






Fig. 6. Ablation of latent action and VQ-VAE action co-training
under data and compute-rich settings. Simulation results indicate that these
modalities show no performance gains over the cross-embodiment baseline.

Fig. 7. Ablation of FAST token co-training on a broad mix of robot and
standard vision-language (VL) data. FAST co-training along with VL data
fails to improve overall performance and degrades generalization on unseen
tasks compared to the VL-only co-training baseline.

1st-phase training improves performance on unseen tasks, and
(2) incorporating latent actions during the 2nd-phase provides
no additional bene�t. These results suggest that the bene�ts
of latent action 1st-phase training out of two phases may stem
from increased computation rather than genuine knowledge
transfer. To investigate this, we design a data- and compute-
rich setting, comparing two policies: (a) Cross-embodiment
co-training baseline: 1st-phase trained on all robot data (TRI-
Ramen and OXE-Ramen), and 2nd-phase on TRI-Ramen; this
baseline is equivalent to the two-phase 1st-phase-only co-
training with cross-embodiment data without latent action co-
training. (b) Latent action three-phase co-training: (i) train
on latent actions from all video data, (ii) train on all robot
data for continuous actions, and (iii) train on TRI-Ramen.
Notably, the only difference between these two methods is
that the latter includes an additional initial training phase on all
video data. As shown in Fig. 6, the added initial latent action
training phase provides no bene�t in this data- and compute-
rich setting.

Given that prior works [10, 5, 13] highlight the utility of
latent action pretraining in a low target-robot-data regime,
we further explore its effectiveness across varying scales of
robot data, ranging from single-task to the full robot dataset.
Fig. 8 shows that latent action 1st-phase training improves
performance in the low target-robot-data regime, but these
bene�ts diminish as the quantity of �ne-tuning robot data
increases.

B) VLM-generated Annotations: (1) As shown in Fig. 4E
and 5E, co-training with VLM-generated annotations for
human videos improves robustness to DS, generalization to
unseen tasks, and language following, with no statistically
signi�cant change in in-distribution performance. (2) In two-
phase co-training (Fig. 5E), continuing to incorporate these
annotations during the 2nd-phase enhances language-following

performance, particularly for unseen objects. We attribute
this bene�t to the rich diversity of motions, objects, and
environments in human videos, which is absent from TRI-
Ramen. Joint training during the 2nd-phase allows the model
to maintain this broader world knowledge, rather than narrow-
ing to the distribution of target robot data.

Discrete Robot Action Tokens Co-training. A) FAST
Tokens: Our results suggest that FAST token co-training fails
to improve performance across all dimensions and degrades
generalization on unseen tasks (Fig. 4G). Prior works [33, 22]
show that FAST token co-training could improve performance
when pretrained on a broad mix of robot and standard VL
data. To examine this claim, we compare three approaches:
(a) VL + Ramen-OXE-Ramen FAST: 1st-phase training on
all robot data using FAST tokens, alongside VL data. (b) VL
+ TRI-Ramen FAST: 1st-phase training only on TRI-Ramen
using FAST tokens, alongside VL data. (c) VL-only: 1st-phase
training with VL data only. All methods employ an identical
2nd-phase: continuous action learning on TRI-Ramen through
�ow matching, with standard VL data co-training.

As illustrated in Fig. 7, FAST token co-training fails to
improve overall performance and degrades generalization on
unseen tasks. However, including OXE-Ramen during the
1st-phase signi�cantly outperforms training on TRI-Ramen
alone, indicating that FAST co-training might prove bene�cial
when scaled to substantially larger robot datasets, though it
remains ineffective at our current data scale. We attribute
this to the nature of FAST tokens as near-lossless action
representations: co-training with FAST tokens may bias the
VLM backbone toward learning precise action mappings rather
than generalizable features.

B) VQ-VAE Discrete Action Tokens: (1) VQ-VAE discrete
action token co-training yields marginal improvements on
unseen tasks but slightly degrades performance under DS
(Fig. 4H). (2) Incorporating VQ-VAE tokens during the 2nd-
phase of two-phase co-training provides no additional bene�t.

Similar to latent action co-training, we examine its effective-
ness in a data- and compute-rich setting by comparing a cross-
embodiment co-training baseline against VQ-VAE discrete
action three-phase co-training policy that begins with learning
VQ-VAE discrete action tokens on all robot data during the
1st-phase. As illustrated in Fig. 6, VQ-VAE co-training yields
no improvement in this regime.

Summary. (1) Co-training with diverse VL data and cross-
embodiment robot data substantially enhances the model's
generalization to DS, unseen tasks, and language-following
capabilities. Notably, owing to their information richness,
co-training with standard VL data and language annotations
for human videos bene�ts both 1st-phase and 2nd-phase co-
training, whereas language annotations for robot trajectories
and cross-embodiment data are primarily effective during 1st-
phase in two-phase co-training. (2) Across all the effective
co-training data modalities, standard VL data, VLM-based
language annotations for robot data, and language annotations
for human videos are the most bene�cial. These three speci�c
modalities are all in the form of diverse VL data, suggesting
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