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Abstract—Large behavior models (LBMs) have shown strong
dexterous manipulation capabilities by extending imitation learn-
ing to large-scale training on extensive multi-task robot data,
yet their generalization remains limited by the insufficient cov-
erage of available robot data. To expand this coverage with-
out costly additional data collection, recent work increasingly
relies on co-training: jointly learning from target robot data
and heterogeneous data modalities. However, how different co-
training data modalities and training strategies affect policy
performance remains poorly understood. We present a large-
scale empirical study examining five co-training data modalities—
standard vision-language data, dense language annotations for
robot trajectories, cross-embodiment robot data, human videos,
and discrete robot action tokens—across single- and multi-phase
training strategies. Our study leverages 4,000 hours of robot
and human manipulation data and 50M vision–language samples
to train vision-language-action (VLA) policies. We evaluate 89
policies over 58,000 simulation rollouts and 2,835 real-world
rollouts. Our results show that co-training with various forms of
vision-language and cross-embodiment robot data substantially
improves generalization to distribution shifts, unseen tasks, and
language following, while discrete action token variants yield no
statistically significant benefits. Furthermore, combining effective
modalities produces cumulative gains and enables rapid adap-
tation to unseen long-horizon dexterous tasks via fine-tuning.
Together, these results provide a systematic understanding of co-
training and practical guidance for building scalable generalist
robot policies.

Project page:https://co-training-lbm.github.io/

I. INTRODUCTION

Robot learning is increasingly moving toward generalist
models that can perceive, understand, and act in the physical
world. Recent efforts have focused on training large behavior
models (LBMs) [1]—embodied foundation models trained on
large-scale multi-task robot datasets—to produce dexterous
manipulation policies. Within this family, vision-language-
action models (VLAs) [37, 100, 21, 6, 33, 67, 5] are a
representative subclass of LBMs that integrate visual and
linguistic inputs for action generation. Despite progress, LBMs
still lag behind non-embodied foundation models, such as
vision-language models (VLMs) [32, 16, 65, 73], in semantic
and spatial understanding and in open-world generalization.
This limitation can be attributed to the significant disparity in
data scale [25]: robot data is orders of magnitude smaller than
the internet-scale text and image corpora used to train VLMs.

To bridge this data gap, many recent works [33, 44, 5, 39,
13, 61, 84] use co-training—jointly learning target robot (i.e.,
the deployment embodiment) data alongside heterogeneous
data modalities: standard vision-language data [33, 99, 98, 39],
dense language annotations for robot trajectories [92, 44,
93, 84, 61, 11], cross-embodiment robot data [1, 50, 48,
69, 37, 38], human videos [10, 13, 88, 52, 90, 36], and
discrete robot action tokens [93, 22, 35, 33]. However, current
studies typically evaluate only a subset of these modalities
using inconsistent experimental setups, leaving the empirical
effectiveness of co-training largely unexplored.

In this work, we systematically investigate how different
data modalities and co-training strategies affect policy per-
formance through large-scale experiments toward a generalist
LBM. We adopt a VLA architecture consisting of a pretrained
VLM backbone and an action head. Our model is trained with
flow matching [46, 49] to predict continuous robot actions and
next-token objectives for discrete tokens. An overview of our
study is illustrated in Fig. 1.

We evaluate five major co-training data modalities: (1) Stan-
dard vision-language data, vision-language (VL) supervision
for commonsense and spatial reasoning; (2) Dense language
annotations for robot trajectories, scripted captions derived
from heuristic action templates and VLM-generated descrip-
tions; (3) Cross-embodiment robot data, demonstrations
from robot morphologies other than the target embodiment;
(4) Egocentric human videos, where video frames are paired
with either learned latent action tokens or VLM-generated
annotations; and (5) Discrete robot action tokens, where
continuous robot actions are compressed through frequency-
based methods (e.g., FAST [58]) or vector quantization-based
methods (e.g., VQ-VAE [72]).

We also study strategies for incorporating these modalities
at different training phases (i.e., rounds of training with
distinct data compositions) and examine whether combining
useful co-training modalities yields cumulative performance
gains. Additionally, we probe whether co-training improves
the quality of the learned policy representations—i.e., whether
it provides better inductive priors that enable more efficient
fine-tuning on unseen long-horizon, dexterous tasks.

Our policies are evaluated in both simulation and real-world
settings. In total, we train and compare 89 VLA policies using
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Fig. 1. Overview of the data, model architecture, and evaluation setup. Our policy is built on a pretrained vision-language model backbone combined with
an Action Flow Transformer. It is trained on target robot data alongside heterogeneous co-training modalities, including standard vision-language data, dense
language annotations for robot data, cross-embodiment robot data, human videos, and discrete robot action tokens. We evaluate policies in simulation on seen
and unseen tasks, under nominal conditions and distribution shifts, and in the real-world for language following, and long-horizon dexterous manipulation.

about 4,000 hours of robot and human manipulation data plus
50M vision-language samples. The policies are assessed over
58,000 simulation rollouts across seen and unseen tasks, in
nominal and distribution shift (DS) settings, and over 2,835
real-world rollouts covering language following and long-
horizon dexterous tasks.

Taken together, our results provide practical guidance for
co-training LBMs. In summary: diverse vision-language data
and cross-embodiment robot data consistently improve gen-
eralization to distribution shifts, unseen tasks, and language
following, while discrete action token variants give no benefit;
combining effective modalities yields cumulative performance
gains and enables more efficient adaptation to unseen long-
horizon dexterous tasks via fine-tuning; and training only
on robot data erodes the VLM backbone’s visiolinguistic
representations while effective co-training maintains them.
Through controlled large-scale experiments, our findings es-
tablish which co-training signals and strategies are most useful
for building scalable generalist robot policies.

II. METHOD

In this section, we first introduce our co-training framework
in Section II-A, including the problem formulation, model
architecture, and our co-training and inference strategies. We
then describe in Section II-B how the target robot data and

diverse co-training datasets are curated for this study.

A. Co-training Framework

1) Problem Formulation: Our objective is to learn a policy
πθ that can leverage diverse co-training data modalities. The
policy πθ takes as input a sequence of n images I1:n and a text
prompt ℓ. For continuous robot actions, the model is trained
with flow matching (FM) [46, 49] as the learning objective.
Specifically, given an action chunk At, a FM timestep τ ∈
[0, 1], and sampled noise ϵ ∼ N(0, I), we construct a noised
action chunk as Aτ

t = τAt + (1 − τ)ϵ. The model is then
trained by minimizing the loss:

LFM =
∥∥πa

θ

(
I1:nt , ℓ, Aτ

t , τ
)
− (At − ϵ)

∥∥2 , (1)

where (At − ϵ) and πa
θ (·) are the ground-truth and predicted

flow vector, respectively. For text tokens or discrete action
tokens, the model is optimized to minimize the cross-entropy
(CE) loss between the ground-truth token sequence x1:M and
the predicted logits πℓ

θ(·), such that:

LCE = H
(
x1:M , πℓ

θ

(
I1:nt , ℓ

))
(2)

When jointly optimizing for both continuous and discrete
modalities, we combine the objectives into a weighted sum:

L = MFMLFM + w ∗MCELCE , (3)



Fig. 2. Overview of the training data. Our dataset comprises target robot data collected in both simulation and real-world, and five heterogeneous co-training
data modalities: standard vision-language data for commonsense understanding, spatial reasoning, and object grounding; dense language annotations for robot
data, generated via heuristic scripting and VLM-based captioning; cross-embodiment robot data capturing diverse robot morphologies and manipulation tasks;
human videos, from which we derive either latent action tokens using a latent action model (LAM) or VLM-generated annotations; and discrete robot action
tokens, including near-lossless FAST tokens and compact VQ-VAE tokens. These co-training modalities, together with the target robot data, constitute a unified
dataset of ∼4,000 hours of manipulation data and 50M vision-language samples.

Here, w is the weight applied to the CE loss, MFM is the
FM loss mask indicating whether the model should predict
continuous actions for a given sample, and MCE is the mask
specifying token positions used to compute the CE loss.

2) Model Architecture: We adopt a VLA architecture
(Fig. 1) composed of a pretrained VLM backbone and a flow
transformer action head (ActionFT). The VLM is initialized
from PaliGemma2-PT (google/paligemma2-3b-pt-224 [65]). It
encodes both the observed images and the language prompt
describing the task, and can optionally be trained to generate
text or discrete action tokens in addition to providing visiolin-
guistic representations. To obtain a compact representation for
action generation, similarly to [45], we introduce a special
observation encoding token into the backbone’s vocabulary
and append it to the end of the text prompt. We extract the
hidden state vectors corresponding to this token from the last
four layers of the VLM to form a single global conditioning
embedding and feed this into the ActionFT. The ActionFT
follows the diffusion transformer design introduced in [1]. Our
ablation studies (see Appendix 2A) indicate that this compact
representation enhances the model’s generalization ability to
unseen tasks and distribution shift.

3) Co-training and Inference Strategies: Co-training data
can be used at different phases of model training. We explore
three strategies (Table I): (1) Single-phase co-training: train
jointly on target robot data and co-training data modalities
in a single phase; (2) Two-phase 1st-phase-only co-training:
train only on co-training modalities during the 1st-phase, then
on target robot continuous actions in the 2nd-phase; (3) Two-
phase full co-training: the same 1st-phase as strategy (2), but
train on both co-training and target robot data in the 2nd-phase.

TABLE I
DATA COMPOSITION FOR DIFFERENT CO-TRAINING STRATEGIES.

Co-training
strategy Phase Data composition

Target-robot
continuous-
action data

Co-training
data

Single-phase
co-training

1st-phase ✓ ✓

Two-phase
1st-phase-only
co-training

1st-phase – ✓

2nd-phase ✓ –

Two-phase full
co-training

1st-phase – ✓
2nd-phase ✓ ✓

We fix the training loss weights and batch data ratios
based on ablation experiment results (Appendix 2B). Full
training details are provided in Appendix 3. While our primary
approach treats co-training data solely as auxiliary supervision,
we explore chain-of-thought (CoT) conditioning in action
generation to take advantage of co-training data, as shown
in Appendix 4.

B. Data Curation

We curate target-robot demonstrations and five co-training
modalities, illustrated in Fig. 2.

1) Target Robot Data: We adopt TRI-Ramen [1] as our
in-distribution corpus: 523 hours across 403 tasks and 53,411
demonstrations, including TRI-Ramen-Real (478 hours) and
TRI-Ramen-Sim (45 hours).

2) Standard Vision-Language Data: To enhance multi-
modal understanding, we use RoboPoint [91] and RefSpa-
tial [96], covering object grounding and spatial reasoning.



Fig. 3. Simulation and real-world evaluation. Policies are evaluated in simulation on 13 seen and 8 unseen tasks under nominal and distribution shift
(DS) conditions, where DS introduces appearance changes (e.g., lighting, textures, distractors, camera parameters). Real-world evaluations include language-
following experiments with seen objects, instruction generalization through paraphrasing, and unseen objects, as well as adaptation to unseen long-horizon
dexterous tasks via fine-tuning.

3) Dense Language Annotations for Robot Trajectories:
We augment TRI-Ramen with dense action-grounded text via
(i) scripted low-level primitives from relative differences in
end-effector poses over the 16-step horizon, and (ii) VLM-
generated captions using GPT-5 [53] from downsampled
frames, task instruction, scripted action hints, and a world-
frame reference image. See Appendix 5B for primitive heuris-
tics, templates, and prompts.

4) Cross-embodiment Robot Data: We use OXE-
Ramen [1], a curated Open X-Embodiment subset [55]:
1,150 hours over 12 robot setups, 924 tasks, and 466,415
demonstrations. Observation and action spaces follow the
same as in the target robot data.

5) Human Videos: We use egocentric human video datasets
(Ego4D [28], EgoDex [31], Something-Something V2 [27],
Epic Kitchen [18], HoloAssist [75]), totaling 2,271 hours
after filtering (Table S3). We derive (i) discrete latent-action
tokens using a latent action model (LAM) trained jointly with
robot videos, and (ii) VLM-generated motion descriptions to
utilize during training as additional vision-language data. Full
curation and latent model details are in Appendix 5C.

6) Discrete Robot Action Tokens: We study two discrete
representations for robot action chunks: (i) FAST tokens [58]
using an off-the-shelf tokenizer (average length 42.1 with a
vocabulary of 2,048 tokens on TRI-Ramen), and (ii) compact
VQ-VAE tokens [72] producing 8 tokens per chunk with
codebook size 32 (matched to our video latent-action dimen-
sionality). Additional tokenizer and architecture details are in
Appendix 5D.

III. EXPERIMENTS

To systematically investigate the effectiveness of co-training
data modalities and strategies, we conduct large-scale experi-
ments to address the following research questions:

1) How do different co-training data modalities, incorpo-
rated at different training phases, influence policy per-
formance on various dimensions (in-distribution, gener-
alization to distribution shift, unseen tasks, and language
following)?

2) Does combining effective co-training modalities yield
cumulative performance gains?

3) Can co-training enhance the quality of learned represen-
tations, thereby enabling rapid adaptation via fine-tuning
to unseen long-horizon, dexterous tasks?

A. Evaluation

We evaluate policy performance across multiple important
dimensions: in-distribution performance, robustness to DS,
generalization to unseen tasks, and language following. We
additionally assess adaptation to unseen long-horizon dexter-
ous manipulation tasks via fine-tuning. To this end, we conduct
large-scale simulation and real-world experiments (Fig. 1, 3).

1) Simulation Benchmark: We adopt the simulation bench-
mark from [1], built on Drake [70]. The benchmark includes
13 seen tasks and 8 unseen tasks (3 from [1] and 5 newly
introduced to further probe generalization; see Appendix 6).
Each policy is evaluated with 50 rollouts per task under both
nominal and DS conditions, and performance is measured by
success rate.



Seen tasks lie within the training distribution, while unseen
tasks probe generalization beyond it. Unseen tasks target: (i)
semantic understanding (e.g., identifying “red food” or distin-
guishing fruits from vegetables); (ii) multi-step manipulation
(e.g., sequential placement of multiple objects); and (iii) com-
positional generalization (e.g., recombining previously seen
skills or actions in novel task configurations). Here, “unseen
tasks” correspond to novel skills absent from the training data,
while the underlying objects and environments remain shared.

To evaluate robustness to appearance changes, DS con-
ditions introduce variations in lighting, background, camera
parameters, and object/table textures and colors, while nominal
conditions match the training distribution.

2) Real-world Evaluation: We evaluate policies on a dual-
arm Franka robot platform in two real-world settings. Deploy-
ment details are provided in Appendix 7.

Language Following. We design language-guided pick-
and-place experiments covering three scenarios: (i) Seen
Objects: Objects appear during training; instructions follow
the template “pick up [object A] and place it in/on/next to
[object B]”. (ii) Instruction Generalization: Instructions are
rephrased to test semantic understanding, including object
categories (e.g., “writing tools” referring to pens), attribute-
based references (e.g., “the handle with soft bristles” referring
to a brush), and paraphrasing robustness. (iii) Unseen Objects:
Objects are absent from the target-robot training data and
instructions follow the same template as (i).

Across all settings, we evaluate 15 spatial layouts with
6–8 tabletop objects each and three language instructions
per layout, yielding 45 rollouts per setting. The instruction
generalization setting uses identical layouts and targets as
the seen-object setting with varied phrasing. The full suite
includes 49 seen and 52 unseen objects. We report average
task completion percentage. See Appendix 8 for rubrics,
procedures, and quality assurance (QA).

Long-horizon Dexterous Manipulation. To assess adap-
tation to challenging tasks unseen during pretraining, we
evaluate on three long-horizon tasks: PackItemsIntoStringBag,
PourIngredientsIntoSoup, and StoreCleanDishes. Each task
averages 13 intermediate steps spanning 93 seconds and re-
quires fine-grained manipulation beyond pick-and-place (e.g.,
capping bottles, scooping with a spatula, or inserting a wine
glass into a rack). We collect 200 demonstrations per task
for fine-tuning. Each checkpoint is evaluated with 30 rollouts
per task, reporting average task completion percentage (see
Appendix 8).

3) Statistical Analysis Framework: We perform rigorous
statistical analysis similar to recent work [1], with pairwise hy-
pothesis tests [78, 64] and Compact Letter Display (CLD) [59]
for comparison. Co-training strategies not sharing any CLD
alphabet are significantly different in average performance
at 5% family-wise error rate (FWER). Bayesian uncertainty
estimates are reported for individual strategies, with posterior
uncertainty visualized as violin plots overlaid on bar charts.
Dots and horizontal lines indicate empirical and posterior
means, respectively. Raw empirical distributions are reported

in Appendix 9 for the task-completion results, together with
more details of our statistical framework.

B. How do different co-training modalities, incorporated at
different training phases, influence policy performance?

We evaluate each co-training data modality using the three
strategies described in Section II-A3: single-phase co-training,
two-phase 1st-phase-only co-training, and two-phase full co-
training. We compare the policies obtained from these strate-
gies against a baseline policy trained exclusively on continuous
robot actions from TRI-Ramen (namely, no-co-training base-
line) using the flow-matching objective (MCE=0). All policies
are first evaluated in simulation, with results summarized in
Fig. 4. Modalities found to be effective are then evaluated in
real-world language-following experiments (Fig. 5).

Standard Vision-language Data Co-training. (1) As
shown in Fig. 4A and 5A, co-training with standard VL
data substantially improves robustness to DS, generalization
to unseen tasks, and language following, with no statistically
significant change in in-distribution performance (seen tasks).
(2) Fine-tuning the pretrained VLM on our curated VL data
enhances its representation for robot manipulation tasks, as
evidenced by gains from two-phase 1st-phase-only co-training
over the baseline (Fig 4A, 5A). (3) Continuing to co-train with
VL data during the 2nd-phase further enhances performance
on unseen tasks and language following (particularly with
unseen objects). We hypothesize that this continued exposure
allows the model to retain the rich, generalizable knowledge
from the VL corpus, which is absent in the robot data, thereby
preventing catastrophic forgetting.

Dense Language Annotations for Robot Data Co-
training. (1) Co-training with scripted (Fig. 4B, 5B) and
VLM-based (Fig. 4C, 5C) annotations for robot data im-
proves the model’s robustness to DS, generalization to unseen
tasks, and language-following, with no statistically signif-
icant change in in-distribution performance. (2) Owing to
greater linguistic diversity and richer descriptions of object-
environment interactions, VLM-based annotations yield more
substantial improvements on unseen tasks and language fol-
lowing compared to scripted annotations (Fig. 4B-C, 5B-C).
(3) In two-phase co-training, incorporating these annotations
during the 2nd-phase yields no additional benefit, suggesting
that they are most effective when used exclusively during the
1st-phase (Fig. 4B-C, 5B-C). We posit that, because these
annotations describe the same physical trajectories as the
robot action data, their utility primarily lies in bootstrapping
language-action alignment during the 1st-phase training, rather
than introducing new information during the 2nd-phase.

Cross-embodiment Robot Data Co-training. (1) As
shown in Fig. 4D and 5D, co-training with cross-embodiment
robot data improves robustness to DS, generalization to unseen
tasks, and language following, with no statistically significant
change in in-distribution performance. (2) Cross-embodiment
robot data is most effective, providing the largest gains, when
confined to the first phase of two-phase co-training, particu-
larly for unseen-task generalization and robustness under DS
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Fig. 4. Simulation ablation of co-training data and strategies. Comparison of the no-co-training baseline with policies co-trained on a single data modality
across sequential training phases. Policies are evaluated on seen and unseen tasks under nominal and distribution shift conditions (A–H denote data modalities).

(A) (B) (C)

(D) (E)

Fig. 5. Real-world ablation of co-training data and strategies. Performance of the no-co-training baseline and policies co-trained with a single data
modality across training phases, evaluated at language-following with seen objects, instruction generalization, and unseen objects (A–E denote data modalities).

(Fig. 4D). When included during the second phase of training
in the two-phase full co-training, it yields negligible additional
benefit for language-following. We hypothesize that the di-
verse morphologies and manipulation strategies from cross-
embodiment data are most valuable for learning generalizable
visual and behavioral representations during the 1st-phase
training. In the 2nd-phase, the model benefits from specializing
to the target embodiment, at which point continued exposure
to other embodiments provides limited value.

Human Video Co-training. A) Latent Actions: In single-
phase co-training, the model jointly learns continuous actions

for TRI-Ramen and discrete latent action tokens extracted from
all video data (TRI-Ramen, OXE-Ramen, and human videos).
For two-phase methods, the model learns latent actions from
all video data in the 1st-phase. In two-phase full co-training, it
learns both TRI-Ramen continuous actions and latent actions
from all video data during the 2nd-phase.

Single-phase co-training with latent actions yields no im-
provement over the baseline (Fig. 4F), whereas single-phase
co-training with other effective modalities (e.g., standard vi-
sion language data) consistently improves performance. On
the other hand, for two-phase co-training: (1) latent action



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 benefit. These results suggest that the benefits
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 benefit 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
benefits diminish as the quantity of fine-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
significant 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 benefit 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
flow 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 significantly outperforms training on TRI-Ramen
alone, indicating that FAST co-training might prove beneficial
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 benefit.

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 benefits 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 beneficial. These three specific
modalities are all in the form of diverse VL data, suggesting



Fig. 8. Ablation of latent action co-training on increasing data quantity. Latent action 1st-phase in a multi-phase training yields performance gains in
the low target-robot data regime, with diminishing returns as the quantity of fine-tuning robot data increases.

that strengthening VL understanding of the VLM backbone
translates into better robot policies. (3) Discrete action tokens
(including latent actions extracted from videos, FAST tokens,
and action tokens learned from VQ-VAE) co-training yield
no statistically significant performance improvements in our
experiments. Specifically, co-training with FAST tokens de-
creases generalization, while latent actions from videos only
provide benefits in the low target-robot-data regime, with
benefits diminishing as the proportion of robot data increases.
(4) Across all co-training modalities examined, we observe no
statistically significant impact on in-distribution performance.

Fig. 9 compares the best training strategies for each useful
co-training modality. Specifically, for standard VL and VLM-
generated language annotations for human videos, the best
models correspond to two-phase full co-training. For scripted
and VLM-based language annotation and cross-embodiment
robot data, the best models correspond to two-phase 1st-phase-
only co-training. Co-training with standard VL data, VLM-
based annotations for robot data, and annotations for human
videos most substantially improves performance on unseen
tasks and language following. Furthermore, benefiting from the
rich information absent in robot demonstrations, co-training
with standard VL data and annotations for human videos
more effectively enables the model to recognize unseen objects
compared to VLM-based annotations for robot data.

C. Does combining effective co-training modalities yield cu-
mulative performance gains?

Having identified effective co-training data modalities along
with their optimal training strategies, we further investigate
whether combining these modalities yields cumulative ben-
efits. We conduct an ablation study where we incremen-
tally add each effective data source (training details are
provided in Table S1): (1) Baseline without co-training, (2)
+Vision-Language-Data: Standard VL data co-training only,
(3) +Robot-Annotation-Data: Adding dense language anno-
tations (both scripted and VLM-based) for robot data, (4)
+Human-Video-Annotation-Data: Adding VLM-generated an-
notations for human videos, (5) +Cross-Embodiment-Robot-
Data (namely, Final Model): Adding cross-embodiment robot
data.

As shown in Fig. 10, combining effective co-training modal-
ities yields consistent cumulative performance gains across
all evaluation dimensions. Our Final Model achieves strong
performance across all settings, attaining a 72.6% empirical

(A)

(B)

Fig. 9. Performance of policies trained with the best co-training strategies
for effective co-training data modalities. A) Simulation results on seen and
unseen tasks under nominal and distribution-shift conditions. B) Real-world
language-following performance on seen objects, instruction generalization,
and unseen objects. Diverse vision-language and cross-embodiment robot data
substantially enhance the model’s generalization to distribution shifts, unseen
tasks, and language-following without affecting in-distribution performance.

success rate on simulation unseen tasks (36.4% improvement
over baseline) and 69.4% empirical average task completion
on real-world language following (45.3% improvement over
baseline1). In Appendix 10, we benchmark how the combined
effective modalities shape the VLM backbone of our policies.

D. Can co-training enhance the quality of learned represen-
tations, thereby enabling rapid adaptation to unseen long-
horizon, dexterous tasks?

Prior works [1, 6, 33] have demonstrated that high-quality
pretraining enables policies to rapidly adapt to downstream
unseen tasks through fine-tuning. We investigate whether co-
training enhances learned representation quality by fine-tuning
(FT) on our suite of unseen long-horizon, dexterous manipula-
tion tasks. We compare three approaches: (1) FT Final Model:
fine-tune our Final Model from Section III-C (trained with all

1Improvement rates are calculated using the empirical means.



(A)

(B)

Fig. 10. Performance of policies co-trained with the effective data
modalities additively combined. A) Simulation results on seen and unseen
tasks under nominal and distribution shift conditions. B) Real-world evalu-
ations for language-following performance across seen objects, instruction
generalization, and unseen objects settings. Combining the effective co-
training data modalities yields cumulative gains in policy performance.

effective co-training modalities), (2) FT Baseline: fine-tune the
no-co-training baseline model (trained only on TRI-Ramen),
(3) Single Task: a single-task policy without pretraining.

As shown in Fig. 11, benefiting from our curated co-training
data and co-training strategies, our Final Model rapidly ac-
quires new skills through fine-tuning, achieving 90.2% average
task completion with only 200 demonstrations—a 22.8% im-
provement over the FT Baseline and a 42.9% improvement
over the Single Task policy. This demonstrates that effec-
tive co-training substantially enhances representation quality,
thereby enabling more fine-grained action learning in down-
stream tasks. We observe that failures in the FT Baseline and
the Single Task policy predominantly stem from insufficient
precision in manipulation: they frequently fail to align and
secure the cap onto the bottle in PackItemsIntoStringBag,
misalign the spatula for grasping in PourIngredientsIntoSoup,
and struggle to grasp the transparent cup in StoreCleanDishes.
In contrast, the FT Final Model consistently executes these
fine-grained manipulations with high precision.

IV. DISCUSSION, LIMITATIONS, AND FUTURE WORK

We present a large-scale empirical study that systematically
dissects the impact of diverse co-training data and strategies on
the performance of LBMs. Our findings reveal that co-training
with vision-language data and cross-embodiment robot data
substantially enhances generalization to DS, unseen tasks, and
language following capabilities, while discrete action token
variants yield no statistically significant benefits. Furthermore,
we show that combining effective modalities produces cu-
mulative performance gains and enables rapid adaptation to

Fig. 11. Adaptation to unseen long-horizon, dexterous tasks via fine-
tuning. Real-world evaluation of a Single Task policy trained from scratch,
a fine-tuned (FT) Baseline pretrained only on robot data, and our FT Final
Model pretrained with all effective co-training modalities. The FT Final Model
achieves higher average task completion, highlighting the role of co-training
in learning transferable, high-quality representations.

dexterous, long-horizon tasks via fine-tuning.
Notably, among all useful co-training modalities, diverse

vision-language data—including standard datasets and rich an-
notations for robot and human videos—demonstrate the most
substantial improvements. This observation resonates with the
Good Regulator Theorem [17], which states that a system
must incorporate an internal model (implicit or explicit) of
its operating world to effectively regulate it. In our setting,
strong foundation models (such as VLMs) provide precisely
such internal models that have rich semantic and spatial
understanding of the physical world. Our results suggest that
progress towards truly generalist robot policies is intrinsically
linked to advances in these foundation models.

While our study provides promising insights, several limita-
tions should be acknowledged. First, while we examine various
sources of vision-language data, we do not systematically an-
alyze their impact by task taxonomy (e.g., visual question an-
swering, image captioning, object detection, spatial reasoning).
Understanding how different vision-language task categories
affect specific policy capabilities would enable more targeted
and sample-efficient data curation. Second, we explore only
coarse-grained representations for human videos through latent
actions and language annotations. As hand pose estimation
techniques advance and dexterous robotic hands continue to
evolve, explicitly extracting fine-grained dexterous motions
from human video may become a valuable co-training signal.
Finally, our study focuses exclusively on imitation learning;
exploring co-training within alternative learning paradigms,
such as world modeling or reinforcement learning, remains
an open frontier for developing scalable generalist policies.
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