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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 ef-
fective modalities produces cumulative gains and enables rapid
adaptation to unseen long-horizon dexterous tasks via fine-
tuning. We find that training exclusively on robot data degrades
the visiolinguistic understanding of the vision-language model
backbone, while co-training with the effective data modalities
restores these capabilities, as measured by standard vision-
language, spatial reasoning, and multimodal reasoning bench-
marks. Finally, explicitly conditioning action generation on chain-
of-thought traces learned from co-training data does not improve
performance in our simulation benchmark. 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 towards 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
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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 het-
erogeneous data modalities, aiming to enhance the model’s
understanding of the physical world and its generalization
abilities. These co-training data modalities include: standard
vision-language (VL) 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]. Despite the growing interest, 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 (Fig. 2):
(1) Standard vision-language data, encompassing visual
question answering, object localization, and spatial reasoning
tasks, which provide rich commonsense knowledge about
the physical world. (2) Dense language annotations for
robot trajectories, generated through both heuristic script-
ing and VLM-based captioning, offering explicit semantic
labels for actions, goals, and object relationships. (3) Cross-
embodiment robot data, which encompasses manipulation
demonstrations across varied robot morphologies and envi-
ronments. (4) Large-scale egocentric human videos that
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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.

expose models to diverse visual contexts, object interactions,
and motion patterns beyond robot trajectories. We explore two
approaches to leverage human videos: �rst, extracting discrete
latent action tokens from a sequence of frames; second, gener-
ating language annotations by prompting a VLM with visual
context and a task instruction to describe motions, goals, and
objects on a per-frame basis. (5) Discrete robot action tokens,
where continuous robot actions are compressed into low-
dimensional discrete spaces through frequency-based methods
(e.g., FAST [58]) or vector quantization-based methods (e.g.,
VQ-VAE [72]), probing whether such abstraction improves
generalization.

We also study strategies for incorporating these modalities
at different training phases (i.e., rounds of training with distinct
data composition). Additionally, we examine whether combin-
ing effective co-training modalities yields cumulative perfor-
mance gains. We further probe whether co-training improves
representation quality by �ne-tuning on unseen long-horizon,
dexterous tasks. We then study how the VLM backbone
is shaped by effective co-training modalities using a suite
of standard vision-language benchmarks. Finally, we study
explicit chain-of-thought (CoT) [77] conditioning for action
generation, where the policy �rst produces intermediate CoT
traces learned from the co-training data and then uses them to
generate continuous actions.

Our policies are evaluated in both simulation and real-world
settings. In total, we train and compare 89 VLA policies using
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.

Our results provide practical guidance for co-training
LBMs. In summary: (1) Diverse vision-language data and
cross-embodiment robot data consistently improve generaliza-
tion to distribution shifts, unseen tasks, and language follow-
ing, while discrete action token variants provide no bene�t.
(2) Combining effective modalities yields cumulative gains
and enables more ef�cient adaptation to unseen long-horizon
dexterous tasks via �ne-tuning. (3) Training exclusively on
robot data can erode the visiolinguistic capabilities of the VLM
backbone, whereas effective co-training helps preserve this
understanding, as re�ected by improved performance on stan-
dard vision-language benchmarks. (4) Explicitly conditioning
action generation on chain-of-thought traces learned from co-
training data does not improve performance in our simulation
benchmark. Together, these �ndings constitute a controlled,
large-scale empirical map of which co-training signals and
strategies are most useful for building scalable, generalist robot
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policies.

II. METHOD

In this section, we �rst 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
� � that can leverage diverse co-training data modalities. The
policy � � takes as input a sequence of n images I1:n and a text
prompt `. For continuous robot actions, the model is trained
with �ow matching (FM) [46, 49] as the learning objective.
Speci�cally, given an action chunk At , a FM timestep � 2
[0; 1], and sampled noise � � N(0; I), we construct a noised
action chunk as A�t = �A t + (1 � � )�. The model is then
trained by minimizing the loss:

L FM =



 � a

�

�
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t ; `; A �
t ; �

�
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where (At � �) and � a
� (�) are the ground-truth and predicted

�ow 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 �̀� (�), such that:

L CE = H
�
x1:M ; � `

�

�
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t ; `
��

(2)

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

L = M F M L F M + w � M CE L CE ; (3)

Here, w is the weight applied to the CE loss, MF M 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 �ow
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].
It consists of 8 �ow transformer layers, each conditioned
on observation features and the �ow-matching timestep via
an adaptive layer norm (adaLN) MLP [56]. The ActionFT
receives the global conditioning embedding, a noised chunk of
continuous actions, and the �ow matching time variable, and is

trained to predict the �ow vector that guides iterative denoising
of the actions toward the target trajectory. Unlike prevalent
methods [6], our approach uses only a single token as visiolin-
guistic representations rather than attention keys and values
from all VLM layers. Our ablation studies (see Appendix 1A)
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.

We �x the training loss weights and batch data ratios based
on ablation experiment results (Appendix 1B). Full training
details are provided in Appendix 2.

Beyond investigating when to incorporate co-training data,
we examine ways to leverage it. While our primary approach
treats co-training data solely as auxiliary supervision, recent
works [44, 92, 93, 67, 11, 13] suggest that explicitly con-
ditioning action prediction on CoT traces can boost policy
performance. We therefore also test this alternative paradigm
for selected co-training modalities: language annotations for
robot trajectories and latent actions for videos.

When generating actions conditioned on CoT traces at infer-
ence time, the VLM backbone �rst produces a CoT trace (see
Fig. S4). The observation token is then appended to its end,
and the resulting visiolinguistic embedding (encoding images,
task prompts, and CoT traces) is extracted to condition the
ActionFT for continuous action prediction. During training,
we introduce probabilistic CoT conditioning: with probability
p, the policy is trained to generate actions conditioned on CoT
traces extracted from the co-training data; with probability
1 � p, the policy generates actions directly without CoT
conditioning. Importantly, CoT conditioning differs from other
co-training strategies only in that the predicted co-training
tokens are used directly to form the visiolinguistic embedding,
instead of just providing auxiliary supervision. We evaluate
the impact of this explicit inference-time CoT approach in
Section III-F.

B. Data Curation

We curate a comprehensive dataset consisting of target-
robot expert demonstration data and �ve distinct co-training
modalities. Our dataset comprises approximately 4,000 hours
of manipulation data spanning both robot episodes and human
videos, complemented by 50M vision-language samples that
encompass standard vision-language data as well as dense
annotations for both robot and human data. Fig. 2 shows an
overview of the training data.

1) Target Robot Data: We adopt high-quality robot data
from our previous study [1] as our primary in-distribution
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Fig. 2. Overview of the training data. Our dataset comprises target robot data collected in both simulation and real-world, and �ve 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 uni�ed
dataset of �4,000 hours of manipulation data and 50M vision-language samples.

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 X X

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

1st-phase – X

2nd-phase X –

Two-phase full
co-training

1st-phase – X
2nd-phase X X

training corpus. This dataset, which is referred to as TRI-
Ramen, contains 523 hours of manipulation data spanning
403 tasks and 53,411 demonstrations. It consists of real-world
(478 hours, 362 tasks, 46,063 demonstrations; namely TRI-
Ramen-Real) and simulation data (45 hours, 41 tasks, 7,348
demonstrations; namely TRI-Ramen-Sim). All demonstrations
are collected via teleoperation on dual Franka Panda robotic
arms as described in [1].

The observation space includes i) 4 RGB images (missing
images are zero-padded), and ii) a natural-language instruc-
tion. The action space includes i) end-effector poses w.r.t.
the station's base frame, and ii) gripper widths. Actions are
represented as relative trajectories as in [15]. The policy is
conditioned only on the current observation and predicts an

action chunk with a horizon of 16.
2) Standard Vision-Language Data: To enhance the

model's multimodal understanding (e.g., semantics, spatial,
planning), we incorporate VL datasets speci�cally designed
for robotic scenarios: RoboPoint [91] and RefSpatial [96].
RoboPoint comprises 1.3M data samples with 8.2M question
answering pairs, while RefSpatial contains 2.5M samples with
20M question answering pairs. Both datasets provide annota-
tions tailored for spatial referring tasks, spanning qualitative
visual question answering, quantitative queries on object and
spatial attributes/relations, point coordinate prediction, and
multi-step spatial reasoning.

3) Dense Language Annotations for Robot Trajectories: To
augment TRI-Ramen robot trajectories with action-grounded
textual descriptions, we employ two complementary anno-
tation strategies: (1) Scripted Annotation. Following [92],
we apply heuristic rules to generate per-step low-level ac-
tion primitives by comparing future and current end-effector
states over a 16-step horizon (corresponding to the horizon
of the action chunk). These annotations capture the robot's
end effector translational movement, rotational changes, and
gripper state transitions. (2) VLM-based Annotation. While
scripted annotations provide structured action descriptions,
their linguistic diversity is limited and they lack contextual
information about object and environment interactions. To
address this, we prompt a VLM (GPT-5 [53]) to generate rich,
contextually grounded descriptions. Speci�cally, for each robot
episode, we provide the VLM with: (i) frames downsampled
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