
4. Transformers for Computer Vision



Overview of the techniques

For all of them, we need to tokenize images.

- Encoder-only: ViT, Swin
- Encoder-decoder: DETR, DINO, SAM, TrOCR, DocParser, DAN, 

PaliGemma
- Decoder-only: Idefics2-3, ChatGPT-vision, DeepSeek-VL
- (marginal) cross-attention towers

(another way: disjoint networks with contrastive training: CLIP)



4.1. Encoder-only



Encodeurs pour les images

Exemple de l’architecture ViT [Dosovitskiy et al. 2020]

L’image est découpée en fragments 
disjoints, et on y ajoute une information 
de position spatiale en 2D.

Il devient possible de capturer des 
dépendances éloignées entre les 
indices visuels.



Swin: multi-scale vision transformer

Better image description thanks to multi-scale 
encoding.

Reduce computational cost by limiting the 
scope of self-attention.

Z. Liu et al., “Swin transformer: Hierarchical vision transformer using shifted windows,” ICCV 2021.

https://openaccess.thecvf.com/content/ICCV2021/html/Liu_Swin_Transformer_Hierarchical_Vision_Transformer_Using_Shifted_Windows_ICCV_2021_paper


Uses for encoder-only vision transformers

Embedding

As an encoder

Classification



4.2. Encoder-decoder



Cross-attention is the key here
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4.2.a. Document analysis systems



TrOCR

M. Li et al. (2022), “TrOCR: Transformer-based Optical Character Recognition with Pre-trained Models.”

● ViT-like encoder.
● Uses BERT’s pretrained weights to initialize decoder!
● Pretraining on millions of synthetic text lines.

http://arxiv.org/abs/2109.10282


DAN: a CNN as encoder!

D. Coquenet, C. Chatelain, and T. Paquet (2022), “DAN: a Segmentation-free Document Attention Network for Handwritten Document Recognition.”

Full-page image to XML system.

Character-level predictions (improved since).

https://doi.org/10.48550/arXiv.2203.12273


4.2.b. Detectors



DETR: End-to-End Object Detection with Transformers

N. Carion, F. Massa, G. Synnaeve, N. Usunier, A. Kirillov, and S. Zagoruyko, “End-to-End Object Detection with Transformers,” ECCV 2020.

⚠ not an autoregressive decoder, but a “BERT-like” decoder.
⚠ must choose the number of queries carefully.

https://doi.org/10.1007/978-3-030-58452-8_13


Segment Anything: promptable detector

A. Kirillov et al., “Segment Anything,” Apr. 05, 2023, arXiv: arXiv:2304.02643. doi: 10.48550/arXiv.2304.02643.

👍 Many super-cool use-cases with text, point or region prompting!

https://doi.org/10.48550/arXiv.2304.02643


4.3. Decoder-only



General-Purpose Interfaces

Y. Hao et al., “Language Models are General-Purpose Interfaces,” Jun. 13, 2022, 10.48550/arXiv.2206.06336 ← Microsoft Research Asia

https://doi.org/10.48550/arXiv.2206.06336


Deepseek strategy: how to train adapters

H. Lu et al. (2024), “DeepSeek-VL: Towards Real-World Vision-Language Understanding.”

https://doi.org/10.48550/arXiv.2403.05525


Same for Qwen-VL

Y. Hao et al., “Language Models are General-Purpose Interfaces,” Jun. 13, 2022, 10.48550/arXiv.2206.06336 ← Microsoft Research Asia

https://doi.org/10.48550/arXiv.2206.06336


Segmentation capabilities: Idefics2 example

(still looking for the illustration…)

Predict special <class> and <loc> tokens to point places in the image!



4.4. Cross-attention towers



Complicated beasts… Very specific uses.

Text encoder Image encoder

Text encoder Image encoder

Text encoder Image encoder

Some feature fusion may 
happen here before 
supervised task…



4.5. Other



CLIP: powerful image semantic embedding (see SigLIP too)

A. Radford et al. (2021), “Learning Transferable Visual Models From Natural Language Supervision.”

https://arxiv.org/abs/2303.15343
https://doi.org/10.48550/arXiv.2103.00020

