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Why Rethink JEPA Target Prediction? Ablation: Selection and Sequence Are Synergistic

Discriminative selection and sequential prediction are synergistic.
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However, its target prediction has two important properties: 72‘0 35‘7 \73°5 3604
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= Uniform: target regions are sampled without explicitly considering their visual importance.
* Independent: multiple target regions are predicted in parallel, without modeling dependencies among them. = Sequential only: an arbitrary sequence can introduce noisy supervision.
= Selection only: informative regions are still treated as independent targets.
Question: Can predictive self—supervised Iearning benefit from an explicit = DSeq-JEPA: selection defines a meaningful prediction path, while sequential prediction learns dependencies

notion of where and in what order to make predictions? along this path.

Ablation: The Prediction Order Matters

DSeq-JEPA: Discriminative Sequential Prediction
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DSeq-JEPA turns JEPA target prediction from an unordered set prediction into a discriminatively ordered

sequence prediction. Stronger Representations Across Model Scales
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1. Where matters. Predicting informative visual regions provides a meaningful target space.
We convert the target encoder’s attention into a compact set of informative, irregular, non-overlapping target 2. Order matters. A semantically grounded sequence creates a structured latent prediction trajectory.
regions. 3. They matter together. Discriminative region selection defines the path; sequential prediction learns along it.

(2) In What Order: Sequential Latent Prediction

DSeqg-JEPA = JEPA + Discriminative Target Selection + Sequential Latent
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