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Outline

This talk will go through the following ideas.

1. Representation learning

2. JEPA [Assran et al., 2023] in the context of prior
representation learning work

3. JEPA Extensions for Images, Audio, Video, Robotics

Few remarks

↭ We assume the class is generally aware of standard machine
learning and deep learning terminology.

↭ We start with image modality for representation learning
because it has been the driving force in literature.
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Representation learning

Here, we try to learn a representation z → Rk for every datapoint x
by learning a function f such that,

fω : x ↑ z

. For almost every technique, this function is parameterized by ω.
ω is learn by minimizing a loss function over the full dataset.

Major schools of thought for di!erent representation learning
techniques:

↭ Supervised representation learning
↭ Unsupervised / Semi Supervised representation learning

↭ Invariance based
↭ Reconstruction based
↭ Clustering based
↭ Joint Embedding Predictive Architecture
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Notation

↭ D is used as the dataset of images for every slide.

↭ ε is used as a distance metric.

Abuses of notation:

↭ ε is used as a distance metric (similarity materic) between
images ε(x1, x2); xi → D or between representations
ε(z1, z2); zi = fω(xi ). Please infer it from context.

↭ Some functions (gε, frϑ), eventhough parametric, are witten
without the parameter (g , fr ).
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Supervised representation learning

Intuition: The best representation would be the best way to
represent datapoints for a downstream task. Start with a dataset

D = (X ,Y ) with datapoints (x , y) → D. Consider a task head g in
addition to the f .

z = fω(x) ŷ = g(z)

ω = argmin




∑

x ,y→D
ε(y , ŷ)







Supervised representation learning

Intuition: The best representation would be the best way to
represent datapoints for a downstream task. Start with a dataset

D = (X ,Y ) with datapoints (x , y) → D. Consider a task head g in
addition to the f .

z = fω(x) ŷ = g(z)
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Data pyramid



Invariance based representation learning

Intuition: The representation of an image should be invariant
under certain changes to the image. Start with a dataset x → D.
Let hi : x ↑ x

i be a function that would make changes to the
image appearance. Let H be a set of such functions.

ω = argmin

(
∑

x→D

∑

zi

ε(z0, zi )

)

ω = argmin

(
∑

x→D

∑

h→H
ε(fω(x), fω(h(x)))

)

Representation collapse?
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Invariance based representation learning

Figure 1:



Reconstruction based representation learning

Intuition: Given a good part of an image, the masked/corrupted
part of an image could be reconstructed.
Start with a dataset x → D. Let fm : x ↑ x̄ be a function that
would mask a portion of x . Let fr : z̄ ↑ x̂ be a function that
would reconstruct the image.

ω = argmin

(
∑

x→D
ε(x , x̂)

)

ω = argmin

(
∑

x→D
ε (fr (fω(fm(x)), x)

)

Here, we mask, embed/represent, reconstruct and compare the
result to the original image.
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Reconstruction based representation learning

Figure 2:



Clustering based representation learning

Intuition: Images of a similar group (cluster) should have similar
representation. Start with a dataset x → D. For every x , there is

cluster information D
+
x which is the cluster of data points in the

same cluster as x , and D
↑
x = D ↓ D

+
x .

ω = argmin

(
E
y→D+

x
[ε(fω(y), fω(x))]

)

AND

argmax

(
E
y→D→

x
[ε(fω(y), fω(x))]

)
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What would we dislike in a representaion learning

algorithm?

↭ Supervisory labels.

↭ Preset augmentations.

↭ Representation collapse.

↭ Image reconstruction.

↭ Unreliable labels (clustering).
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A representaion learning work we like!

(Optimization problem)



I-JEPA Architecture

Figure 3:



A representaion learning framework we like!

(Architecture decisions and Representation collapse)



I-JEPA Architecture

Figure 4: I-JEPA Architecture

The Image-based Joint-Embedding

Predictive Architecture uses a single

context block to predict the representations

of various target blocks originating from the

same image. The context encoder is a

Vision Transformer (ViT), which only

processes the visible context patches. The

predictor is a narrow ViT that takes the

context encoder output and, conditioned on

positional tokens (shown in color), predicts

the representations of a target block at a

specific location. The target representations

correspond to the outputs of the

target-encoder, the weights of which are

updated at each iteration via an exponential

moving average of the context encoder

weights



Context Encoder

To obtain the context, a single block x with scale (0.85, 1.0) and
mask Bx is processed by the context encoder fω to produce the
representation sx = {sxj}j→Bx

.
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Target Encoder

To produce targets in the I-JEPA framework, an input image y is
converted into N non-overlapping patches and passed through a
target-encoder fω̄ to obtain patch-level representations
sy = {sy1 , . . . , syN}, from which M blocks are sampled such that
the i

th block’s representation is defined by the mask Bi as
sy (i) = {syj}j→Bi

.
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Predictor

For a specific target block, the predictor gϑ uses the context
representation sx and mask tokens {mj} to generate the
patch-level prediction ŝy = {ŝyj} = gϑ(sx , {mj}).
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Putting them all together



JEPA Loss



JEPA Main Results (Image Classification)



JEPA Other Results
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