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RoboCasa-GR1 further reveals the performance–efficiency trade-off. ElasticWAM improves suc-
cess by 2.4 percentage points while reducing inference latency by 32.2% relative to Joint-WAM.
Compared with Fast-WAM, it achieves higher success but incurs additional latency. These results
indicate that selective iterative refinement can improve control performance while avoiding the full
computational cost of dense joint updates.

Table 1: LIBERO success rates (%).

Method Spat. Obj. Goal Long Avg.
π0.5

(Physical Intelligence et al., 2025) 98.8 98.2 98.0 92.4 96.9
LingBot-VA (Li et al., 2026) 98.5 99.6 97.2 98.5 98.5
Motus (Bi et al., 2025) 96.8 99.8 96.6 97.6 97.7
Fast-WAM (Yuan et al., 2026) 98.2 100.0 97.0 95.2 97.6
Joint-WAM (Yuan et al., 2026) 99.6 99.4 98.2 96.8 98.5
ElasticWAM (Ours) 99.4 99.6 98.0 98.2 98.8

Table 2: LIBERO-Pro success rates (%).

Method Obj. Pos. Sem. Task Avg.
π0.5

(Physical Intelligence et al., 2025) 96.0 20.8 95.8 0.8 53.4
OpenVLA (Kim et al., 2025b) 93.0 0.0 97.3 0.0 47.6
X-VLA (Zheng et al., 2025) 79.0 0.8 96.8 6.8 45.9
Fast-WAM (Yuan et al., 2026) 78.0 1.0 83.2 15.8 44.5
Joint-WAM (Yuan et al., 2026) 84.5 6.3 96.2 24.2 52.8
ElasticWAM (Ours) 85.6 8.4 97.7 24.7 54.1

Table 3: LIBERO-Plus success rates (%). Table 4: RoboCasa-GR1.

Method Cam. Rob. Lang. Light Backg. Noise Layout SR.

UniVLA (Bu et al., 2025) 1.8 46.2 69.6 69.0 81.0 21.2 31.9 42.9
OpenVLA-OFT (Kim et al., 2025a) 56.4 31.9 79.5 88.7 93.3 75.8 74.2 69.6
π0 (Black et al., 2024) 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
π0-Fast (Pertsch et al., 2025) 65.1 21.6 61.0 73.2 73.2 74.4 68.8 61.6
WorldVLA (Cen et al., 2025) 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0
Fast-WAM (Yuan et al., 2026) 18.8 45.7 70.1 83.2 45.7 29.8 62.7 49.1
Joint-WAM (Yuan et al., 2026) 37.5 64.5 93.0 95.0 55.9 47.3 79.6 66.3
LingBot-VA (Li et al., 2026) 40.9 83.0 86.4 82.3 53.1 64.4 76.2 69.5
ElasticWAM (Ours) 52.1 76.3 95.5 95.1 60.0 61.1 81.4 73.7

Method Latency (ms) ↓ Avg.

π0.5

(Physical Intelligence
et al., 2025)

80.52 37.0

Fast-WAM
(Yuan et al., 2026)

331.1 54.9

Joint-WAM
(Yuan et al., 2026)

572.6 55.0

ElasticWAM (Ours) 388.2 57.4
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Figure 3: Real-world long-horizon tea-preparation results under nominal conditions, lighting pertur-
bations, and cup replacement. Progress score (PS) measures the average fraction of the four stages
completed; success rate (SR) measures full-task completion. Both metrics are reported as percent-
ages, with higher values indicating better performance.

Figure 3 summarizes the real-world results under nominal conditions, lighting perturbations, and
cup replacement. ElasticWAM achieves 50% full-task success under both nominal conditions and
lighting perturbations, compared with 30% for Joint-WAM. Under cup replacement, both methods
achieve 30% success, while ElasticWAM attains a higher progress score of 47.5% versus 35.0%.
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