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What is a Vision-Language Model?

2Fig: https://huggingface.co/blog/vlms
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Earlier Attempts: 
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2019
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“Modern”
VLMs:

An Overview 
of the 

Approaches
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Bordes et al., “An Introduction to 
Vision-Language Modeling”, 2024. 
https://arxiv.org/pdf/2405.17247
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CLIP
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2021
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Masking Approaches

6

Fig: Bordes et al., “An Introduction to Vision-Language Modeling”, 2024. 
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GC: Global Contrastive Loss (same as CLIP)

FLAVA
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CoCa 
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Contrastive Captioner (CoCa), 
Yu et al., 2022.

Previously
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Chameleon
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Chameleon: Mixed-Modal Early-Fusion Foundation
Models, Meta, 2024.
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 on CENG501



Approaches Using 
Pre-trained Backbones
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Fig: Bordes et al., “An Introduction to Vision-Language Modeling”, 2024. 
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Frozen
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Multimodal Few-Shot Learning with
Frozen Language Models, 2021
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Flamingo

12

Flamingo: a Visual Language Model
for Few-Shot Learning, Deepmind, 2022

Vision Encoder: Normalizer-Free ResNet (NFNet)
Perceiver Sampler: Fixed # of queries attend to variable 
length of visual tokens. (input images can have 
different resolutions)
LLM: Chinchilla

Previously
 on CENG501



BLIP
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BLIP: Bootstrapping Language-Image Pre-training for Unified 
Vision-Language Understanding and Generation, Salesforce, 2022.

Previously
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BLIP-2
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BLIP-2: Bootstrapping Language-Image Pre-training with Frozen 
Image Encoders and Large Language Models, Salesforce, 2023.

Previously
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BLIP-2
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BLIP-2: Bootstrapping Language-Image Pre-training with Frozen 
Image Encoders and Large Language Models, Salesforce, 2023.

Previously
 on CENG501



Today

• (Deep) Generative Models
• Autoregressive models
• Variational AEs 
• Flow Models
• Generative Adversarial Networks
• Energy-based Models
• Diffusion Models
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Administrative Notes

• Project next steps:
• Milestones:

1.Milestone (April 10, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

2.Milestone (May 4, midnight)
• The results of the first experiment

3.Milestone (June 1, midnight)
• Final report (Readme file)
• Repo with all code & trained models

CENG501
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Overview & Problem Formulation
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Supervised

Instance Label

happy

unhappy

unhappy

happy

unhappy

Unsupervised

Extract 
Features

Learn a 
model

Extract 
Features

Learn a 
model

e.g. SVM

e.g. k-means
clustering

20Plots: https://machinelearningmastery.com/plot-a-decision-surface-for-machine-learning/ & Wikipedia
Facial images from the JAFFE database: https://figshare.com/articles/journal_contribution/jaffe_desc_pdf/5245003 
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GenerativeDiscriminative

Find separating line 
(in general: hyperplane)

Learn a model for 
each class.

21
Figs: learnopencv.com



Unsupervised Learning via Density Estimation

22Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Generative Modeling

• Learning the probability distribution of data

24Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Generative Modeling

• Learning the probability distribution of data

25Figure: https://deepgenerativemodels.github.io/notes/introduction/

𝑝! ≡ 𝑝"#$%&



Why Generative Modeling?

26Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Generative Modeling: State of the Art

• Image Generation -- Midjourney
• https://clickup.com/blog/midjourney-prompt-examples/ 

• Video Generation -- OpenAI
• https://openai.com/index/video-generation-models-as-world-simulators/ 

• Audio Generation -- Stable audio
• https://stableaudio.com/ 

• “World” Generation -- Genie 2
• https://deepmind.google/discover/blog/genie-2-a-large-scale-foundation-

world-model/ 
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Generative Modeling

• Learning the probability distribution of data

28Figure: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



29Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

+ Diffusion Models



ADD THIS

• https://arxiv.org/abs/2512.07829
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Autoregressive Models
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32Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf
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43Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders

44



Autoregressive Models vs 
Variational Autoencoders

45Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Disentangled Representation Learning

46

x(i) ∼ Sim(w(i))

p(x(i)|z(i)) ∼ Sim(w(i))

D = {X, W, Y}
K conditionally 

independent factors

z(i) ∈ RL

Figure: X. Wang, H. Chen, S. Tang, Z. Wu, and W. Zhu. Disentangled representation learning. arXiv preprint arXiv:2211.11695, 2022.



Recap: Autoencoders

47Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Recap: Autoencoders
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Recap: Autoencoders
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Recap: Autoencoders
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Recap: Autoencoders
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Recap: Autoencoders
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Recap: Autoencoders
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Recap: Autoencoders

54Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAEs)

55Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf



Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs): Intractability
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Variational Autoencoders (VAEs): Intractability
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Variational Autoencoders (VAEs): Intractability
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Variational Autoencoders (VAEs): Intractability
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Variational Autoencoders (VAEs): Intractability
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Variational Autoencoders (VAEs)
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Disentangled Representation Learning

89

x(i) ∼ Sim(w(i))

p(x(i)|z(i)) ∼ Sim(w(i))

D = {X, W, Y}
K conditionally 

independent factors

z(i) ∈ RL

Figure: X. Wang, H. Chen, S. Tang, Z. Wu, and W. Zhu. Disentangled representation learning. arXiv preprint arXiv:2211.11695, 2022.



Variational Auto-Encoders and its Variations

90



β-VAE (Higgins et al., 2016)

• β > 1 implies stronger disentanglement*

• Limitations:
• Increased reconstruction loss
• Increased complexity

91



Our Work (Mogultay, Kalkan, Vural, 2024)

• Learnable VAE

• Dimensionwise-learnable VAE

92



Our Work (Mogultay, Kalkan, Vural, 2024)
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Flow-based Models

94



95Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



Background

96Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



Background

97Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



98
Figure: “Normalizing Flows: An Introduction and Review of Current Methods”, 2021.



Normalizing Flow

100Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



101

Figure: ”Variational Inference with Normalizing Flows”, 2016.
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103Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



104Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



105Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



Training

106

Minimize the divergence between estimated distribution and real distribution:

Constant for the dataset
& does not depend on 𝜃



Training

Pseudo-code

1. 𝐱 ←	Sample a batch
2. 𝒛!~	𝑝" 𝒛!	|	𝐱

3. loss: log 𝑝"(𝐱) 	= log 𝑝# 𝐳! + log det $%! 𝐱
$'
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RealNVP (Real-valued Non-Volume Preserving; Dinh et al., 2017)

110Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



RealNVP (Real-valued Non-Volume Preserving; Dinh et al., 2017)

111Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



RealNVP (Real-valued Non-Volume Preserving; Dinh et al., 2017)

112Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/



Normalizing Flows

• Pros:
• Successful results in estimating high-dimensional densities
• Stable training compared to GANs
• Easier to converge compared to GANs & VAEs

• Cons:
• Latent space is not lower-dimensional than the input => may not be useful in 

some applications (e.g., image compression)
• Fails in estimating the likelihood of out-of-distribution samples
• Invertibility may not be guaranteed in practice due to numerical imprecision
• Lower quality generation
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Next Week

• (Deep) Generative Models
• Autoregressive models
• Variational AEs 
• Flow Models
• Generative Adversarial Networks
• Energy-based Models
• Diffusion Models
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