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1. Building Consistent World Models

We aim to build world models that generate videos that are consistent with past observations in an
efficient and scalable manner
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Immediate (1-3 Frames)

Pretrained 12V diffusion model
for high-quality generation
conditioned on immediate past.
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4. Memory as Product of Experts

SHORT-TERM
EXPERT (ST)

Short-Term (10-100 Frames)

Models local dynamics and fine

details over a moderate context,

using architectures like Mamba.
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2. Different Approaches to Memory

5. Key Enabler -

6. Spurious Modes

Combined
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Spurious likelihood modes get amplified if simultaneously present in different

Combine independent diffusion models at sampling time by adding up experts ——> We can remove them in the CFG way:
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3. Can We Combine Them?

Memory could be distributed, not centralized

| e Do not force one backbone to solve all temporal scales

%\, e Use a composition of specialized memory experts for

different parts of the history

7. Experiments

Accurate predictions Long-Term Memory Planning Capability
Can the composition of experts make Does the TT-Learning of the long Does the composition help with planning? We
more accurate predictions? term memory contribute? investigate the NWM setting:
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