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Fig. 1: We introduce Language-Action Pre-training (LAP), a general VLA pre-training recipe that represents low-level actions
directly in natural language to supervise a vision—language backbone, and instantiate it as LAP-3B, the first VLA to demonstrate
strong zero-shot transfer to novel embodiments. Compared to state-of-the-art VLAs, LAP-3B learns more generalizable
embodiment representations and exhibits favorable scaling behavior.

Abstract—A long-standing goal in robotics is a generalist
policy that can be deployed zero-shot on new robot embodiments
without per-embodiment adaptation. Despite large-scale multi-
embodiment pre-training, existing Vision—-Language—A ction mod-
els (VLAs) remain tightly coupled to their training embodiments
and typically require costly fine-tuning. We introduce Language-
Action Pre-training (LAP), a simple recipe that represents low-
level robot actions directly in natural language, aligning action
supervision with the pre-trained vision-language model’s input—
output distribution. LAP requires no learned tokenizer, no costly
annotation, and no embodiment-specific architectural design.
Based on LAP, we present LAP-3B, which to the best of our
knowledge is the first VLA to achieve substantial zero-shot trans-
fer to previously unseen single-arm manipulators without any
embodiment-specific fine-tuning. Across multiple novel robots
and manipulation tasks, LAP-3B attains over 50% average
zero-shot success, delivering roughly a 2x improvement over
the strongest prior VLAs. We further show that LAP enables
efficient adaptation and favorable scaling, while unifying action
prediction and VQA in a shared language-action format that
yields additional gains through co-training.

I. INTRODUCTION

The ultimate promise of robot foundation policies is
the ability to control any robot embodiment to perform
human-level intelligent tasks. Vision—-Language—Action mod-
els (VLAs) have made remarkable progress toward this goal,
leveraging pre-trained Vision-Language models (VLMs) to

obtain strong visual-semantic priors for broad scene and even
task generalization [149]. However, despite large-scale multi-
embodiment training [10-14], state-of-the-art VLAs still rarely
function zero-shot on new robots with even minor differences
to training embodiments (e.g., an altered gripper or wrist
camera location), as shown in Fig. In practice, deploying a
VLA on a new robot often requires extensive per-embodiment
adaptation, which is costly and undermines the goal of a single
broadly deployable foundation model.

At its core, zero-shot cross-embodiment transfer is difficult
because the embodiment space is vast and fundamentally
expensive to cover with data. While task and environment
diversity can scale via in-the-wild robot data [11} [15] [16]
and internet-scale egocentric video [17+22], embodiment di-
versity remains constrained by hardware availability and data-
collection logistics; for example, the Open X-Embodiment
dataset aggregates data from only a few dozen robot types
[10]. Achieving zero-shot transfer therefore requires extracting
maximal generalization from limited embodiment diversity,
rather than relying on exhaustive coverage.

Our key observation is that zero-shot cross-embodiment
transfer depends critically on how we adapt a pre-trained VLM
for motor control. Concretely, the model must acquire precise
control capabilities while retaining the semantic and visual
representations that enable transfer across embodiments. When



this balance is mismanaged, embodiment-specific action learn-
ing can override the very features needed for generalization.
However, because VLMs are not pre-trained to interpret or
generate motor-level, high-frequency control signals, standard
VLA training can induce distributional mismatch and degrade
pre-trained knowledge [23+25].

Motivated by this observation, we propose Language-Action
Pre-training (LAP), a simple pre-training recipe for VLAs that
adapts a pre-trained VLM backbone for motor control by train-
ing it to predict actions described in natural language, herein
referred to as language-actions. Language-actions express the
net effect of a raw end-effector action (e.g., “move left 5 cm”,
“tilt forward 45 degrees”) in the same modality the VLM is
trained to model, as shown in Fig@ They can be parsed from
raw actions under a fixed coordinate convention and template
without additional data annotation.

This representation choice directly targets the distri-
butional mismatch that arises in standard VLA train-
ing recipes, which fine-tune VLMs to predict raw ac-
tions—continuous joint or end-effector commands, or dis-
cretizations thereof—represented by arbitrary or abstract to-
kens [2l [7] 26]. Such representations carry little semantic
structure that could unify behaviors across embodiments [27}
30]. Notably, this limitation persists even when a unified
end-effector action space is adopted: existing VLAs still
exhibit little to no zero-shot generalization to novel embodi-
ments [5}|7] (see Section. Together, these results suggest
that cross-embodiment transfer cannot be achieved by action
space unification alone, but instead requires a fundamentally
different action representation. Language-actions provide such
a representation by keeping the supervision signal close to the
VLM’s pre-training distribution [23], promoting semantically
grounded features that transfer across embodiments.

With this representation in place, we next consider how to
instantiate LAP in a practical VLA architecture. In principle,
LAP can be applied to any VLM-based VLA by treating
action generation as a language modeling problem. However,
such formulations typically rely on auto-regressive language-
action token sampling at inference time, which is inefficient
and ill-suited for robot control |7, [23}125, 126]. We therefore
adopt a hybrid design that combines a LAP-trained VLM
backbone with a lightweight diffusion-based action expert
for continuous control, following 7y 5 [1]. This Mixture-of-
Transformers architecture [31] preserves the representation
benefits of language-action supervision while enabling effi-
cient execution.

Statement of contributions. We introduce Language-Action
Pre-training (LAP), a general pre-training recipe for Vision—
Language—Action models that represents actions as natural
language to enable cross-embodiment generalization. We in-
stantiate LAP in LAP-3B, which pairs a VLM backbone
with a lightweight action expert for efficient real-time control.
Trained on existing open-sourced robot datasets [2, |10} [11],
LAP-3B achieves substantial zero-shot generalization to pre-
viously single-arm manipulators, delivering roughly a 2x
relative improvement (approximately 30% absolute) over prior

pre-training recipes based on alternative action representations.
To the best of our knowledge, this is the first VLA system
to operate zero-shot on novel real robot embodiments In
addition, LAP-3B can be fine-tuned to new embodiments
and more complex dexterous tasks using significantly fewer
demonstrations and gradient steps, matching prior performance
with up to 2.5x less data. Finally, we analyze why LAP
learns more transferable embodiment representations and ex-
hibits more stable training dynamics, demonstrate its favorable
scaling behavior with increasing model size, and show that the
language-action interface naturally supports co-training with
auxiliary VQA objectives (e.g., motion prediction), yielding
further performance gains.

II. RELATED WORK

Vision-Language-Action Models. Recent work has developed
generalist robot policies trained on large and diverse robotic
datasets [10+14} [32136]. Among these, Vision-Language—
Action models (VLAs) have emerged as a particularly promis-
ing paradigm |[3| 4} |7} |9} |10} |23} |26/ |[37+44]. These mod-
els are typically fine-tuned from Vision-Language models
(VLMs) pre-trained on internet-scale data. The pre-trained
representations equip VLAs with the ability to follow natural
language instructions and understand diverse visual cues. As a
result, VLAs often not only perform well within their training
distribution, but also show promise for generalization to out-
of-distribution environments |1} |7] 139, |45H47]. Nevertheless,
despite being trained on data spanning multiple robot embod-
iments, existing VLAs do not generalize zero-shot to novel
embodiments without extensive fine-tuning (Section|IV-A). In
this work, we introduce a new action representation that signif-
icantly improves VLA’s embodiment generalization capability.

Cross-Embodiment Policy Learning. Large robot policies
are typically trained on heterogeneous, cross-embodiment
datasets, and a common strategy for handling varying state and
action spaces is to manually define a unified representation.
The most straightforward approach pads states and actions to
the maximum dimensionality or uses shared action spaces like
end-effector pose [5}|7} [39]. Other works learn embodiment-
specific state or action projectors, or employ separate action
heads for different robot types |4} 38} |42, |48} |49]. A parallel
line of work learns shared latent actions or skills across
embodiments [28! |29} |50453]. More recently, human hand
motion has been used as a unified action space bridging human
and robot data [54]|55], enabling task generalization to seen
embodiments. While effective, these methods typically require
embodiment-specific fine-tuning to adapt to new embodiments,
whereas our method achieves zero-shot embodiment transfer
without any additional training.

Another line of work facilitates cross-embodiment learning
by conditioning robot policies on embodiment features. Early
approaches infer such features from kinematic structure [S6+
60], and several works focus on human-to-robot transfer

TAll code, checkpoints, and data configurations are open-sourced at
https://lap-vla.github.io



by exploiting structural similarity [61H64]. For example, X-
VLA [5] conditions policies on per-embodiment soft prompts,
and DexVLA [65] introduces an explicit embodiment-specific
training stage. RDT2 [66] similarly reports zero-shot embod-
iment transfer, but does so under the assumption that new
robots share the same gripper design and wrist-mounted cam-
era configuration as those used during data collection, effec-
tively constraining embodiment variation to matched hardware
interfaces rather than arbitrary morphologies. In parallel, a
broader class of approaches infers embodiment implicitly from
long interaction histories, as commonly explored in navigation
and embodied control [49| |67+69]. Taken together, these
methods primarily model embodiment variation within the
training distribution—through prompts, explicit embodiment
conditioning, hardware alignment, or historical context—and
typically require additional assumptions or adaptation when
deployed on previously unseen embodiments.

By contrast, LAP is motivated by the complementary goal
of true zero-shot embodiment transfer. Rather than introducing
explicit embodiment-conditioning mechanisms or relying on
matched hardware interfaces across robots (e.g., identical grip-
pers and wrist-mounted cameras), LAP-3B demonstrates that
cross-embodiment generalization can emerge directly from
large-scale VLA pre-training with appropriately structured ac-
tion representations. Without any embodiment-specific design
or embodiment-aligned data collection assumptions, LAP-3B,
to the best of our knowledge, is the first VLA to achieve
substantial zero-shot generalization to previously unseen em-
bodiments, while also enabling efficient adaptation to more
challenging tasks when additional data are available.

Grover et al. [70] VLA-0O [6] VLM2VLA [23] | LAP
Large-Scale Training v X X 4
Inference Frequency ~0.5Hz 4Hz 0.2Hz 25Hz
Cross-Embodiment X X X v

TABLE I: Comparison of VLAs that use (variants of)
language-actions along key design and performance axes. LAP
uniquely enables cross-embodiment generalization through
large-scale pre-training and language-action representation.

Action Representations for VLAs. How actions are repre-
sented determines how effectively a pre-trained VLM can be
adapted for motor control [2} |6} |23} [26) |28} |70+72]. Early
approaches represent actions as code or language-level sub-
tasks [73+77]. These formulations are closely related in spirit
to our use of linguistic supervision, but they typically operate
at coarse temporal abstraction and rely on separate low-level
controllers to execute each sub-task. In contrast, LAP uses
fine-grained language-actions parsed directly from continuous
end-effector motion and trains the backbone to model these
motor-level effects, yielding representations tailored for low-
level control. More recent works instead encode actions as
2D keypoints or visual traces [2} |43} |72} |78480], which
enhance grounding but are typically still used as intermediate
representations rather than direct control.

Another line of work maps actions to unused or non-
linguistic tokens in VLM vocabularies [7! [26!|41!|71], which

can induce distributional misalignment and degrade pre-trained
VLM representations [23|]. More recently, approaches have
begun representing actions directly in natural language [23]
or as raw string tokens [6} [70], yielding improved semantic
grounding, language following, and task-level generalization.
As summarized in Table || LAP builds on this emerging
paradigm with two key distinctions: it introduces LAP-3B as
a practical language-action VLA for real-time control, and
demonstrates that language-action representations can scale to
large robot pre-training corpora—thereby enabling zero-shot
cross-embodiment transfer.

III. LAP: LANGUAGE-ACTION PRE-TRAINING FOR VLAS

We now introduce Language-Action Pre-training (LAP),
a general pre-training recipe for VLAs. We first formalize
LAP’s language-action learning objective (Section, then
describe how to obtain language-actions at scale without
manual annotation (Section [[II-B). We then present LAP-3B,
a vision-language-action model trained with LAP that demon-
strates substantial cross-embodiment transfer (Section ,
followed by specific implementation details (Section [III-D).

A. Formulations

LAP reframes action learning in VLAs as a standard con-
ditional language modeling problem. Given an observation
o = {I},... I, s;} consisting of multi-view RGB images
and proprioceptive state, and a task instruction [, we de-
terministically derive a structured language-action sequence
dltzf'tlf; - as shown in Fig b), summarizing the corresponding
continuous action chunk as.;4 f7.

The VLM backbone is trained to auto-regressively predict
the language-action tokens conditioned on (o,!) using the

standard cross-entropy objective

Log = —Bgwe 0 Y 10gpo (@ | 04,1,0,™%), (1)
7

tt+H Ot
which is identical to standard sequence-to-sequence language
modeling and corresponds to maximum likelihood estimation
of language-actions, analogous to behavioral cloning for con-
tinuous actions.

B. Language-Action Dataset Curation

A key requirement for LAP is the access to language-action
supervision at scale. Rather than relying on manual annotation,
we leverage the structured nature of robotic datasets to derive
language-actions directly from end-effector trajectories.

Specifically, we represent language-actions as natural lan-
guage descriptions of end-effector delta motions. Under a fixed
coordinate convention and a small set of structured templates,
continuous actions can be deterministically converted into
language descriptions with arbitrary numerical resolution.
Coordinate System. We adopt a convention commonly used
in robotics datasets, where +x is forward, +y is left, and 4z
is up; rotational components are expressed as Euler angles fol-
lowing the right-hand rule. Since most manipulation datasets
already follow this convention, language-actions can be parsed
directly without additional frame transformations.
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Fig. 2: (a) A unified view comparing LAP-3B with prior VLAs in terms of action representation. A VLM backbone predicts
discrete language-action tokens using a cross-entropy objective, while a lightweight action expert predicts continuous actions
via flow matching. Gradients from the action expert are blocked from the VLM through knowledge insulation [25], ensuring
that the VLM is trained purely via language supervision. At test time, the action expert is rolled out for fast inference. (b)
Visualizations of language-actions from the DROID dataset [11].

To encourage embodiment-agnostic reasoning and consis-
tent use of multi-view visual observations, we additionally
express language-actions in multiple reference frames. Specif-
ically, during training we randomize the reference frame used
to generate each language-action, expressing 50% in the robot
base frame and 50% in the end-effector frame, and include the
name of the reference frame in the model prompt.
Templates. Language-actions are generated using a small
set of structured natural language templates that describe
translational and rotational end-effector motions:

ay"® = “(verb) (direction) (magnitude) (unit)”,

2

where the verb determines the action category: move de-
notes translational end-effector displacement, #ilt denotes roll
and pitch rotations, and rotate denotes yaw rotation. For
translation, directions correspond to {£z, +y, £z} (e.g., for-
ward/backward, left/right, up/down). For roll and pitch, we
use “left/right” and “back/forward” following the right-hand
rule convention. For yaw, “clockwise” and “counterclockwise”
represent negative and positive rotations, respectively.

Rather than generating language-actions at every timestep,
we represent @,% , as a single description summarizing the
net displacement of the action chunk a;..4 ;. Since actions are
expressed as delta end-effector poses, this corresponds to the
cumulative translation and rotation between timesteps ¢ and
t + H. This temporal abstraction produces a low-frequency
supervision signal that is easier for VLMs to model while
abstracting away high-frequency control. We also discretize
magnitudes to integer values and express translations in cen-
timeters (e.g., “move forward 5 cm”), yielding language-
actions that are both structured and precise. Visual examples
are shown in Fig. b).

Compared to prior action tokenization approaches that dis-
cretize continuous actions into arbitrary or out-of-vocabulary
symbols, language-actions remain well supported by the
VLM’s natural language pre-training distribution, mitigating
the distributional mismatch known to degrade representation

quality [23}25]]. In contrast to learned tokenizers such as
FAST |26], which introduce a separate representation learning
stage to compress actions into discrete non-linguistic tokens,
language-actions are produced purely through deterministic
parsing, eliminating the need for any learned action tok-
enizer. Moreover, unlike conventional action representations,
language-actions naturally align with the input—output format
of Visual-Question—Answering (VQA) tasks, enabling syner-
gistic co-training. For instance, in a “motion prediction” VQA
task, the model is prompted with image pairs (I}, I}, ;;) and
trained to predict the corresponding language-action d:f“;i H
describing the observed displacement.

C. Model Architecture and Training

LAP is agnostic to the underlying VLA architecture and
can, in principle, be integrated into any VLM-based policy by
treating action prediction as a language modeling problem.
However, auto-regressive generation of language-actions at
inference time is slow and impractical for real-time robot
control. To obtain an efficient system, we instantiate LAP
as LAP-3B, which adopts a Mixture-of-Transformers archi-
tecture [31] combining a LAP-trained VLM backbone with
a lightweight flow-matching action expert for high-frequency
motor execution, following my 5 [1]. This design enables a
controlled comparison: LAP-3B differs from 7y 5 only in the
action representation used to supervise the VLM (language-
actions versus FAST tokens), isolating the downstream effect
of the representation itself, which we evaluate in Sec.

During training, the VLM backbone is optimized to predict
structured language-actions using the cross-entropy loss in
Eq. (I), while the action expert predicts continuous action
chunks a;.. g via a flow-matching objective

Cont = Ear sy on ) [||v¢(0t, L Qi pr, T) — a‘chﬂ NG

where vy denotes the velocity field parameterized by the action
expert and 2, is the target flow corresponding to the ground-
truth action chunk (see Appendix [B|for the full formulation).



The overall training objective is
L = Lpym + A Lck. “4)

Under this architecture, the VLM and action expert commu-
nicate solely through cross-attention. We apply causal masking
to ensure that the raw action and the language-action do
not attend to each other. Following [25], we further block
gradients from the action expert propagating back into the
VLM backbone. While not required by LAP, this knowledge
insulation helps preserve pre-trained VLM representations and
stabilizes joint training. At inference time, only the action
expert is rolled out for control, enabling real-time execution
at 25 Hz on an NVIDIA RTX 4090 GPU.

D. Implementation Details

LAP-3B’s VLM backbone is initialized as the PaliGemma-
3B [81] model. We train on the Open X-Embodiment (OXE)
dataset [10] and MolmoAct dataset [2] (see full data mixture
details in Appendix . We use a shuffle buffer size of 16
million samples to ensure near uniform mixing, which im-
proves training stability. For proprioception, we represent state
s¢ using Cartesian end-effector pose: position, a continuous 6D
rotation representation [82], and a binary gripper state. Since
open-source datasets use inconsistent rotation conventions, we
canonicalize rotations to extrinsic XYZ before converting to
the 6D representation. The proprioceptive state is discretized
into 255 bins and appended to the prompt as text tokens,
following [1]. Actions are represented as delta end-effector
poses. We normalize states and actions using the 1st and 99th
global quantiles computed over the full training dataset, and
reuse the same statistics at inference on unseen embodiments.

Training uses a global batch size of 2048 across 64 TPU
vbe chips for 15k gradient steps (approximately only 10 wall-
clock hours), corresponding to roughly 0.65 epoch over the
full dataset, at which point the checkpoint already performs
well in real-world experiments. Exponential moving average
(EMA) updates begin after 5k steps. Image inputs are resized
to 224 x 224, with at most two images per sample. We use a
fixed learning rate of 1 x 10~* with linear warmup over the
first 5,000 steps.

IV. EXPERIMENTS

Our experiments aim to evaluate whether language-actions
provide a superior action representation for VLA pre-training.
In particular, we focus on cross-embodiment generalization,
which remains a significant limitation of state-of-the-art VLAs.
Concretely, we seek to answer:

1) Does LAP enable zero-shot cross-embodiment transfer?

2) Does LAP support efficient fine-tuning to new embodi-
ments on challenging tasks?

3) How does LAP’s language-action representation shape
the learned representations and enable strong cross-
embodiment generalization?

4) What is the effect of co-training LAP-3B with VQA
datasets?

5) Does LAP scale favorably with model size?

To address these questions, we evaluate LAP across four robot
embodiments, ten real-world manipulation tasks, and the
LIBERO simulation benchmark [84]. We first test out-of-the-
box performance on one seen and three unseen embodiments,
then study fine-tuning efficiency on new robots and tasks. We
investigate the impact of LAP’s language-action representation
on training dynamics and conclude with an analysis of co-
training with Visual-Question—Answering (VQA) datasets.
Baselines. We evaluate two categories of baselines below. All
replicated baselines are carefully tuned (learning rate, batch
size, loss weights, etc.) for fair comparison; full details are in
Appendix [B|

a) Open-Sourced VLAs.: We evaluate several publicly
released VLA checkpoints to assess whether existing methods
already exhibit zero-shot cross-embodiment transfer: (1) 7g.5-
DROID [1]], currently the strongest VLA on the DROID
benchmark; (2) mwg.5-Base [1], the strongest publicly available
VLA base model to our knowledge; (3) X-VLA [5], which
explicitly targets embodiment generalization; (4) MolmoAct
[2]; and (5) OpenVLA [7].

b) Action-Representation Comparison.: To isolate the
impact of language-action supervision, we train controlled
baselines with identical architectures and data mixtures, dif-
fering only in action representation:

1) mg.5-replicated: supervises the VLM using FAST to-
kens [26]. Since the FAST tokenizer is pre-trained on
substantially more robot data than our model, this forms
a particularly strong baseline.

2) mo-replicated: removes action supervision from the
VLM entirely and only supervises the action expert,
measuring the benefit of language-action pre-training.

3) VLA-0O-replicated: supervises the VLM following
Goyal et al. [6], where continuous actions are repre-
sented as digit tokens.

Across all experiments, we conduct over 1300 real-robot
evaluation trials.

A. Zero-Shot Cross-Embodiment Generalization

Embodiments and Tasks. We evaluate on four robot embod-
iments (Fig. : the DROID setup [11] which is included in
the pre-training mixture, three unseen embodiments—a custom
7-DoF Franka Panda robot with a novel gripper and wrist-
mounted camera configuration, the 6-DoF YAM robot, and
the 7-DoF Kinova robot.

We evaluate five manipulation task types (Fig.|3| top row):

1) Pick and Place: pick up an object and place it into a
container, testing generalization across gripper geometry,
camera placement, and robot appearance.

2) Sort: sort all objects on the table into a basket, evaluat-
ing long-horizon manipulation.

3) Tissue: pull tissue from a box and place it on the table,
requiring adaptive grasping of deformable objects and
height reasoning.

4) Put Towel: pick up a flat towel and place it into a basket,
requiring precise grasp localization and large vertical
motion.
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Fig. 3: Zero-shot cross-embodiment generalization performance. LAP-3B achieves performance comparable to the mg 5-
DROID on the seen embodiment. Across three previously unseen embodiments and six real-world manipulation tasks, LAP-3B
attains over 50% average zero-shot success, delivering approximately a 2x improvement over the strongest baselines, while
all open-sourced VLAs collapse to zero success rate. Error bars denote 95% finite-sample—valid confidence intervals that control

the Type-1 error (miscoverage) probability, following [83].

5) Pour: pour contents from a bowl, testing rotational
control and primitive sequencing.

These tasks require full 6-DoF manipulation, e.g., rotating
the gripper to avoid collisions during sorting, and probe
complementary primitive skills.

For each embodiment, we evaluate on two of these tasks

with 20 trials per task. We report mean success rates with
95% confidence intervals following the method of [83]], which
provides statistically valid finite-sample coverage. Unlike
heuristic standard deviations, these intervals explicitly control
the Type-I error (miscoverage) probability. Success metric is
binary: a trial is marked successful only if the full task is
completed. Results are summarized in Fig.
Seen Embodiment Evaluation. On the in-distribution DROID
setup, we observe that nearly all open-sourced VLAs fail to
achieve non-trivial task success, with the sole exception of
mo.5 — DROID [1], which has been explicitly fine-tuned on
the DROID dataset [11]. This highlights a critical limitation
of current VLAs: despite large-scale multi-embodiment pre-
training, effective deployment even on seen embodiments
typically requires embodiment-specific adaptation.

For our replicated comparison baselines, 7 5-replicated and
mo-replicated achieve moderate and comparable performance.
However, VLA-0O-replicated consistently collapses to near-zero
actions. We find this failure mode stems from overfitting to
trivial predictions, which manifests as predicting only small-
magnitude action tokens. This issue may be less of a concern
on smaller, cleaner benchmarks such as LIBERO but
becomes detrimental at large scale, where noise and behavioral
diversity are unavoidable.

Notably, LAP-3B consistently outperforms  5-replicated
and mo-replicated by approximately 15 percentage points
across tasks, despite sharing the same backbone archi-
tecture and training data; this highlights the superiority
of the language-action representation. Moreover, LAP-3B
achieves performance on par with 7y 5-DROID—without any

embodiment-specific fine-tuning on the DROID dataset itself.
This indicates that language-action supervision enables ef-
fective learning from large-scale, heterogeneous robot data,
leading to strong in-distribution performance.

Unseen Embodiment Evaluation. We next evaluate zero-
shot transfer to three previously unseen robot embodiments.
Across all settings, LAP-3B demonstrates a substantial and
consistent advantage, with an average success rate exceeding
50%, representing an approximate 2x improvement over the
strongest baseline. Importantly, LAP-3B is the only model
to achieve consistently high performance across all novel
embodiments.

In contrast, all open-sourced VLAS, including 7 5-DROID,
which performed strongly in-distribution, fail to generate
meaningful behavior on unseen robots. This sharp collapse
suggests that existing VLA training recipes remain tightly cou-
pled to embodiment-specific control conventions, preventing
transfer even when visual and task semantics remain similar.

By contrast, LAP-3B exhibits both semantically grounded
movements and fine-grained spatial control across embod-
iments. We hypothesize that the language-action interface
provides a shared, embodiment-agnostic abstraction that better
preserves the VLM’s generalizable visual-semantic represen-
tations while enabling precise execution under novel robot
kinematics. This decoupling allows LAP-3B to retain coherent
task intent while avoiding the embodiment-specific overfitting
that hampers existing VLAs.

B. Fine-Tuning Efficiency on New Embodiments

While LAP-3B exhibits non-trivial zero-shot performance
on novel embodiments for simple tasks, more challenging
manipulation scenarios still require embodiment-specific adap-
tation at the current training scale. We therefore investigate
whether LAP improves fine-tuning efficiency along two axes:
data efficiency—requiring fewer demonstrations to reach a
given performance level, and compute efficiency—converging
with fewer gradient steps.



[
So.8
o o o N 0.6
" P )
o
©0.6- o
S o
2 0.4
084 ~«
= * o - m0.5 - Oracle 8
e o— 10 - Replicated F0.2
©0.2- O no - Replicate
3: (<] O n0.5 - Replicated
o -
6.8-. , ~¥— LAP-3B (Ours) 0.0- %
0 5 10 15 20 25 30 0 10 20
Number of Epochs

(a)

Number of Demos

Franka Towel Fine-tuning

% 1.0-
n 0.8
1%
2
o 0.6
o
o
a
~ 0.4-
"
©
©— 10 - Replicated = 0.2- ©— mnO - Replicated
O m0.5 - Replicated O m0.5 - Replicated
—k— ‘LAP-3B (9urs) : 0.0- # ~%— LAP-3B (Ours)
30 40 50 0 10 20 30 40 50

Number of Demos

Fig. 4: Fine-tuning efficiency in simulation (LIBERQO) and real-world manipulation tasks. Across both domains, LAP-3B
adapts substantially faster than baseline policies, reaching high performance with significantly fewer epochs and demonstrations.
In simulation, LAP-3B converges to near-optimal success within a fraction of the training steps required by baselines. On
real robots, LAP-3B achieves comparable task performance using approximately 2.5X fewer demonstrations, demonstrating
substantially improved data and compute efficiency when transferring to new embodiments.

Simulation Fine-Tuning Experiments. We first fine-tune
LAP-3B on the LIBERO simulation benchmark [84] and com-
pare against g 5-replicated and 7g-replicated baselines trained
on the same pre-training mixture. We additionally report an
oracle baseline, m( 5-Oracle, initialized from the original 7 5
weights pre-trained on substantially larger datasets.

As shown in Fig. a), LAP-3B converges substantially
faster than all baselines. With only a single epoch of fine-
tuning, LAP-3B already reaches 78% success, and achieves
near-maximum performance (96.8%) within six epochs—
significantly fewer updates than both replicated baselines and
the oracle model [1]. While 7 5-Oracle eventually attains
slightly higher asymptotic performance after extended training,
LAP-3B demonstrates markedly superior compute efficiency.
These results indicate that language-action pre-training yields
a more transferable initialization that adapts rapidly to new
embodiments. We summarize LIBERO benchmark results for
LAP-3B and baseline methods in Appendix
Real-World Fine-Tuning Experiments. We next fine-tune on
two challenging real-robot tasks (Fig. Etop row, right):

« Hang Tape on Rack: pick up the tape by its edge and
hang it on the top rack, requiring dexterity and precision.
The task is evaluated on the YAM robot.

o Fold Towel and Place in Basket: fold the towel in
half from left to right, then place the folded towel
into a basket, requiring both fine-grained dexterity and
long-horizon manipulation. The task is evaluated on the
Custom Franka robot.

Results are shown in Fig. We evaluate task progress metrics
over 20 trials per data point (see Appendix [B-K]for details).

Across both tasks, LAP-3B achieves strong performance
with substantially fewer demonstrations. On YAM, LAP-
3B reaches approximately 50% task progress using only 20
demonstrations—roughly 2.5 X demos fewer than baselines.

On Franka, LAP-3B consistently outperforms 7 5-replicated
and mo-replicated across all data regimes. Together, these
results demonstrate that language-action pre-training produces
a more adaptable VLA, improving both sample efficiency and
fine-tuning speed when transferring to new embodiments and
tasks.

C. Analyzing LAP’s Cross-Embodiment Generalization

T-SNE visualization of embodiment representations. We
visualize learned embodiment features using t-SNE in Fig.a)
by embedding the average prelogits of action tokens, which
capture internal control representations across robot embod-
iments. LAP-3B exhibits substantially improved alignment
between unseen embodiments and training data, with features
from unseen embodiments overlapping closely with those from
training embodiments rather than forming separate clusters.
In this representation space, stronger overlap between training
and unseen embodiments indicates that the model has learned
more transferable, embodiment-agnostic representations, help-
ing explain why language-action pre-training enables strong
zero-shot embodiment transfer.

Low action prediction error on unseen embodiments. We
next evaluate the quality of representations learned during
pre-training by measuring action prediction error on held-
out datasets from unseen robot embodiments described in
Sec. Prediction error is measured as the ¢y distance
between predicted and ground-truth actions.

As shown in Fig.b), LAP-3B consistently achieves lower
action prediction error on unseen embodiments than baselines
trained with alternative action representations, indicating that
language-action supervision leads to more generalizable con-
trol representations across embodiment shifts. In addition, the
prediction error decreases smoothly and monotonically over
training, further suggesting that LAP facilitates generalizable
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Fig. 5: (a) T-SNE visualizations of learned embodiment representations for LAP-3B and g 5-replicated. LAP-3B
exhibits substantial overlap between training and unseen embodiments, whereas m( 5-replicated shows limited alignment,
indicating that LAP-3B learns more transferable, embodiment-agnostic control representations. (b) Action prediction error
on unseen embodiments during pre-training. LAP-3B achieves consistently lower action prediction error on held-out unseen
embodiments throughout training, compared to 7 5-replicated and m-replicated baselines. This indicates that language-action
supervision enables the model to learn control representations that generalize across embodiments, allowing more accurate
action prediction on novel robots as well as smoother training dynamics.

representation learning and promotes more stable training
dynamics.

TABLE II: Best prediction errors on held-out datasets from
unseen robot embodiments for LAP-3B and baseline methods.
Best per row is bolded.

LAP-3B 7 5-replicated mp-replicated

0.151 0.168 0.189
0.049 0.051 0.052

Prediction Error (Unseen)
Validation Loss (Unseen)

We additionally report the best validation loss of the (flow-
matching) action expert in Table [[I} Taken together, these re-
sults suggest that language-action pre-training does not merely
stabilize optimization, but fundamentally improves how con-
trol representations transfer across embodiments—allowing
LAP-3B to predict more accurate actions on unseen robots
and explaining both its strong zero-shot performance and
superior fine-tuning efficiency.

D. Co-Training with Vision-Language Datasets

We further investigate whether co-training with addi-
tional Visual-Question-Answering (VQA) tasks benefits LAP-
3B. We consider a motion-prediction task in which the
model is prompted with two consecutive images and
asked to predict the corresponding language-action describ-
ing the change between frames, analogous to an “in-
verse dynamics” prediction (Fig. bottom left). This
co-training objective naturally bridges standard VQA-style
supervision and our language-action prediction by shar-
ing a unified, language-based output format (Fig. @

We evaluate the resulting mod- — 1eex-
els on two embodiments, Cus-
tom Franka and YAM, with re-
sults shown in Incorporating this
motion-prediction VQA task leads
to more precise action generation
and improved spatial generaliza-
tion, yielding higher success rates
across embodiments. In addition,
co-training produces checkpoints
that are easier to adapt to new
tasks, enabling faster fine-tuning
with fewer gradient steps and
achieving higher final convergence
performance (see Appendix .

80% -

60% -

40% -

20% -

0%

T T
YAM Custom Franka

N LAP-3B
[0 LAP-3B (with VQA co-training)

Fig. 6: VQA co-
training with a motion-
prediction task improves
cross-embodiment
performance.

E. Scaling with Model Size

We next investigate whether LAP benefits from increased
model capacity, and whether its advantages persist in the large-
model regime.

Using Gemma3 [85] as the VLM backbone, we train LAP
models at 4B, 12B, and 27B parameter scales, and compare
them against corresponding g s-replicated variants, which
represent the current state of the art in VLAs.

We evaluate two metrics on a held-out split comprising
2.5% of the full data mixture: (i) token validation loss of the
VLM backbone, and (ii) validation loss of the flow-matching-
based action expert. For token validation loss, we report the
percentage reduction relative to the 4B model, as absolute
loss values are not directly comparable across different action
representations.



As shown in Fig. [7] LAP consistently attains lower val-
idation loss across all model sizes and exhibits favorable
scaling behavior, with performance improving monotonically
as model capacity increases. In contrast, the my 5-replicated
baseline shows early saturation and even degradation at larger
scales. These results indicate that language-action supervision
remains effective in the large-model regime and increasingly
benefits from additional representational capacity.

Token Validation Loss (%) Action Validation Loss (x10-2)
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Fig. 7: Model scaling behavior of LAP compared to 7 5-
replicated. Left: Token validation loss, reported as percentage
drop relative to the 4B model. Right: Continuous action
validation loss of the diffusion-based action expert. LAP-
3B improves consistently with scale, whereas the baseline
saturates and degrades.

V. CONCLUSIONS AND DISCUSSIONS

We introduce Language-Action Pre-training (LAP), a scal-
able VLA pre-training recipe that predicts actions in nat-
ural language, yielding representations that transfer effec-
tively across robot embodiments. We further present LAP-
3B, which achieves substantial zero-shot generalization on
real robots—delivering roughly a 30% absolute improvement
over prior action representations and, to our knowledge, the
first substantial zero-shot success rate on novel embodiments
without fine-tuning. LAP-3B also exhibits stable training,
favorable scaling, and strong fine-tuning efficiency.

Broader implications. LAP opens the possibility of training
VLMs explicitly for robotics, enabling robot (and potentially
non-robot) interaction data to be seamlessly mixed with stan-
dard VLM corpora to learn models that reason, communicate,
and act within a unified representation space.

Limitations and future work. Despite these promising re-
sults, several limitations remain. While LAP can be applicable
to substantially more heterogeneous robot systems and data
sources, this paper focuses only on zero-shot transfer across
single-arm manipulators. For example, LAP can be easily
adapted to bimanual robots, which actions can be represented
through coordinated dual-arm descriptions (e.g., Left Arm:
move forward 5 cm; Right Arm: rotate clockwise 20 degrees).
Another key advantage of language-actions is that they nat-
urally operate at varying levels of precision and are more
tolerant to less accurate action labels, enabling the use of
data such as human pose tracking, UMI, or internet video
where precise low-level control signals are difficult to obtain.
Systematically investigating these directions at scale remains
an important avenue for future work.

Second, although LAP-3B adapts efficiently to moderately
dexterous tasks such as Fold Towel and Put in Basket and
Hang Tape on Rack, we have not yet evaluated regimes
requiring substantially higher control frequency or extreme
precision (e.g., fast reactive control, or fine-grained deformable
object manipulation). Extending language-action supervision
to these settings—potentially through hierarchical or multi-
scale action representations—remains an open challenge.
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