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SUMMARY: THE PARADIGM SHIFT
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JOINT-EMBEDDING PREDICTIVE
ARCHITECTURE (JEPA)
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WILL THAT WORK OUT OF THE BOX?

Consider: Ambiguous Futures? Degenerate Solutions? Metric in Latent Space?
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VICReg: Direct Collapse Prevention (VCReg)

THE PROBLEM: COLLAPSE THE SOLUTION: VICReg (VCReg)
A. Variance Collapse  B. Maintaining Variance C. Informational Collapse D. Decorrelation
(Problem) (Solution) (Problem) (Solution)
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Vectors become ' vectors out across Vectors distinct& Maximizes
identical & redundant. © Zero feature spread. non-redundant. i feature variety.
SUMMARY: VCReg terms ensure vectors are Liotal = Linv(Z,Z") + [Lvar(Z) + Leov(Z)]
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diverse (spread out) and unique (independent). VCReg



ANTI-COLLAPSE IN CONTRASTIVE LEARNING
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Input variety is lost.

NEGATIVE PAIR REPULSION (Solutlon)
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LeWorldModel
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Sufficiency

Lemma 3: Hyperspherical Cramér-Wold

Let X,Y be R%-valued random vectors, then

, X) 2 (u,Y), Vu e8! e xZv.

Convergence in distribution also holds. (Proof in Section B.8.)




Sufficiency

Lemma 3: Hyperspherical Cramér-Wold

Let X,Y be R%-valued random vectors, then

, X) 2 (u,Y), Vu e8! e xZv.

Convergence in distribution also holds. (Proof in Section B.8.)

Q: What is the univariate distribution obtained by
projecting a isotropic Gaussian into a unit-norm vector?



LeWorldModel

Definition 2: SIGReg (PyTorch code in algorithm 1)

SIGReg sketches a statistical test T towards isotropic Gaussian

SIGRegy (A {folxa)y) = 77 ) THa™ folen}y),

ach
(SIGReg)

where we recommend the Epps-Pulley test (Section 4.2.3) for
T.




LeWorldModel
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LeWorldModel
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LeWorldModel
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Thank you!
See you Monday!



