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Token-refresh budget. Among K ∈ {49, 96, 147, 196}, K = 96 achieves the highest overall suc-
cess at 73.71%, while K = 49 remains within 0.87 points (Table 6(b)). Larger budgets of K = 147
and 196 yield 71.71% and 70.92%, respectively. Thus, refreshing more regions does not necessar-
ily improve control; selective refinement achieves stronger aggregate performance in this evaluation.
The best-performing budget also varies across perturbation categories, suggesting that a single fixed
refresh budget may not be optimal across evaluation conditions.

4.4 QUALITATIVE COMPARISONS

Additional precision-sensitive placement comparisons with Fast-WAM and a long-horizon real-world
rollout are provided in Appendix B.

Selective refinement under observation noise. Figure 4 compares Joint-WAM and ElasticWAM
under noisy observations in LIBERO-Plus. Although their action-to-video attention maps show
broadly similar spatial focus, the video representations supplied to the action branch differ. Elas-
ticWAM selectively refreshes future-video representations and retains cached keys and values else-
where, allowing action generation to draw on regional features with different refinement histories.
Similar attention patterns therefore need not produce similar conditioning signals. Retaining earlier
representations may help preserve useful action cues when further denoising produces less reliable
predictions. In the illustrated example, ElasticWAM succeeds with one to three updates per future to-
ken, compared with ten for Joint-WAM. Selective refresh thus reduces video-side computation while
preserving access to the full future context.
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Figure 4: Joint-WAM (top) and ElasticWAM (bottom) under visual observation noise in LIBERO-
Plus. (a) Task outcomes. (b) Action-to-video attention. (c) Per-token future-update counts.

5 CONCLUSION

We presented ElasticWAM, an action-guided framework for adaptive spatiotemporal imagination
in world–action models. ElasticWAM learns which future-video regions to refresh, how far to ad-
vance denoising, and when to stop world refinement. It selectively updates future-video represen-
tations while reusing cached representations of unrefreshed regions through the pretrained action-
conditioning interface. Our results show that effective control does not require refreshing every
future-video region at every denoising step. Across multiple manipulation benchmarks and long-
horizon real-world dual-arm tasks, ElasticWAM improves task success while reducing inference la-
tency relative to dense joint refinement. Future work will investigate state-dependent token-refresh
budgets and more efficient action-denoising schedules, aiming to further reduce inference latency
while maintaining control performance.
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