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Figure 1: Overview of ElasticWAM. Left: Fast-WAM omits iterative future refinement, Joint-WAM
densely refines future-video representations at every denoising step, and ElasticWAM adaptively de-
termines when to stop, how far to advance denoising, and which regions to refresh while reusing
cached context. Middle: Real-world long-horizon dual-arm tea preparation under nominal condi-
tions, object replacement, and lighting perturbations. Right: Success rates on RoboCasa-GR1 and
LIBERO-Plus, and inference latency on RoboCasa-GR1.

We evaluate ElasticWAM on LIBERO, LIBERO-Plus, LIBERO-Pro, and RoboCasa-GR1, together
with a four-stage dual-arm tea-preparation task. On LIBERO-Plus, ElasticWAM achieves 73.7%
episode-weighted overall success. On RoboCasa-GR1, it achieves 57.4% success while reducing
inference latency by 32.2%. These results demonstrate that selective imagination can improve control
performance while reducing the computational cost of dense joint refinement.

Our contributions are threefold:

• We identify and study whether selective spatiotemporal refinement can improve both ac-
tion generation and inference efficiency in WAMs, examining how imagined futures can be
refined to better serve downstream control.

• We propose ElasticWAM, an action-guided framework that unifies spatial token selection,
denoising progression, and stopping through a learned refinement-demand field. Trained on
a frozen pretrained WAM using action-prediction supervision, it selectively refreshes future
representations while preserving access to cached context.

• We validate ElasticWAM on four manipulation benchmarks and a long-horizon real-world
dual-arm tea-preparation task, demonstrating the effectiveness of selective future refine-
ment for robot control. The results show that ElasticWAM can improve task success while
reducing inference latency relative to Joint-WAM.

2 RELATED WORK

2.1 FUTURE-AWARE ROBOT POLICIES AND WORLD-ACTION MODELS

Vision-Language-Action (VLA) models typically predict robot actions directly from visual observa-
tions and language instructions (Zitkovich et al., 2023; Kim et al., 2025b; Black et al., 2024). Recent
work instead introduces explicit future reasoning into robot policies. CoT-VLA predicts future im-
ages as visual subgoals before action generation (Zhao et al., 2025), while WorldVLA jointly models
future images and actions within a unified autoregressive framework (Cen et al., 2025). DreamZero
further develops this direction with video-based World-Action Models (WAMs), using predicted fu-
ture dynamics to improve physical generalization (Ye et al., 2026). Such future-aware policies make
world evolution an explicit part of policy inference, but also introduce additional generative compu-
tation. Recent work has therefore explored more efficient forms of future conditioning, for example
by sparsifying video–action interactions while retaining future representations (Zhao et al., 2026).
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