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ABSTRACT

Successful generalist Vision-Language-Action (VLA) models rely on effective
training across diverse robotic platforms with large-scale, cross-embodiment, het-
erogeneous datasets. To facilitate and leverage the heterogeneity in rich, diverse
robotic data sources, we propose a novel Soft Prompt approach with minimally
added parameters, by infusing prompt learning concepts into cross-embodiment
robot learning and introducing separate sets of learnable embeddings for each
distinct data source. These embeddings serve as embodiment-specific prompts,
which in unity empower VLA models with effective exploitation of varying cross-
embodiment features. Our new X-VLA, a neat flow-matching-based VLA archi-
tecture, relies exclusively on soft-prompted standard Transformer encoders with
an enhanced encoding pipeline, enjoying both scalability and simplicity. Evalu-
ated across 6 simulation environments as well as 3 real-world robotics platforms,
our 0.9B instantiation-X-VLA-0.9B simultaneously achieves state-of-the-art per-
formance over a sweep of benchmark suites, demonstrating superior results on
a wide range of capabilities, from flexible dexterity to quick adaptation across
embodiments, environments, and tasks.
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Figure 1: X-VLA employs distinctive learnable embeddings, referred to as soft prompt, to effectively address the
heterogeneity present in cross-embodiment datasets. Combined with stacked self-attention transformer blocks
and an enhanced encoding pipeline for multimodal inputs, this design offers a scalable framework for integrat-
ing diverse pretraining datasets and adapting to domain-specific applications. Evaluated across 6 simulation
benchmark including five manipulation benchmarks and one autonomous driving benchmark, as well as 3 real-
world robots, X-VLA achieves SOTA performance over most benchmark suites and real-world robotic tasks.
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1 INTRODUCTION

It has long been a central ambition in the robotics community (Brohan et al., 2023; 2022) to build
autonomous agents that are capable of:(1) �exibly following arbitrary human instructions (Wang
et al., 2025b), and(2) dexterously operating across diverse environments as well as disparate embod-
iments (Black et al., 2025a). In light of recent success of Large Language Models (LLMs) (Achiam
et al., 2023; Bai et al., 2023a; Touvron et al., 2023) and Vision-Language Models (VLMs) (Li
et al., 2024a; Bai et al., 2023b), one promising direction is to extend these advanced architectures
to robotics through the incorporation of precise action modalities, thereby giving rise to Vision-
Language-Action (VLA) models (Kim et al.). The inherent expectation is that such large VLA
models can marry out-of-the-box generalization with robust manipulation capabilities, from sim-
ple pick-and-place operations to complex dexterous tasks (Black et al., 2025b; Team et al., 2025;
NVIDIA et al., 2025).

The success of VLA models, particularly their ability to rapidly adapt to out-of-distribution (OOD)
domains, hinges on pretraining with large and diverse robotics datasets that encompass a broad
spectrum of robotic system architectures and a wide range of task scenarios (O'Neill et al., 2024;
Lin et al., 2025). A key challenge here is that VLA models face substantial heterogeneity from
hardware con�gurations to data collection strategies (Wang et al., 2024b). Such heterogeneity
manifests not only in embodiment-speci�c action spaces (Liu et al., 2025b), but also in setup varia-
tions such as camera settings, visual domains, and task distributions (Doshi et al., 2024b; Shi et al.,
2025b; Zhen et al., 2024). These various dimensions of diversity induce severe distributional shifts
as well as signi�cant semantic misalignments across embodiments, confusing the model and ulti-
mately leading to unsatisfactory pretraining and adaptation performance (Zheng et al., 2025; Liu
et al., 2025b). Existing VLA methods primarily assign distinct action decoder heads to accommo-
date embodiment-speci�c action spaces as their main focus (Black et al., 2025a; NVIDIA et al.,
2025), with other critical sources of heterogeneity ineluctably overlooked. Reconciliation among
these disparate con�gurations, however, is crucial for proprioceptive-aware reasoning and for dis-
tilling shared knowledge from heterogeneous, mixed-domain datasets, which persistently remains an
unsolved problem due to:(1) the inconsistency across hardware platforms,(2) the absence of stan-
dardized data collection protocols, and(3) the inherent domain shifts that arise across embodiment
and environment barriers (O'Neill et al., 2024).

We demonstrate that these obstacles can be effectively overcome with minimal human effort in-
volved, by allowing VLA models to learn domain-speci�c hardware con�gurations through a simple
Soft Promptmechanism (Lester et al., 2021). Inspired by insights from meta-learning and multi-
task learning, we recast diverse hardware con�gurations and data types in robotics domain into the
mold of task-speci�c features, which can then be effectively captured through prompt-learning tech-
niques (Wang et al., 2023; Liu et al., 2023c; Khattak et al., 2023; Liu et al., 2023b). Speci�cally,
to model the varying dimensions of heterogeneity as aforementioned, we assign a set of learnable
embeddings to each data source asSoft Prompts. These embeddings provide heterogeneity-aware
guidance for structuring the VLA representation space from early stages of feature fusion, which
endows the VLA model with an enhanced capacity to exploit and consolidate cross-embodiment
variations, improving generalization across different hardware and task con�gurations.

Formally, we introduceX-VLA, a generalist �ow-matching–based VLA framework built upon a Soft-
prompted Transformer, designed to operate seamlessly across heterogeneous platforms. Through
Soft Prompts, X-VLAcan be guided by explicitly-learned individual hardware setups to accommo-
date various structures of system and data. With a versatile architecture well-equipped for simulta-
neously encoding multi-view images, language prompts and proprioceptive features,X-VLAallows
scalable VLA training, by simply stacking standard Transformer encoders (Vaswani et al., 2017) for
multimodal feature fusion and precise action generation.

Extensive experiments demonstrate thatSoft Promptsoutperform other state-of-the-art (SOTA)
methods in handling various heterogeneity dimensions. TheX-VLA architecture exhibits a stable
learning process and superior asymptotic performance, offering favorable scaling capabilities to-
wards larger model size and mixed-robot datasets.

We implementX-VLA-0.9B, a 0.9B instantiation ofX-VLA, trained with a carefully designed data
processing and learning recipe. The overall training pipeline consists of two phases:Phase I:
Pretraining. We pretrainX-VLA-0.9Bon a curated heterogeneous data mixture comprising 290K
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episodes (Khazatsky et al., 2024; Wu et al., 2024; Bu et al., 2025), spanning seven platforms across
�ve types of robotic arms, ranging from single-arm to bi-manual setups. By leveraging soft prompts
to absorb embodiment-speci�c variations, the model learns an embodiment-agnostic generalist pol-
icy. Phase II: Domain adaptation. X-VLA-0.9Bis adapted into a deployable policy for a target
domain. A new set of soft prompts is introduced and optimized to encode the hardware con�gu-
ration of the novel domain, while the pretrained backbone remains frozen. With these prompts in
place, the policy is then effectively specialized to the new embodiment through �netuning.

We conduct extensive experiments to evaluate the adaptation capabilities of the proposedX-VLA-
0.9B across diverse embodiments, environments, and tasks. Remarkably, X-VLA-0.9B achieves
new state-of-the-art results on six simulation benchmarks, including �ve robotics benchmarks and
one autonomous driving benchmark, as well as on three real-world robot platforms. Furthermore,
with only 1,200 demonstrations, the model excels at dexterous cloth-folding manipulation in the
real world, achieving an average throughput of folding a cloth in under two minutes—comparable
to closed-source models with substantially more parameters trained on larger datasets. In addition,
we demonstrate that Phase II adaptation can be ef�ciently realized through parameter-ef�cient �ne-
tuning (Hu et al., 2022) at minimal training cost. Speci�cally, with the aid of previously learned
prompts, X-VLA-0.9B achieves a 93% success rate on LIBERO and 54% on Simpler-WidowX by
tuning only 1% of the model parameters (9M). These results are comparable to� 0 (Black et al.,
2025a), despite requiring 300× fewer parameters (9M vs. 3B).

2 PRELIMINARY

VLA models. VLA models are a class of models that unify multi-modal understanding and action
generation for robotic control (Black et al., 2025a; NVIDIA et al., 2025). Typically, VLA models are
initialized from VLMs pretrained on large-scale image-text corpora, and then �netuned on robotics
dataset containing expert trajectories:D = f � j gM

j =1 ; � j = f (on ; an )gN j
n =1 ; whereon denotes multi-

modal observation at stepn (e.g., visual input, language instruction, proprioceptive states), andan
is its corresponding expert action. The training objective is typically framed as behavior cloning,
where the policy� � (on ) parameterized by� is optimized to predict the demonstrated action chunk
An := [ an ; an +1 ; :::; an + T ] whereT denotes the chunk size, by minimizing a suitable supervised
loss`(�) as:L BC(� ) = E(on ;A n ) �D

�
`
�
� � (on ); An

��
:

Flow-matching policy. Instead of directly predicting the expert action chunkA from observation
o, �ow-matching policies commonly learns a velocity �eld (Lipman et al., 2023) that transports a
noise sample to the target action chunk. For instance, one can generate an actionA by starting
from an Gaussian noiseA0 � N (0; I ) and iteratively re�ning it through a velocity �eldv� (A t ; o; t)
parameterized by a neural network using ODE solvers such as Euler-Maruyama method:A t +� t =
A t + v� (A t ; o; t)� t. Here,t 2 [0; 1] is a continuous time variable. To train the velocity �eld, we
use the OT (optimal transport) path (Lipman et al., 2024; 2023), which aligns the velocity with the
linear interpolated path between noise and expert data:

L FM
BC(� ) = Et �U (0 ;1) ; (o;A ) �D

h


 v� (A t ; o; t) � (A � A0)




 2

i
;

whereA t = (1 � t)A0 + tA , U is uniform distribution. By minimizingL FM
BC , the policy learns to

progressively transport random noise toward expert chunks conditioned on observations.

Heterogeneity in cross-embodiment training. Training on mixed data recipes composed ofH
heterogeneous datasets,DH = fD i gH

i =1 , is essential for developing generalist VLA models (Doshi
et al., 2024a; O'Neill et al., 2024). Such training enables the aggregation of knowledge across
diverse robots, facilitating fast cross-embodiment transfer and out-of-the-box deployment on unseen
platforms. Each dataset,D i , is collected under a speci�c hardware con�guration,hi 2 H , where
H represents the space of possible hardware setups, such as arm kinetics, control interfaces, camera
setups, and deployment scenarios. These introduce signi�cant heterogeneity, not only in low-level
action signals and distributions, but also in high-level visual understanding, which can result in poor
pretraining and adaptation if not effectively addressed (Wang et al., 2024b; Zheng et al., 2025).

3



Published as a conference paper at ICLR 2026

Figure 2: Comparison among four methods in handling heterogeneity in cross-embodiment training.

Figure 3: The recipe for mixed data used in pretraining experiments.Figure 4: Training curves for various
methods of handling heterogeneity.

3 HETEROGENEOUSSOFT PROMPT LEARNING

To address heterogeneity, we conduct a comprehensive empirical study to explore potential design
choices, as shown in Fig. 2. We follow Reuss et al. (2025); NVIDIA et al. (2025) to establish a
standard dual-system architecture as our starting point, which leverages VLMs for multimodal per-
ception and a DiT-style decoder for action generation. In Fig. 3, we construct a heterogeneous data
mixture from recent high-quality sources, including AGIBOT-beta (Bu et al., 2025), RoboMind (Wu
et al., 2024), and Droid (Khazatsky et al., 2024). This dataset spans seven hardware setups across
�ve robots, ranging from single-arm to bi-manual setups, providing suf�cient scale and diversity
necessary for generalist policy training. We evaluate all methods using a fully aligned training
recipe to ensure a fair comparison. See Appendix I for more training details.

(a) Domain-speci�c action projection. This strategy addresses heterogeneity by assigning sep-
arate projection heads at the model output to map action tokens into embodiment-speci�c action
spaces. While this approach is widely used in prior embodied foundation models (Black et al.,
2025a; NVIDIA et al., 2025; Team et al., 2025; Zheng et al., 2025; Liu et al., 2025b), its effect
is limited to the �nal action generation stage. Consequently, it fails to encourage embodiment-
aware reasoning earlier in the pipeline and overlooks other critical sources of heterogeneity, such
as variations in different camera setups and task distributions. To circumvent these limitations, we
identify three representative strategies that improve pretraining stability on heterogeneous datasets,
as summarized in Fig. 2. We analyze these strategies in the following discussion, with additional
experimental attempts reported in Appendix E.

(b) HPT-style projection. Inspired by Wang et al. (2024b), this approach aims to mitigate domain
discrepancies in observation inputs and promote generalist reasoning by mapping observations from
distinct domains into a shared representation space. Speci�cally, domain-speci�c projection layers
are also applied on top of multi-modal inputs to align them before being fed into the backbone.

(c) Language prompts.Another strategy leverages the language reasoning capabilities of pretrained
VLMs. In this case, natural language descriptions of hardware con�gurationshi are provided as
additional inputs, enabling the model to attend to embodiment-speci�c variations through textual
descriptions explicitly. The language template used are summarized in Tab. 12.

(d) Soft prompts. Finally, we investigate a soft-prompt method that follows the meta-learning and
multi-task learning philosophy (Finn et al., 2017; Liu et al., 2023c) by introducing domain-speci�c
learnable parametersPH = f pi gH

i =1 to absorb heterogeneity across data sources.pi is expected
to encode the underlying hardware con�guration:pi � �( hi ), where� : H ! Rk denotes a
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latent mapping from hardware con�gurations to the prompt space. Notably,� is not prede�ned as
in language prompts (c) but is randomly initialized and then implicitly optimized through end-to-
end training. These soft prompts are injected into the model at the early stage of action generation,
automatically guiding the backbone toward embodiment-aware learning.

While (b) and (c) are conceptually appealing, they suffer from notable limitations.HPT-style pro-
jection introduces different projection layers in the middle of the observation processing, which
frequently alter feature distributions and are prone to corrupting pretrained VLM representations,
often resulting in unstable training dynamics.Language prompts, on the other hand, rely on care-
fully scripted textual descriptions of hardware con�gurations, which greatly hinder adaptability and
scalability in practice. In contrast, soft prompts offer a �exible and scalable solution for encoding
domain-speci�c hardware con�gurations. They marry the advantages of both (b) and (c), integrating
smoothly with the backbone while preserving pretrained representations and eliminating the need
for handcrafted annotations. The empirical results in Fig. 4 con�rm thatSoft Promptsconsistently
achieve much more robust and stable training across heterogeneous datasets. We further discuss
additional unsuccessful attempts to address heterogeneity in Appendix E; while these approaches
did not succeed, we report them to inform and inspire future research.

4 X-VLA: SOFT-PROMPTEDTRANSFORMERENHANCED VLA MODEL

Building on Soft Prompts, we introduceX-VLA, a neat VLA architecture designed for stable pre-
training on heterogeneous datasets and ef�cient adaptation on new domains. In this section, we �rst
present the overall architectural design, followed by several key techniques for large-scale pretrain-
ing. The complete ablation path is provided in Tab. 1, which highlights the contributions of the
components introduced in this section.

4.1 ARCHITECTURE

Figure 5: Illustration of our model architecture. Most pa-
rameters are shared across embodiments, with only the soft
prompt and the action-related input/output projections re-
maining domain-speci�c (0.04% of total).

We aim to build a streamlined encod-
ing pipeline for complex multimodal in-
puts. BeyondSoft Prompts, X-VLA han-
dles (1) high-dimensional inputs (multi-
view visuals and languages), and(2) low-
dimensional states (proprioception and ac-
tion tokens). Due to substantial discrepan-
cies in both semantics and dimensionality
across these modalities, we employ dedi-
cated encoding strategies to align them ef-
fectively, after which vanilla transformer
stacks suf�ce for scalable policy learning.
Below, we detail the encoding pipeline
with the complete architecture and addi-
tional design explorations are provided in
Fig. 5 and D.

(1) High-dimensional observation
stream. High-dimensional inputs in-
clude multi-view images Img= f imgi g,
together with languagesL specifying
task objectives. Unlike most prior ap-
proaches (Black et al., 2025a) that directly
feed all views and instructions into VLMs,
we disentangle the streams by assigning
distinct encoders. A pretrained VLM en-
coder (Florence-Large (Xiao et al., 2024)
in X-VLA) is used for the main vision-language stream (�xed-view and instruction), while auxiliary
views such as wrist-views are processed with a shared vision backbone. This design alleviates the
semantic gap between generic vision-language reasoning and embodied reasoning: �xed-camera
views provide stable, informative context for high-level task reasoning; whereas wrist-camera
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inputs, though noisy and fast-changing, offer critical cues for �ne-grained manipulation and are
thus encoded separately from the language stream.

(2) Low-dimensional proprioceptive–action stream. The proprioceptive statesRt , such as joint
positions and end-effector poses, provide embodiment-speci�c grounding for reasoning and control.
The action-related tokensA t consist of noisy action samples used for �ow-matching generation.
Since bothRt andA t are compact vectors with closely related physical semantics, we concatenate
them along with their corresponding time embeddingst within the �ow-matching pipeline. The
fused representation is then projected into a high-dimensional feature space through a lightweight
linear layer, enabling early fusion with other modalities and ensuring robust proprioceptive–temporal
grounding during both training and inference.

(3) Soft prompts. The well-encoded multimodal inputs are concatenated with soft prompts, which
are typically a sequence of N learnable tokens. Each domain is associated with its own set of soft
prompts and is selected according to the dataset id. For instance, in our pretraining setup as shown
in Fig. 3, we maintain 7 distinct sets of learnable tokens corresponding to the 7 datasets. The
concatenated token sequence is then passed into a standard Transformer encoder, which performs
cross-modal reasoning and generates the corresponding action outputs.

4.2 CUSTOMIZED TRAINING RECIPE

To fully incentivize the potential ofX-VLA, we introduce a carefully designed learning engineering to
enhance both stability and effectiveness forX-VLAtraining. We provide an overview of our training
recipe and outline several key techniques that are crucial for the stable and ef�cient training.

4.2.1 PRETRAINING AND FINETUNING PIPELINE

For pretraining, the backbone� � and the soft promptsPH are jointly optimized under the �ow-
matching objectiveL FM

BC . Please refer to Appendix G for detailed pretraining hyperparameters. After
pretraining, the backbone becomes an embodiment-agnostic foundation capable of rapid adaptation
across heterogeneous robots. To deploy this model on novel domains with new hardware con�gura-
tionshnew, we propose a lightweight two-step adaptation procedure:

(1) Prompt warm-up. We introduce new sets of learnable promptpnew 2 Rk for hnew. The prompt is
�rst warmed up while keeping the pretrained weights frozen. By doing so, prompts are projected to
exploit pretrained embodiment-agnostic features, offering good starts for next-round joint training.

(2) Joint policy adaptation. Then, we jointly optimize both the backbone and the warmed-up
prompt, jointly adapt to new domains. This two-stage process �rst letspnew encode the hardware-
speci�c setups ofhnew, and then �netunes the full policy for effective specialization, sharing the
same philosophy used to adapt LLMs to VLMs (Liu et al., 2023a; Li et al.).

Custom learning rate (LR). A key stabilization technique in both pretraining and adaptation is the
use of a reduced learning rate for the soft prompts as well as for the vision–language modules that
respond for encoding visual and linguistic inputs. This adjustment reduces the risk of catastrophic
drift from pretrained representations, an issue also noted by (Reuss et al., 2025; Driess et al., 2025),
leading to smoother optimization during pretraining and more reliable specialization when adapting
to novel embodiments. It effectively bridges the general knowledge encoded in vision–language
models with the �ne-grained spatial localization and action grounding required by VLA models.

4.2.2 ENHANCED DATA PROCESSING

Aligned action representation. Actions are the core supervision signals for VLA models, with
their quality directly shaping training outcomes. Therefore, we standardize the action space into
end-effector (EEF) pose representation comprising: (1) the Cartesian EEF xyz position, (2) the
absolute EEF rotation encoded using the Rotate6D representation (Zhou et al., 2019) to avoid the
discontinuities inherent in Euler angles and quaternion representations, and (3) the discretized binary
state of the gripper. The position and rotation are optimized using mean-squared-error (MSE) loss,
while the gripper state is optimized with binary-cross-entropy (BCE) loss. This ensures consistency
across embodiments, providing robust supervision for generalizable policy learning.
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Table 1: The ablation path for each components in Section 4. We evaluate the pretraining (PT) validation error
and adaptation (AD) success rates on Simpler-WidowX benchmark (Li et al., 2025b). Green, Red and Gray
denote positive, negative, moderate effects, respectively.Bold scores are SOTA results. We can see that naively
training on heterogeneous data leads to degradation. Also, as validation error decreases during pretraining, the
adaptation success rate increases progressively, demonstrating a strong correlation between the two. Therefore,
we use the validation error as a proxy for pretraining performance throughout this paper. It is evident that each
components in Section 4 contributes to positive improvements for pretraining.

Type Improvements Val Error (PT) Acc (AD)

Baseline Model (w/o PT) Florence-base + Standard DiT-base - 4.1

Pretraining Technique (Section 4.2.1) +Custom LR (w/o PT) - 39.6(+35.5)
+Heterogeneous PT 0.11 25.0(-14.6)

Data Processing (Section 4.2.2)
+Action alignment

+Intension abstraction 0.077(-0.033) 50.0(+25.0)
+Balanced data sampling

Architecture Design (Section 4.1)
+Replace DiT with Transformer encoder 0.071(-0.006) 47.9(-2.1)

+Encoding pipeline 0.053(-0.018) 64.6(+16.7)
+Soft-prompt 0.041(-0.012) 73.8(+9.2)

+Scaling up 0.032(-0.009) 89.6(+15.8)

Finetuning Technique (Section 4.2.1) +Two-step adaptation 0.032 95.8(+6.2)

Intention abstraction through temporal downsampling. While low-level action trajectories pro-
vide the precise manipulation signals required for deployment, they are often too �ne-grained and
may contain lots of noisy movements due to human randomness, thus are not suitable for achieving
high-level grounding and intention modeling for pretraining. To mitigate this issue, we temporally
downsample demonstrations to construct abstract representations of action intentions. Concretely,
rather than predicting the full end-effector pose at every time step, the pipeline is designed to gener-
ate a sequence of 30 anchor points that summarize the intended trajectory over the next 4 seconds.
The choice of the 4-second prediction window is based on extensive preliminary experiments, with
detailed results provided in the Appendix D.4.

Balanced data sampling strategy. In contrast to the common round-robin data sampling strat-
egy (Wang et al., 2024b), we observe that stable training requires a carefully designed data shuf�ing
pipeline. We shuf�e samples not only across different domains but also across trajectories within
each domain, ensuring exposure to a diverse and balanced data mixture at every iteration. This
effectively mitigates distributional bias and reduces over�tting to dominant domains, facilitating
smoother convergence during large-scale pretraining.

4.3 IMPLEMENTATION DETAILS OF X-VLA-0.9B

In this paper, we build a 0.9B-parameter instantiation of X-VLA using heterogeneous embodied
data sources, as illustrated in Fig. 3. Speci�cally, X-VLA adopts Florence-2-Large (Xiao et al.,
2024) as its VLM encoder, given its strong performance in visual grounding and general vision
language reasoning capabilities that are essential for embodied tasks (Reuss et al., 2025). X-VLA-
0.9B employs a standard Transformer backbone with 24 layers and a hidden size of 1024 for action
generation. A key component of the framework is the soft prompt, whose length is set to 32, which
is determined through systematic scaling experiments across model sizes (Fig. 6). Additional pre-
training and post-training details are provided in Appendix G.

5 EXPERIMENTS

In this section, we conduct extensive experiments to investigate 1. DoesX-VLA exhibit scaling
properties along model size, data diversity, and data scale? 2. CanX-VLA specialize to novel
domains with varied characteristics? 3. Do the soft prompts capture meaningful representations that
re�ect the heterogeneity of mixed data sources?
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Figure 6: With increased compute, data diversity, and data volume,X-VLA can output reduced validation
prediction error, which can lead to enhanced adaptation performance as discussed by Tab. 1.

Figure 7: The evaluated setups in adaptation experiments, to evaluate different axes of adaptation capabilities.

5.1 SCALING EXPERIMENTS

First, we study the scaling behavior ofX-VLAalong three axes: (1) model capacity, (2) data diversity,
and (3) data volume. As shown in Tab. 1, prediction errors observed during pretraining are strongly
correlated with downstream adaptation performance. Therefore, we adopt the`1 error between pre-
dicted actions (after �ow-matching denoising) and ground-truth actions on held-out validation sets
as our primary evaluation metric. The results are summarized in Fig. 6, with additional training de-
tails presented in Appendix G. Notably, even at the largest tested con�guration,X-VLA-0.9B(hidden
size 1024, 24 Transformer blocks), trained on 290K episodes from 7 data sources, the scaling trend
shows no sign of saturation. This indicates that further increases along these three axes could yield
additional performance gains. Due to resource constraints, we adopt the largest con�guration, as the
default model for subsequent experiments.

5.2 ADAPTATION EXPERIMENTS

We present one of the most comprehensive validation studies to date, evaluatingX-VLA-0.9Bacross
6 simulation environments and 3 real-world robotic platforms. See Appendix D for more results.

Simulation benchmarks. We evaluate on Libero (Liu et al., 2024a), Simpler (Li et al., 2025b),
VLABench (Zhang et al., 2024a), RoboTwin-2.0 (Chen et al., 2025), Calvin (Mees et al., 2022)
and NAVSIM (Dauner et al., 2024). These 6 benchmarks encompass hundreds of evaluation setups,
spanning single-arm, bi-manual robotic systems, autonomous driving and assessing diverse axes of
generalization, including cross-embodiment, cross-environment, and cross-task adaptation. Across
FIVE benchmarks, we establish a new SOTA, achieving substantial improvements over aggregated
prior models. Remarkably, it attains over 90% success rates on several benchmarks,e.g., Simpler-
WidowX (96%), Libero (98%), and Calvin-1st stage. To the best of our knowledge, no prior model
has reported such comprehensive evaluation paired with consistently signi�cant gains, underscoring
the superior performance ofX-VLA-0.9B, which can become a strong baseline for future research to
develop advanced models (please refer to Appendix H for details).
Real-world experiments. We also evaluateX-VLA-0.9Bon physical robotic platforms follow the
BridgeData-v2 benchmark (Walke et al., 2023), the evaluation details can be found in Appendix J
and the results are reported in Fig. 8. OurX-VLAsurpass other baselines across all �ve tasks, each
for testing distinct axis of capability, demonstrating the superior adaptability of ourX-VLA.

Dexterous cloth-folding task. We introduce a challenging dexterous cloth-folding task that re-
quires smoothing highly disordered cloth and folding it neatly. To support this effort, we build a
high-quality cloth-folding dataset on the bi-manual Agilex platform, termed Soft-Fold, which con-
sists of 1,200 trajectories collected through a carefully designed pipeline. A detailed description of
both the task and the dataset is provided in Appendix F. Importantly, we willreleasethe dataset
to facilitate future research in dexterous manipulation. Leveraging this dataset for adaptation, our
X-VLA-0.9Bmodel achieves a throughput of nearly 100% success rate and 33 completed folds per
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Table 2: Comparison of specialize and generalize models on simulation benchmarks

Methods Size
Simpler LIBERO Calvin RoboTwin-2.0 VLABench NAVSIM

VM VA WidowX Spatial Object Goal Long Avg ABC ! D Easy Hard Avg. PS PDMS

LBP (Liu et al., 2025a) 0.2B - - - - - - 88.6 - - - - - -
MoDE (Reuss et al., 2024) 0.4B - - - - - - 94.0 - 4.01 - - - -
SuSIE (Black et al., 2024) 1B - - - - - - 76.3 - 2.69 - - - -
GHIL-Glue (Hatch et al., 2025) 1B - - - - - - - - 3.69 - - - -
SpatialVLA (Qu et al., 2025) 4B 75.1 70.7 42.7 88.2 89.9 78.6 55.5 78.1 - - - - -
TraceVLA (Zheng et al., 2024b) 7B 46.2 49.1 - 84.6 85.2 75.1 54.1 74.8 - - - - -
ThinkAct (Huang et al., 2025) 7B 71.5 65.1 43.8 88.3 91.4 87.1 70.9 84.4 - - - - -
FPC-VLA (Yang et al., 2025) 7B 78.0 65.8 64.6 86.2 87.0 92.0 82.2 86.9 - - - - -
MemoryVLA (Shi et al., 2025a) 7B 77.7 72.7 71.9 98.4 98.4 96.4 93.4 96.7 - - - - -

Octo (Octo Model Team et al., 2024) 0.1B 16.8 1.10 23.4 78.9 85.7 84.6 51.1 75.1 - - - - -
GR-1 (Wu et al., 2023) 0.2B - - - - - - - - 3.06 - - - -
Seer (Tian et al., 2025) 0.3B - - - - - - 87.7 - 4.28 - - - -
UniAct (Zheng et al., 2025) 0.5B - - - 77.0 87.0 77.0 70.0 77.8 - - - - -
RDT (Liu et al., 2025b) 1B - - - - - - - - - 34.5 13.7 - -
FLOWER (Reuss et al., 2025) 1B - - 40.0 97.1 96.7 95.6 93.5 95.7 4.53 - - - -
SmolVLA (Shukor et al., 2025) 2B - - - 93.0 94.0 91.0 77.0 88.8 - - - - -
GR00T-N1 (NVIDIA et al., 2025) 3B 45.0 48.4 - 94.4 97.6 93.0 90.6 93.9 - - - 39.7 -
� 0 (Black et al., 2025b) 3B 58.8 56.8 27.8 96.8 98.8 95.8 85.2 94.1 - 46.4 16.4 37.8 -
� 0+FAST (Pertsch et al., 2025) 3B 61.9 60.5 39.5 96.4 96.8 88.6 60.2 85.5 - - - 34.1 -
OpenVLA (Kim et al.) 7B - - 8.30 84.7 88.4 79.2 53.7 76.5 - - - - -
OpenVLA-OFT (Kim et al., 2025) 7B 63.0 54.3 31.3 97.6 98.4 97.9 94.5 97.1 - - - - -
DD-VLA (Liang et al., 2025) 7B 71.2 64.1 49.3 97.2 98.6 97.4 92.0 96.3 - - - - -
UniVLA (Wang et al., 2025a) 9B - - 69.8 95.4 98.8 93.6 94.0 95.4 4.41 - - - 81.7

Maximum of Existing SOTA - 78.0 72.7 71.9 98.4 98.8 97.9 94.5 97.1 4.53 46.4 16.4 39.7 81.7

X-VLA (Ours) 0.9B 80.4 75.7 95.8 98.2 98.6 97.8 97.6 98.1 4.43 70.0 39.0 51.1 87.3

Figure 8: Real-World Evaluation Results. We evaluate ourX-VLA model on three distinct real-world em-
bodiments, each under speci�c task setups, including simple manipulation, dexterous manipulation, and fast
adaptation experiments using PEFT techniques. See Appendix J for for details.

hour—comparable to the closed-source� 0-folding model (Black et al., 2025a), which is presum-
ably trained on substantially larger and higher-quality datasets. For a fair comparison, we �netuned
� 0-base and ACT model on Soft-Fold, but it failed to match the throughput ofX-VLA-0.9B, under-
scoring the strong dexterous manipulation capabilities of our model. Additional qualitative results
are provided in Appendix F and showcased in our web demos: website.

Parameter ef�cient �netuning (PEFT) experiments. To evaluate whether the pretrainedX-VLA-
0.9Bbackbone encodes embodiment-agnostic features and can be ef�ciently adapted to new settings,
we adopt PEFT techniques such as Low-Rank Adaptation (LoRA) (Hu et al., 2022). We test adapta-
tion on three benchmarks: Libero, Simpler-WidowX, and a cloth-pick task on AIRBOT, a real-world
embodiment unseen during pretraining. Tab. 3 and Tab. 8 show that with only 9M tunable param-
eters (about 1% of the full model), the backbone can be steered into a strong domain-specialized
model, achieving 93% and 54% success rates on Libero and Simpler-WidowX benchmarks, respec-
tively. These scores are comparable to fully �netuned models, e.g.,� 0 (Black et al., 2025a) achieve
94.2% and 55.7% on Libero and Simpler-WidowX, respectively.

5.3 IN-DEPTH ANALYSIS

We further demystify the effects of soft prompts through both qualitative and quantitative results,
examining whether the proposed soft-prompt mechanism can effectively absorb meaningful domain-
speci�c knowledge from heterogeneous datasets.

Qualitative experiments.We visualize the soft prompts learned after pretraining on the mixed data
recipe (Fig. 3) using T-SNE (Maaten & Hinton, 2008). Each dot in Fig. 9 corresponds to a token from
the soft prompt sequence of a speci�c data source. Since each data source includes multiple tokens
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Figure 9: T-SNE visualization of soft
prompts on 7 data sources.

Figure 10: Comparison of dif-
ferent prompts on PEFT.

Methods � 0 Ours-Lora

#Param 3B 9M

Libero-Spatial 96.8 95.8� 0.4
Libero-Object 98.8 96.3� 0.3
Libero-Goal 95.8 95.2� 0.8
Libero-Long 85.2 83.7� 0.5

Simpler-WidowX 55.7 54.2

Table 3: PEFT performance com-
parison across benchmarks.

to encode embodiment heterogeneity, jointly visualizing all tokens across embodiments intuitively
re�ects both intra- and inter-embodiment relationships. Fig. 9 reveals that the prompts form well-
structured clusters that align closely with different hardware con�gurations, indicating that they
successfully capture embodiment-speci�c information. More excitingly, the two Franka setups (with
left and right views) derived from Droid data are intermingled rather than separated, as they only
differ in their designated main view. This observation suggests that soft prompts do not merely
partition data sources in a brute-force manner but instead leverage cross-embodiment similarities.

Quantitative experiments. Further, we evaluate how pretrained soft prompts facilitate ef�cient
adaptation to WidowX, an single-arm robot unseen in pretraining. We conduct PEFT experiments
on Simpler, comparing four settings: (1) randomly initialized soft prompts kept frozen, (2) pre-
trained prompts from dual-arm platform (e.g., AgiBot) kept frozen. (3) pretrained prompts from
another single-arm platform (e.g., UR5) kept frozen, and (4) soft prompts adapted with our two-step
adaptation mechanism. In Fig. 10, it's no surprise that learned prompts converge faster and �nally
reach higher success rates, whereas random prompts lead to slower adaptation and degraded perfor-
mance. However, it's good to see that the frozen pretrained prompts offer strong transfer bene�ts in
early stage due to the partial similarity between UR5 and WidowX, although the inevitable domain
gap limits the �nal performance. Also, the AgiBot prompts offer subpar bene�ts at the beginning of
training compared to UR5 prompts, largely due to the substantial embodiment mismatch between
single arm and bi-manual arms. This highlights a promising avenue for cross-embodiment trans-
fer: with pretraining on more diverse robotic platforms, soft prompts may enable zero-shot/few-shot
generalization by retrieving prompts aligned with the closest hardware setups.

6 CONCLUSION

In this paper, we introduceX-VLA, a generalist Vision-Language-Action framework capable of op-
erateing across heterogeneous robotic platforms. Through a carefully designed training pipeline,
adaptation methods, and enhanced data processing, our largest modelX-VLA-0.9Bachieves SOTA
performance across a broad spectrum of benchmarks, setting new records with substantial gains over
hundreds of evaluation setups. Remarkably, even with minimal tunable parameters,X-VLA-0.9B
delivers results competitive with fully �netuned SOTA models. Importantly, empowered bySoft
Promptmechanism,X-VLA exhibits scalable training trends along all three axes including model
size, data diversity and data volume without sighs of saturation even at our largest test con�guration
(0.9B parameters, 290K episodes, 7 data sources). This highlights its potential for further scaling
to larger models and datasets, paving the way toward more powerful VLA models. Limitations and
future works are discussed in Appendix C.
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