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Learning objectives

Explain how modalities complement or contradict one another.

Derive CLIP training and zero-shot prediction.

Compare CLIP variants and choose suitable VLM evaluation protocols.
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Distinguish VLA action prediction from JEPA representation prediction.



Overview
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Multimodal foundations

Challenges of multimodal learning

Vision–language models and benchmarks

CLIP: architecture and training

CLIP extensions and variations

VLM evaluation

Vision–language–action models

Joint-Embedding Predictive Architectures



What is a modality?

A modality is a form of observation or communication.
A model may combine sensory, language, physiological and environmental signals.
Different modalities may describe the same underlying event.
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Example modalities

Modality Typical representation Example information

Text Tokens or embeddings An instruction or description

Image Pixels or patches Shape, color and spatial layout

Audio Waveform or spectrogram Speech, sound and tone

Video Frames over time Motion and event order

Depth / motion / sensors Point clouds or time series Distance, pose and physical state
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Why Do We Need Multimodal

The human experience of the world is multimodal, so we need AI systems capable of simultaneously
processing diverse input modalities.

Data is often inherently multimodal
06 / 77



Common multimodal tasks

Task Input Output

Retrieval Text query Ranked images

Captioning Image Description

Visual question answering Image + question Answer

Conditional generation Text or other context Image, audio or video

Action prediction Vision + instruction + state Action
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Multimodal Machine Learning
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Learning challenges

Alignment, representations and generalization



Core challenges in multimodal learning
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1. Representation
How can we encode different signals while preserving useful information? Pixels, tokens and waveforms have
different structures.

2. Alignment
Which parts of the inputs correspond? Match words to image regions, or synchronize speech with video
events.

3. Fusion

How can we generate one modality from another? A caption must describe an image faithfully, although
many captions may be valid.

4. Translation

How should we combine evidence across modalities? Use complementary cues and handle conflicting or
missing inputs.



Challenge 1: Representation

Learn representations that capture interactions between elements across modalities.

Representations can describe a local element or the complete input.
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Challenge 2: Alignment

Find which words, image regions or time segments correspond to one another.
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Challenge 3: Fusion

Combine evidence from different
modalities for a joint prediction.

Early fusion combines features
before prediction.

Late fusion combines predictions
from separate models.
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Challenge 4: Translation

Generate one modality from another while preserving the relevant information.
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Fusion and coordination

Fusion combines features to predict
jointly.

Coordination retains separate
representations and relates them.
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Fusion Coordination



Vision–language models

Architectures, tasks and benchmarks



Vision–language models

VLMs learn relationships between visual content and language.

Contrastive models score image–text compatibility.

Generative VLMs produce text conditioned on images and a prompt.
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Two architecture families

Aspect Dual encoder Image-conditioned language model

Inputs Image and text, encoded separately Visual features and text prompt

Output Compatibility score / embedding A sequence of text tokens

Training example Paired image and caption Image, instruction and response

Typical use Retrieval and zero-shot classification Captioning and question answering
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VLM: Tasks
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Visual reasoning: given an image (or a pair of images) determine if some natural language
statement about the image(s) is true or false

Visual grounding: locate an object in some image given a natural language description

Visual question
answering:

given an image (or images), respond to arbitrary, potentially open-ended
questions about the content.

Caption generation: create natural language descriptions of content of some image

Common benchmarks for VLMs include



VLM tasks: visual reasoning
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Given one or two images and a statement,
predict true or false.

Reasoning can require counting, comparison
and relationships.

Example benchmark: NLVR2.



VLM tasks: visual grounding
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Given an image and a referring
expression, locate the intended
object.

Descriptions may use position,
appearance or relationships.

Example benchmarks: RefCOCO,
RefCOCO+ and RefCOCOg.



VLM tasks: visual question answering
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Given an image and a question,
predict an answer.

Questions can ask about objects,
actions, locations or quantities.

The answer must depend on the
visual evidence.



VLM tasks: caption generation
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Given an image, generate a
description of its content.

Several captions may correctly
describe the same image.

Compare reference and generated
captions for missing or incorrect
details.



VLM architecture: from images to generated text
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Encode the image and text as embedding vectors.

Project visual features into the language model’s input
dimension.

A decoder-only transformer predicts the next text
token.

Encoder options: discrete visual tokens (VQ-VAE) or continuous visual
features (CLIP).



IMAGE ENCODERS: CLIP



CLIP: the central idea

Contrastive Language–Image Pre-training
learns from paired images and text.

The encoders place compatible inputs near
each other in an embedding space.

The same encoders support retrieval and
classification through text prompts.
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A paired training batch

Each image has one designated text partner in this batch.

Paired inputs in B share the same index i.

Every other cross-pair becomes a candidate negative.
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The two encoders

The image encoder extracts visual features.

The text encoder summarizes the token sequence.

Their output dimensions may differ.
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Projection into a common dimension

Learned linear maps put both feature vectors in d dimensions.

Projection weights belong to the trainable model.

Shared dimensionality makes the similarity calculation possible.
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Unit-length embeddings

Normalization removes vector magnitude from the score.

The normalized embeddings are denoted I� and T�.

The dot product now equals cosine similarity.
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Cosine similarity and training intuition

A larger cosine indicates stronger directional agreement.

Matched pairs should receive higher scores than competing pairs.

The unnormalized expression is intuition, not the CLIP training objective.
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Temperature and logits

Temperature controls the sharpness of the softmax.

A smaller temperature magnifies score differences.

The positive logit scale is 1/�.
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All image–text scores at once

Rows index images. Columns index texts.

Matrix multiplication creates every candidate pairing.

The desired partner for row i and column i lies on the diagonal.
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Image-to-text probabilities

Fix image i and compare all N candidate texts.

The numerator scores candidate text j; the observed match has j = i.

The denominator includes the positive and all competing texts.
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Image-to-text cross-entropy

The target for image i is caption i.

Negative log probability penalizes a low score for that target.

Average over every image in the batch.
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Text-to-image probabilities

Fix text i and compare all N candidate images.

The softmax now runs down a column.

The observed matching image remains image i.
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The symmetric CLIP objective

Both directions use the same score matrix and encoders.

Maximize the sum of the two matching log-likelihoods.

The equivalent training loss is their negative average.
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CLIP: conditional matching probabilities

Two conditional probability distributions

Image-to-text: softmax over text
columns.

Text-to-image: softmax over image
rows.

Maximize the log-likelihood of the matched pairs in both directions:
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Worked example: a batch of two

Toy logits favor the matching pair in each row
and column.

For image 1, the correct-caption probability is
about 0.953.

The symmetric loss is about 0.1267 nats.
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What the gradient changes

For a positive pair, the score gradient is negative.

For a competing pair, the score gradient is positive.

Gradient descent therefore favors the observed match.
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One CLIP training step

1. Encode, project and normalize paired inputs.

2. Form the scaled similarity matrix.

3. Compute cross-entropy in both directions.

4. Backpropagate and update trainable
parameters.

I = normalize(image_encoder(images) @ W_I.T)
T = normalize(text_encoder(tokens) @ W_T.T)
logits = (I @ T.T) / tau
labels = arange(N)
loss = (CE(logits, labels)
        + CE(logits.T, labels)) / 2
optimizer.zero_grad()
loss.backward()
optimizer.step()
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Batch negatives and imperfect captions

Larger batches provide more candidate
negatives per image.

Similar samples can become false negatives.

A caption can describe only a subset of
visible content.
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Example: a compatible caption becomes a negative

Two paired examples in the same training batch

Image I� Image I�

T�: “A dog on a beach.” T�: “A dog outdoors.”

T� T�

I� Match Negative

I� Negative Match

Both off-diagonal captions fit the
images, but the loss treats them as
negatives.Dataset pairing defines the target; semantic compatibility can be

broader.
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Example: a caption omits visible information

Caption: “A dog on a beach.”

The image also shows a green ball, breaking
waves and a reflection.

The caption describes the dog and setting,
but leaves those details unmentioned.

The contrastive objective rewards a
compatible match without explicitly
supervising every detail.
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Zero-shot classification with text

Write a prompt for each candidate class.

Encode the prompts and the new image.

Choose the class with the highest compatibility score.
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Class probabilities and a toy prediction

Candidate prompts define the possible
classes.

Softmax converts scaled similarities into a
distribution over that list.

Changing the class list can change the
probabilities.
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Prompt templates and ensembling

A template gives class names linguistic context.

Different templates can produce different class embeddings.

Average normalized template embeddings, then normalize again.
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What CLIP learns and misses

CLIP learns reusable image–text compatibility.

Global alignment can miss counting, negation and object relationships.

Its embedding can support a larger system, but CLIP alone does not generate an
answer.
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Extensions and variations



Extensions of the CLIP idea

What changes? Example Main purpose

Training implementation / scale OpenCLIP Reproducible contrastive models

Pairwise objective SigLIP Sigmoid rather than batch softmax

Training domain ConVIRT Images paired with medical reports

Connection to language generation BLIP-2, LLaVA Visual features condition a language
model
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OpenCLIP: reproducible contrastive learning

OpenCLIP provides open training code and model checkpoints.

Studies vary dataset scale, architecture and training compute.

A shared objective does not guarantee identical downstream behavior.
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SigLIP: a pairwise sigmoid objective

Each image–text pair receives a binary match
label.

A sigmoid loss replaces row and column
softmax normalization.

The bias helps handle the imbalance between
positive and negative pairs.
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Domain adaptation: ConVIRT

Pair medical images with their
accompanying reports.

Use cross-modal contrastive learning to
learn image representations.

Domain terminology and subtle findings
create different supervision demands.
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BLIP-2: a learned bridge to a language model

A trainable Q-Former extracts useful visual information.

The image encoder and language model remain frozen in the proposed recipe.

A second stage connects the visual representation to language generation.
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LLaVA: visual instruction tuning

A projection connects vision-encoder features to a language model.

Alignment training teaches the connector to expose visual information.

Instruction tuning trains responses to image-based user requests.
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PaliGemma: a contrastive encoder plus an LLM

A SigLIP vision encoder supplies visual
features.

A projection adapts those features for the
Gemma language model.

The language model predicts output text
conditioned on image and prompt.
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Evaluating VLMs



Evaluating VLMs: four questions

What output does the model produce?

What information and adaptation does the protocol allow?

Does the metric measure the intended capability?

Does the result survive controlled changes to the inputs?
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Zero-shot classification: encode the candidates

Write one prompt for each
candidate class.

Encode all prompts and the test
image.

No target-task classifier is
trained.
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Zero-shot classification: compare similarities

Compute cosine similarity with
each class prompt.

Predict the class with the
highest score.

Compare the prediction with a
reference label.
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Zero-shot classification: a numerical example

Use frozen encoders and candidate class prompts.

Toy unit-length embeddings (2-D)

Temperature � = 0.2

Class Cosine Logit Probability

Dog 0.8 4 72.1%

Cat 0.6 3 26.5%

Fish 0.0 0 1.3%

Predicted class: dog
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Zero-shot classification: example predictions

Compare the predicted class with its reference label.
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Text-to-image retrieval

Encode the text query and
candidate images.

Score images by their cosine
similarity to the query.

Rank the candidates from
highest to lowest similarity.
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Text-to-image retrieval: a search example

Query: “dog on a beach”. Inspect the ranking and relevance of the returned images.
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Prompting VLMs: textual and visual prompts

Textual prompts Visual prompts

Templates place the class name in context. A visual mark can direct attention to a region.
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Evaluating medical VLMs

Classification Zero-shot classification Visual grounding

Segmentation Text-to-image retrieval Natural language inference

Premise: Previously-seen pneumothorax is
no longer visualized.

Hypothesis: No pneumothorax is seen.

Entailment
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Vision–language–action models

Connecting visual understanding and language to robot control



Vision–language–action models

A VLA model uses visual observations and a language instruction to predict robot actions.

Camera image
Language instruction

Vision–language
backbone

Robot action
commands

What the robot sees
and what it should do

Visual and language
representations

Motion, rotation,
gripper and stop
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VLA approaches

Three approaches connect vision and language to robot control.

VLM / LLM as a high-level planner

Image / video generative models as a high-level planner

End-to-end vision-language-action models
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VLM / LLM as a high-level planner

VLM / LLM as a high-level planner

Use semantic knowledge of a VLM to solve long-horizon robotic tasks.
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A synthesized VLA architecture

Images and instructions
provide scene and task
information.

Robot-state features describe
the robot’s configuration, such
as joint positions.

The illustrated action head
refines noisy trajectories into
continuous actions,
conditioned on both inputs.

Conceptual synthesis of OpenVLA,
GR00T, �0.5 and Helix 02;
implementations differ.
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RT-2: training a VLM to output actions

Web image–text tasks
Captions and question answering

Robot demonstrations
Image, instruction and action

Co-fine-tuned
vision–language model

Action tokens
1 128 91 241 …

Robot demonstrations connect observations and instructions to robot commands.

At inference, decode action tokens, execute a command, and observe again.
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VLA example: put the red block in the bowl

Illustrative task: observe, predict a command, execute it, and observe again.

1. Observe and grasp 2. Move toward the bowl 3. Release the block
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Joint-Embedding Predictive Architectures

Learning representations by predicting missing information



JEPA: prediction in representation space

Predict a target representation from the available context.

Visible context Context encoder Predictor Predicted target
representation

Full input Target encoder Target-region
representation

Prediction loss

The prediction loss compares features. The target encoder follows a moving average of the context
encoder.

73 / 77



JEPA: The Original Blueprint

x, y: two related observations.
s�, s�: their learned representations.

Pred: predict the target representation.

z: a choice among possibilities that x alone cannot
determine.

Example: a car at a fork can turn left or right.
Different z values represent those alternatives.

Vary z over Z: the blue region is a set of possible
predicted features.

Low prediction error is not enough: retain feature information and limit what z can carry.
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V-JEPA (Bardes et al., 2024)
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I-JEPA example: predicting a hidden region

The predictor uses visible context and the target location.

Visible context Full image for target encoder

Hidden
region

1. Encode visible patches.

2. Predict features for the
target location.

3. Match the target
encoder’s features.

The learned prediction is a feature vector for the hidden region.
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JEPA for video and robot planning

V-JEPA learns visual representations by
predicting masked video features.

V-JEPA 2-AC adds actions as inputs to
predict how a scene changes.

A planner can compare predicted
outcomes with an image goal and select
an action sequence.

Current state + candidate actions

Action-conditioned
world model

Predicted future state

Compare with an image goal
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