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Conditional latent variable model with K object latents at each

What's the goal? - fin step + separate discovery and dynamicspriors State space model (SSM) & objective Object-centric decompositions (con’t)
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* Shares its K means with
discovery prior

: : sampling-based dynamics loss . . . . . .
* K variances are predicted Ping Y J slots or Jjoin two Into one slot
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for future rollouts Rollout 2

Why is real world + stochastic hard? Rt g . The multi-modal uncertainty
. . . H by the relational net - . . over possible futures grows
* Must handle complex object morphologies. With perceptual over time, causing blurriness to
grouping (aka segmentation)? worsen at the end of rollouts
The predictive model of the world must account for many
possible futures (e.g., due to dynamics uncertainty) Var[s],

We want to capture inductive biases like natural symmetries; o
e.g., learning a single dynamics model shared by all objects
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4.00 |Ei§ I | The object discovery posterior variance (top) is ~uniform
2.00 ‘-ﬂ.nﬁ ‘ ‘ and has low magnitude across latent units and slots.

The dynamics model (bottom) learns to only predict high
s~ Po(se | se-1,ai-1) variance for latent attributes that may change over time.
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Why should we think critically about latent SSM design for the world model?

open/close These two distributions
serve distinct functions
for the object-centric

: world model and their
t-3 variances fit different

aspects of environment
Object dynamics prior stochasticity!

Obiject discovery posterior

Conclusions

What C|O we dO? T | ) 4 ‘; * Next steps

* Training with larger batch sizes and more steps for all models --- should lead to sharper rollouts
* Add ablations

We propose a latent SSM in which the variance for the 1 ‘ | , : ' « RSSM,J, replacing discovery prior with the dynamics model, not sharing the discovery &

dynamics prior means, time-dependent discovery variance vs. time-independent (current), ...

discovery and dynamics distributions are learned | | TN e 2 | = + Multi-modal dynamics
Diversity = 0.002 | & « BMR objective theoretical analysis
separately _ . e ity e : A : | * More environments and baselines
. Table 1: BAIR (Realism / Diversity / Accuracy)

We also introduce the best-of-many rollouts (BMR) (Bost - Wors) | + Takeaways

o ] ] o ] ] Model FVD ({) SSIM (1) SSIM / PSNR (1) . We have introduced a perceptual-grouping based world model for real-world and stochastic
training objective for fitting the dynamics variance : environments

, . VRNN' 472.5 = 15.2 (.089 0.72/19.72

Demonstrate the world model’s effectiveness on real-
world robotic manipulation videos with noisy actions

The proposed model combined with the BMR objective demonstrates an improvement in realism,
OP3 642.3 = 27.2 0.002 0.76 / 21.61 accuracy and diversity of rollouts over OP3

Vs 564.8 + 24.3 0.053 0.79/22.39 Releasing a longer version for a journal soon!
" No object discovery




