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“Plain Vanilla® Feed forward Neural Network

Neural network that can leam to recognize hand-uritten digits
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“Plain Vanilla” Feed forward Neural Network

Neural network that can leam to recognize hand-uritten digits
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Recurrent Neural Networks
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https://www.youtube.com/watch?v=LHXXI4-IEns&t=17s
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Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly

Transformers brought two key
innovations from its predecessor
(RNNs)

* Positional Encodings
e Self-Attention
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BERT

Encoder

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

Jacob Devlin  Ming-Wei Chang Kenton Lee  Kristina Toutanova
Google Al Language
{jacobdevlin, mingweichang, kentonl, kristout}@google.com

Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
ed BERT model can be fin

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feature-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAl
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
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Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik Tim Tya
OpenAl OpenAl OpenAl OpenAl
P i.com karthi P i.com tim@op i.com il P
Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, question answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generative pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model i We the effectiveness of
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Transformers

AN IMAGE 1S WORTH 16X16 WORDS: Treat an image like a sequence of patch tokens, just like words in a
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE sentence and use the same transformer architecture from NLP.

Alexey Dosovitskiy*-', Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn*,

Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Vision Transformer (ViT)
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby*!

Transformer Encoder

Lx o

*equal technical contribution, 'equal advising
Google Research, Brain Team
{adosovitskiy, neilhoulsby}@gocogle.com
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ABSTRACT
language processing tasks, its applications to computer vision remain limited. In (o) exverting [ Linear Projection ‘,r Flauem:d P.w:he\
vision, attention is either applied in conjunction with convolutional networks, or T
used to replace certain components of convolutional networks while keeping their SHE

[ | [ l
overall structure in place. We show that this reliance on CNNs is not necessary m . . —“ - . m . - ’ !

and a pure transformer applied directly to sequences of image patches can perform ﬂ . !
very well on image classification tasks. When pre-trained on large amounts of

data and transferred to multiple mid-sized or small image recognition benchmarks

(ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT) attains excellent

results compared to state-of-the-art convolutional networks while requiring sub-

stantially fewer computational resources to train.!
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Learning Transferable Visual Models From Natural Language Supervision

Transformers

Alec Radford "' Jong Wook Kim *! Chris Hallacy ' Aditya Ramesh' Gabriel Goh' Sandhini Agarwal’
Girish Sastry ' Amanda Askell' Pamela Mishkin' Jack Clark' Gretchen Krueger' Ilya Sutskever'

Abstract Task-agnostic objectives such as autoregressive and masked
language modeling have scaled across many orders of mag-
nitude in compute, model capacity, and data, steadily im-

State-of-the-art computer vision systems are

ViLBERT: Pretraining Task-Agnostic Visiolinguistic trained to predict a fixed set of predetermined proving capebilities, The development of “text-to-text” as
. . o object categories. This restricted form of super- s : X )
= Representations for Vision-and-Language Tasks vision limits their generality and usability since a standardized input-output interface (McCann et al., 2018;

NP additional labeled data is needed to specify any Radfo@ et a.l'.’ 2019; Raffel et ?l" 2019)'has cr.lablcd task-

Jiasen Lu’, Dhruv Batra''?, Devi Parikh'?, Stefan Lee'"*
! Georgia Institute of Technology, ?Facebook AI Research, *Oregon State University

» Flamingo: a Visual Language Model

Abstract for Few-Shot Learning

‘We present VILBERT (short for Vision-and-Language BERT), a model for learning
task-agnostic joint representations of image content and natural language. We

extend the popular BERT architecture to a multi-modal two-stream model, pro- Jean-Baptiste Alayrac™* Jeff Donahue* Pauline Luc* Antoine Miech”
cessing both visual and textual inputs in separate streams that interact through

co-attentional transformer layers. We pretrain our model through two proxy tasks Iain Barr'  Yana Hasson'  Karel Lenc!  Arthur Mensch'  Katie Millican'
on the large, ically collected Conceptual Captions dataset and then transfer

it to multiple established vision-and-language tasks — visual question answering, Malcolm Reynolds' Roman Ring'  Eliza Rutherford'  Serkan Cabi  Tengda Han
visual commc ing, referring expressi and caption-based image

retrieval — by making only minor additions to the base architecture. We observe Zhitao Gong Sina i i i Jacob Menick

significant improvements across tasks compared to existing task-specific models —
achieving state-of-the-art on all four tasks. Our work represents a shift away from

B . .. L Sebastian Borgeaud Andrew Brock Aida Nematzadeh Sahand Sharifzadeh
learning groundings between vision and language only as part of task training and

towards g visual gr g as a prel and transferable capability. Mikolaj Binkowski  Ricardo Barreira  Oriol Vinyals  Andrew Zisserman
Karen Simonyan*-*
1 Introduction
*“... spend the summer linking a camera to a computer and getting the computer to describe what it saw.” * Equal ordered ! Equal ordered
# Equal senior contributions
Marvin Minsky on the goal of a 1966 undergraduate summer research project [1]
DeepMind
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Foundation Mode

On the Opportunities and Risks of
Foundation Models
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Xiang LisaLi XuechenLi TengyuMa Ali Malik Christopher D. Manning
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Center for Research on Foundation Models (CRFM)
Stanford Institute for Human-Centered Artificial Intelligence (HAI)
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:2108.07258v3 [cs.LG] 12 Jul 2022

1.1.1  Naming.

We introduce the term foundation models to fill a void in describing the paradigm shift we are
witnessing; we briefly recount some of our reasoning for this decision. Existing terms (e.g., pretrained
model, self-supervised model) partially capture the technical dimension of these models, but fail to
capture the significance of the paradigm shift in an accessible manner for those beyond machine
learning. In particular, foundation model designates a model class that are distinctive in their
sociological impact and how they have conferred a broad shift in Al research and deployment.
In contrast, forms of pretraining and self-supervision that technically foreshadowed foundation
models fail to clarify the shift in practices we hope to highlight.
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Foundation Mode

On the Opportunities and Risks of Stanford defines foundation models as:

Foundation Models
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Eva Portelance Christopher Potts  Aditi Raghunathan Rob Reich Hongyu Ren
Frieda Rong  Yusuf Roohani Camilo Ruiz Jack Ryan Christopher Ré Dorsa Sadigh
Shiori Sagawa Keshav Santhanam Andy Shih  Krishnan Srinivasan Alex Tamkin
Rohan Taori Armin W. Thomas Florian Tramér Rose E. Wang William Wang Bohan Wu
Jiajun Wu  Yuhuai Wu  Sang Michael Xie Michihiro Yasunaga Jiaxuan You Matei Zaharia
Michael Zhang Tianyi Zhang Xikun Zhang Yuhui Zhang Lucia Zheng Kaitlyn Zhou
Percy Liang*’

Center for Research on Foundation Models (CRFM)
Stanford Institute for Human-Centered Artificial Intelligence (HAI)
Stanford University

12108.07258v3 [cs.LG] 12 Jul 2022

1.1.1 Naming.

We introduce the term foundation models to fill a void in describing the paradigm shift we are
witnessing; we briefly recount some of our reasoning for this decision. Existing terms (e.g., pretrained
model, self-supervised model) partially capture the technical dimension of these models, but fail to
capture the significance of the paradigm shift in an accessible manner for those beyond machine
learning. In particular, foundation model designates a model class that are distinctive in their
sociological impact and how they have conferred a broad shift in Al research and deployment.
In contrast, forms of pretraining and self-supervision that technically foreshadowed foundation
models fail to clarify the shift in practices we hope to highlight.
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1.1.1 Naming.

We introduce the term foundation models to fill a void in describing the paradigm shift we are
witnessing; we briefly recount some of our reasoning for this decision. Existing terms (e.g., pretrained
model, self-supervised model) partially capture the technical dimension of these models, but fail to
capture the significance of the paradigm shift in an accessible manner for those beyond machine
learning. In particular, foundation model designates a model class that are distinctive in their
sociological impact and how they have conferred a broad shift in Al research and deployment.
In contrast, forms of pretraining and self-supervision that technically foreshadowed foundation
models fail to clarify the shift in practices we hope to highlight.

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
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4M: Massively Multimodal Masked Modeling

. . . 4M-21: An Any-to-Any Vision Model
4M: Massively Multimodal Masked Modeling for Tens of Tasks and Modalities

. Roman Bachmann''*  Oguzhan Fatih Kar'*  David Mizrahi®'*  Ali Garjani'
David Mizrahi'**  Roman Bachmann'*  Oguzhan Fatih Kar' Mingfei Gao> David Griffiths?  Jiaming Hu?  Afshin Dehghan®  Amir Zamir'
Teresa Yeo'! Mingfei Gao® Afshin Dehghan2 Amir Zamir! Swiss Federal Institute of Technology Lausanne (EPFL)  ?Apple
!Swiss Federal Institute of Technology Lausanne (EPFL)  Apple https://4m.epfl.ch

https://4m.epfl.ch
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Abstract

Current machine learning models for vision are often highly specialized and limited
to a single modality and task. In contrast, recent large language models exhibit a
wide range of capabilities, hinting at a possibility for similarly versatile models
in computer vision. In this paper, we take a step in this direction and propose
a multimodal training scheme called 4M. It consists of training a single unified
Transformer encoder-decoder using a masked modeling objective across a wide
range of input/output modalities — including text, images, geometric, and seman-

Figure 1: We demonstrate uammg a smgle model on tens of highly diverse modalities without a loss in

tic modalities, as well as neural network feature maps. 4M achieves scalability by performance compared to gle/few task models. The modalities are mapped to discrete tokens
PP . 4ok 4 4 " using modality-specific (okemzers The model can generate any of the modalities from any subset of them.
unifying the representation space of all modalities through mapping them into dis- Abstract

crete tokens and performing multimodal masked modeling on a small randomized
subset of tokens.

4M leads to models that exhibit several key capabilities: (1) they can perform a
diverse set of vision tasks out of the box, (2) they excel when fine-tuned for unseen
downstream tasks or new input modalmcs and (3) '.hcy can function as a generative

JRSRNRE E R TORPU T PO R —— D% B el meaBatae o
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Current multimodal and multitask foundation models, like 4M [62] or Uni-
fiedIO [59, 58], show promising results. However, their out-of-the-box abilities to
accept diverse inputs and perform diverse tasks are limited by the (usually small)
number of modalities and tasks they are trained on. In this paper, we develop
a single any-to-anv model trained on tens of highly diverse modalities and by

47v1 [cs.CV] 11 Dec 2023
2406.09406v2 [cs.CV] 14 Jun 2024




HELMHOLTZ Al &oeiion ™

We want to solve multiple tasks o
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We want to solve multiple tasks
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We want to solve multiple tasks

Efficiency Segmentation Depth Surface normals
e Avoid training one model for each
task

RGB S

table

i Object detection Captioning

red apple on
a table
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Solve multiple tasks & understand multiple modalities

Seamentation Denpth

Efficiency
e Avoid training one model for each -
task able

» Operate on a wide range of RGB
modalities and solves many tasks

* Anything in, anything out a
(any-to-any)

Surface normals

- 4

e Scale to large model sizes
ObieCt detection Captioning

. red apple on
atable

* Benefit from large datasets
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Fine-grained multimodal conditions control

Caption input: Caption input: Caption input: Caption input:

two football a picture of two a painting of two a painting of two

players warming astronauts in a greek philosophers clowns walking on

up on the pitch lush jungle walking on an old the street with
street skyscrapers

\J

Human pose
input:

il

Caption input: Caption input: Caption input: Caption input:
a minimalist a skefch of business  an oWl painting of a colorful painting
# ? skefch of two stick people walking in the fwo shepherds on of bnde and
figures cormridor of a modern  a mountain groom walking
office building meadow down the aisle

e
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Probing with grounded generation

Polygon input RGB generation
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Probing with grounded generation

Caption
input

a bow! of
soup on a
wooden
table

Polygon input RGB generation

cf:“::non RGB generation

a winter
nide with
family

nding a
blue car at
sunset

a historical
photo of a
classic car
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21 “types” of modalities

RGB modalities Geometric modalities Semantic modalities
Surface 3D human Bounding Semantic SAM
RGB Color palette Depth normals poses boxes segmentation  instances

Edge modalities

Feature map modalities Global feature modalities
DINOvR ImageBind DINOvR ImageBind
SAM edges Canny edges CLI(l?igiasgres features features features features
(dense) (dense) (global) (global)

Text modalities

Metadata modalities
. T5-XXL Image Semantic Geometric
Caption embeddings Web text metadata metadata, metadata
Albany Ori . .
N g. res.: 512x512] # Humans: 7 .
International Colorfulness: 35% # Instances: 12 Georr]et‘nc o
Getting ready for A';ﬁg'ﬁnz?;e:iras Contrast: 45% Objectness: 40% complexity: 55%
i i - 609 ility: 409
my flight! center for the Brightness: 60% Walkability: 40%
Capital Region,
10000000

Northeastern ...

Saturation: 40%

Clutter score: 75%

Occlusion score:
5%
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Modality specific tokenizer..... how to deal with them ?
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Multimodal tokenization

Spatial discrete VAE with diffusion decoder: RGB, normal, depth, edges Spatial discrete VAE: Segmentation, CLIP, DINOv&, ImageBind, SAM inst.

Noised image —1
ViT Diffusion . t ViT
encoder || VQ| 4 decoder ; encoder || VQ VIT decoder
7 <A |
¥ |
VQ-VAE quantization loss VQ-VAE quantlzatlon loss
+

» Diffusion loss < Reconstructlon loss

o o N
© o w

N
“«0 0 N
© o W

MLP discrete VAE: Human poses, DINOv2 & ImageBind global tokens Sequence tokenizer: Text, bounding boxes, metadata, color palette

In bamboo thickets, . . . In bamboo thickets,
Ared panda's gentle Ared panda's gentle
naaE
Autumn's calm Autumn's calm
5 * embrace. embrace.

» Reconstruction loss <




2]
[e]

(S]]
[e]=]

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

Transformer
encoder

Randomly sample
a fixed number of

: target tokens
v
.
~
Transformer
decoder
J

Randomly sample
@ a fixed number of
input tokens
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Multimodal masked modeling

RGB modalities Edge modalities

Tokenization -

4M multimodal masked pre-training

Depth Randomly sample
"""""""""""""""""""""""""""""""""""""""""""" @ a fixed number of
o 1 2 3 V target tokens
5 -E‘_ — 4 5 6 B EEEEREREN----- s 1 8 6 7 2 8 D E F C
8 9 . 7 8 9 . H
A g I I O O O
Surface normals g ( N N
- s
2 3 - 11 B Transformer 1 Transformer
1 .._'4 | My encoder decoder
P | B
: : ) _J
CLIP features Caption A B : [ }
a small conference oy D E [ } } [ } [ } [ } [ [
room with two
2 green sofas and a G 1 7 A G 1 8 6 7 2 8 C D E B
. 5 light blue wall
8 Bounding boxes A B Randomly sample .
Xmin=045ymin=0.58 —p D E a fixed number of Mask tokens (for images) &
ymsx=0.62 ymsx=0.55 . input tokens left-shifted tokens (for sequences)
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Generate any modality conditioned on any other




Generate any modality conditioned on any other

Boundi ti Human Surface i
RGB Caption punding se%"e‘ﬁ?a{?on Depth poses normasle CLIP DINOv2  ImageBind  Metadata gﬁugg

- X

the view from the walkability: 0.08
top of <person> o g. complexity: 0.04
lookout clutter score: 69
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 28 3 4 5 6 7 8 9 10
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Self-consistent prediction through chained multimodal

generation

Tokenization

Iteration @ 34567
(Generate RGB with MaskGIT)
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4M chained multimodal generation
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration @ 345 67
(Generate RGB with MaskGIT)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration @ 345 67
(Generate RGB with MaskGIT)
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Self-consistent prediction through chained multimodal

generation

Tokenization

Bounding boxes

xmin=0.30 ymin=0.51
xmax=0.68 ymax=0.99 =
horse D

Iteration 1
(Generate RGB with MaskGIT)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 @3 4 56 7
(Generate RGB with MaskGIT)
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Tokenization 4M chained multimodal generation

Iteration 1 @3 4 56 7
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Self-consistent prediction through chained multimodal

generation

Tokenization

Bounding boxes

xmin=0.30 ymin=0.51
xmax=0.68 ymax=0.99 =
horse D

Iteration 1 2
(Generate RGB with MaskGIT)

4M chained multimodal generation
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 @ 56 7
(Generate RGB with MaskGIT)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 @ 56 7
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Self-consistent prediction through chained multimodal

generation

Tokenization

Bounding boxes

xmin=0.30 ymin=0.51
xmax=0.68 ymax=0.99 =
horse D

4M chained multimodal generation
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 3 @ 6 7
(Generate caption autoregressively)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 3 @ 6 7
(Generate caption autoregressively)
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Self-consistent prediction through
chained multimodal generation

Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 @
(Generate caption autoregressively)
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generation

Tokenization 4M chained multimodal generation

Iteration 1 8 5 4 6 ) 7
(Generate caption autoregressively)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 8 5 4 6 ) 7
(Generate caption autoregressively)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 5 @
(Generate caption autoregressively)
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Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 5 @
(Generate caption autoregressively)
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Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 5 @
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 5 6 @
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Tokenization 4M chained multimodal generation

Iteration 1 2 3 4 5 6 @
(Generate caption autoregressively)
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Self-consistent prediction through chained multimodal
generation

Tokenization 4M chained multimodal generation
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Self-consistent prediction through chained multimodal
generation

4M chained multimodal generation

Iteration 1 2 3 4 5 6 @
(Generate caption autoregressively)
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Self-consistent prediction through chained multimodal
generation

4M chained multimodal generation

Detokenization
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Self-consistent prediction through chained multimodal
generation

4M chained multimodal generation Detokenization

Iteration 1 8 3 4 5 6 @
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Transfer learning

Traditional Approach Transfer Learning
(without Transfer Learning)
We train for each task in isolation We leverage knowledge from existing tasks
Task-2 Task-3 Swroe Tasks Tatge( Task
> D D D>
> - >g P

r ~ —
Trained f Tras |

l Model-2 [ .l,_m J Knowledge _—’C'nm m

https://medium.com/@aimathavan14/transfer-learning-74cec7927b9f
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4AM: Massively Multimodal Masked

® roman-bachmann Added missing MAX_LEN_YAML_PARSE ¢da590f - last month D) 26 Commits Modeling
M assets Added arXiv link and demo sample output last year & am.epfl.ch
I cfgs/default 4M-21release last year J Readme
58 Apache-2.0 license
B fourm Added missing MAX_LEN_YAML_PARSE last month @ Code of conduct
I notebooks 4M-21 retrieval demo notebook last year A Activity
[E Custom properties
[ _gitattributes first commit last year
¥ 1.7k stars
[ .gitignore first commit last year ® 33 watching
[ ACKNOWLEDGEMENTS.md 4M-21 release last year W 107 forks
Report repository
D CODE_OF_CONDUCT.md first commit last year
[ CONTRIBUTING.md first commit last year Releases
No releases published
[ LICENSE first commit last year
[ LICENSE_WEIGHTS first commit last year Packages
[ README.md Remove call to ast.literal_eval 2 months ago No packages published
README_DATA.md 4M-21release last year .
o - v Contributors 7
[ README_GENERATION.md 4M-21 release last year ° @ O . . e
D README_TOKENIZATION.md docs: update README_TOKENIZATION.md last year
[ README_TRAINING.md 4M-21 release last year Languages



HELMHOLTZ Al 25

4M models Tokenizers
Model  # Mod. Datasets #Params  Config Weights Modality Resolution | '\umberof Codebook Diffusion Weights
tokens size decoder
4M-B 7 cc12Mm 198M Config Checkpoint / HF Hub .
RGB 224-448  196-784 16k v ﬁh—zd(m uld
4M-B 7 COYO700M 198M Config Checkpoint / HF Hub oo
Checkpoint / HF
AM-B 21 CC12M+COYO700M+C4  198M Config = Checkpoint / HF Hub Depth 224-448  196-784 8k Y —P—Hu:’f St
4AM-L 7 cc12Mm 705M Confi Checkpoint / HF Hub i
- point / Normals 224-448  196-784 8k v %‘MI HE
4AM-L 7 COYO700M 705M Config Checkpoint / HF Hub —
Checkpoint / HF
ML 21 CC12M+COYO700M+C4  705M Config  Checkpoint / HF Hub Edges (Canny, SAM)  224-512  196-1024 8k v Hub
AM-XL 7 CC12M 2.8B Config =~ Checkpoint / HF Hub Ccoco serrTantlc 224-448 196-784 a % Checkpoint / HF
segmentation Hub
AM-XL 7 COYO700M 2.8B Config ~ Checkpoint / HF Hub )
) . CLIP-B/16 224-448  196-784 8k x Checkpoint / HF
AM-XL 21 CC12M+CQOYO700M+C4  2.8B Config =~ Checkpoint / HF Hub Hub
Checkpoint / HF
To load models from Hugging Face Hub: DINOv2-B/14 224-448 256-1024 8k X Hub
Checkpoint / HF
from fourm.models.fm import FM DINOv2-B/14 (global) 224 16 8k X Hub
fu7b_cc12m = FM.from_pretrained('EPFL-VILAB/4M-7_B_CC12M') ImageBind-H/14 224-448  256-1024 8k X Checkpoint / HF
fm7b_coyo = FM.from_pretrained('EPFL-VILAB/4M-7_B_COY0700M') Hub
fm21b = FM.from_pretrained('EPFL-VILAB/4M-21_B') ImageBind-H/14 vos 6 o y Checkpoint / HF
fm7l_cc12m = FM.from_pretrained('EPFL-VILAB/4M-7_L_CC12M') (global) s
fm71_coyo = FM.from_pretrained('EPFL-VILAB/4M-7_L_COY0700M') . Checkpoint / HF
fm211 = FM.from_pretrained('EPFL-VILAB/4M-21_L") SAM instances - e ik X Hub o
fm7x1_cc12m = FM.from_pret ra%ned( 'EPFL-VILAB/4M~-7_XL_CC12M') 3D Human poses _ 8 " ~ Checkpoint / HF
fm7x1_coyo = FM.from_pretrained('EPFL-VILAB/4M-7_XL_COY0700M') Hub
fm21x1 = FM.from_pretrained('EPFL-VILAB/4M-21_XL"')

R BB HELMHOLTZAI
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Out-of-the-box capabilities evaluation

Method Normals | Depth | Sem. seg. 1 Inst. seg. 1 IN1K kNN 1 3D human KP |
2 Omnidata [37] 22.5  0.68 X X X X
S M2F-B [1§] X X 45.7 X X X
'S SAM [39] X X X 32.9 X X
s DINOv2-B14 [53] X X X X 82.1 / 93.9 X « Outperform or approach
5 iﬁaﬁeBind'H; [28] ;‘ i § ; 81.1 ; 94.4 . f 5 performance of strong
i “nlla‘;s 150] : specialist models (incl.
OASIS [17 34.3 X X X X X
MiDaS DPT [58] X 0.73 X X X X pseudo labelers)
M2F-S [18] X X 44.6 X X X
M2F-L [18] X X 48.0 X X X
HMR [36] X X X X X 130.0
UnifiedIO-B [47] 35.7 1.00 32.9 X X X
UnifiedIO-L [47] 33.9 0.87 41.6 X X X
UnifiedIO-XL [47] 31.0 0.82 44.3 X X X
4M B [50] 21.9 0.71 433 X X X
Ours B 21.7 0.71 425 159  73.1/89.7 108.3
aM L [50] 21.5 0.69 47.2 X X X
Ours L 21.1 0.69 46.4 3.2 77.0/91.9 97.4
4M XL [50] 20.6  0.69 48.1 X X X
Ours XL 208  0.68 48.1 32.0 783 /924 92.0

HELMHOLTZAI



HELMHOLTZ Al &eeion i

Out-of—the-box capabilities evaluation

Method Normals | Depth | Sem. seg. 1 Inst. seg. 1 INIK kNN 1 3D human KP | Qutperform or approach
2 Omnidata [37] 225  0.68 X X X X performance of strong
; ls\ffd 1[33581 § ;‘ 4?(-7 s ;‘ o ;‘ ;‘ specialist models (incl.
' DINOv2-B14 [53] X X X X 821,939 X pseudo labelers)
2 ImageBind-H14 [28] X X X X 81.1 /94.4 X
& 4D-Humans [30] X X X X X 81.3 e Qutperform strong

OASIS [17] 34.3 X X X X X multimodal/multitask

MiDaS DPT [58] X 0.73 X X X X models

M2F-S [18] X X 44.6 X X X

M2F-L [18§] X X 48.0 X X X

HMR [36] X X X X X 130.0

UnifiedIO-B [47] 35.7 1.00 32.9 X X X

UnifiedIO-L [47] 33.9 0.87 41.6 X X X

UnifiedIO-XL [47] 31.0 0.82 44.3 X X X

aM B [50] 21.9 0.71 43.3 X X X

Ours B 21.7 0.71 425 159  73.1/89.7 108.3

aM L [50] 21.5 0.69 47.2 X X X

Ours L 21.1 0.69 46.4 31.2  77.0 /91.9 97.4

4M XL [50] 20.6  0.69 48.1 X X X

Ours XL 20.8 0.68 48.1 32.0 78.3 /924 92.0
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Out-of—the-box capabilities evaluation

Method Normals | Depth | Sem. seg. 1 Inst. seg. 1 INIK kNN 1 3D human KP | Qutperform or approach
2 Omnidata [37] 225  0.68 X X X X performance of strong
; 18\4:54 1[33581 ;‘ ;‘ 4i-7 s ;‘ o § ;‘ specialist models (incl.
' DINOv2-B14 [53] X X X X 821,939 X pseudo labelers)
2 ImageBind-H14 [28] X X X X 81.1 /94.4 X
& 4D-Humans [30] X X X X X 81.3 e Qutperform strong

OASIS [17] 34.3 X X X X X multimodal/multitask

MiDaS DPT [5§] X 0.73 X X X X models

M2F-S [18] X X 44.6 X X X

M2F-L [18] X X 48.0 X X X .

HIMR [36] X X p X X 130.0 Match performance of 4M

UnifiedIO-B [47] 35.7 1.00 32.9 X X X on common tasks...

UnifiedIO-L [47] 33.9 0.87 41.6 X X X

UnifiedIO-XL [47] 31.0 0.82 44.3 X X X

aM B [50] 21.9 0.71 43.3 X X X

Ours B 217 0.71 425 159  73.1/89.7 108.3

aM L [50] 21.5 0.69 47.2 X X X

Ours L 21.1 0.69 46.4 31.2  77.0 /91.9 97.4

4M XL [50] 20.6 0.69 48.1 X X X

Ours XL 20.8 0.68 48.1 32.0 78.3 /924 92.0

HELMHOLTZAI



HELMHOLTZ Al &oeiion ™

Out-of-the-box capabilities evaluation

performance of strong
specialist models (incl.
pseudo labelers)

Outperform strong
multimodal/multitask
models

Match performance of 4M
on common tasks...

... while being able to solve
3x more tasks/modalities

Method Normals | Depth | Sem. seg. 1 Inst. seg. 1 INIK kNN 1 3D human KP | Qutperform or approach
2 Omnidata [37] 22.5  0.68 X X X X
g M2F-B [18] X X 45.7 X X X
' SAM [39] X X X 32.9 X X
5 DINOv2-B14 [53] X X X X  821/939 X
2 ImageBind-H14 [28] X X X X 81.1 /94.4 X
a; 4D-Humans [30] X X X X X 81.3
OASIS [17] 34.3 X X X X X
MiDaS DPT [58] X 0.73 X X X X
M2F-S [18] X X 44.6 X X X
M2F-L [18] X X 48.0 X X X
HMR [36] X X X X X 130.0
UnifiedIO-B [47] 357 100 329 X X X
UnifiedIO-L [47] 33.9 087 416 X X X
UnifiedO-XL [47] 310  0.82 443 X X X
aM B [50] 21.9 071 433 X X X
Ours B 21.7 071 425 159  73.1/89.7 108.3
aM L [50] 215 0.69  47.2 X X X
Ours L 211 0.69 464 3.2 77.0 /919 97.4
4M XL [50] 20.6 0.69 48.1 X X X
Ours XL 20.8 0.68 48.1 32.0 78.3 /924 92.0

X =given.model.does.not-have.capability.out-ofsthe-box
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Out-of-the-box capabilities evaluation

performance of strong
specialist models (incl.
pseudo labelers)

Outperform strong
multimodal/multitask
models

Match performance of 4M
on common tasks...

... while being able to solve
3x more tasks/modalities

Tokenization does not
create a performance
bottleneck

Method Normals | Depth | Sem. seg. 1 Inst. seg. 1 INIK kNN 1 3D human KP | Qutperform or approach
2 Omnidata [37] 225  0.68 X X X X
s M2F-B [1§] X X 45.7 X X X
"2 SAM [39] X X X 32.9 X X
5 DINOv2-B14 [53] X X X X 82.1 / 93.9 X
2 ImageBind-H14 [28] X X X X 81.1 /94.4 X
a; 4D-Humans [30] X X X X X 81.3
OASIS [17] 34.3 X X X X X
MiDaS DPT [58] X 0.73 X X X X
M2F-S [18] X X 44.6 X X X
M2F-L [1§] X X 48.0 X X X
HMR [36] X X X X X 130.0
UnifiedIO-B [47] 35.7 1.00 32.9 X X X
UnifiedIO-L [47] 33.9 0.87 41.6 X X X
UnifiedIO-XL [47] 31.0 0.82 44.3 X X X
4M B [50] 21.9 0.71 43.3 X X X
Ours B 21.7 0.71 42.5 159  73.1/89.7 108.3
aM L [50] 21.5 0.69 47.2 X X X
Ours L 21.1 0.69 46.4 3.2 77.0/91.9 97.4
4M XL [50] 20.6  0.69 48.1 X X X
Ours XL 208  0.68 48.1 32.0 783 /924 92.0

X =given.model.does.not-have.capability.out-ofsthe-box
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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/
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What's Next

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

at Oncoray, Dresden on July 7th 2025

[=] 7% [=]
= 2

S\ H=OR ¢ J0LICH % GFZ U@ 4#7 https://events.hifis.net/event/2680/
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