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Abstract

This report synthesises findings from 13 peer-reviewed papers ad-
dressing the following research question: How does the integration of
auxiliary loss functions in Video-JEPA compare to other self-supervised
learning methods (e.g., MoCo, SimCLR) in terms of robustness against
temporal perturbations on. 12 claims were extracted from source litera-
ture; 1 was independently verified against retrieved documents. An au-
tomated multi-reviewer quality assessment produced a score of 4.1/10.
This report is a machine-generated literature synthesis and does not
constitute original research.

1 Introduction

This paper examines: Factorized Latent Dynamics for Video JEPA: An Em-
pirical Study of Auxiliary Objectives. Research question: How does the
integration of auxiliary loss functions in Video-JEPA compare to other self-
supervised learning methods (e.g., MoCo, SimCLR) in terms of robustness
against temporal perturbations on Something-Something V2, as measured
by accuracy retention when fine-tuned on downstream tasks?.

2 Methodology

Systematic literature search across multiple databases yielded 13 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 4.1/10.

3 Results

13 papers retrieved. 12 claims extracted; 1 independently verified. Quality
review score: 4.1/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative

information.

5 Extracted Claims

Claim

Verified Confidence

Motion-Guided Masking improves all reported
metrics in the UCF-101 setting (-+0.30 pp D-48,
-+0.14 pp IN-100, +1.38 pp SSv

Kinematic variants degrade D-48 by 2.5-2.9
points while improving IN-100 by 1.5-1.7 points.
FWM-HW-LD achieves +5.92 percentage points
on ImageNet-100 and +3.21 percentage points
on SSv2 while remaining close to

LD-JEPA achieves 4+5.02 pp on SSv2, the largest
temporal reasoning gain in the table.

10 of 14 methods lose >5 points on ImageNet-
100, and pixel-prediction objectives (AC-JEPA,
FAC-JEPA) are particularly we

LD alone boosts SSv2 (+5.02) but hurts Ima-
geNet and Diving-48.

FWM alone boosts ImageNet (41.88) but hurts
SSv2 and Diving-48.

FWM+LD without hard weighting performs
poorly on ImageNet (-10.14).

The full FWM-HW-LD combination gives the
most balanced result in this ablation.

The +40-45 point improvement confirms kine-
matic regularization encodes strong temporal
structure.

The encoder produces a fixed 768-dimensional
embedding that must simultaneously encode (1)
what objects are present and

Auxiliary objectives that emphasize temporal
structure often coincide with weaker appearance
discrimination.
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