MultiModal Learning

Al and ML I

Some of the slides are taken from: Matt Gormley



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.

Distinguish VLA action prediction from JEPA representation prediction.
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Overview

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
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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.
i @y
Audio
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Motion

Brain signals
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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

05/77



Why Do We Need Multimodal

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

Yosemite National Park 25, 73 languages
Arlicle  Talx Aagd Edin “iaw history Topls v
Fram Wikipada, he frae encycopadia Coordinaies: [ 3744°33"W faraz1sw @i

[Radmacted fram Yosemita)

“rigernite” redirecls fere. For olher vses, soe Tosemie (disambiguabion).
Yosemite National Park (fjoo'semiil poh-Sem-h-toa®l) is a national park in Califomia #1071 is
bordered on tha southeast by Sierra Maboral Forest and on the northwest by Stanislaus Mabonal
Foresl, The park is managed by the Mationsl Park Sarvice and covers 753,620 acres (1,187 Sq mi;
3,074 k) in four counties = cenbared in Tunlumne and Mariposa, extending north and asst o Mana
and south ta Madera Designated a Warld Herilage Sie in 1884, Yosemile is inlemationally recognized

Yosemite National Park

UGN catagany Il (natiorsd pandl!
P ——

{or its granite clifts, watarfalls, clear stroames, giant sequoia groves, lakas, mountaing, maadows,

1
glaciers, and binkagical diversisy %] Almest 95 parcant of tha park is designated widermess. = Yosemite Iy Y
& one ol the largest and least ragmented habitat blocks in the Sarra Movasda, | SEV'E re ca rd iﬂ m ega l.v Rading ra ph Shows
Itz gaciogy is cherastanzad by granite and ramnants of oldar rock. About 10 milkon years aga, 1ha . B . = H
Sipra Mevada was uplitted and tiled %o orm its wnique slopes, which increased the steapnass of 15 nDtEd n the Image p IE ura I Eﬁu sion In
stream and river beds, forming daep, narmaw canyons. Abaut ona milkan years aga glacars formed &t Yosamila Walkay fram Tunnel View Wlt h en |argEd . ‘th erig ht_ .
hirmhar riaurdinne. Thee minved downslnna. catfnn &ga seuinbinn the | -shamad Yrsramita "'.I'R“F'a'ls' '.\ &

Data is often inherently multimodal
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Common multimodal tasks

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

Language | really like this tutorial

Vision - Multimodal ML ‘ or @
O Unsupervised,
Q Self-supervised,

O Supervised,
d Reinforcement,

Acoustic
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Learning challenges

Alignment, representations and generalization



Core challenges in multimodal learning

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

4. Translation

How can we generate one modality from another? A caption must describe an image faithfully, although
many captions may be valid.
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Challenge 1: Representation

Learn representations that capture interactions between elements across modalities.

Individual elements:

Modality A A\ It can be seen as a “local” representation
or
Modality B @ representation using holistic features

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.

A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
— mountain in the background,

-

T e
! — e o .
A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.
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Challenge 3: Fusion

Combine evidence from different

. o e Early fusion:
modalities for a joint prediction.

Modality A (HEEN )

S sanannn m ©
Concatenate

Early fusion combines features Modality B [immm )
before prediction.

Late fusion:

\
Late fusion combines predictions Modality A (NN
from separate models.

Modality B [ )
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Challenge 4: Translation

Generate one modality from another while preserving the relevant information.

3
-,
4

o

An armchair in the shape of an avocado

L4
D
=)
14
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Fusion and coordination

Fusion Coordination

Zy
| . Modality A A [Elrld NN
Modality A A BEAELE S NN }c
Closer homogeneit*_-.r[ m 1111 4 I
Modality B @ [EILEEL Sy HEEN ) Modality B . encoder §
fe | %8
B

Fusion combines features to predict Coordination retains separate
jointly. representations and relates them.
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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

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

Common benchmarks for VLMs include

Visual reasoning:

Visual grounding:

Visual question
answering:

Caption generation:

given an image (or a pair of images) determine if some natural language
statement about the image(s) is true or false

locate an object in some image given a natural language description

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

create natural language descriptions of content of some image
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VLM tasks: visual reasoning

Given one or two images and a statement,
predict true or false.

Reasonlng can require counti ng, comparison The left image contains twice the number of dogs as the
and rel ationships. right image, and at least two dogs in total are standing.

Example benchmark: NLVR2.

One image shows exactly two brown acorns in
back-to-back caps on green foliage.
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VLM tasks: visual grounding

Given an image and a referring
expression, locate the intended

Object. RefCOCO:

1. giraffe on left
2. first giraffe on left

Descriptions may use position,
appearance or relationships.

RefCOCO+:
1. giraffe with lowered head
2. giraffe head down

RefCOCOg:
1. an adult giraffe scratchingits
“ s backwithits horn
=% 2. giraffe hugging another giraffe

Example benchmarks: RefCOCO,
RefCOCO+ and RefCOCOg.

19/77



VLM tasks: visual question answering

Given an image and a question, Who is wearing glasses? Where is the child sitting?
predict an answer man woman fridge arms

Questions can ask about objects,

actions, locations or quantities.

Is the umbrella upside down? How many children are in the bed?
yes no

The answer must depend on the
visual evidence.
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VLM tasks: caption generation

Given an image, generate a

description of its content. - ~~  Ground Truth Caption: A little boy runs away from the
approaching waves of the ocean.

Generated Caption: A young boy is running on the beach.

Several captions may correctly
describe the same image.

Compare reference and generated
captions for missing or incorrect
details.

Ground Truth Caption: A brunette girl wearing sunglasses
and a yellow shirt.

Generated Caption: A woman in a black shirt and sunglasses
smiles.
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VLM architecture: from images to generated text

Text Decoder

Encode the image and text as embedding vectors. T

Projected visual tokens concatenated to text embedding tokens

Project visual features into the language model’s input T I

dimension. Multi.modal Text Embeddings
Projector

A decoder-only transformer predicts the next text Image Encoder

token. .[

Encoder options: discrete visual tokens (VQ-VAE) or continuous visual E ||

features (CLIP).
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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.

“

A dog sitting
in a field

—

—

Image

Encoder

Text

Encoder

Image
Embedding

|

Text
Embedding
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A paired training batch

Bﬂii{gﬂ*::g;';;'i:‘:ﬂe' B = {I:-{J_'_I Tl)v (12: :'!”_:'} L [:ff"-": TT:"'J}
" N matching pairs, N(N — 1) other pairs

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

Batch with Mimage-

Caplion pairs —= I, + |Image Embedding

— I

| Imane I

The image encoder extracts visual features.

The text encoder summarizes the token sequence.

Their output dimensions may differ.

[" = ImageEncoder(image 1)

T = TextEncoder(text 7)
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Projection into a common dimension

oy e JProl _

Batch with Mimage- T Text Embedding ?

caption pairs — I, + ImageEmbedding

m;-: T]}l'{)j
e i

Learned linear maps put both feature vectors in d dimensions.
Projection weights belong to the trainable model.

Shared dimensionality makes the similarity calculation possible.

W ]E‘ll(

o enc
— WTT?

c R?

Rd
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Unit-length embeddings

JPro ]
Er-I:::IEr ;
Vol l i = '
— g |27
Batiz;::é:r;;r:se- | _ T Text Embedding l }-}]_[}] 2
— _'[I1 = Ilmage em Ing
T,

i T e
| = SR
LB | L]l = || T3]l = 1

Normalization removes vector magnitude from the score.
The normalized embeddings are denoted 12 and T2 .

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

cos(1;, 1) = I;'TT.I'

Taxt

o Pl l

R Intuition only, not the CLIP loss:
Batch with N image- _ —
I _ — I InT [ TaTe IoTy T
*! I.h ™ Encoder m = IpTy Iy IxTy - IpTy max E ITT E E ITT
| | ! ! If_]- j 1
— I Ty Twe Tuy - T T N } —Tv‘[ 1 |

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

o Ll l L, o I'T.
TBEREE logit for pair (7, j) = -2

Batch with Mimage- ,},—
caption pairs

— I Ln LTy LTy - Iy

—n | o B an - n, T >0, logit scale = —

l:-| |
| Image T
Mh Encoder Iz Ty IpTy I3y - IpTy

smaller 7 = sharper softmax

Iy TyTy TyTa IyT; - T T

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

Tawt
Encadar
Pl l . .
nonon - rows: [y,....In columns: 17,.... Ty
Batch with Mimage-
caption pairs - P S B

I'Ty)7 - I[Ty/7]
— I, LT, | IyTs I.Ty LT, : .. .
m*! I.L'i - e n o onn A - INT)7 -

Iy TyTy TyTa IyT; - T T

! ;l_ T‘.\:’ / T

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

S T prr(t matches 5 | I;, Th, ..., Ty)
Balthi-;'z!lhgipﬁap:e- [ T i T T ] _ CK}Z}(IITT} /T)
caplion pairs — e LT IE - I _ __.'\v-' .
HE—— S exp(I] Ti/7)
== I Zp;-y(:i matches j | I, Th,...,Ty) =1
J=1

Fix image i and compare all N candidate texts.
The numerator scores candidate text j; the observed match has j = .

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

Temt
Encadal
C 1
§ | S " ffT = —log prr(i matches ¢ | I;, Ty, ..., Tw)
atch with Mimage-
caption pairs — I, [Ir.rl G | B | 1.1""'.'-1] N |
1 % exp(l,'T;/T
REREEE L =~ 3" g ORI T/
EI.EE; — 1 I IpTy IzTa IzpTy - IgpTy o =1 Z}_| pxl}('{? T}'/T)
— Iy yTy IyT IyTy - Iy Ty

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

Encadar 1 l ]
. l
T Ta Tz Ty
Batch wilh Wimage- p—
caplion pairs .
— I, | L, I 1,7,
— iz fply | LaTa Iplg LaTy
Image
Encoder I3 IpTy | IzTe  IpTy I Ty
— I, IyT | Iy IyTs Iy Ty
| —

Fix text i and compare all N candidate images.
The softmax now runs down a column.

The observed matching image remains image i.

Lyp=—

pri(i matches j | T3, [y, . ... Iy)

N

exp(l Ti/7)
v Z;:l exp(I]T;/7)

i=1
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The symmetric CLIP objective

Tant
Erzadar l 1 1 l
T T L - Thi
Batch with Mimage-
caplion pairs
— I T, I, T, IT, = Ty
— I Taly  dpTa IpTy TaTy
l:',f
| Image
Mh Encodsr Iz Ity IpT; IxTy - IpTy
— Iy TyTy TyTa IyT; - T T

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.

log

N
Imax E
i=1

+ log

equivalently: min Lcpp =

exp(L' T} /7)

2.

o1 exp(1 T /7)
exp(L' T;/7)

2.

rexp(]Ty/7)
L+ Lrpy

2
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CLIP: conditional matching probabilities

" exp(L'T;/7) exp (L'T;/7)

0o

max log + log
Z (E)Z‘ cexp(L'T;/7) Z lexp(ITT/’r

1=1

Two conditional probability distributions

exp(L'T:/T
pr f( matches j ‘ LT, ....,Ty) = o P f jT / ) Image-to-text: softmax over text
o exp(L Ty /T) columns.
exp(I! T;/7) . .
J U Text-to-image: softmax over image

prr(t matches j | T3, 1y, ..., In) = —5
( ‘ S e[ T rows

Maximize the log-likelihood of the matched pairs in both directions:
N
Z[](J” prr(i matches ¢ | I, T, ..., Tw) + log prs(i matches i | T;, Iy, ..., Iy)]
i—1
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Worked example: a batch of two

Toy logits favor the matching pair in each row

and column. )
IRTT!

T

141
. . e 10 2
For image 1, the correct-caption probability is i =1
._]_
. . . € -
about 0.953 prr(1 matches 1| I1,T1,T5) = ~ (0.953
el + el
,Cj]‘ ~ ().0878, ﬁ’f; ~ (.1657

ﬁ(,‘:up ~ ().1267

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.

PfT = —logprr(i matches 7 | I;, Ty, ..., Ty)
oeI
K = prp(i matches 7 | I, Ty, .. .. Tv)—1[7 =1
Q(L,TT_J,-/T) prr( J | L, T, ,T'v) J |

J=1: pr—1<0
J#F1: prr =0
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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.

| = normalize(image_encoder(images) @ W_L.T)
T = normalize(text_encoder(tokens) @ W_T.T)
logits = (1 @ 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. o

field —_—
Encoder

Batchwith M image-

Similar samples can become false negatives. caption pairs

ml"!-
R
i Image

A caption can describe only a subset of
visible content.

I,-T,

I,T,

RE

I35

I1'TN

Iy Ty
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Example: a compatible caption becomes a negative

Two paired examples in the same training batch

Image 12 Image 12

.

Iz Match Negative

Iz Negative Match

T2 “A dog on a beach.” T2 A dog outdoors.” Both off-diagonal captions fit the
images, but the loss treats them as

Dataset pairing defines the target; semantic compatibility can be negatives.

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

Text Embedding 1
Text
e [ Tawr Embadding 2

Encoder

Text Ernbedding 3

Image Ima
; e
Encoder Embedding

Write a prompt for each candidate class.
Encode the prompts and the new image.

Choose the class with the highest compatibility score.

1; = normalized embedding of class prompt 2

y = argmax prr(1 matches ¢ | Iy, T
I

= dal'g 11nax
]

exp(y Ti/7)

Z;;] exp(I) T;/7)
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Class probabilities and a toy prediction

Candidate prompts define the possible

classes. prr(1 matches ¢ | 11,14, ...,TN)
Softmax converts scaled similarities into a B exp( ILTT;/T)
distribution over that list. Z;\_l C‘{})UTT-/T
T T T
: — ).25
Changing the class list can change the [I] 11, I] 13 ]1 T% [ 29,0 10]
probabilities. T=01 = 0.574,0.348,0.078]
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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.

ﬂ‘"”‘) = normalized embedding of template m for class ¢
M ()

’U' Zm— 1

1 ZM T(m)

M m=1 "1
Yy = arg Illcl}af T,

1

T; =

2
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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
answetr.
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Extensions and variations



Extensions of the CLIP idea

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.
1
max 0g
A sigmoid loss replaces row and column Z Zl 1 + explt J”( -wI-TT- + b)}
softmax normalization. T
B { 1= -) IIlrlt(hlIl“ pfm)
The bias helps handle the imbalance between (}1 1erwise

positive and negative pairs. w = exp(w') b learnable
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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.

Severe cardiomegaly

is noted in the image
with enlarged...

—

Image
Encoder
(ResNet50)
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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.

Contrastive
Vision Encoder

A projection adapts those features for the

Gemma |anguage mOdel' SigLIP: 400M Vision Model
o
“Where is the % g
. photographer {28
The language model predicts output text resting?” 23

{2

conditioned on image and prompt.

uonoaload reaury

Gemma:
2B Language Model

| Transformer
Decoder

Lpear eardog @ uo 8a1) @ J9PUN Y20WWEeY B uf,
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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
Text Embedding 1 .
Text candidate class.

# Text Embedding 2

Text Embedding 3

A photo of a dog

A photo of acat | el

A photo of a fish

Encoder

Encode all prompts and the test

image.
m Image Ima i PIP
_ ; ; ge No target-task classifier is
“ Encoder Embedding trained.
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Zero-shot classification: compare similarities

_ Compute cosine similarity with
Text Embedding 1
Text each class prompt.

# Text Embedding 2

Text Embedding 3

A photo of a dog

A photo of acat | el

A photo of a fish

Encoder

Predict the class with the

Score classes by computing cosine similarity highest score

between the image and text embeddings

m Image Image Compare the prediction with a

“ g Encoder I Embedding reference label.

55/77



Zero-shot classification: a numerical example

Use frozen encoders and candidate class prompts. Temperature 2 = 0.2

Text
Dog 0.8 4

Aphoto of a cat | el Enenasr mll- | Text Embedding 2 29 19,
. o

A photo of a fish Text Embedding 3

Cat 0.6 3 26.5%
Score classes by computing cosine similarity
between the image and text embeddings
Fish 0.0 0 1.3%
- _.' Encoder _.‘ Embedding ) ; |
“ prr(1 matches 1 | Iy, Ty, 15, T})
o
Toy unit-length embeddings (2-D) = — ; ~ ().721
L= (10, T =(0.800) e’ +e +1
Ty = (0.6,0.8), T3=(0,1) Predicted class: dog
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Zero-shot classification: example predictions

A photo of 2 dog

A photo of a cat

A photo of a fish

K3
fund

g Encoder |[mm g

Zero-Shot Classification

Text Embedding 1

Text Embedding 2

Text Embedding 3

Score classes by computing cosine similarity
between the image and text embeddings

Image Image

Embedding

Compare the predicted class with its reference label.

MMIST
cormet label; 7 cormect rank: A0 comect prebability: 85.32%

phota of the nember: *2°,

phota af the nwmber; *1°,

phota of the nember; 6%,

phota af the Aumbear: *4°,

[ Einl 40 B3 no inn

PatehCamelyon (PCam)
carrect label: healthy lymph nede tissur correct rank: 22 carmect probakbility: 22.81%

is @ phato of lymph nade fumoe b

L
£ty
Er, ¢
L |
ato of healthy ymph node tissue
.
i

1 g

[ 0 41 a0 :11] 1no
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Text-to-image retrieval

A photo of a dog

Score images by computing cosine similarity
between the image and text embeddings

A®a

Image

» ﬂ“ amn 4 Encoder |umm

Image Embedding 1

Image Embedding 2

Image Embedding 3

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

4~ Search for images

dogon a beach

Text Text Humber of results
A photo 672 4o . Encoder P Embeddi ng 1

Score images by computing cosine similarity
between the image and text embeddings

sl AL
e - _b Encoder _P Image Embedding 2
ﬂ Image Embedding 3

Query: “dog on a beach”. Inspect the ranking and relevance of the returned images.

|mage Image Embedding 1
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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.

templates = [

'a photo of a {}.',

'a blurry photo of a {}.',
black and white photo of a {}.',
low contrast photo of a {}.',
high contrast photo of a {}.',
bad photo of a {}.',
good photo of a {}.',
photo of a small {}.',
photo of a big {}.',
photo of the {}.',
blurry photo of the {}.',
black and white photo of the {}.',
low contrast photo of the {}.',
high contrast photo of the {}.',
bad photo of the {}.',
good photo of the {}.',
photo of the small {}.',
photo of the big {}.',

o o o oo oo oo oo oo
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Evaluating medical VLMs

Classification Zero-shot classification Visual grounding
——
Magatve prompt Patient 1 CDHSU”U:’;?ESHI'T?H the
Mo {Fathology right lung”

Input Image

Feural EMeion 's_» &

’i .

i crmaizsa (8
s ectess . . :mla:]tzid @ @
(] ImageNet Pretraining [6) ConVIRT Pretraining i 1
Segmentation Text-to-image retrieval Natural language inference

Breast wmor surnsundec oy fat

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

What the robot sees
and what it should do

Vision-language

backbone

Visual and language
representations

Robot action
commands

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.

Vision-Language Model (VLM)

Generate subgoal using (fine-tuned) VLM models

“Clean up
= the table”

Sensory inputs

Text

- * __,  Subgoal
VLM

Controller

Infer action from Inverse Dynamics Model (IDM) /
Text  Goal-conditioned RL, IL (GCRL, GCIL)

subgoal —
“Put the crayon

=]

m T
) = o thebowl”

wa

Action
. * — Action
IDM / GCRL /
GCIL

Sensory inputs ——
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A synthesized VLA architecture

Input Feature Encoding

Visual Language Backbone

“Put the
dishes away"
unidirectional flow
(multimodal output tokens)

Interleave/project state
with output tokens

Proprioceptive State
State (t) encoder ~ ——+

Specialized Action Head Continuous

Outputs
. 1L
Recursive - )
trajectory [TITTITTH
generation OITTTTTTT
ITTTTTTTT]
Woised Action TTTIIILL
Trajectories EEsEEEEEE

At

(A1) I ITTTT]

[TTTTTTT1]

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,
GROOT, @ 0.%nd Helix 02;
implementations differ.
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RT-2: training a VLM to output actions

Web image-text tasks

Captions and question answering

Co-fine-tuned Action tokens
vision-language model 1128 91241 ...

Robot demonstrations

Image, instruction and action

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

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

2% of%
e~ 2" =

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 AEEEIEE tafget
representation

Prediction loss

Target-region
representation

Full input —>  Target encoder >

The prediction loss compares features. The target encoder follows a moving average of the context
encoder.
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JEPA: The Original Blueprint

Pred(s,, Z) X, y: two r§lated observations. .
Pred(s;, 2) S s sk their learned representations.
Pred: predict the target representation.
‘ID(SyrSy)‘
Yy
- z: a choice among possibilities that x alone cannot
@-Ca EI]C(y) 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)

context

encoder predictor

Py -

DV R ———

target
encoder
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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

Y

o 2
Hidden
region

The learned prediction is a feature vector for the hidden region.

1. Encode visible patches.

2. Predict features for the
target location.

3. Match the target
encoder’s features.

i E i
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JEPA for video and robot planning

V-JEPA learns visual representations by Current state + candidate actions
predicting masked video features.

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

world model

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

Predicted future state

Compare with an image goal
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