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JEPAs

Focusing “too much” on slow features

Encoder: 𝑓𝜃 maps observations 𝑜𝑡 to latent embed-
dings 𝑧𝑡
Dynamics: 𝑇̃𝜙 maps current latent state 𝑧𝑡 and action
𝑎𝑡 to next state latent 𝑧̂𝑡+1

Prediction Loss:
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Bisimulation Encoder
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dynamics similarity

[Pablo Castro, AAAI 2020]
1-Wasserstein Distance: 𝑊1
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Discount factor: 𝛾 ∈ [0, 1]

Zoom on our architecture

PCA-based Variance Covariance Reg.

Representation Collapse Avoidance

∙ Variance Invariance Covariance Reg. (VICReg)
∙ Sketched Isotropic Gaussian Reg. (SIGReg)

Prevents collapsing “slow” features via bisimulation

We do VICReg in the PCA basis of the current batch

Planning

Goal-reaching cost:
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∙ CEM-MPC: Sample candidate action sequences over a
planning horizon 𝑇 = 5 and roll them out through the
learned latent transition model.
∙ Action selection: Rank candidate sequences using the
terminal latent-space cost 𝐶 (

𝑤̂𝑇 , {𝑎𝑡}𝑇−1𝑡=0
) and select the

minimum-cost sequence.

Generalization Bound

Cost-to-go:
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where 𝑧𝑡+1 ∼ 𝑃𝜋(⋅ ∣ 𝑧𝑡).
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∙ Planning-cost differences between two latent states grow
at most linearly with the horizon, as  (

𝑇𝑑𝜋(𝑧, 𝑧′)
).

Numerical Illustration

NC: No change, SC: Slight background change , C: Color gra-
dient background, LC: Large color change, LCG: Large color
gradient change, and D: moving distractors.

Domain Randomization (DR):

Key Takeaway


