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1. Evaluating Generalizability & Scalability
LIBERO benchmark [5] provides three other LIBERO suites
except for LIBERO-LONG, each of which contains 10 tasks
with 50 demonstrations to evaluate the model’s generaliz-
ability and scalability over certain properties:
• LIBERO-Spatial evaluates the agent’s ability to reason

about spatial configurations about diverse layouts of ob-
jects;

• LIBERO-Object introduces variations in object types
while maintaining the scene layouts, assessing the agent’s
capacity to generalize across object instances;

• LIBERO-Goal evaluates the generalizability over diverse
task objectives given consistent objects and layouts.

Table 1. Average success rates (%) over 50 rollouts on all suites
in LIBERO benchmark. Color intensity is proportional to the
performance level (thicker = higher).

Method Spatial Object Goal Long
π⋄
0 97.2 97.8 91.6 82.0

UniVLA 96.5 96.8 95.6 92.0

π0.5
⋄ 97.6 98.4 97.2 93.2

OpenVLA⋄ 98.2 98.6 97.6 93.8

CLaD (Ours) 97.3 95.7 94.3 94.7
⋄: These results are reported in LIBERO-PRO [8].

CLaD achieves strong performance on long-horizon tasks
(i.e., LIBERO-LONG) but sub-optimal results on short-
horizon tasks focusing on generalization (i.e., LIBERO-
Spatial, Object, Goal), compared to SOTA large VLAs [1–4]
pre-trained on massive demonstrations, such as Open X-
Embodiment [6]. Our results indicate that large VLA mod-
els leverage substantial pre-trained knowledge for strong
in-distribution generalization. CLaD, while having less
background knowledge, demonstrates particular strengths in
knowledge-independent planning based on cross-modal dy-
namics modeling. These findings point to CLaD’s potential
as a building block for scalable robotic planning systems.

2. Visualization of learned foresight.
Figure 1 shows which regions influence CLaD’s predictions
using integrated gradients [7]. The gradient concentrates on
task-relevant objects: heatmaps peak near targets in grasping;
shift between held object and target in placement. We’ve
confirmed that the predicted foresight attends broadly to ob-
ject boundaries. While the resulting heatmaps (see Figure.
1) do not yield precise object boundaries, they consistently
highlight task-relevant objects within the current image. This

Figure 1. Pixel attribution for predicted latent foresight via
Integrated Gradients. Heatmaps show pixel-level contributions
toward the alignment between predicted foresight ẑt+τ and target
embedding. Brighter regions indicate higher attribution scores.
While not yielding precise object boundaries, attributions consis-
tently highlight task-relevant objects, suggesting that the model
leverages semantic features for future state prediction.

qualitative analysis confirms that the model relies on mean-
ingful semantic cues to predict future states, demonstrating
feasible grounding on observations.

The visualizations show concentrated attention around
task-relevant objects: in grasping tasks, heatmaps peak near
target objects; in placement tasks, attention shifts between
the held object and target location. This suggests CLaD
learns spatially grounded predictions rather than relying on
global scene context.

3. Effect of Action-Free Data
Unlike UVA [2], CLaD’s core objective is learning shared
dynamics across modalities via asymmetric cross-attention,
which fundamentally requires action conditioning. Notably,
CLaD already employs stochastic action masking with mask-
ing ratio r = 0.3 to encourage transition inference. To em-
pirically assess action-free data utility, we evaluated Action-
free, Heavy Action Mask (r = 0.9), and Curriculum Learn-
ing (initially action-free, then mask with r = 0.3) variants,
but all underperformed the baseline as shown in Table 2.
We hypothesize that removing action guidance introduces
multi-modal ambiguity and optimization interference, con-
firming that our existing strategy is optimal for maintaining
deterministic, grounded foresight.

Variants Heavy Mask Action-free Curriculum CLaD

Avg. SR (%) 88.2 90.8 85.1 94.7

Table 2. Ablation with action-free training variants.

4. Qualitative Results
Demonstrations on LIBERO-LONG Figure. 2, 3, 4, and
5 visualize representative rollouts for all 10 tasks in LIBERO-
LONG. Green circles mark successful task execution, while
red crosses show failures. We provide a supplementary video
demonstrating LIBERO-LONG tasks.
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Figure 2. Demonstrations on task 1, 2, 3 of LIBERO-LONG.



Figure 3. Demonstrations on task 4, 5, 6 of LIBERO-LONG.



Figure 4. Demonstrations on task 7, 8, 9 of LIBERO-LONG.



Figure 5. Demonstrations on task 10 of LIBERO-LONG.
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