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Abstract

We present Xiaomi-Robotics-1, a foundational vision-language-action (VLA) model capable of
(1) following diverse language instructions to perform a wide range of mobile manipulation tasks
in unseen environments out-of-the-box, and (2) efficiently adapting to novel downstream tasks
with minimal fine-tuning data. We propose a two-stage training recipe consisting of pre-training
and post-training. During pre-training, we imbue the model with broad and generalizable action-
generation capabilities by training on over 100k hours of real-world manipulation trajectories,
collected via UMI devices across a massive scale of environments and tasks. Crucially, we
develop a scalable auto-labeling pipeline that annotates trajectory clips with natural languages
describing scene state transitions, providing rich and precise conditioning for action learning.
During post-training, we aim to align these capabilities with robot embodiments and imperative
task instructions that humans naturally use to prompt robots, effectively mapping descriptive
state transition understanding into actionable task prompts. Extensive experiments demonstrate
strong scaling behavior. Xiaomi-Robotics-1 consistently improves with increased data scales and
model sizes during pre-training. This scaling behavior directly transfers to post-training, where
a stronger pre-training model yields better out-of-the-box performance in real-robot evaluations
within unseen environments. Furthermore, Xiaomi-Robotics-1 serves as a strong robot foundation
policy that can be efficiently fine-tuned on complex, dexterous tasks with high data efficiency.
Across multiple simulation benchmarks, Xiaomi-Robotics-1 outperforms state-of-the-art methods.
Notably, it establishes a new state-of-the-art with a 57.6% success rate on RoboCasa365, surpassing
the previous best of 46.6%. Furthermore, it achieves an average score of 20.07 on RoboDojo,
significantly outperforming the prior state-of-the-art (13.07). Code and model checkpoints will be
released. Project page: https://robotics.xiaomi.com/xiaomi-robotics-1.html

1 Introduction

The remarkable capabilities of modern large models are fundamentally driven by scale, where massive and
diverse training corpora have underpinned unprecedented leaps in performance for both large language
models [7, 22, 27, 45] and vision-language models [1, 14, 62, 63]. Recent work on vision-language-action (VLA)
models [4, 5, 24, 25, 54, 71, 76] and world-action models (WAM) [36, 81, 83] has produced increasingly promising
results in robot manipulation, with early evidence that policies become more capable and generalizable as the
training data grows in scale and diversity. Following the same scaling trajectory of large models is therefore a
natural and appealing direction for robotics. However, robotics is hindered by a unique bottleneck of data.
The dominant data collection paradigm, real-robot teleoperation, is slow, costly, and hardware-bound, making
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Figure 1 Overview. Xiaomi-Robotics-1 is pre-trained on over 100k hours of real-world UMI trajectories with
auto-labeled state-transition language prompts. It is then aligned to robot embodiments and imperative instruction
prompts via cross-embodiment post-training. Xiaomi-Robotics-1 scales e�ectively with data and model size. It is
able to perform multiple tasks in unseen environment out-of-the-box and learn new tasks e�ciently.

it di�cult to scale. Furthermore, teleoperated data tends to be highly redundant, concentrated on a narrow
slice of tasks and environments, limiting the diversity of the data.

We presentXiaomi-Robotics-1 (Fig. 1), a foundational vision-language-action (VLA) model trained on a
massive scale of real-world manipulation trajectories. Drawing inspiration from the training paradigms of
large language models, we propose a two-stage training recipe comprising pre-training and post-training.
During pre-training, we endow the model with robust and generalizable action-generation capabilities by
leveraging data sources that scale readily in both volume and diversity. Speci�cally, we curate a dataset
of over 100k hours of real-world manipulation trajectories with UMI devices [17], spanning a wide range
of environments and tasks. Traditional trajectory labeling typically requires manual segmentation by task
semantics and language annotations�a labor-intensive process that becomes prohibitive at this scale. To
address this challenge, we develop a scalable auto-labeling pipeline that leverages a pre-trained vision-language
model (VLM) [ 70] to annotate �xed-length trajectory segments with language descriptions detailing scene
state transitions. These annotations provide precise and su�cient semantic supervision. Trained on these data,
the model learns to generate actions that transform the scene from its current state to the language-speci�ed
target state (Fig. 6). In the post-training phase, we utilize over 10k hours of cross-embodiment data to align
the strong action-generation capabilities acquired during pre-training. This stage bridges two gaps: adapting
the model from generating actions for UMI grippers to actions for robot embodiments, and transitioning
from state-transition prompts to imperative instructions typically used by humans to prompt robots. After
post-training, Xiaomi-Robotics-1 is able to follow instructions and perform a wide range of tasks in unseen
environments. Furthermore, it serves as a strong robot foundation policy that can be e�ciently �ne-tuned to
learn new tasks.

We perform extensive experiments to study the scaling properties ofXiaomi-Robotics-1 . Results show that
Xiaomi-Robotics-1 scales e�ectively during the pre-training phase, achieving lower validation action errors
as data and model scale up. Moreover, the scaling behavior observed in pre-training directly transfers to
post-training, where stronger pre-training models yield better post-training success rates in out-of-the-box
real-robot evaluation in unseen environments. These results are encouraging, as they indicate that we are able
to continue improving performance as we further scale data and model size. In addition, we �ne-tune the model
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Figure 2 Model Architecture. Xiaomi-Robotics-1 adopts a Mixture-of-Transformers [ 44] architecture that couples a
pre-trained VLM with a DiT. The VLM encodes the observation and language instruction, and additionally predicts
action chunks via Choice Policies [59] to accelerate training convergence. Conditioned on the robot state and the
VLM's KV cache of the observation and language tokens, the DiT generates the action chunk via �ow matching. Note
that the action-related tokens from the VLM are excluded from the DiT's attention computation.

on multiple complex dexterous tasks with minimal data. Xiaomi-Robotics-1 achieves an average success rate
of 75% across four challenging tasks given less than 10 hours of data per task on average, outperforming� 0:5 [5]
which obtains 40%. In addition, we evaluateXiaomi-Robotics-1 on four challenging simulation benchmarks,
i.e., RoboCasa [52], RoboCasa365 [53], VLABench [87], and RoboDojo [12]. Xiaomi-Robotics-1 achieves
state-of-the-art results across all four benchmarks. Notably, it sets a new state-of-the-art with a 57.6% success
rate on RoboCasa365, a substantial leap from the previous best of 46.6%. On RoboDojo, it delivers an average
score of 20.07, signi�cantly outperforming the prior state-of-the-art of 13.07. Finally, Xiaomi-Robotics-1
enables the robot to autonomously accomplish a long-horizon, room-level mobile manipulation task of suitcase
packing that spans over 10 minutes (see the project page for the video). Code and model checkpoints will be
released. Project page: https://robotics.xiaomi.com/xiaomi-robotics-1.html

2 Xiaomi-Robotics-1

Xiaomi-Robotics-1 is an end-to-end vision-language-action (VLA) model trained at scale on heterogeneous
data sources, including UMI trajectories, cross-embodiment robot trajectories, and vision-language data.
Given an observation ot and a language instruction l, the model � � is trained to predict an action chunk
at:t+H by maximizing the log-likelihood over the training dataset D:

max
�

E(o t ;l;a t:t+H )�D log � � (a t:t+H j o t ; l)

We adopt a two-stage training recipe consisting of pre-training and post-training. Pre-training leverages a
scalable non-robot dataset with rich open-world diversity to endow the model with broad and generalizable
representations for action generation. Post-training then aligns these representations to robot embodiments
and instruction-conditioned action generation, using a high-quality set of cross-embodiment data. In the
following sections, we describe the details of model architecture, data curation, and training recipe.

2.1 Model

As illustrated in Fig. 2, Xiaomi-Robotics-1 adopts a Mixture-of-Transformers (MoT) [ 44] architecture
consisting of a pre-trained vision-language model (VLM) (i.e., Qwen3-VL [3]) and a di�usion transformer
(DiT) [ 57]. The DiT matches the VLM in the number of layers but employs a smaller hidden size for faster
inference speed. The model parameters for di�erent scaling variants ofXiaomi-Robotics-1 are detailed in
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Table 1 Model con�gurations for di�erent scaling variants of Xiaomi-Robotics-1.

Model # Layers
VLM DiT

Total Params
Hidden Size Params Hidden Size Params

Xiaomi-Robotics-1-2B 28 2048 2.1B 1024 470M 2.6B
Xiaomi-Robotics-1-5B 36 2560 4.4B 1024 604M 5.1B
Xiaomi-Robotics-1-10B 36 4096 8.8B 2048 1.5B 10.5B

Tab. 1. The VLM takes the current observation ot and language instruction l as inputs. Conditioned on the
robot proprioceptive state st and the KV cache produced by the VLM, the DiT generates the action chunk
via �ow-matching [49]:

L Flow (�) = jjv � (o t ; l; st ; ~a�
t:t+H ; � ) � u( ~a�

t:t+H ; at:t+H ; � )jj 2
2

� is the �ow-matching timestep. ~a�
t:t+H = � at:t+H +(1 �� )� is the noisy action where� � N (0; I). Following [ 4],

we sample timestep � from a Beta distribution, placing more weight on noisier timesteps during training:

u � Beta(1:5; 1); � = (1 � u) � 0:999 2 [0; 0:999]

Similar to [8], we leverage adaptive normalization layers (adaLN) [57] to inject the �ow-matching timestep
condition into the DiT for action generation. During inference, we initialize the predicted action chunk
from a random noise a�=0

t:t+H � N (0; I ). The clean action chunk is recovered via a 5-step Euler integration,
a�+��

t:t+H = a �
t:t+H + �� � v � (o t ; l; st ; a�

t:t+H ; � ), where the step size is set to �� = 0:2.

To accelerate convergence [58], we introduce an auxiliary action-generation supervision on the VLM. Speci�cally,
we leverage Choice Policies [59] to enable action generation directly within the VLM framework [ 8]. We encode
the robot state into a token using a multi-layer perceptron (MLP) and append it, along with the action and
score query tokens, to the end of the vision-language token sequence. The outputs corresponding to the action
and score query tokens predictK candidate action chunks and their associatedK scores, respectively. We
adopt a winner-takes-all paradigm as in [59], where only the candidate with the smallestL 1 loss is included in
action loss computation:

L Regression (�) = jj â�
t:t+H � a t:t+H jj1 +

KX

k

jjŝ k � s k jj2
2

Let âk
t:t+H denotes thek-th predicted candidate action chunk, then â�

t:t+H is the one with the smallestL 1

distance to the ground truth a t:t+H . ŝk is the predicted score for thek-th candidate, and its regression target
sk is de�ned as sk = jj âk

t:t+H � at:t+H jj1. That is, the L 1 distances between theK predicted action chunks
and the ground-truth action chunk serve as the target labels for score prediction.

Applying action-generation supervision directly on the VLM steers its representations toward features that
better support action generation, thereby making the DiT learning more e�ective. However, we empirically
observe that letting the DiT tokens attend to the KV cache of these action-related tokens degrades performance.
We hypothesize that this arises from a shortcut in which the DiT simply copies the actions generated by the
VLM rather than e�ectively grounding its own generation in the visual and textual context. To mitigate this
issue, we exclude these action-related tokens from the DiT's attention computation, constraining the DiT
tokens to attend solely to the representations of the language instruction and visual observations.

2.2 Training & Data

2.2.1 Pre-training

During pre-training, our primary objective is to endow the model with broad and generalizable representations
that transfer across diverse manipulation scenarios. To this end, we curate a dataset of over 100,000 hours
of real-world manipulation trajectories, captured with Universal Manipulation Interface (UMI) handheld
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Figure 3 Pre-training Dataset. The pre-training dataset of Xiaomi-Robotics-1 contains over 100k hours of
real-world manipulation trajectories collected with UMI devices.

grippers [17] and egocentric cameras (Fig. 3). The dataset spans a diverse array of tasks collected across a
massive scale of environments, including households, commercial premises, industrial sites, o�ces, and outdoor
spaces. Traditional robot trajectory annotation requires manually segmenting trajectories according to task
semantics and labeling each segment with a language instruction�a labor-intensive process that becomes
prohibitive at this scale.

To scale language annotation, we develop an auto-labeling pipeline that �rst divides each trajectory into
equal-length segments and leverage Qwen3.5-27B [70] to caption the state transitions of both the grippers
and the interacting objects in the scene within each segment (see Fig. 11 for examples). To accelerate the
annotation process, we develop a producer�consumer pipeline that decouples clip segmentations from caption
labeling: while CPU worker threads cut per-segment clips into an in-memory �lesystem, client threads keep
hundreds of captioning requests in �ight. This highly e�cient pipeline allows us to label the entire corpus of
over 100k hours in roughly two weeks. Trained on this dataset, the model learns to generate actions that drive
the scene from the state in the current observation to the target state described by the language annotation.

The model is optimized to predict actions by jointly minimizing the �ow-matching loss L Flow of the DiT and
the regression lossL Regression of the VLM choice policy. To preserve the vision-language capabilities of the
pre-trained VLM, we further co-train the model on a high-quality vision-language dataset curated in our
previous work [8] under the next-token prediction objective L NTP . The overall training objective is formulated
as:

L = L Flow + L Regression + �L NTP (1)

where � is set to 0:1 in our experiments. Vision-language data and UMI trajectories are sampled at a ratio
of 1:9. To maximize training throughput, we pack all vision-language tokens within a batch into a single
sequence for a VLM forward pass. Since the VLM is computationally more expensive than the DiT, we
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