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“Plain Vanilla” Feed forward Neural Network

https://arcxhived.substack.com/p/foundation-models



“Plain Vanilla” Feed forward Neural Network

https://arcxhived.substack.com/p/foundation-models



Recurrent Neural Networks

The A.I Hacker - Illustrated Guide to Recurrent Neural Networks

https://www.youtube.com/watch?v=LHXXI4-IEns&t=17s


Transformers
Transformers brought two key 
innovations from its predecessor 
(RNNs) 

• Positional Encodings  
• Self-Attention



Transformers

Word2Vec, GloVe

https://arcxhived.substack.com/p/foundation-models



Transformers

https://arxiv.org/pdf/1706.03762



Transformers

BERT GPT



Transformers
Treat an image like a sequence of patch tokens, just like words in a 
sentence and use the same transformer architecture from NLP.

https://arxiv.org/abs/2010.11929



Transformers

https://arxiv.org/abs/1908.02265 https://arxiv.org/abs/2204.14198 https://arxiv.org/abs/2103.00020



Foundation Model

https://arxiv.org/abs/2108.07258



Foundation Model
Stanford defines foundation models as:

“Models trained on broad data (generally 
using self supervision at scale) that can 

be adapted (fine-tuned) to a wide range of 
downstream tasks”



Foundation Model
Stanford defines foundation models as:

“Models trained on broad data (generally 
using self supervision at scale) that can 

be adapted (fine-tuned) to a wide range of 
downstream tasks”

Foundation Model = (Large corpus of (unlabeled) data + 
Scale + SSL) → Transfer learning capability 



https://arxiv.org/pdf/2406.09406

4M: Massively Multimodal Masked Modeling

https://arxiv.org/pdf/2312.06647
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Slide credit: https://4m.epfl.ch/
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Solve multiple tasks & understand multiple modalities

RGB 

Depth

Surface normals

Object detection

Segmentation

apple

table

Captioning

Efficiency 
• Avoid training one model for each 

task

• Operate on a wide range of 
modalities and solves many tasks 

• Anything in, anything out  
(any-to-any)  

• Scale to large model sizes 

• Benefit from large datasets 

Slide credit: https://4m.epfl.ch/



Fine-grained multimodal conditions control

https://arxiv.org/pdf/2312.06647



Probing with grounded generation 



Probing with grounded generation 



21 “types” of modalities
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Modality specific tokenizer..… how to deal with them ?



Multimodal tokenization
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4M multimodal masked pre-training
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Multimodal masked modeling
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Generate any modality conditioned on any other
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Transfer learning

https://medium.com/@aimathavan14/transfer-learning-74cec7927b9f



https://github.com/apple/ml-4m
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Take home message

The future of foundation models is unification, not just scale. The 4M model shows that 
with the right architecture, we can train a single model that learns shared representations 
across vision, text, audio, and structured data. This paves the way for foundation models 
that are flexible and easily adaptable and not just bigger. 

More resources : https://4m.epfl.ch/



What’s Next 

https://events.hifis.net/event/2680/ 

“Foundation Model Approach for Global 
Terrestrial Carbon Stock Mapping” by 

Aldino Rizaldy

at Oncoray, Dresden on July 7th 2025 

https://events.hifis.net/event/2680/

