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Backgrounds on Representation
Learning



What is a Representation?

- Raw data is high-dimensional &
unstructured.

- Captures meaningful semantic
factors.

- Representation = transformed, - Enables learning and

structured form. generalization.

Object:
a cat

5 action:
Compress Disentangle

wearing a sunglass

scene:
beach

Raw data

Entangled Representation Disentangled Representation
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Why Learn Representations?

- Reduce dimensionality.

- Remove noise and redundancy.

- Enable transfer across tasks.
- Capture underlying structure.

- Support interpretability.
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Predictive Tasks

- Examples:

- Classification

Regression

- Goal: predict target from input.

Detection / Segmentation

- Or even, complex reasoning tasks

Representation must be task-relevant and environment-shift robust
Evaluated by accuracy / error.
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Generative Tasks

- Goal: model or generate data.
- Examples:

Image / text generation

Inpainting, super-resolution
Diffusion / VAE / GANs

- Representation should capture data structure, if we desire contraollability.
Evaluated by fidelity, diversity, likelihood.
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A Latent Generative Perspective of Observational Data

Hypothesis — A Generative Perspective: Image-text pairs (or generally speaking,
observations) are generated from a shared latent space (scene semantics,

attributes, viewpoint, linguistic intent); our goal is to learn representations that
align with this latent space.

Observations

Features
Latent Variables
=gl Predictive — Invariant Features
Model

L | Disentangled Semantics

This guy shows a
> |beaming face. Hel > —> Causal Mechanisms

is a young adult.

Human face image from the CelebA-HQ dataset
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Motivation of Vision-Language
Modeling




Why Vision-Language Models (VLMs)?

- Machines see pixels (i.e., unstructured data) but often lack semantic
understanding; Language provides semantic structure and abstraction.

- Goal: learn a meaningful, modality-shared representation, that Enables
interpretable prediction & reasoning, e.g., retrieval, zero-shot, captioning, etc.

Captioning
Shared Embedding Space

Image — Vision Encoder} Grounding
Text — Text Encoder Serosshot
mimage  text Retrieval
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Families of VLMs

Image
Encoder

" Contrastive

Push for similarity

Text
Encoder

h for dissimilarity

A photo of a bird
A photo of a dog

Aphoto of a cat

Contrastive-Based VLMs

Fill masked images given text

Fill masked texts given image

Text-to-Image

Generator

Aphoto
ofadog

{Generative } |

Image-to-Text
Generator

Sopejo

ojoyd v

Florian Bordes, et al., 2024, An Introduction to V

ision-Language Modeling
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=G Image 23 Multimodal Large-Language
2L Encoder g2
23 w8 Models (MLLM)
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Aphoto »
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Encoder | g
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