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• Key Generative Model Families
o Variational Autoencoders
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• Scaling Law
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• Unified Multimodal Models
• Vision Foundation Models
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• Text Generation
• Visual Generation
• How These Models Work in Practice 

Part I Part II



Reference Books
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Understanding Deep Learning
by Simon J.D. Prince
To be published by MIT Press Dec 5th 2023.
https://udlbook.github.io/udlbook/ 

https://udlbook.github.io/udlbook/


Observations

• Algorithmic and model architecture improvements have provided substantial improvements

• Self-supervised learning removes the bottleneck of labeled data

• Increasing scale—compute, data, and model size—consistently delivers better results. Scaling has become a 
‘universal recipe’ across modalities, including language, vision, protein, and multimodal tasks.

• Emergent capabilities at scale
• Reasoning, generalization, in-context learning, cross-modal alignment, and tool-use emerge only when 

models surpass certain scale thresholds
• Larger models learn more abstract patterns, enabling surprising transfer across tasks
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Key Generative Model Families



Core Conceptual Difference

• Discriminative models: learn boundaries
• Model 𝑝(𝑦|𝑥) → classification, detection, segmentation
• Goal: given input → predict label

• Generative models: learn distribution
• Model 𝑝(𝑥) or 𝑝(𝑥|𝑐) → synthesis, editing
• Goal: understanding and create new samples following data distribution
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Generative Modeling

Density estimation – a core problem in unsupervised learning

Sample generation

Training samples – 𝑝!"#"(𝑥)
Model samples – 𝑝$%!&'(𝑥) 

(ideally 𝑝$%!&'(𝑥)	= 𝑝!"#"(𝑥)) 7



Generative Models

• Variational Autoencoders
oProbabilistic latent space

• Autoregressive Models
oModel the joint distribution by predicting the next element conditioned 

on all previous elements
o LLMs: Next-token generative training from massive corpora

• Generative Adversarial Networks
oAdversarial training

• Diffusion Models
oNoise–denoise paradigm. State-of-the-art fidelity
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Unsupervised method for learning feature vectors from raw data x, without any labels

Features

Encoder

Originally: Linear + nonlinearity (sigmoid)
Later: Deep, fully-connected
Later: ReLU CNN, Transformers

Features should extract useful  
information (maybe object identities,  
properties, scene type, etc) that we  
can use for downstream tasks

Input data
Input Data

Autoencoders



Problem: How can we learn this feature transform from raw data?

Features

Encoder

Originally: Linear + nonlinearity (sigmoid)
Later: Deep, fully-connected
Later: ReLU CNN, Transformers

Features should extract useful  
information (maybe object identities,  
properties, scene type, etc) that we  
can use for downstream tasks
But we can’t observe features!

Input data
Input Data

Autoencoders



• Problem: How can we learn this feature transform from raw data?  
• Idea: Use the features to reconstruct the input data with a decoder  
“Autoencoding” = encoding itself

Decoder

Features

Encoder

Reconstructed  
input data

Originally: Linear + nonlinearity 
(sigmoid)  Later: Deep, fully-
connected  Later: ReLU CNN
(upconv), Transformers

Input data
Input Data

Autoencoders



Variational Autoencoders

Credit

Instead of encoding inputs to fixed 
points, VAEs encode inputs as 
probability distributions over the latent 
space.

This probabilistic approach allows VAEs 
to generate new, diverse outputs by 
sampling from these distributions.

12Kingma and Welling, Auto-Encoding Variational Bayes, 2013

https://pub.aimind.so/understanding-and-implementing-variational-autoencoders-vaes-ebf74b6241e7
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1312.6114


Variational Autoencoders
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32x32 CIFAR-10 Labeled Faces in the Wild

Figures from (L) Dirk Kingma et al. 2016; (R) Anders Larsen et al. 2017. 



Autoregressive Models 

• Model the joint distribution by predicting the next element conditioned 
on all previous elements

Early Vision Example: PixelRNN

• PixelRNN (van den Oord et al., 2016)
• Generates images pixel-by-pixel, each pixel conditioned on all pixels 

above/left.
• Uses recurrent LSTM layers with masked convolutions to preserve 

autoregressive order.
• Captures fine textures and spatial correlations.

14Conditional Image Generation with PixelCNN Decoders

https://arxiv.org/abs/1606.05328
https://arxiv.org/abs/1606.05328


Autoregressive Models 

LLMs apply the same autoregressive principle but operate on tokens instead of pixels.

Autoregressive (look at prefix, predict next word):
The typhoon signal ___
The typhoon signal was ___
The typhoon signal was upgraded ___
The typhoon signal was upgraded to ___
The typhoon signal was upgraded to No. ___
The typhoon signal was upgraded to No. 8

Key components:
• Tokenizer converts text into discrete tokens.
• Transformer decoder predicts the next token given the prefix.
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Generative Adversarial Networks (GAN)

z Generator

g(z,w)

synthetic images

real images

Discriminator

d(x,ω)

t

Goodfellow et al., “Generative adversarial networks”, NIPS 2014

𝐳	is some random noise 
(Gaussian/Uniform). Can be thought as 
the latent representation of the data

• Generative model 𝐺: 
o Captures data distribution
o Fool 𝐷(𝐺(𝐳))
o Generate an image 𝐺(𝐳) such that 
𝐷(𝐺(𝐳))	is wrong (i.e. 𝐷(𝐺(𝐳)) = 1)

• Discriminative model D: 
o Distinguishes between real and fake 

samples
o 𝐷(𝐱) = 1	when 𝐱 is a real image, and 

otherwise 𝐷(𝐱) = 0
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Generative Adversarial Networks (GAN)

discriminative distribution 

data generating distribution 
generative distribution 

After an update to G, gradient 
of D has guided G(z) to flow 
to regions that are more likely 
to be classified as data 

D is trained to 
discriminate 
samples from 
data 

After several steps of training, G and D will 
reach a point at which both cannot improve 
because 𝑝𝑔	= 	𝑝𝑑𝑎𝑡𝑎. The discriminator is 
unable to differentiate between the two 
distributions, i.e. 𝐷(𝑥) 	= 	0.5. 

An adversarial 
pair near 
convergence 



Generative Adversarial Networks (GAN)

• 𝐷 and 𝐺 play the following two-player minimax game with value function 
𝑉	(𝐺, 𝐷) 

Discriminator: input = generated/real images
Output: 𝐷(𝑥) 	= 	1 if real image

Generator: input = random vector 𝑧
Output: 𝐺(𝑧) as synthetic image



Generative Adversarial Networks (GAN)

Mode Collapse: Generator fails to output diverse samples 

Metz, Luke, et al. "Unrolled Generative Adversarial Networks." arXiv preprint arXiv:1611.02163 (2016) 



Generative Adversarial Networks (GAN)

Conditional GAN

Mirza and Osindero, Conditional Generative Adversarial Nets, 2014
Image from Odena et al., Conditional Image Synthesis With Auxiliary Classifier GANs, 2016

https://arxiv.org/abs/1411.1784
https://arxiv.org/abs/1610.09585


Diffusion Models

A diffusion model consists of an forward process and a reverse process. 

The forward process takes a data sample 𝐱 and maps it through a series of intermediate latent variables 𝐳!	. . . 𝐳". 

The reverse process reverses this process; it starts with 𝐳"  and maps back through 𝐳"#!	. . . 𝐳! until it finally (re-) 
creates a data point x. 

Forward/diffusion process Reverse process
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SDXL + FreeUSDXL + FreeU



SDXL + FreeUSDXL + FreeU



Prompt: A stylish woman walks down a Tokyo street filled with warm glowing 
neon and animated city signage. She wears a black leather jacket, a long red 
dress, and black boots, and carries a black purse. She wears sunglasses and red 
lipstick. She walks confidently and casually. The street is damp and reflective, 
creating a mirror effect of the colorful lights. Many pedestrians walk about.



Diffusion Models: Forward Process

The diffusion or forward process maps a data example 𝐱 through a 
series of intermediate variables 𝐳!	, . . . , 𝐳"   with the same size as 𝐱 
according to: 

where 𝝐$ is noise drawn from a standard normal distribution. 

The first term attenuates the data plus any noise added so far, and 
the second adds more noise. 

The hyperparameters 𝛽$ ∈ 	 [0, 1] determine how quickly the noise 
is blended and are collectively known as the noise schedule.
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Diffusion Models: Forward Process

The diffusion or forward process maps a data example 𝐱 through a 
series of intermediate variables 𝐳!	, . . . , 𝐳"   with the same size as 𝐱 
according to: 

This process is pre-specified and gradually mixes the data with 
noise until only noise remains. 

With sufficient steps 𝑇, all traces of the original data are removed, 
and 𝑞 𝐳" 𝐱 = 𝑞(𝐳") becomes a standard normal distribution.

Since this process is prespecified, all the learned parameters are in 
the reverse process. 

26



Diffusion Models: Reverse Process

The reverse process is learned and passes the data back through the latent 
variables, removing noise at each stage. 

A series of networks are trained to map backward between each adjacent 
pair of latent variables 𝐳$ and 𝐳$#!.

The loss function encourages each network to invert the corresponding 
forward step. 

Reverse process 

noise

27



Diffusion Models: Loss function 

The model aims to predict the noise that was mixed with the original data example to create the current variable. 

See Chapter 18.5 of UDL for derivation.

We have rewritten 𝐳$ using the diffusion kernel                                                       in the second line

This leads to straightforward algorithms for both training the model and sampling. 

Reverse process 

noise
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Diffusion Models: Reverse Process

After training, new examples are generated by sampling noise vectors 𝐳"  and 
passing them through the reverse process. 

Finally, generate 𝐱 from 𝑃𝑟(𝐱|𝐳!, 𝝓!)

Sample 𝐳%& from 𝑃𝑟(𝐳%&|𝐳%%, 𝝓%%) and so on 

Sample 𝐳%% from 𝑃𝑟(𝐳%%|𝐳!'', 𝝓!''), 

We start by drawing 𝐳!'' from 𝑃𝑟(𝐳!''). 

…

Reverse process 

noise

29



Diffusion Models - Training

Algorithm - Diffusion model training

Advantages
(i) simple to implement
(ii) naturally augments the dataset; 

we can reuse every original data 
point 𝐱(   as many times as we 
want at each time step with 
different noise instantiations 𝝐

Ho et al. Denoising Diffusion Probabilistic Models. NeurIPS 2020.

https://arxiv.org/abs/2006.11239


Diffusion Models - Sampling

Algorithm - Sampling

Disadvantages
Requires serial processing of many 
neural networks 𝐠$[𝐳$ , 𝝓$] and is 
hence time-consuming!

Ho et al. Denoising Diffusion Probabilistic Models. NeurIPS 2020.

To sample 𝐳$#! ∼ 𝑃𝑟(𝐳$#!|𝐳$ , 𝝓$),
take the mean E𝒛$#! and add to it 
random perturbation 𝝐 with variance 
sigma 𝜎$, akin to drawing a sample 
from a distribution	
Norm𝒛!"# E𝒛$#!, 𝜎$*𝐈
 

https://arxiv.org/abs/2006.11239


Summary

• VAEs
• Can infer a useful latent representation for a dataset
• Better generators than autoencoders due to latent space regularization
• Lower quality reconstructions and generated samples (usually blurry)

• Autoregressive models
• Model data as a sequence → predict the next element/token given history
• Slow generation for long sequences; limited global coherence for images

• GANs
• Can not find a latent representation for a given sample (no encoder)
• Usually better generators than VAEs
• Unstable training

• Diffusion models
• Stable optimization
• High diversity and fidelity
• Flexible conditioning (e.g., ControlNet)
• Scales well with compute

32



Generative Models as Data Generator

• Manual annotation is laborious and expensive
• The size can be small in some classes (long-

tailed) and thus diversity is a problem

rare / novel



Generative Models as Data Generator

𝑋
Discriminative 

Model Label 𝑌
𝑋

Discriminative 
Model Label Discriminative 

Model Label 𝑌

𝑋
Generative 

Model

Richer 
Data

{𝑋!, 𝑌!}

AI Generated AI Generated

AI Generated

Credit: The slide is inspired by Philip Isola’s slide on Generative Models as Data++ 



Generative Models as Data Generator

𝒛



Generative Models as Data Generator

𝒛



Generative Models as Data Generator

𝒛



Generative Models as Data Generator

𝒛6

𝒛7

You can manipulate the latent variable to 
change the visual properties

• Len parameters
• Camara angle
• Motion etc.



Generative Models as Data Generator

MosaicFusion: Diffusion Models as Data Augmenters for Large Vocabulary Instance Segmentation, IJCV 2024

Generative models provide labels 𝑌 too apart from data 𝑋



Generative Models as Data Generator

We can expand existing instance segmentation datasets (rare and novel 
categories) to train a model

MosaicFusion: Diffusion Models as Data Augmenters for Large Vocabulary Instance Segmentation, IJCV 2024



Rise of Foundation Models



What is a Foundation Model?

• Definition: Single model pretrained on large, diverse data for broad tasks
• One general model instead of many task-specific models
• Pretraining on diverse datasets gives broad capabilities
• Performance increases with data, model size, compute (“scaling laws”)
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What We Used to Know

Underfitting - when a model unable to capture the underlying pattern of the data

Overfitting - when our model is too complex and too specialized on a small number  of training data

Early stopping is a common regularization technique to avoid over-fitting

44



Deep Double Descent

Let 𝑝 be the number of parameters of the learner and 𝑛 the number of training data points
• Under-parametrized functions are defined by 𝑝 ≪ 𝑛
• Over-parametrized functions are defined by 𝑝 ≫ 𝑛
• Interpolation threshold is the minimal capacity needed to overfit the training set, 𝑝 = 𝑛

In the modern ML regime, over-fitting is considered beneficial, and over-parametrized functions with high model complexity 
lead to successful generalization.

45Nakkiran et al., Deep Double Descent: Where Bigger Models and More Data Hurt, 2019

https://arxiv.org/abs/1912.02292


Deep Double Descent

• When 𝑝 = 𝑛, the model possesses just enough parameters to over-fit all the training data. However, it also exhibits a 
significant variance, making it unable to generalize

• When 𝑝 ≫ 𝑛, the model has much greater parameters than the number of training data. In this regime, the learner 𝑓𝜽(𝑥) 
continues to over-fit but critically, the L*norm of its parameters 𝜽 *  is significantly minimized by SGD, effectively 
reducing the model capacity (regularization effect).

Credit: Xavier Bresson CS3244 : Machine Learning - Lecture 6 : Regularization Techniques 46



Deep Double Descent

• The double descent learning mechanism is applicable to both non-linear and linear ML 
models.

• This includes techniques such as decision trees, kernel methods, and deep learning.

• The phenomenon is independent of the nature of the datasets involved.

• One important ML principle is that more data provides better results
• Both theory and empirical experiments align on this principle
• However, this trend continually increases the critical threshold 𝑝∗ of required network 

parameters for the double descent phenomenon to manifest.

48



Neural Scaling Law

• Neural scaling law - empirical relationships between
• Model size: Number of parameters.
• Dataset size: Amount of training data.
• Compute: Training steps or FLOPs (floating-point operations per second).

• Performance (e.g., loss or accuracy) improves predictably with increases of the 
above factors.

• Often follows a power law 𝐿	 = 	𝐴×𝑁89 + 𝐵
𝐿: Loss
𝑁: Scaling variable (e.g., model size or dataset size)
𝛼, 𝐴, 𝐵: Empirically determined constants, 𝛼 is the scaling exponent that 
determines the impact of variable

49



Neural Scaling Law

Representation quality, measured as ImageNet finetune and 
linear 10-shot error rate, as a function of total training compute

Scaling vision transformers

Scaling up compute, 
model and data 
together improves 
representation quality

A saturating power-law 
approximates the best 
set of solutions fairly 
accurately

Smaller models (blue 
shading), or models 
trained on fewer 
images (smaller 
markers), saturate and 
fall off the frontier 
when trained for 
longer

50

https://arxiv.org/pdf/2106.04560


Neural Scaling Law

• Observations
• Resources should be proportionally allocated across model size, dataset size, and 

compute.
• Performance gains taper off if additional data is not diverse or useful.
• Large models trained on diverse datasets exhibit strong transfer learning capabilities.
• Larger models may develop new capabilities not present in smaller ones (e.g., language 

understanding or reasoning)

51



Transformers

Ashish Vaswani et al., Attention Is All You Need, NIPS 2017 (from Google)

“Don’t force everything into a single recurrent state. A better 
approach is to keep all past representations and let the model 
attend to them.”

52

https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf


Transformers

Issues with RNN: 

During gradient back-propagation learning of RNN, the gradient can end up being multiplied a large number of 
times (as many as the number of time steps) by the weight matrix associated with the connections between 
the neurons of the recurrent hidden layer. 

If the weights in this matrix are small, the recursive derivative can lead to a situation called vanishing 
gradients where the gradient signal gets so small that learning either becomes very slow or stops working 
altogether 

Contribution from the earlier steps becomes insignificant in the gradient 53



Transformers

(Original) Transformer is an architecture for transforming one 
sequence into another one with the help of two parts (Encoder and 
Decoder).

Transformer advantages:
• Attention-based models allow modeling of dependencies without 

regard to their distance in the input or output sequences 
• Uniform architecture for all modalities
• Emergent abilities with scale – scaling law

54



Transformers

Encoder

Decoder

X

W(k)W(q) W(v)

KQ V

mat mul

scale

softmax

mat mul

Y

Scaled dot-product 
attention 

Multihead attention 

X

self-attentionself-attention ... self-attention

concat

linear

Y

𝐘 = Attention 𝐐,𝐊, 𝐕 ≡ SoftMax
𝐐𝐊⊤

𝐷!
𝐕
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Self-attention

Key, Value, Query (analogy with information retrieval)

Choose which movie to watch in an online movie streaming 
service. 

Each movie is associated with a list of attributes, such as the 
genre (comedy, action, etc.), the names of the leading actors, 
the length of the movie, and so on. The user could then search 
through a catalogue to find a movie that matches their 
preferences. 

The corresponding movie file itself is called a value. 

We could automate this by encoding the attributes of each 
movie in a vector called the key. 

The user could then provide their own personal vector of values 
for the desired attributes, which we call the query. 

value

query

key

I want to watch an action movie tonight

Comedy
Romantic
Cartoon

Action
Sci-fi

Horror
Mystery

59



Self-attention

Key, Value, Query

The movie service could then compare the query vector 
with all the key vectors to find the best match and send 
the corresponding movie to the user in the form of the 
value file.
We can think of the user ‘attending’ to the particular 
movie whose key most closely matches their query. 
This would be considered a form of hard attention in 
which a single value vector is returned. 
For the transformer, we generalize this to soft attention in 
which we use continuous variables to measure the 
degree of match between queries and keys and we then 
use these variables to weight the influence of the value 
vectors on the outputs. 

 

value

query

key

I want to watch an action movie tonight

Comedy
Romantic
Cartoon

Action
Sci-fi

Horror
Mystery
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Self-attention

Self-attention = Scaled dot-product attention 

The output is a weighted sum of the values, where the weight 
assigned to each value is determined by the dot-product of the 
query with all the keys

Information flow in a scaled dot- product self-attention. 
This structure constitutes a single attention ‘head’. 

𝐘 = Attention 𝐐, 𝐊, 𝐕 ≡ SoftMax
𝐐𝐊⊤

𝐷"
𝐕

X

W(k)W(q) W(v)

KQ V

mat mul

scale

softmax

mat mul

Y
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Multi-head self-attention

Multi-Head Self-Attention

There might be multiple patterns of attention that are 
relevant at the same time. 

Using a single attention head can lead to averaging 
over these effects. 

Instead we can use multiple attention heads in parallel. 

These consist of identically structured copies of the 
single head, with independent learnable parameters 
that govern the calculation of the query, key, and value 
matrices. 

X

self-attentionself-attention ... self-attention

concat

linear

Y
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Transformers

Encoder

Decoder

X

W(k)W(q) W(v)

KQ V

mat mul

scale

softmax

mat mul

Y

Scaled dot-product 
attention 

Multihead attention 

X

self-attentionself-attention ... self-attention

concat

linear

Y

𝐘 = Attention 𝐐,𝐊, 𝐕 ≡ SoftMax
𝐐𝐊⊤

𝐷!
𝐕
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Vision Transformer (ViT)

Alexey Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021 64

https://arxiv.org/abs/2010.11929


General-purpose Multimodal Foundation Model

W. Wang et al., Image as a Foreign Language: BEiT Pretraining for All Vision and Vision-Language Tasks, CVPR 2023

Masked data modelling on monomodal (i.e., images, 
and texts) and multimodal (i.e., image-text pairs) data 
with a shared Multiway Transformer as the backbone 
network State-of-the-art performance on a broad range of tasks 

65

https://arxiv.org/abs/2208.10442
https://arxiv.org/abs/2208.10442
https://arxiv.org/abs/2208.10442
https://arxiv.org/abs/2208.10442


Representation Learning

• High-quality representations are the crucial for modern AI.

• Generative models rely on strong encoders:
• text encoders (for prompt understanding)
• vision encoders (for alignment/supervision)
• multimodal embeddings (image–text matching)

• Good representations lead to:
• better generalization
• stronger zero-shot transfer
• more controllable generation (without modality alignment, generative models cannot 

reliably follow instructions.)

66A. Radford et al., Learning transferable visual models from natural language supervision, ICML 2021

https://arxiv.org/abs/2103.00020


CLIP

To generate an image from text, the 
model must understand the text 
prompt. To describe an image with text, 
the model must understand the image.

To align modalities (image ↔ text), the 
model must learn a shared 
representation space.

CLIP: Learn a joint embedding space
for images and text, using large-
capacity models and web-scale
datasets

A. Radford et al., Learning transferable visual models from natural language supervision, ICML 2021 67

https://arxiv.org/abs/2103.00020


CLIP

A. Radford et al., Learning transferable visual models from natural language supervision, ICML 2021

Contrastive learning

The goal is to associate each image with the correct label

Pull together matched pairs while push away unmatched pairs

Reduce pair-wise feature distance
(equivalent to increasing feature 
similarity)

Increase pair-wise feature distance
(equivalent to decreasing feature 
similarity)

68

https://arxiv.org/abs/2103.00020


CLIP

Schuhmann et al. LAION-5B: An open large-scale dataset for training next generation image-text models. NeurIPS’22 69



CLIP

A. Radford et al., Learning transferable visual models from natural language supervision, ICML 2021

Increase feature similarity

Decrease feature similarity

During training, the models are presented with 
batches of  N image-caption pairs.

Multi-class N-pair loss

Encourages the dot product between matching 
image and text vectors to be high, while 
discouraging high dot products between non-
matching pairs.

70

https://arxiv.org/abs/2103.00020


CLIP

A. Radford et al., Learning transferable visual models from natural language supervision, ICML 2021

Zero-shot classification

Prompting the text encoder with class names 
and selecting the class whose embedding is 
closest to the image embedding.

For example, to classify an image, compare 
the embedding of the image with the 
embedding of the text "A photo of a {class}.", 
and the {class} that results in the highest dot 
product is outputted.

71

https://arxiv.org/abs/2103.00020


CLIP

72Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022.

CLIP is not generative by itself; it provides alignment signals that make generation controlled.

https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2112.10752


Unified Multimodal Models

What I cannot create, I do not 
understand - Learn internal 
representations of how the world 
works. Predict, reason and plan 
actions.

Why unifying perception and generation?

• Overall performance improvement 

• End-to-end processing of multiple modalities and 
tasks simultaneously 

• Performance closer to human perception, cognition, and 
behavior

• Information sharing and integration

• Modalities are mapped into a unified state space

• No information is lost when transferring between different modalities
• Different modalities can cross-validate each other

• Scaling

• Construct larger and more diverse datasets for training

• Can safely scale the parameters with overfitting

Generation

Understanding

Generative 
Model

Discriminative 
Model Label

Condition

Unified Model for 
Perception and Generation

Label/Text

Label/Text
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Unified Multimodal Models

BAGEL (ByteDance, 2025) Janus-Pro (DeepSeek, 2025)
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Unified Multimodal Models

Harmon (S-Lab, NTU, 2025) BLIP3-o (Salesforce, 2025)
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Segment Anything Model (SAM) 

Alexander Kirillov et al. Segment Anything. In ICCV, 2023

Mask 
Decoder

Prompt 
Encoder

Mask / Points / Box

Image 
Encoder

SA-1B contains 11M images with 1.1B masks 76



Segment Anything Model 2 (SAM2) 

Alexander Kirillov et al. Segment Anything. 
In ICCV, 2023

Mask 
Decoder

Prompt 
Encoder

Mask / Points / Box

Image 
Encoder

Mask 
Decoder

Prompt 
Encoder

Mask / Points / Box

Memory 
Encoder

Memory
Bank

Memory
Attention

Image 
Encoder

Time

Nikhila Ravi et al. SAM 2: Segment Anything 
in Images and Videos. In ICLR, 2025

Trained on (SA-V) 50.9K videos with 642.6K 
masklets
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DINO – Self-Distillation with No Labels

DINO: Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
DINOv2: Learning Robust Visual Features without Supervision

DINOv3
Image credit: https://robinwu218.github.io/SimDINO/

In the DINO pipeline, an input image is turned 
into patches. 

Then a global view and a local view are 
randomly sampled. 

The global view is pushed through the teacher 
encoder, while the other view is through the 
student encoder.

Different type of losses: 
• Image-level (see DINOv1)
• Patch-level (see DINOv2 and iBOT)

DINOv3: scale pretraining in terms of data and model size

DINOv1

DINOv2
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DINO – Self-Distillation with No Labels

Source: https://ai.meta.com/dinov3/
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