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Abstract

Recent end-to-end robotic manipulation research increas-
ingly adopts architectures inspired by large language models
to enable robust manipulation. However, a critical challenge
arises from severe distribution shifts between robotic action
data, primarily due to substantial numerical variations in ac-
tion commands across diverse robotic platforms and tasks,
hindering the effective transfer of pretrained knowledge. To
address this limitation, we propose a semantically grounded
linguistic representation to normalize actions for efficient pre-
training. Unlike conventional discretized action representa-
tions that are sensitive to numerical scales, the motion rep-
resentation specifically disregards numeric scale effects, em-
phasizing directionality instead. This abstraction mitigates
distribution shifts, yielding a more generalizable pretrain-
ing representation. Moreover, using the motion representa-
tion narrows the feature distance between action tokens and
standard vocabulary tokens, mitigating modality gaps. Multi-
task experiments on two benchmarks demonstrate that the
proposed method significantly improves generalization per-
formance and transferability in robotic manipulation tasks.

Introduction
Recent advances in artificial intelligence have enabled mod-
els to acquire extensive knowledge from large-scale data,
demonstrating robust generalization across tasks with min-
imal fine-tuning (Radford et al. 2019; Brown et al. 2020).
Building on foundational robotics research that integrated
vision and control(Chaumette and Hutchinson 2006; Sax-
ena, Driemeyer, and Ng 2008), modern approaches increas-
ingly adapt these large-scale AI methods to robotics (Yi-
fan et al. 2025) . In particular, language-conditioned ac-
tion learning leverages both visual and linguistic inputs to
guide robot actions, enabling more flexible and versatile ma-
nipulation capabilities. Large-scale datasets like Open X-
Embodiment (OXE) (O’Neill et al. 2024)aggregate multi-
modal robotic demonstrations across 22 robot embodiments
and over 1 million tasks. By unifying visual (RGB/depth),
proprioceptive, and language inputs with action trajectories
in a standardized format, OXE facilitates cross-robot policy
learning. Advanced works like OpenVLA, Octo, Pi0, and
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RDT (Kim et al. 2024; Team et al. 2024; Black et al. 2024;
Liu et al. 2024) leverage these datasets to explore model ar-
chitectures and improving robotic manipulation.

Despite the successes in NLP through autoregressive pre-
training, robotics models still face significant challenges
in achieving similar transferable generalization. One of the
main obstacles is distribution shifts across datasets caused
by variations in collection environments, visual conditions,
robot hardware, and data collection protocols. Consequently,
current models frequently require extensive fine-tuning to
perform satisfactorily in new domains. Additionally, exist-
ing language-conditioned imitation learning approaches of-
ten provide dynamic visual inputs at each timestep but main-
tain static language instructions. This imbalance limits the
influence of language modality in guiding action generation,
failing to fully utilize language’s potential.

To address the above limitations, we introduce a
language-based intermediate representation to guide robot
actions before execution, achieved through a rule-based
mapping that transforms end-effector actions into coarse-
grained language descriptions as alignment targets. To han-
dle distribution shifts and ensure adaptability across diverse
datasets, the proposed method incorporates a generalized
motion generation method that applies spatial normaliza-
tion and dynamic threshold adjustments. Leveraging the se-
mantic richness and robust generalization of natural lan-
guage, our unified pretraining strategy autonomously gen-
erates accurate, cost-efficient language alignment targets
from diverse datasets without relying on external modules or
manual intervention, thereby enhancing generalization and
adaptability. We first train on a subset of the OXE dataset to
capture execution patterns across varied environments, then
fine-tune the model on manipulation benchmark datasets un-
der language-alignment constraints to ensure semantic cor-
respondence between actions and language. Experiments
demonstrate that this approach enhances transferability, ex-
ecution accuracy, and stability, with language alignment fur-
ther bolstering robustness under diverse task conditions.

In summary, our contributions include:
• We propose a novel pretraining strategy leveraging rule-

based linguistic representations to align action-language
distributions across datasets, inherently capturing general-
ized motion-language relationships without manual anno-
tations or external corrections, thus enhancing model gen-
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Figure 1: The proposed motion data generation pipeline. The left part illustrates the distributions of specific execution actions
across different types of datasets; The middle part presents our threshold- and window-based detection framework along with
its proposed improvements; The right part depicts the structure and representation of the generated motion outputs.

eralization and transferability.
• We propose an adaptive multi-scale motion detection

method that dynamically adjusts thresholds and employs
hierarchical windows, effectively suppressing motion jit-
ter and false segmentation across datasets, significantly
improving the accuracy of complex action recognition.

• Extensive evaluations on LIBERO (Liu et al. 2023) and
Simpler Env (Li et al. 2024b) benchmarks validate our
method’s superior accuracy, stability, and robustness com-
pared to existing baselines.

Related Work
End-to-End Action Generation
In the manipulation field, there are many attempts to train
models on a large scale end-to-end. Typical examples in-
clude RT1(Brohan et al. 2022) and RT2(Brohan et al. 2023),
which use FiLM(Perez et al. 2018) and CLIP(Radford et al.
2021) for image encoding, transformer as the backbone, and
discrete action space instead of act token for action decod-
ing. RT2(Brohan et al. 2023) also uses large-scale mixed
data to allow the model to perform actions while retain-
ing some multimodal QA knowledge. Other work from the
same period includes Octo(Team et al. 2024), which also
uses Transformer as the backbone and is pretrained on the
largest robot manipulation dataset Open X-Embodiment.
Moreover, there are many similar works, including Open-
vla(Kim et al. 2024) and Pi0(Black et al. 2024). Some work
has noticed that when using multiple robot arm data for pre-
training, there will be issues of embodiment inconsistency.
To solve this problem, RDT(Liu et al. 2024) introduces
a Physically Interpretable Unified Action Space to unify
data from different sources, while HPT(Wang et al. 2024)
utilizes embodiment-specific tokenizers (“stems”), mapping
the proprioception and visual sensing information of differ-
ent robotic arms into a shared latent space.

Action Generation Assisted by Textual Guidance
Some researchers believe that in manipulation tasks, seman-
tic expressions are becoming more diverse, making the map-
ping from high-level tasks to specific operations more dif-

ficult. To address this issue, some research proposes let-
ting the model first learn the mapping from tasks to gen-
eral language descriptions and then further learn specific
operational actions. However, the model may have biases
when generating actions based on language descriptions.
Therefore, RT-H(Belkhale et al. 2024) introduced a man-
ual intervention mechanism to correct errors in language de-
scriptions, while ECoT(Zawalski et al. 2024) extended the
language reasoning chain to guide correct action descrip-
tions, exploring the effectiveness of ChatGPT in correcting
actions. Additionally, Emma(Sun et al. 2024) further im-
proved chain-of-thought generation and introduced explicit
state information from trajectories as input to enhance the
model’s task understanding and execution capabilities. Sim-
ilarly, CoA(Li et al. 2024a) proposed Chain-of-Affordance,
using the location of affordances in images as a chain of
thought to guide the model in generating more robust ac-
tions. Meanwhile, some work(Qi et al. 2025) considers ob-
ject orientations to be a key requirement for fine-grained
manipulations tasks; They constructed a dataset of object-
text-orientation pairs, excelling in many embodied tasks. In
contrast to the above methods that rely on explicit guidance,
we propose enhancing the model’s action generation capa-
bility through multi-dataset pretraining. This approach en-
ables the model to produce more robust motion language
descriptions, thereby significantly improving its generaliza-
tion performance across tasks and datasets—without requir-
ing additional reasoning chains or manual correction. (Fu
et al. 2024) .

Methods
This section presents our method in the order of action tok-
enization, motion generation, and model training. First, Ac-
tion Tokenizer discretizes continuous action signals into to-
ken sequences to establish a learnable output space. Sec-
ond, Motion Generation generates robust natural-language
motion signals using adaptive thresholds and hierarchical
temporal windows, serving as high-level semantic guidance.
Finally, the Two-Stage Training stage employs a two-stage
conditional generation strategy to progressively predict con-
crete actions from observations and instructions.
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Figure 2: Two-stage training on Qwen2.5 (0.5B, 1.5B, 3B): pretraining predicts motion tokens; fine-tuning predicts motion then
action tokens. Image tokens denote the observed visual input; text tokens denote the task instruction; motion tokens denote our
proposed motion language; and action tokens denote the discrete action representation.

Action Tokenizer
Our action decoding method follows the approach of RT-
2 and OpenVLA. Based on the task instruction and cur-
rent observation input, the VLA should predict 7 action to-
kens consecutively, representing a 7-dimensional action the
robot should execute, with each dimension corresponding
to (∆X,∆Y,∆Z,∆roll,∆pitch,∆yaw,GripperState). The
variables are normalized during training, and the output is
denormalized during inference. Each normalized variable is
discretized into 256 bins, where each bin is represented as a
unique token. This transforms the action prediction task into
a token-based sequence prediction task. In our VLA design,
we appended 256 additional tokens to the tail, specifically to
represent the 256 action tokens, denoted as <extra_0>–
<extra_255>. For normalizing, we exclude the outliers
in each of the seven dimensions that fall outside the 1st and
99th percentile range. If outliers are included, the normaliza-
tion range expands significantly, resulting in coarse-grained
predictions and larger bin sizes, which can negatively impact
precision.

Motion Generation
Previous work typically relies on manually defined thresh-
olds and window sizes to generate motion signals. The
threshold distinguishes actions by treating motion magni-
tude above it as an active movement and below it as no action
in that dimension, while the window defines the temporal
span over which motion displacements are accumulated into
a single motion token. While such methods perform reason-
ably well on individual datasets, their simplicity makes them
poorly suited for handling complex motion patterns across
multiple datasets.

To enable collaborative motion generation in a multi-
dataset setting, the normalization method described in sub-
section Action Tokenizer is first applied before generating

motion signals. Building upon this, we account for the jitter-
ing phenomenon commonly observed in robotic arms oper-
ating in real-world environments by replacing fixed thresh-
olds with adaptive ones. Additionally, to accommodate the
diverse types of robotic arm movements, we replace the sin-
gle fixed-size window with a hierarchical detection window.

Motion Representation The “motion” representations we
generated are a fixed set of natural language descriptions
structured as follows: move [forward/backward] [left/right]
[up/down], tilt [up/down], rotate [clockwise/counterclock-
wise], [open/close] gripper. Specifically, the keyword move
describes positional displacement of the actuator along co-
ordinate axes, while tilt and rotate denote angular rotations
of the actuator, and gripper refers to its open-close actions.
Each “motion” representation is composed of a combination
of these three movement types. In cases where no movement
is detected across all dimensions, the motion token is labeled
as “stop”.

Threshold The threshold defines the minimum motion
magnitude required to consider a change as meaning-
ful—motion below this threshold is treated as no action
in the corresponding dimension. To achieve more precise
threshold determination for motion detection, we specifi-
cally take into account the jittering phenomena that may
arise from faster movement speeds. We introduce a speed-
based correction method, which adjusts the threshold to
compensate for jitter caused by high-speed motion.

Let T i
base denotes the basic threshold, and β represents the

sensitivity coefficient. Additionally, τ represents the thresh-
old adjustment window. The detecting formula is shown be-
low, where s indexes the time steps within the window:

Ti(t) = T i
base + β · 1

τ

t∑
t−τ

|∆̂i(s)| (1)
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Window Since motion generation often involves accumu-
lation over multiple frames, the window determines the tem-
poral span over which this accumulation occurs. Oriented
to fixed window for motion detecting, incorporating the ap-
proach of fast-varying subsystem and slow-varying subsys-
tem in singular systems, we designed the layered detecting
window for motion categories comprising three temporal
resolutions: fast, mid, and slow. Let p(t) ∈ R3 denote the 3D
gripper position at time t, and let T ∈ R+ be a predefined
movement threshold. To simplify expressions, we define the
following shorthand notations:
• ∆tp := p(t)− p(t− 1): unit-step displacement at time t

• ∆tXp := p(t)−p(t−∆tX): displacement over a window
of size ∆tX, where X ∈ {fast,mid, slow}

For brevity, we use subscripts f, m, s to denote fast, mid,
slow respectively in the following definitions. The motion
detectors for each temporal level are then defined as follows:

Mf := ∥∆tf p∥ > 2T (2)

Focusing on regular movements, we modified the motion
judging logic based on ECOT(Zawalski et al. 2024), ensur-
ing the robotic arm is always in a moving process.

Mm := ∥∆tmp∥ > T ∧ min
τ∈[t−∆tm, t]

∥∆τp∥ > 0 (3)

Focusing on the slow reactions in slow-varying systems,
considering that these reactions usually have long response
times and slow-changing state variables, we designed a
threshold detection under a large window. Meanwhile, to
avoid multiple segments of motion being recognized as a
whole slow reaction due to an overly large window, we stip-
ulated that the motion must proceed steadily in the same di-
rection.

Ms := ∥∆tsp∥ > T ∧ min
τ∈[t−∆ts, t]

∥∆τp∥ >
T

2∆ts
(4)

We comprehensively evaluate the actions, identifying
them only after each action detection has been passed.

Motion(t) := Mf(t) ∨ Mm(t) ∨ Ms(t) (5)

Design Justification To compare the advantages and dis-
advantages of our proposed method with the fixed threshold-
based approach used in ECoT, we manually annotated 5%
of the data (or 3% for some larger datasets) and computed
the average accuracy of action annotations. Given the dis-
tributional differences across datasets, we used separately
tuned thresholds for each dataset when applying the base-
line method.

The average annotation accuracy of our method reached
86.37%, significantly outperforming the ECoT-style thresh-
old method, which achieved only 57.62%.

Upon further analysis of the failure cases, we ob-
served that the threshold-based method—due to its simplic-
ity—tends to falsely identify minor jitter during execution as
multiple distinct actions. In contrast, our method effectively
suppresses such false positives, leading to more stable and
robust action recognition across different datasets.

Two-Stage Training
For each manipulation trajectory i, we associate a
task instruction, formulated as: "What action should
the robot take to {instruction}?". A trajec-
tory consists of a sequence of discrete actions Ai =
(a0i , a

1
i , . . . , a

T
i ), where T denotes the total number of

steps in the trajectory. These actions align with video
frames captured from a certain viewpoint, denoted Oi =
(o0i , o

1
i , . . . , o

T
i ). Here, we employ third-person video

frames as the image input and fix the temporal win-
dow to 1, leading each trajectory to produce one data in-
stance per step. To enable an end-to-end cross-modal map-
ping, we introduce a language-based “motion” modality
Mi = (m0

i ,m
1
i , . . . ,m

T
i ) in the output to describe the ac-

tions. These coarse-grained labels serve as an intermedi-
ate representation, ultimately forming tuples of the form
(Oj

i , pi,M
j
i , A

j
i ), where i indexes the trajectory, j indexes

the step within trajectory i, and pi denotes the task instruc-
tion associated with the i-th trajectory. The strategy we aim
to learn consists of two stages: firstly, ϕh(m|o, p) indicates
that, conditioned on the current observation and instruction,
the model generates motion tokens describing the upcoming
actions in an autoregressive, next-token-prediction manner.
Subsequently, ϕl(a|o, p,m) leverages these predicted mo-
tion tokens as contextual information to infer specific action
tokens.

ϕ(a,m|o, p) = ϕh(m|o, p)ϕl(a|o, p,m) (6)

Motion-Only Pretraining We believe that the VLA model
during pretraining encounters multi-source data with signif-
icantly different distributions, where action offsets are par-
ticularly severe, caused by the sampling frequencies and en-
tity machine differences at the time of dataset construction.
Therefore, existing pretraining often struggles to capture
general information. In contrast, the motions generated on
each dataset, as described in the previous subsection, are rel-
atively more unified. Following the idea similar to curricu-
lum learning, we start with easier tasks, so we hope that the
pretraining phase can more efficiently capture general direc-
tional knowledge. Meanwhile, the difficulty of both learning
and transfer will be greatly reduced, aligning with the prin-
ciples of curriculum learning (Qi et al. 2024) .

The format of the training data follows the construction
method of VLM supervised fine-tuning data (llava), as pre-
sented in Table 1.
Downstream Fine-Tuning After a broad and diverse pre-
training phase, we expect the model to acquire more general
motion representations. However, due to data distribution
shifts, none of the existing VLA models can achieve zero-
shot generalization and need further adaptation through im-
itation learning data from downstream scenarios. Therefore,
fine-tuning is an essential process.

Meanwhile, since our pretraining objective is to learn
more general representations, although this motion also rep-
resents an action, it is too coarse-grained. As pointed out
by (Li et al. 2024c), coarse-grained predictions are easier to
make under the same conditions but perform far worse in ex-
ecution compared to fine-grained ones. Therefore, we need
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<START>system\n Xsystem <STOP> \n
<START>user\n What action should the robot take to Xinstruct ? <STOP> \n
<START>motion\n Xmotion <STOP> \n

Table 1: The input sequence used to pretrain the model. In practice. In our current implementation, Xsystem =
You are Qwen, created by Alibaba Cloud. You are a helpful assistant. and <START>=
<|im start|>,<STOP> = <|im end|>. The model is trained to predict the robot motion and where to stop, and thus
only green sequence/tokens are used to compute the loss in the auto-regressive model.

<START>system\n Xsystem <STOP> \n
<START>user\n What action should the robot take to Xinstruct ? <STOP> \n
<START>motion\n Xmotion <STOP> \n
<START>assistant\n Xaction <STOP> \n

Table 2: Most settings are the same as in the previous subsection, but in this period, the model needs to predict both motion and
robotic arm actions simultaneously.

finer-grained action tokens to represent the actions to be ex-
ecuted. The training data follows the construction format of
VLM supervised fine-tuning data, as presented in Table 2.

Experimental Setup
Research Questions
In our experimental evaluation, we aim to answer the fol-
lowing questions:

(RQ1) What is the individual contribution of each refine-
ment on performance?

(RQ2) Does the model with these refinements outper-
form established baselines and state-of-the-art ap-
proaches?

(RQ3) Does adding a language output objective reduce the
gap between action tokens and language tokens?

Baseline Methods
We compare with recent baselines including Diffusion Pol-
icy (Chi et al. 2023), ScaleDP (Zhu et al. 2024), Octo (Team
et al. 2024), OpenVLA (Kim et al. 2024), RT-1-x (Brohan
et al. 2022), and ECoT (Zawalski et al. 2024), covering
diffusion-based, vision-language-action, and transformer-
based policies. Details are provided in Appendix A.

Dataset
During pretraining, we utilized Open X-Embodiment, a
large and diverse dataset containing hundreds of thousands
of demonstrations. To reduce the computational cost during
the pretraining phase, we selected 7 sub-datasets from it, in-
cluding furniture-bench(Heo et al. 2023) and jaco(Dass et al.
2023), totalling approximately 12,000 trajectories. More de-
tails are in the Appendix B. This amount of data has shown
promising results in demonstrating the benefits of motion
pre-training in our experiments. To evaluate the generaliza-
tion ability of the pretraining method, our pretraining dataset

does not include LIBERO and Bridge V2(Walke et al. 2024).
Based on this, we generated motion data for pretraining us-
ing the pipeline introduced in Section Method.

For fine-tuning, we applied the same pipeline to LIBERO
and Bridge V2 datasets. LIBERO features 130+ language-
conditioned manipulation tasks for studying knowledge
transfer in lifelong learning. Bridge V2 includes 7,200
demonstrations spanning 10 environments and 71 tasks in
household scenarios.

Evaluation
LIBERO is a benchmark of 130+ language-conditioned
tasks for Lifelong Decision-Making Learning (LLDM), fo-
cusing on knowledge transfer and skill personalization. We
tested on four suites: Spatial, Goal, Object, and Long, fol-
lowing the open-source OpenVLA settings.
SimplerEnv offers a scalable simulation for real-world
robot manipulation. For Bridge v2, SimplerEnv evaluates
success rates on four tasks: Place a spoon on a towel, Place a
carrot on a plate, Stack a green block on a yellow block and
Place an eggplant in a yellow basket.

Implementation Details
Model Architecture Our architecture builds on OpenVLA,
standardizing image resolution to 224 × 224px and encoding
with SigLIP(Zhai et al. 2023) and DINO v2(Oquab et al.
2024), followed by channel-wise concatenation. The LLM
backbone uses Qwen2.5(Qwen et al. 2025) in three sizes:
0.5B, 1.5B, and 3B, with 256 special tokens added to the
action tokenizer for 256 bins.

We replicated two-stage VLM training for Qwen2.5 us-
ing the LLaVA 1.5 data mixture in the Prismatic(Karamcheti
et al. 2024) framework, then trained using our two-stage
method. To verify the impact of pretraining, we conducted
experiments from scratch, performing direct fine-tuning.
Fine-tuning Hyperparameters For pretraining, we used a
batch size of 2048, and for fine-tuning, 512, with a learning
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From Scratch
LIBERO-

Spatial
LIBERO-

Object
LIBERO-

Goal
LIBERO-

Long
Average ∆ Avg.

0.5B
w/ motion 84.0±0.9 86.6±0.9 78.0±1.1 46.0±1.3 73.7±0.6

+2.5
w/o motion 84.8±0.9 85.8±0.9 69.6±1.2 44.4±1.3 71.2±0.6

1.5B
w/ motion 84.6±0.9 85.2±0.9 76.4±1.1 47.8±1.3 73.5±0.6

+1.8
w/o motion 84.0±0.9 84.8±1.0 71.0±1.2 46.8±1.3 71.7±0.6

3B
w/ motion 83.6±0.9 86.8±0.9 79.6±1.0 48.0±1.3 74.5±0.6

+2.5
w/o motion 85.0±0.9 86.4±0.9 71.2±1.1 45.4±1.3 72.0±0.6

Table 3: Success rates (%) on LIBERO benchmark (models
trained from scratch)

From Scratch
Spoon/
Towel

Carrot/
Plate

Stack
Blocks

Eggplant/
Basket

Average ∆ Avg.

0.5B
w/ motion 16.7 19.6 0 16.4 13.2

+1.5
w/o motion 14.1 20.5 0 12.2 11.7

1.5B
w/ motion 22.7 16.5 0 20.9 15.0

-0.3
w/o motion 33.1 19.8 0 8.6 15.3

3B
w/ motion 35.8 25.1 0 56.5 29.4

+9.6
w/o motion 28.5 24.4 0 26.3 19.8

Table 4: Success rates (%) on SimplerEnv benchmark (mod-
els trained from scratch)

rate of 2e-5. All experiments were conducted on A100-80G
GPUs. For detailed information regarding the training du-
ration, inference time, and computational efficiency, as well
as the time spent on each experimental phase and reasoning
process, please refer to Appendix C.

Experimental Results and Analysis
How does each refinement impact performance
individually? (RQ1)
To validate the effectiveness of our proposed pretrain-
ing strategy compared to other existing methods, we con-
ducted comprehensive experiments across different model
sizes. Specifically, we pretrained models solely focusing
on motion generation and models focusing exclusively on
action generation. Subsequent fine-tuning was performed
across various benchmarks to evaluate their performance.
Experimental results clearly demonstrate that models pre-
trained with our motion-focused method achieve signifi-
cantly higher success rates (SR). Additionally, by compar-
ing results from Table 3–6, it becomes evident that pretrain-
ing with motion provides a substantially greater improve-
ment over baseline models trained from scratch. This fur-
ther underscores the effectiveness and importance of incor-
porating motion learning during the pretraining stage. How-
ever, it was observed that the 1.5B parameter model exhib-
ited limited performance gains in the SimplerEnv bench-
mark. We suggest this phenomenon arises primarily due to
the gap between fine-tuning data, which was collected from
real-world scenarios, and the simulated testing environment,
compounded by the constraints imposed by the limited pa-

After Pretrain
LIBERO-

Spatial
LIBERO-

Object
LIBERO-

Goal
LIBERO-

Long
Average ∆ Avg.

0.5B
w/ motion 86.0±0.9 84.8±0.9 76.4±1.1 51.2±1.3 74.6±0.6

+3.2
w/o motion 85.2±0.9 82.2±1.0 69.0±1.2 49.0±1.3 71.4±0.6

1.5B
w/ motion 86.8±0.9 84.8±0.9 75.2±1.1 51.6±1.3 74.6±0.6

+3.0
w/o motion 84.4±0.9 82.8±1.0 69.8±1.2 49.4±1.3 71.6±0.6

3B
w/ motion 84.8±0.9 90.0±0.8 82.2±1.0 55.4±1.3 78.1±0.5

+6.9
w/o motion 82.0±1.0 85.6±0.9 70.2±1.2 46.8±1.3 71.2±0.6

Table 5: Success rates (%) on LIBERO benchmark (models
trained based on pretraining)

After Pretrain
Spoon /
Towel

Carrot /
Plate

Stack
Blocks

Eggplant/
Basket

Average ∆ Avg.

0.5B
w/ motion 21.1 24.4 0.0 10.7 14.1

+2.3
w/o motion 18.5 12.4 0.0 16.3 11.8

1.5B
w/ motion 30.8 20.8 0.0 24.4 19.0

+0.8
w/o motion 34.6 22.1 0.0 16.2 18.2

3B
w/ motion 44.0 36.2 0.0 61.1 35.3

+14.1
w/o motion 26.4 28.4 0.0 30.1 21.2

Table 6: Success rates (%) on SimplerEnv benchmark (mod-
els trained based on pretraining)

rameter scale.
Furthermore, we aimed to assess the efficacy of our

two proposed methods for optimizing motion generation
quality: adjusting the window size and threshold parame-
ters. Experiments were conducted using the 0.5B parameter
model on the LIBERO benchmark, comparing three scenar-
ios—without motion pretraining, with original motion pre-
training, and with our optimized motion pretraining. Results
from Table 7 align well with human judgment assessments
described in our methodology, demonstrating that our op-
timization techniques substantially enhance motion gener-
ation quality. This robust evidence confirms the significant
contribution of our optimization strategies in improving pre-
training outcomes.

Does our refined model outperform baselines and
SOTA? (RQ2)
We compared our method with state-of-the-art manipula-
tion baselines. Unlike these baselines, our objective explic-
itly aligns motion components—the aspect most sensitive
to dataset-driven numeric shifts. This simplification acceler-

Method
LIBERO-

Spatial
LIBERO-

Object
LIBERO-

Goal
LIBERO-

Long
Average

Ours (0.5B) 86.2±0.9 84.6±0.9 76.2±1.1 51.1±1.3 74.5±0.6
with raw motion 86.0±0.9 83.2±1.0 74.1±1.1 50.5±1.3 73.5±0.6

w/o motion 85.1±0.9 82.3±1.0 69.0±1.2 49.3±1.3 71.4±0.6

Table 7: Success rates (%) on Ours and raw motion and with-
out motion
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Method
LIBERO-

Spatial
LIBERO-

Object
LIBERO-

Goal
LIBERO-

Long
Average

Diffusion Policy 78.3±1.1 92.5±0.7 68.3±1.2 50.5±1.3 72.4±0.7
ScaleDP 79.1±0.7 90.4±0.9 73.6±0.8 48.4±1.2 72.9±0.5

Octo 78.9±1.0 85.7±0.9 84.6±0.9 51.1±1.3 75.1±0.6
Openvla 84.7±0.9 88.4±0.8 79.2±1.0 53.7±1.3 76.5±0.6

Ours
0.5B 86.0±0.9 84.8±0.9 76.4±1.1 51.2±1.3 74.6±0.6

1.5B 86.8±0.9 84.8±0.9 75.2±1.1 51.6±1.3 74.6±0.6

3B 84.8±0.9 90.0±0.8 82.2±1.0 55.4±1.3 78.1±0.5

Table 8: Success rates (%) on LIBERO benchmark (models
trained based on pretraining)

Method
Spoon /
Towel

Carrot /
Plate

Stack
Blocks

Eggplant/
Basket

Average

RT1-x 0.0 4.2 0.0 0.0 1.1
Octo-Base 15.8 12.5 0.0 41.7 17.5
Octo-Small 41.7 8.2 0.0 56.7 26.7

Openvla 4.2 0.0 0.0 12.5 4.2
ECoT 40.2 11.7 0.0 28.4 20.1

Ours
0.5B 21.1 24.4 0.0 10.7 14.1

1.5B 30.8 20.8 0.0 24.4 19.0

3B 44.0 36.2 0.0 61.1 35.3

Table 9: Success rates (%) on SimplerEnv benchmark (mod-
els trained based on pretraining)

ates convergence and yields superior results on two bench-
marks, proving the approach captures transferable motion
directions with modest compute.

Specifically, we fine-tuned the pretrained models and
evaluated them on the LIBERO and SimplerEnv bench-
marks. As shown in Table 8 and Table 9, our approach con-
sistently surpasses baselines lacking motion tokens, and it
also outperforms models trained entirely from scratch. We
further compared ECoT (7B), trained on the same Bridge
dataset, and found our method still attained superior per-
formance. Notably, the OpenVLA (7B) variant of our ap-
proach delivered particularly competitive results while re-
quiring fewer pretraining data and smaller model sizes.

All models failed to succeed in the task “stack green block
on yellow block” in SimplerEnv, This may be because it re-
quires a higher level of precision than other tasks, because
it first needs to grab a very small block and put it accurately
on another very small block. Of course, we think the main
reason is that the training data used is Bridge v2, which is
collected from the real world, and our test environment is
SimplerEnv, which is a test environment replicated in sim-
ulation based on the Bridge v2 dataset, which is different
from the actual environment.

Does a language output objective reduce
action-language distance? (RQ3)
Building on the findings from RQ2, we further investigate
the effect of incorporating motion tokens on representation

(a) Baseline from Scratch (b) Baseline after Pretraining

(c) Ours from Scratch (d) Ours after Pretraining

Figure 3: Comparison of four different experimental setups

alignment. Specifically, we leverage PCA and confidence el-
lipses to visualize embeddings from the spatial task of the
LIBERO benchmark(see Fig. 3). We selected one of the
train-sets on the spatial task, extracted the embeddings of the
model under four training conditions (w&w/o pretraining;
w&w/o motion), and then took the vectors corresponding to
action tokens and motion tokens in the vocabulary from the
embeddings, used principal component analysis to reduce
the dimensionality, and then drew its confidence ellipse and
marked the relevant tokens at the corresponding points.

Visualizations indicate that in end-to-end models trained
for action token generation, the token features deviate sig-
nificantly from those of the original vocabulary. Incorporat-
ing our motion representation (whether pretrained or trained
from scratch) reduces this gap, helping to bridge the modal-
ity difference (Wei et al. 2025) and leading to more efficient
training. Moreover, pretraining yields more clustered action
token features, coinciding with improved manipulation per-
formance, whereas training from scratch results in more dis-
persed representations, suggesting insufficient convergence.

Conclusion
In this paper, we introduce a novel pretraining strategy
using language-modal action representations (motion) to
tackle generalization issues caused by numerical distribu-
tion shifts across robotic platforms and tasks. Our method
converts numerical actions into abstract directional semantic
descriptions, significantly reducing distributional discrepan-
cies and enabling efficient autonomous learning of general-
ized motion-language alignments. Experiments confirm that
integrating motion tokens effectively bridges representa-
tional gaps between action and language modalities, enhanc-
ing generalization and transferability across various robotic
manipulation benchmarks, all without external modules or
manual intervention. Future work will focus on further opti-
mizing the pretraining strategy to advance language-guided
robotic manipulation toward practical applications.
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