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Motivation

» Vision-Language Models (VLMs) like Gemini and ChatGPT perform strongly
across general multimodal tasks.

» Do therr learned biases act as useful priors for scientific image
understanding?

» Since VLMs succeed in zero-shot tasks, can they also handle scientific
problems without any training?
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Motivation

®» Fine-tfuned Vision Foundation Models (VFMs) trained on natfural images
have outperformed from-scratch models in scientific settings [1].

» Domain-pretfrained vision foundation models (BYOL) showed state-of-the-
art on MiraBest dataset[2].

» This raises a key question:

Can general-purpose VLMs adapt to scientific image classification with little or
no supervision?

[1] Erica Lastufka, Mariia Drozdova, Vitaliy Kinakh, Davide Piras, and S Voloshynovskyy. Vision foundation models: can they be applied to astrophysics
data?2 arXiv preprint arXiv:2409.11175

[2] Inigo V Slijepcevic, Anna MM Scaife, Mike Walmsley, Micah Bowles, O vy Wong, Stanislav Shabala, and Sarah V White. Radio galaxy zoo: towards
building the first multipurpose foundation model for radio astronomy with self-supervised learning. RAS Techniques and Instruments, 3(1):170 19-32, 2024.



Vision language models (Qwen)

and videos here. Picture 1 is an image from a blog
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MiraBest dataset
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[3] Fiona AM Porter and Anna MM Scaife. Mirabest: a data set of morphologically classified radio galaxies for machine learning. RAS Techniques and
Instruments, 2(1):293-306, 2023.




Prompting Strategies

» Zero-shot:

» Text - Natural language class descriptions

» Diagram - Text + schematic class diagram <image 1> <image2>
» Exemplar-based (with retrieved examples):
» Fixed-Imgs — Same 4 labeled images for all test cases

» KNN-Imgs — 5 nearest neighbors (CLIP-retrieved [5]), with labels

=» kNN-Balanced - 4 neighbors, balanced across classes (novel setup)

Prompt:
ﬁYou are an astronomer tasked with classifying real images of radio galaxies.
There are two classes:
N —— - FR-I: bright toward the center, fainter at the lobes' edges, often shows jets, etc.
- FR-Il: edge-brightened, luminous lobes, bright hotspots at ends.

<user>Define a morphology class of thisimage. Respond only FR-I or FR-Il. <image1>

& <assistant>FR-|

L <user> Define a morphology class of thisimage. Respond only FR-I or FR-Il. <image2>
<assistant>FR-Il
<user> Define a morphology class of thisimage. Respond only FR-I or FR Il. <query image>
<assistant>

[4] Image by Emma Alexander, licensed under CC BY 4.0

[5] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al.
earnina transferable visual models from natural lanauaae supervision. In International conference on machine learnina. paaes 8748-87463. PmLR. 2021




Results: Prompting
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Comparison between kNN

Results: Prompting & Sensitivity

(maijority

voting) and kNN-Imgs: latter outperforms
by [~5 points across train sizes.
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Fixed-Imgs and kNN-Imgs prompts:

KNN-Imgs is more stable.

Error vs. number of retrieved neighbors;

lower temperatures reduce error and spread
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LORA Fine-Tuning

®» Fine-tuned Qwen2-VL-7B-Instruct using LORA (rank r = 16, a = 64, dropout=0.3)
applied to both vision and language modules

» Train for 100 epochs, final model selected at first minimum of training loss

» 10 runs per configuration, fixed prompt as in zero-shot

32, 2024.

Labels ResNet AstroVFM  Qwen2-VL + LoRA

36 190+14 16.2+1.0 24.0 & 2.5

72 188+0.7 11.8+0.1 16.2 4+ 3.5
145 119+£05 78+0.38 10.8 £ 2.5
291 7.0x£0.6 4.9 + 0.5 6.9 + 1.7
437 58 =%x0.5 4.5+ 0.5 56+ 1.6
583 5.1+£03 4.3+ 04 46+ 1.5
656 4.84+0.2 31+04 3.3+£14
729 48+0.2 1.9 + 0.3 3.1+1.0

[2] AstroVFM = Inigo V Slijepcevic, Anna MM Scaife, Mike Walmsley, Micah Bowles, O Ivy Wong, Stanislav Shabala, and Sarah V White. Radio galaxy zoo:
towards building the first multipurpose foundation model for radio astronomy with self-supervised learning. RAS Techniques and Instruments, 3(1):170 19-



Takeways

» Zero-shot VLMs like Gemini can already perform well on scientific image tasks
(errorrate 13%)

» Visual exemplars can significantly boost performance in open models like
Qwen2 (down to 16% for one of the prompts)

» Balanced retrieval reveals different behaviors—Gemini benefits most (error rate
down to 11%)

» Chain-of-thought prompting can help, but often introduces instability (30%
interquartile range for error rate)

» LoRA fine-tuning (just 15M params) brings Qwen?2 close to domain-specific
SOTA (SOTA 2% vs ours 3%)



Conclusions

» V[ Ms hold promise for scienfific imaging

» But they remain fragile: prompt order, temperature, and reasoning style
maftter

» Careful prompt design and light adaptation are crucial

» V| Ms offer a scalable but cautious path toward scientific discover
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