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A Related Work

Vision-Language-Action models for robot control. Recent research has focused on developing
generalist robot policies trained on increasingly expansive robot learning datasets [36, 37, 23, 24,
38, 3, 39, 40, 41]. Vision-language-action models (VLA) [20, 8, 42, 43, 9, 19, 44, 45, 46] represent
a promising approach for training such generalist policies. VLAs adapt vision-language models,
pre-trained on vast internet-scale image and text data, for robotic control [47]. This approach offers
several advantages: leveraging large vision-language model backbones, with billions of parameters,
provides the necessary capacity for fitting extensive robot datasets. Furthermore, reusing weights
pre-trained on internet-scale data enhances the ability of VLAs to interpret diverse language com-
mands and generalize to novel objects and environments. However, current VLA models do not
specifically focus on learning dexterous robotic skills by leveraging the parameters of the underly-
ing VLM. While a few works, such as 7y [8] and TinyVLA [43], introduce external action experts
to facilitate action learning, their training pipelines still rely on the entire model. Another challenge
is that even advanced methods like 7, despite being capable of completing highly dexterous and
long-horizon tasks, require the assistance of a high-level policy, such as SayCan [35], to decompose
tasks into sub-goals. This allows the VLA to complete sub-tasks sequentially. We aim to integrate
this high-level planning capability directly into the model itself by training each component of the
network with data annotated at the sub-step level. Consequently, our method can complete com-
plex tasks, like laundry folding, without requiring an external high-level policy, making the entire
framework more end-to-end and demonstrating significant potential.

Diffusion models. Diffusion models [48, 49, 50] have emerged as the dominant approach in visual
generation. The Diffusion Policy [30] successfully applies the diffusion model to robot learning,
demonstrating its ability to model multimodal action distributions. Subsequent research has further
developed the Diffusion Policy [51, 52, 53, 7, 54, 55, 56, 57, 58, 59, 60, 61, 62, 63] by applying it
to 3D environments [64, 65, 66, 67], scaling its capabilities [29], improving its efficiency [68, 53],
and incorporating architectural innovations. There are a number of works investigating the usage of
diffusion VLA [43, 8, 69]. Although existing models achieve strong performance and generalization
on diverse tasks, they predominantly rely on the capabilities of pre-trained vision-language models.
This work proposes a paradigm shift towards the diffusion module, demonstrating that a newly
designed diffusion-based action expert, coupled with a novel training strategy, enables VLA models
to learn from data more efficiently and effectively.

B More Experimental Results

B.1 Visual generalization.

Visual generalization is a critical aspect of robot learning. A well-trained model should not only
perform well on in-domain tasks but also generalize to different objects within the same category
and to novel scenes. This section presents our visual generalization tests. Specifically, we evaluate
shirt folding on a bimanual AgileX and drink pouring using a Franka Emika robot with a dexterous
hand. The former task is evaluated without task-specific adaptation, while the latter is trained with
100 demonstrations of the new embodiment. These tasks were also the focus of the experiments
presented in Section 3.1 and Section 3.2, respectively. For both tasks, we assess visual generalization
across two dimensions: novel objects and novel scenes.

For shirt folding, we varied the shirt color (while maintaining size) and altered the background and
scene. For drink pouring, we used unseen cups and bottles, also evaluating the task in different
scenes and backgrounds. The results are presented in Table 4. Our experiments demonstrate that
DexVLA effectively generalizes to novel visual environments. As shown in the supplementary
video, the model successfully handles even challenging cases, such as folding white shirts on a
white table. The examples are shown in Figure 10.

14



524

525

527
528

529

530
531
532
533

534
535
536

537

538
539
540

(A

Unseen Drink and Unseen Cup

Unseen White T-shirt and Unseen Scene Unseen Scene

Figure 10: Example of visual generalization. Here lists some visual generalization settings including unseen
objects and unseen scenes.

Table 4: Visual Generalizaton for DexVLA. For each evaluation setting, we report the averaged
scores across 3 trials.

Task / Generalization | Embodiment | Novel Object Novel Scene  Novel Object & Scene

Shirt folding Bimanual AgileX 0.78 0.78 0.56
Drink pouring Dexterous hand 0.83 0.67 0.67

B.2 LIBERO simulation experimental results.

We compare our method on the Libero benchmark. DexVLA uses Stage 1 pre-trained weights.
Specifically, the experimental results in Table 5 show that DexVLA outperforms all baselines, in-
cluding 7y and 7y-FAST, two state-of-the-art VLA methods, demonstrating strong performance on
the benchmark.

B.3 Training cost of stage 1.

As mentioned in Section 2.2, training the entire VLA model from scratch results in failure on nearly
all tasks. Therefore, this section compares the training cost of our Stage 1 (training only the diffusion
expert) with that of training the entire VLA model. The test reports the number of training epochs
completed per hour. We deliberately keep the same batch size for fair comparison.

As shown in Table 6, training only the diffusion expert is 2.78 times faster than training the entire
VLA model. This is expected, as the VLA model is three times larger than the diffusion expert
alone. This highlights that our training strategy is not only effective but also cost-efficient.

B.4 More discussion on long-horizon tasks with direct prompting.

In 3.3, we previously compared DexVLA with 7, Octo, and OpenVLA on laundry folding and
bussing table hard. Here, we present additional results against OpenVLA and Octo on more com-
plex tasks. As shown in Figure 11, DexVLA consistently outperforms all baselines, achieving 0.8
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Table 5: Evaluations results on LIBERO. We compare our DexVLA with DP and OpenVLA.
Method | Spatial Object Goal | Average

Dp 78.3 92.5 68.3 79.7
OpenVLA | 84.7 884 792 84.1
mo-FAST 96.4 96.8 88.6 93.9
0 96.8 98.8  95.8 97.1
DexVLA 97.2 99.1 95.6 97.3

Table 6: Comparison of training cost for train only diffusion expert versus train entire VLA.
Training cost is measured by the number of training epochs completed per hour.

Train Method | Train only Diffusion Expert ~ Train Entire VLA

Training Cost | 0.89 epoch / hour 0.32 epoch / hour

points in the dryer unloading task, while Octo and OpenVLA score 0 points. In tasks like sort-
ing and bin picking hard, DexVLA achieves a score nearly 3 times higher than other baselines.
Overall, DexVLA demonstrates its versatility in handling complex tasks through our embodied
curriculum learning method, scalable diffusion expert, and novel VLA framework. We believe
DexVLA presents a promising approach for building VLA systems capable of managing hetero-
geneous robotics data and mastering intricate manipulation tasks.

B.5 Zero-Shot Cross-Embodiment Transfer

Finally, we pose an intriguing question: can Dex VLA perform zero-shot cross-embodiment transfer?
To explore this, we take a model trained on a simple two-finger gripper and deploy it, without
any further training, on a dexterous five-finger hand. Specifically, we use the Stage 2 pre-trained
DexVLA — which was trained on a Franka robot equipped with a Robotiq gripper — and swap in
a dexterous hand at test time. Because the gripper has only one degree of freedom, we constrain the
dexterous hand to a single degree of freedom as well.

We evaluate on a bin-picking task with 30 novel objects that were unseen during both Stage 1 and
Stage 2 training. An illustrative example appears in Figure 12, and a full video demonstration is
provided in the supplementary material. Across these 30 objects, we achieve an average success
rate of 60%. While this is slightly below the 67% success rate attained with the original gripper, it
nonetheless underscores the model’s robustness. The performance gap arises from three main chal-
lenges: (1) the dexterous hand’s appearance differs markedly from the gripper, forcing the model
to generalize its visual feature representations; (2) the wrist camera’s mounting position shifts sig-
nificantly, requiring adaptation to a new viewpoint; and (3) the difference in hand height changes
the effective object grasping height. Although we do not yet control all degrees of freedom needed
for fully dexterous manipulation, these results demonstrate that DexVLA’s visual and camera-view
representations transfer effectively across embodiments.

C Ablation Study

C.1 Does training with substep reasoning help?

A key strength of our method is its ability to handle extremely long and complex tasks, such as
folding randomly crumpled shirts from a basket. It also enables the model to complete multi-stage
tasks like shirt folding and bin picking without requiring post-training. Therefore, we now examine
the importance of sub-step reasoning. We conducted an ablation study with two setups: 1) The
diffusion expert is trained with direct prompting (each task has only one language instruction), while
the VLA-diffusion expert is trained with sub-step reasoning. 2) Both stage 1 and stage 2 are trained
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Figure 11: Average scores on tasks requiring stage 3 training. We compared our model against two baselines:
Octo and OpenVLA. Averaging scores over 10 trials, our method significantly outperformed both baselines
across all tasks. Note that sorting was not included in the pre-training data.

Clamp Pilers Light Bulb Tooth Brush Screw Driver

Figure 12: Robot setup on zero-shot cross-embodiment transfer from gripper to dexterous hand. We
replace the original gripper with an Inspire dexterous hand and evaluate DexVLA in the same bin-picking
environment using unseen objects.

with direct prompting data. The results are shown in Table 7. Training the diffusion expert with
direct prompting, even for a relatively simple task like shirt folding, reduces the averaged score
from 0.92 to 0.07. Furthermore, removing sub-step reasoning from both stages results in a complete
failure (O score). This is a significant observation. It suggests that learning long-horizon tasks within
a shared parameter space can sometimes lead to conflicts. We hypothesize that sub-step reasoning
allows the model to learn a more disentangled action space, similar to mapping a continuous action
space to a discrete one [70]. This effectively segments the shared parameter space, allocating a
smaller set of parameters to each substep [71, 72, 73]. This avoids parameter conflicts, leading to
improved performance and generalization.

C.2 Explicit versus implicit sub-step reasoning.

The 7y utilizes the additional SayCan to explicitly plan substeps, while DexVLA generates substep
reasoning implicitly. Here, we evaluate the impact of these two reasoning approaches on overall
performance. Specifically, we replace DexVLA’s implicit substep reasoning with SayCan’s. As
shown in Table 8, models using implicit substep reasoning significantly outperform those relying on
SayCan. The key advantage of implicit substep reasoning is its ability to disentangle the action space
across different features, allowing DexVLA to learn more effectively. Additionally, SayCan updates
instructions at a fixed frequency (every two seconds), which can result in redundant or repeated
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Table 7: Ablation study of substep reasoning. The v'in each stage indicates the use of sub-step
reasoning data during that stage. We report the average score on the shirt-folding task.

Stage 1 | Stage2  Averaged Score

v 0.07
v 0
ol v 0.92

Table 8: SayCan versus Substep Reasoning for DexVLA. We replace DexVLA’s substep reason-
ing with SayCan and evaluate how this change affects overall performance.

Tasks/Models | SayCan  Substep Reasoning
Bussing Table (Hard) | 0.58 0.70

states in certain scenarios. In contrast, DexVLA’s substep reasoning adaptively segments the state
space over the course of long-horizon tasks, contributing to its superior performance.

D Task Suite and Evaluation Protocol

D.1 Task suite.
These tasks are evaluated in Section 3.1.

« Shirt folding (Bimanual AgileX): The shirt is placed flattened on the table, and the robot
is asked to fold a t-shirt. We evaluate two shirts, a yellow shirt of medium size and a blue
shirt of large size.

* Bin picking easy (Franka with gripper): The model needs to pick up all items from the
right panel to the left tray. All items are seen in the dataset.

* Bussing table easy (Bimanual AgileX): The robot must clean a table, place dishes and
cutlery in a bin, and trash into a trash bin.

These tasks are evaluated in Section 3.2.

* Drink pouring (Franka with dexterous hand): The drink is placed on the right of the
table and a cup is placed on the left. The robot needs to grab the drink and pour it into the
cup. This task includes 100 demonstrations.

» Packing (Bimanual URS): The robot is asked to pick up objects on both sides and place
them into the box for packing. This task includes 100 demonstrations.

These tasks are evaluated in Section 3.3.

* Laundry folding (Bimanual AgileX): This task requires a static (non-mobile) bimanual
system to fold articles of clothing. The clothing items start in a randomized crumpled
state in a bin, and the goal is to take out the item, fold it, and place it on top of a stack
of previously folded items. The randomized initial configuration of the crumpled laundry
presents a major challenge since the policy needs to generalize to any configuration. This
task is present in pre-training.

* Dryer unloading (Bimanual AgileX): Here, the AgileX mobile robot has to take the laun-
dry out of a dryer and place it into a hamper. This task is present in pre-training.

* Sorting (Franka with gripper): The model needs to pick up all items from the right panel,
and place them in the correct subsection of the left tray. The left tray is divided into four
subsections. All new objects belong to the same category as these four sections. This task
includes 200 demonstrations. This task is not in the pre-training data.
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621 * Bin picking hard (Franka with gripper): The model needs to pick up all items from the

622 right panel to the left tray. Unlike the easy version, all objects are new and only present at
623 test time. This task is present in pre-training.

624 * Bussing table hard (Bimanual AgileX): The robot must clean a table, place dishes and
625 cutlery in a bin, and trash into a trash bin. Unlike the easy version, all objects are new. In
626 particular, we use dishes with unseen colors and trash with different appearances. This task
627 is present in pre-training.

e2s D.2 Evaluation protocol.

629 Each task is evaluated across 10 trials and reported averaged scores. For each task, we list the
630 detailed scoring criterion as follows.

631 * Lanudary folding (Bimanual AgileX): This task is scored out of 4 and we evaluate 5 shirts
632 in total including 2 middle size and 3 small size. We perform two trials for each item, and
633 the items left to be evaluated starting randomly crumpled in a laundry bin (while previously
634 evaluated items start in a fold). One point is given for picking an item out of the bin and
635 putting it on the table. Another point is given for flattening the shirt or shorts. A third point
636 is granted for folding the shirt or shorts. A final point is given for either placing the item in
637 the corner of the table (if it is the first item evaluated), or stacking it onto an existing stack
638 of folded clothes. This evaluation metric is followed 7.

639 * Shirt folding (Bimanual AgileX): This task is scored out of 3. We perform two trials for
640 each item, and the items are flattened on the table. One point is given for double vertically
641 fold. Another point is granted for a double horizontal fold. A final point is given for
642 pushing the folded shirt to the right blank area.

643 * Bussing table (Bimanual AgileX): This task is scored out of 3-4 where there are 3-4
644 objects on the table in both easy and hard version. The main difference is the objects that
645 appeared in the hard version are unseen. A point is given for each correctly sorted object.
646 * Dryer unloading (Bimanual AgileX): This task is scored out of 2 where there are 2 crum-
647 pled shirts in the dryer. A point is given for pick up a shirt and place into the hamper.

648 * Sorting (Franka with gripper): This task is scored out of 5-8 where there are 5-8 objects
649 on the table. There are four kinds of objects in total, a point is given for each correctly
650 sorted object.

651 * Drink pouring (Franka with dexterous hand): This task is scored out of 2. A point is
652 given for grab the bottle and pour to the cup. Another point is granted for place down the
653 bottle.

654 * Bining picking (Franka with gripper): This task is scored out of 4-5 where there are 4-5
655 objects on the table. The main difference is the objects that appeared in the hard version
656 are unseen. A point is given for each correctly picked and placed object.

657 * Packing (Bimanual URSe): This task is scored out of 2 where there are 2 objects on the
658 table. A point is given for each correctly picked and placed object.

es9s E  More Implementation Details

ss0 E.1 Robot setup.

es1  Our evaluation is conducted on four different robot configurations across 10 tasks. These setups are
es2 summarized in the following list and visualized in figure 4.

663 * Franka with gripper. A Franka Emika robot with 7 degrees of freedom, equipped with a
664 Robotiq parallel jaw gripper. Data is collected at 15Hz.

19



665
666
667
668

669

671
672

673
674
675

676
677
678
679
680
681
682

683

684
685
686

mobile Agilex
| (ARX arm)

mobile Agilex
(PIPER arm)

8 single UR5e
Il Ssingle Franka

Figure 13: Overview of our dataset for stage 1 training.
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Figure 14: Average task length(seconds) of 91 tasks.

* Franka with dexterous hand. An Inspired Dexterous Hand mounted on a Franka Emika
robot. The camera setup is identical to the gripper version, with a total of 12-dimensional
configuration. Specifically, SE(3) end-effector pose (3D position + 3D orientation) plus
6-dimensional hand joint space. Data is collected at 15Hz.

* Bimanual URSe. Two UR5e robots, each with a Robotiq parallel jaw gripper and a wrist-
mounted camera. A top-down camera is positioned between the two arms. This setup has
a total of three camera views and a 14-dimensional configuration and action space. Data is
collected at 10Hz.

* Bimanual AgileX. Two 6-DoF AgileX arms, each with a wrist-mounted camera and a base
camera. This setup has a 14-dimensional configuration and action space, supported by three
cameras in total. Data is collected at 10Hz.

Our setup includes two Franka Emika robots: one equipped with a gripper and the other with a robot
hand. Both Franka robots utilize the same camera configuration, consisting of a ZED 2 camera
positioned on both the left and right sides, as well as a ZED Mini wrist camera mounted on the robot
itself. Our bimanual UR5e robot uses a single top-mounted Intel RealSense L515 camera and two
Intel RealSense 435i cameras attached to the wrists. Finally, our mobile AgileX platform has two
Intel RealSense 4351 wrist cameras and a top-mounted Intel RealSense 457 camera. Although the
mobile AgileX image includes a front camera, it was not used during either training or inference.

E.2 Sub-step reasoning and data acquisition.

Training with sub-step reasoning is crucial for Dex-VLA to complete long-horizon tasks without a
high-level policy model. We present an ablation study on the importance of sub-step reasoning in
Section C.1. Acquiring this data presents two key challenges: obtaining language instructions and
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segmenting videos with corresponding annotations. We address these challenges with the following
strategy.

For object-level tasks (e.g., bin picking, sorting, table bussing), object identification is key. We
leverage Grounding-Dino and DINOvV2 to annotate object bounding boxes and names, along with
the gripper’s bounding box. We then calculate the intersection over union between the gripper and
object bounding boxes to determine grasp success. For long-horizon single-object tasks (e.g., fold
one shirt), the challenge lies in task segmentation. We created a comprehensive list of potential
sub-step reasoning, focusing on major steps lasting at least five seconds each to avoid excessive
sub-division. We then used Google Gemini 2.0, providing it with the sub-step list, to segment the
videos and select the corresponding reasoning from the list. This proved effective and efficient for
labeling. We only manually checked the Stage 3 training data, as this stage requires higher-quality
annotations. This annotation strategy makes our approach feasible.

E.3 Architectural details.

In this section, we provide a full description of the model architecture. Dex-VLA can be split into
two parts, VLM backbone originates from Qwen2-VL [27] and diffusion expert. We use Qwen2-VL
2B which is powerful and efficient. Regarding our Diffusion Expert, the total number of parameters
for this model is 1 billion parameters. We use 32 layers, with the hidden stage of 1280, and a num-
ber of heads of 16. During Stage 1, we only pre-train the diffusion expert with random initialized
ResNet-50 to process images and off-the-shelf Distilbert [31] to encode language instructions. Be-
cause the original diffusion policy model does not support cross-embodiment training, we adopted
a multi-head structure similar to Octo [21]. Each embodiment is assigned a unique MLP head. The
diffusion expert is trained using the similar settings of our Dex-VLA. In particular, we use the im-
age resolution of 320 x 240, with three camera views. Each image is processed independently to a
ResNet-50. We use the strategy as in RT-1 [33] to initialize the FiLM layers.

E.4 Training data details.

As shown in Figure 13. Our dataset comprises approximately 100 hours of collected data spanning
91 distinct tasks. The majority of this data was collected using two robot platforms: the Agilex
(ARX arm) (42.7%) and the single Franka Emika robot (34.7%). The “ARX arm” and “PIPER arm”
represent two distinct robotic arm configurations, both featuring six degrees of freedom (6-DoF) but
differing in their kinematic structures and operational characteristics.

Figure 14 provides a summary of all 91 pretraining tasks across four embodiments. The Y-axis
represents the average duration (in seconds) recorded for each task in the training data, while the X-
axis lists all 91 tasks. It is clear that most tasks in the dataset are short-horizon, whereas the evaluated
tasks are long-horizon, highlighting a notable distributional difference between the pretraining data
and the evaluated tasks.
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