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Figure 7. Illustration of the effect of our CDS kernel in one iteration. The heatmap of the kernel is on the left. The warmer the color, the
higher the kernel value. We can see the corresponding views on the right-hand side. The closer (in the latent space) the views are, the higher
the correspondence value in the kernel (View 10 & 12). Meanwhile, views with further distance but containing important information can
also be related to the update (e.g. the kernel has a relatively high value between (View 8 & 10). In this way, the information about the
occluded area (e.g. View 8, where the hole of the left trash bin is visible) can be propagated to the update of other views (e.g. View 12,

where the hole is completely occluded).

First Term: Gradient of the Kernel (V) k(z(¥), z(9)))

This term serves several critical purposes in the kernel-
based updates:

1. Repulsive Force to Maintain Diversity:

Y, k(z),20)) = _%(z@) — DYk, 20))  (23)
The term (z(*) —z(/)) computes the directional vector point-
ing from z() to z(Y). The negative sign ensures that the gra-
dient drives z(") away from z(/), creating a repulsive effect
between similar latents. This repulsion prevents all latents
from collapsing into a single representation, ensuring suffi-
cient diversity among the latent representations for different
views.

2. Propagation of Occlusion Information: When a
view j contains visible information about an occluded area,
its latent z(/) contributes gradients to the update of z(¥)
through this term:
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If zU) is close to z(?, the kernel k(z(*), 20)) will be large,
amplifying the influence of z) on z(*). This ensures that
visible details in z() are propagated into the occluded rep-
resentation z ().

3. Modulation by Kernel Weight: The term
k(z®,29)) modulates the strength of the gradient, en-
suring that only nearby latents significantly influence z(*.
Mathematically, the magnitude of the gradient is propor-
tional to the similarity between z(Y) and zU), as measured
by k(z®,z()).

Second Term: Kernel Weight (k(z(?,z0)))

This term determines how much influence view j has on
view 7 in the kernel-weighted noise prediction:
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1. Weighted Contribution of Nearby Views: The ker-
nel k(z?), z(9)) assigns higher weights to views j with sim-
ilar latents z) to z("), ensuring that these views have a
stronger influence on the noise prediction for view 7. This is





















