant conversations generated from label information
Q: Can you describe the image content?
0: Can you provide the bounding box of sources with class X in the image?
0: Do you see source/pattern X in the image?

0.8

0.6

m Caption dataset
v assembled from arXiv papers (2000-2025) on radioastronomical topics
v ~38k figure-caption pairs after quality selection (soft sel) 02

Q: Can you describe the image

0.4

Fraction of Data Selected

9

0.0
caption sel soft sel hard sel




The radio-llava model

& 5 C (@ localhost:8501 Q ¥

Deploy  §

radio-llava Demo

Upload an image and enter a query to interact with the pre-trained radio-llava model.

Model Configuration
Enter model name or path
Imms-labjilava-onevision-qwen2-7b-ov Load Mnlet

Upload an image
LORA model

- ~.  Dragand drop file here
For LORA model, enter model base D 2 P Browse files

—— Limit 200MB per file - PNG, PG, JPEG
Imms-labyllava-onevision-qwen2-Tb-ov

G002.5+0.01Fx_Mosaic_Mom0_cutout0001797.png X
Image Processing
Parameters

apply zscale transform?

2scale contrast

—

e.1e 1.00
Model Parameters

do sample?

temperature

—_—
0.00 1.00

Prompt

Enter your query (e.g.

atis in the image?' or 'Describe the image content)

Provide a brief description of the input image

Conversations

Clear

User: Provide a brief description of the input image
For more details:
Assistant: The image appears to be a grayscale photograph of a celestial scene, possibly taken by a Riogi et / 2025
telescope. It shows various objects that could be stars or other astronomical features against a dark Iggi et al, d

background. The image is somewhat blurry and lacks clear details, making it difficult to identify h[‘[‘ps;//ar)([v,org/ab$/2503,23859

specific objects with certainty. 1 0



https://arxiv.org/abs/2503.23859

i | Fine-tuning Results (B1)

I base fine-tuning (Q&A)  fine-tuning (Q&A + caption)

B1 - Extended/diffuse radio source detection m  Shalow) - Tull (sl
v Multi-label multi-class classification P %gfl)‘))w) ;gg FZZZ,Q‘EW)
v Datasel: 5,700 ASKAP/MeerKAT labelled images with o 1=
extended (33%), diffuse (4%) and large-scale diffuse (7%)  Q i
. O L
# Context: ... ({) 0.8
# Question: Which of these L [
morphological classes of radio sources B
do you see in the image? 0.6
EXTENDED :
DIFFUSE -
DIFFUSE-LARGE 0.4
NONE i
Sample image L
(EXTENDED, DIFFUSE-LARGED 0.21— ;
v +40% wrt base model 0 15N | I L i
/ Capﬁon data S/Igh['/y degrade AVG NONE EXTENDED DIFFUSE DIFFUSE-LARGE
v Marginal improvements with deeper fine-tuning
v’ Diffuse sources still largely missed
v LORA fine-tuning not effective
v’ Suboptimal wrt vision-only fine-tuning (F1-80%) "



d | Fine-tuning Results (B2)

B2 - Source morphology classification T WELGGH) e (O )

. . . . full (de full (de
v Single-label multi-class classification /ora{(fhegfow) Igra((slfa%ow)

v Dataset: 3,800 VLA source-zoomed images of 6 o 1 o {coep) lors (deep)
morphological classes (-600 per class): 1C-1P, 1C-2P, 1C-3P, B
2C-2P, 2C-3P, 3C-3P 8

—
L

# Context: ...

# Question: Which of these morphological classes

of radio sources do you see in the image? 0.6
1C-1P

1C-2C

1C-3P

2C-2P 0.4
2C-3P

3C-3P

© 0

III|III|III[III|

RERRBIRRRL
SIS ISP,

| |

2C-3P  3C3P

AVG 1C-1P 1C-2P

v’ +10% wrt base model

v’ Caption data slightly degrade

v’ Marginal improvements with deeper fine-tuning

v’ Poor classification overall "

v LORA fine-tuning not effective



d | Fine-tuning Results (B3]

B3 - Extended Radio Galaxy Detection S bl bl
leep, u ep
v/ Binary classification fors () bl
v Dataset: -5,700 ASKAP/MeerKAT images with extended 1

radio galaxies (~18%)
## Context: ...

## Question: Do you see any likely
radio galaxy with an extended
morphology in the image?

YES
NO

@

v’ +30% wrt base model
v’ Caption data slightly degrade
v Negligible improvements with deeper fine-tuning

13



i | Fine-tuning Results (B4)

N base fine-tuning (Q&A) fine-tuning (Q&A + caption)

oy b oo

. EEER ee

B4 - ArtefaCt DeteCtlon lora (sha%low) lora (sha%low)
lora (deep) lora (deep)

v Binary classification 1
v Dataset: -5,700 ASKAP/MeerKAT images with imaging
artefacts (~7%)

## Context: ...
## Question: Do you see any imaging

artefact with a ring pattern around
bright sources in the image?

YES
NO

@

v’ +10% wrt base model

v’ Caption data slightly degrade

v’ Marginal improvements with deeper fine-tuning
v LORA fine-tuning not effective

ARTEFACT

14



d [ Fine-tuning Results (BS)

pm base  fine-tuning (Q&A) fine-tuning (Q&A + caption)
s full (shallow) full (shallow)

BS - Image peculiarity classification il doeg) | D 1l (dosp)
v Single-label multi-class classification 1 lora (deep) lora (deep)
v Dataset: 5,700 ASKAP/MeerKAT images labelled as

ORDINARY (~63%), COMPLEX (~35%), PECULIAR (~3%)

## Context: ...

## Question: Can you identify
which peculiarity class the
presented image belongs to? 0.6

F1-score

ORDINARY
COMPLEX
PECULIAR 04

IIIIIIIIIIII

0.2

@

v’ +10% wrt base model 0= AVG O::RxD{I;\jARY
v’ Caption data slightly degrade
v’ Peculiar frames largely missed

I |

COMPLEX PECULIAR

15



i | Fine-tuning Results (B6)

i base  fine-tuning (Q&A) fine-tuning (Q&A + caption)

full (shallow, full (shallow,
B6 - Radio Galaxy Morphology Classification ;g;jggg;joi) ful (‘(’fﬁa"lfov)v)
v Binary classification 1 lora (deep) lora (deep)
v Datasel: ~-832 VLA images centred on FR-I (~48%) and D
FR-I1 (-52%] radio galaxies 8
## Context: ... i) 0.8
g

## Question: Which of these
morphological classes of radio 0.6
galaxy do you see in the image? ’

FR-I
FR-II 0.4

llllllllllllllll

@ |
0
v No improvements wrt base model
v’ Poor classification overall

TAVG

16



i | Fine-tuning Results (B1-B6)

No significant improvement with alternative model hyperparameters
v Alternative learning rates or learning schedules
v’ Alternative batch sizes
v Alternative LORA parameters

&) 1™ Tfine-tuning (Q&A), full (shallow)
— W default

8 | [ default (alt prompt)

Model variant ~ Parameters )
1

vi Ir=5x107 N
v2 lr=5x107°
v3 warmup_ratio=0.01
véd cosine_with_min_1r (Ir=5x107%)
vb effective_batch_size=256
v6 LORA rank=128, alpha=256




| Fine-tuning Results (Multi-Modal Benchmarks)

W base fine-tuning (Q&A fine-tuni) O&A + caption, W base fine-tuning (Q&A fine-tuning (Q&A + caption,
= ?qlga Iow;) full Ig Aptlon) - full slgallovtg) gﬁ ‘sj {allow) i)
ee,
lora {sh:f low) Iora {sha Iow) Iora {sha/ low) Iora{(sef?giow)
lora (deep) lora (deep) - — lora (deep) lora (deep)
% 11— % 1— N R
g B S - EN EX
O N Q L ; 3 3
A B\ SN
- S &\ - XN
<g B FoN N < - R
PN XN X
= N N - BN
0.6— N R 0.6— % AN
- % 3< \ - 5‘1: XN
- g \ = i\ 3
B N L N
0.4+ TN 0.4+ &
- XN L SN
1o\ SN
B B 22N
L BN - N\
0.2 N 0.2 N
L FN -
B N i
— b5 5 [~ \
0 N X | XN 0 XN X [EXN
ai2d chartga docvga_val infovga_val mme (cog.) mme (perp.)

Catastrophic forgetting of previously learned multi-modal tasks
v’ 20-30% accuracy drop
v getting worse in deeper training runs

v’ caption data & LORA fine-tuning mitigating 8



i | Fine-tuning Results (Multi-Modal Benchmarks)

I base fine-tuning (Q&A)  fine-tuning (Q&A + caption) I base  fine-tuning (Q&A) fine-tuning (Q&A + caption)
mm full (shallow) full (shallow) mm full (shallow) full (shallow)
full (deep full (deep) = full (deep) full (deep)
= lora (shallow) lora (shallow) =3 lora (shallow) lora (shallow)
lora (deep) lora (deep) = lora (deep) lora (deep)
> B > -
f B Ng -
s | - S L
O = O »
é(.) 0.8 é(.) 0.8
0.6/~ 0.6~ N
0.4 0.4/ BN
- — BCXN\
- - N
0.2 0.2 N
- L= @ /“): N\
0— | XN | | 0— Q_ FEXN | 1N
mmstar ocrbench seedbench scienceqa_img realworldqa

@

Catastrophic forgetting of previously learned multi-modal tasks
v’ 20-30% accuracy drop
v getting worse in deeper training runs

v’ caption data & LORA fine-tuning mitigating 9



52| Summary

VLMs offering an intuitive text-based interface for running
radio source analysis

m First attempt to evaluate VLMs on radio data

Full fine-tuning improves mostly Bl and B3 by >30% F1-score
LoRA gains are smaller but avoid catastrophic forgetting

Best results still behind vision-only task-customized models
Caption data improve instruction following & generalization to
non-radio benchmarks

v Minor gains from prompt or hyperparameter changes

NSNS

m Challenges & limitations
v Multimodal misalignment & training data quality/diversity are
key bottlenecks to performance
v Strategies to mitigate catastrophic forgetting on non-radio tasks

20
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| Large Language Models (LLMs)

LLMs increasingly used for various tasks
v’ Drafting & analyzing documents
v’ Generating & modifying software codes
v’ Inspecting/analyzing/formatting data

m Why developing LLMs for astronomy?
v Existing LLMs less effective on astro tasks or having

prohibitive inference costs for large-scale analysis
v Data privacy reasons

m Ongoing projects focusing on small LLMs

Astrollama, cosmosage, astroLLM, astroBERT, AstroSage, ...

v’ Trained on entire ArXiV astroph paper corpus (+ other
resources) via instruction fine-tuning or RAG

v’ Catastrophic forgetting is a major challenge

Cost per 3B tokens (Size of astro-ph, USD)

30 300 30000 300000
35 ;ﬂ_,.—"”"i“l‘audcrl.SVSnnncl
.__/OI'_.LaMA-J.I-AOSH s
AstroSage-LLaMA-3.1-8B
. ot ol-Preview
80
Yi-Lightning =
o T Gemid sPasheo0z2emT
S o Q ,—S’Ewmm“,w” ERNIE-40
<15 @ a2 Gompne 378 oo
q‘s) _-CGsmosage "G e
3 de Haan‘ct.i.ly:.lol"l) CX"M L 5 5
P san e GLM4-Air
wea-2.5.78 chtnmn—lr‘)li e
70 |~~~ "AstroLLaMA-3-8B i
(Panetal, 2024) W~ Wilson Score
* \(\$\“” Interval {
Domain Expert Baseline
AstroLLaMA-2-70B
f (Pan et al., 2024)
0.001 0.010 0.100 1.000 10.000
Cost per 0.1M tokens (USD, GPT-40=1)
For more details:
AstroMLab papers (I, II, 11} 22



| Vision Models (VMs)

vision model

_____________________

VMs used for various tasks on visual data . Task outputs
v Source classification . [source label/mask/

. ; position/tags/
v" Source segmentation | parameters, image, ..)

v' Anomaly search
v Data generation

v Similarity search Pattern/cluster/

anomaly search

m VM including vision encoders (CNN/ViT-based)

v’ Extracting features from visual inputs
v’ Pre-trained on large data samples (often in a self-supervised way)
v/ Model & data representation learnt can be used for data inspection and analysis and re-used for different tasks

m Why developing VMs for astronomy?

v’ Extract high-quality features from astronomical data
v Improve supervised analysis in the low-label regime

23



| Vision Models (VMs)

m Various foundational models developed
v’ Radio SSL models provide best performance on radio data/tasks
v/ Marginal improvements in some tasks compared to ViT-pretrained models or fully-supervised models
v’ Ongoing efforts: scale-up to millions of images, improve downstream task datasets

) () 1=
Dataset: Radio Galaxy Zoo (RGZ) DRI S Radio Models Evaluating encoders
Images/class: 1000 (train), 600 (test) (&) - - SimCLR (ResNet18), smgps (170k) - Riggi+24 ) .
Classes: 1C-1P, 1C-2P, 1C-3P, 2C-2P, 2C-3P, 3C-3P (P 0.9 ¥~ DINOV1 (ResNet50), mgcls (20k) - Lastufka+24 | [OI e-tr. a/ned on r. ad/o A
Surveys: VLA FIRST B B ; ;
, - non-radio (optical, natural
Method: LGBM classifier on SSL features L - . . P )
0.80- imagesl in a radio source
- morphology classification
0.7} problem
0.6/
| Non-Radio Models
- e sup. (ResNet18), ImageNet-1k (1.28M) L
0.5 |~ MOCOv2 (ResNet50), GalaxyZoo2 (1.2M) - Hayat+21 For more details:
- —& DINOv2 (ViT-L/14), LVD (142M) S. Riggi et al, https:/arxiv.org/abs/2411.08519 (2024)
B SigLIP (ViT-L/16), WebLI (5B) T. Cecconello et al, https:/arxiv.org/abs/241114078 (2024)
4 L | | | | | | E. Lastufka et al, https:/arxiv.org/pdf/2409.11175 (2024)
0. 24

ALL 1C-1P 1C-2P 1C-3P 2C-2P 2C-3P 3C-3P


https://arxiv.org/abs/2411.08519
https://arxiv.org/abs/2411.14078
https://arxiv.org/pdf/2409.11175

