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(Vision)

Foundation
model

Trained on billions of
images, used for many
different tasks
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Al Computer Vision Research

DINOv2: A Self-supervised Vision
Transformer Model

A family of foundation models producing universal features suitable for image-level visual tasks (image classification,
instance retrieval, video understanding) as well as pixel-level visual tasks (depth estimation, semantic segmentation).

(3 Try the demos
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Morphology classification

Similarity search

SSL

network
Redshift prediction

Anomaly detection
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Specialized Fine-tuning

* Updating pre-trained weights to values specific to training dataset -> domain adaptation

* Medical imagin
ging Weight update in regular finetuning

* Remote sensing (Earth observation)

* Wildlife observation

AN

Pretrained
weights

* ..but what about large models?

S. Raschka
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https://sebastianraschka.com/blog/2024/lora-dora.html
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Specialized Fine-tuning

* Updating pre-trained weights to values specific to training dataset -> domain adaptation
* Medical imaging

¢ Re mote sensin g ( Ea rt h o bse rvatio n) Weight update in regular finetuning Weight update in LoRA
* Wildlife observation venasess i

approximate the weight
/ +\ update matrix AW / +\
Pretrained Weight

weights update

* Parameter-efficient fine-tuning methods o e
* Low-Rank Adaptation (LoRA) —

TN

* ..but what about large models?

Pretrained
weights %’/—‘ The inner dimension r
is a hyperparameter

* gLoRA, DoRA, and other variants

* Adapters & prompt-based methods for LLMs e S. Raschka
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https://sebastianraschka.com/blog/2024/lora-dora.html
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Specialized Fine-tuning for Radio Astronomy

Whitening Layer 0.519 (+0.008) 0.603 (+0.013)
MLP(larger projection head) 0.526 (+0.015) 0.623 (+0.034)
ResNet-101/ViT-Large (larger 0.486 (-0.025) 0.625 (+0.036)
backbone model)

ResNet-152/ViT-Huge (much 0.486 (-0.026) 0.653 (+0.063)
larger backbone model)

Resize image to 320x320 0.481 (-0.031) 0.630 (+0.041)
Resize image to 480x480 0.465 (-0.046) 0.666 (+0.080)
Resize image to 512x512 0.454 (-0.057) 0.667 (+0.078)
Crop close to center source 0.643 (+1.32) 0.705 (+0.115)
Efficient fine-tuning (LoRA) 0.674 (+0.163) 0.692 (+0.102)
Full fine-tuning 0.737 (+0.226)  0.721 (+0.132) Lastutka et al 2025

——————————
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http://arxiv.org/abs/2409.11175
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Vision-Language models (VLMSs)

(1) Contrastive pre-training
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Radford et al 2021

Does multimodal pre-training
improve performance?


https://arxiv.org/abs/2103.00020
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Vision-Language models (VLMs
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Vision-Language models (VLMSs)

. m Input Batch of Size N
() O I

This s a spiral...

4
I Vision encoder g, ] #

What is this image of?

.& — AstroLLaVA, Zaman et al 2025

2024

L ILT

Astro M”3, Rizhko & Bloom
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https://arxiv.org/pdf/2411.08842
https://arxiv.org/pdf/2411.08842
https://arxiv.org/pdf/2411.08842
https://arxiv.org/pdf/2504.08583
https://arxiv.org/pdf/2504.08583
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but what about ChatGPT?

Why fine-tune if you can prompt?
Galaxy morphology prompt

You are tasked with classifying images depicting galaxies, into four

morphological categories:
SR

: o - Category 0: smooth and round galaxy. Should not have signs of spires.
Category 1: smooth and cigar-shaped galaxy, looks like being seen edge
on. This should not have signs of spires of a spiral galaxy
Category 2: edge-on-disk/spiral galaxy. This disk galaxy should have

2 1 3

O signs of spires, as seen from an edge-on perspective
Category 3: unbarred spiral galaxy. Has signs of a disk and/or spires
Note that categories 1 and 2 tend to be very similar to each other.

To categorize them, ask yourself the following question: Is this galaxy
very smooth, maybe with a small bulge? Then it belongs to category 1.
Does it have irregularities/signs of structure? Then it belongs to category
2!

To which category does the image belong? Respond with a number

Tanoglidis & Jain 2024
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https://iopscience.iop.org/article/10.3847/2515-5172/ad887a/meta#rnaasad887as3
https://iopscience.iop.org/article/10.3847/2515-5172/ad887a/meta#rnaasad887as3
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...but what about ChatGPT? ~67% accuracy

GPT-40

Bl 134 1 2 51
2 UERE (0.01)  (0.02) | (0.36)
2
Galaxy morphology prompt 2 0 42 15 6
T 5 (0.000  (0.35) (0.15)  (0.04)
-2
You are tasked with classifying images depicting galaxies, into four g ‘:

f e g9 5 6
morphological categories: ® §’ © (0.04) ©.04)
Category 0: smooth and round galaxy. Should not have signs of spires. ~8
Category 1: smooth and cigar-shaped galaxy, looks like being seen edge - 1 4 5 e
on. This should not have signs of spires of a spiral galaxy :—) T (0.01)  (0.00)  (0.00) MN(NE))

Category 2: edge-on-disk/spiral galaxy. This disk galaxy should have . . .

A s & Round Cigar-shape Edge-On Spiral
signs of spires, as seen from an edge-on perspective True label
Category 3: unbarred spiral galaxy. Has signs of a disk and/or spires

Note that categories 1 and 2 tend to be very similar to each other. bt 104

17 10
(0.14) (0.10) (0.74)

To categorize them, ask yourself the following question: Is this galaxy

very smooth, maybe with a small bulge? Then it belongs to category 1. 57

2 31 2
© (0.01) : (0.31)  (0.01)
Does it have irregularities/signs of structure? Then it belongs to category

2.
To which category does the image belong? Respond with a number

Edge-On Cigar-shape Round

Predicted label

0 5 7 0
(0.00) (0.04) (0.07) (0.00)

idi i 2 40 2 35
Tanoglidis & Jain 2024 - o3y Y T

Spiral

Round Cigar-shape Edge-On Spiral
True label
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https://iopscience.iop.org/article/10.3847/2515-5172/ad887a/meta#rnaasad887as3

UNIVERSITE
DE GENEVE

...but what about Ch

TR

o)

atGPT?

### Context: Consider these morphological classes of radio

astronomical sources:

1C-1P: single-island sources
1C-2C: single-island sources
1C-3P: single-island sources

2C-2P: sources consisting of
single flux intensity peak;

2C-3P: sources consisting of two separated islands, one containing
a single peak of flux intensity and the other exhibiting two

distinct intensity peaks;

3C-3P: sources consisting of three separated islands, each hosting
a single flux intensity peak.

An island is a group of 4-connected pixels in an image under

analysis with intensity above a detection threshold with respect

to the sky background level.

having only one flux intensity peak;
having two flux intensity peaks;
having three flux intensity peaks;
two separated islands, each hosting a

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

1C-1P

1C-2C

1C-3p

2C-2P

2C-3P

3C-3P

Answer the question using the provided context (and examples).
Report only the identified class label, without any additiomal
explanation text.

26 Aug 2025

### Context: Consider these morphological classes of radio
galaxies:

FR-I: radio-loud galaxies characterized by a jet-dominated
structure where the radio emissions are strongest close to the
galaxy’s center and diminish with distance from the core;

FR-II: radio-loud galaxies characterized by a edge-brightened
radio structure, where the radio emissions are more prominent in
lobes located far from the galaxy’s core, with hotspots at the
ends of powerful, well-collimated jets.

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

FR-I

FR-II

Answer the question using the provided context (and examples).
Report only the identified class label, without any additional
explanation text.

Riggi et al 2025
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http://arxiv.org/abs/2503.23859
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...but what about ChatGPT?

_ RGZ Classification

LIIIlIIT'IIIlIT

“AVG

1C-1P

1C-2P

1C-3P

2C-2P

Zero-Shot
B /iava-ov 0.5B
(5 llava-ov 7B
llava-ov 72B
W tinyllava 3.18
I gwen2vi 2B
7 qwen2vl 7B
[ ] qwen2vi 72B
internvl 2B
internvl 88

2C-3P

3C-3P

F1-score

0.8

0.6

0.4

0.2

MiraBest FRI/FRII Classification

|II|I|||III|I|I|III|

Zero-Shot
B /lava-ov 0.5B
(i llava-ov 7B
llava-ov 72B
B tinyllava 3.1B
B gqwen2vi 2B
qwen2vl 7B
[ 1qwen2vi 72B
internvl 2B
internvl 8B

AVG

FR-I

FR-II

Riggi et al 2025
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Do VLMs out-perform vision specialists?

o — GPT4
MFM Predictions @ . + MFM Performance Z otmin
= e . == Gemini 2.0 Flash
) y ’ Classification — Claude 3.5 Sonnet
(Accuracyt) — Qwen2-VL 728
— Llama 3.2

100--.

State-of-the-Art

Classification Object Detection Segmentation
State-of-the-Art + Chain

f N LIRS Surface v Object
- £ Normals 0.8 .+~ -100  Detection
(pr) (AP@0.517)
Zebra
Grouping Depth Surface Normals

& / i ‘\if —~
P ese L. 75 Segmentation

) B -, P4 e
(o) . (mloUt)

85"
Grouping
(mloU1)

Ramachandran et al 2025
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https://arxiv.org/pdf/2507.01955
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Radio Astronomy in the Era of Large Models

e Large models are here to stay
* Major efforts are focused on improving and understanding large models

* How can astronomy benefit from these advances in computer science?
o Pre-trained foundation models that generalize well can be great starting points
o FMs already exist for images, text, audio, video, timeseries, tabular data, spectra
o Selecting the right model for the data and task can be critical!
o Parameter-efficient methods for fine-tuning are now abundant

* What about VLM chatbots?
- 12:05 talk by Mariia Drozdova
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