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A.l. Video Demonstration

Please refer to the video file in the attachment for a quick
overview of AtomicVLA.

A.2. Future Work and Limitations

Most current vision-language-action (VLA) models are typ-
ically trained and evaluated on individual tasks. In this
work, we investigate skill interference arising from multi-
skill joint training through controlled experiments and intro-
duce a Skill-Gated Mixture-of-Experts (SG-MoE) frame-
work to construct a scalable atomic skill library, thereby ex-
ploring the potential of VLA models in long-horizon tasks
and continual learning. Although this paradigm shows clear
promise, many advantages remain insufficiently explored.

* AtomicVLA relies on a task planning module that pro-
duces accurate atomic skill abstractions and on a set of
well trained skill experts. The skill router relies on the
VLM to produce accurate atomic skill abstractions dur-
ing task execution, a capability constrained by the VLM’s
reasoning and planning fidelity. Recent studies such as
Embodied Brain [3, 6, 7] and g 5 [2] indicate that com-
bining large scale web data with embodied experience can
effectively train VLMs that are capable of skill decompo-
sition and task planning while enabling the construction
of a high quality expert skill library, which can further
enhance the performance of AtomicVLA.

* By decoupling skill learning, AtomicVLA substantially
mitigates interference during multi-skill training and
demonstrates strong adaptability to new skills. However,
acquiring new tasks still requires collecting substantial
human demonstration data for imitation learning(IL). No-
tably, recent works like 7 ¢ [1], SimpleVLA-RL [4] and

Table 1. Atomic skill distribution in the LIBERO dataset.

Atomic Skill Count
Pick 2462
Place 761
Open 201
Close 152
Turn 175

VLA-RL [5] have shown that reinforcement learning(RL)
can effectively train VLA models and achieve strong per-
formance. Integrating a pre-trained skill expert library
with reinforcement learning(RL) may empower Atom-
icVLA to generalize to novel tasks under few-shot or even
zero-shot settings.

A.3. Additional Details
A.3.1. Training Setup

For all experiments, we construct the skill library using one
shared expert together with multiple skill experts. Each skill
expert follows the Gemma architecture, where the feedfor-
ward module is implemented with an independent SwiGLU
activated MLP. All skill experts are randomly initialized at
the beginning of training to enable disentangled skill rep-
resentations and support incremental learning. The model
configuration is width = 2048, mlp dim = 4096, depth = 18,
num heads = 8, and head dim = 256. Building on this con-
figuration, the learning rate follows Cosine DecaySchedul
with a warm up phase of 1,000 steps, a peak learning rate of
2.5 x 107°, and a final learning rate of 5 x 10, The op-
timizer is AdamW with a gradient clipping norm = 1.0.To
stabilize training, an exponential moving average (decay =
0.999) is used throughout optimization.

Following this setup, we train the model for 100k it-
erations on both the LIBERO and Calvin simulation plat-
forms, and for 30k iterations in real world robotic experi-
ments, with a batch size of 64. All training is performed
on 8 x H200 GPUs, and inference is conducted on a single
NVIDIA RTX RPO6000 GPU.

A.3.2. Simulations Setting

LIBERO Setting. We use the public dataset provided by
LIBERO and convert it into the Lerobot format for all exper-
iments. Following the data processing method introduced
in Sec. 3.5, we perform fine grained annotation and orga-
nize the collected data into five atomic action abstractions:



Role:

You are an expert in robotics data analysis. You are analyzing a video clip of a robot performing a task, based on given task instructions. The clip was detected
based on the robot's movement patterns and segmented into basic skill segments. Your goal is to determine the task progress of the current segment and identify

the specific atomic actions.
Input:

1. The complete task instructions and coarse labels for the video clip.
2. Image frames from a video clip (sampled every three frames)

Instruction: Turn on the stove
and put the moka pot on it
Coarse label: Turn

Task:

Your task is to provide a complete task chain based on the task instructions, and analyze the current task progress and corresponding atomic tasks and actions

based on the coarse labels and video content.

Thought process and examples :

For task chain, it is a list of multiple atomic tasks.
For each atomic task, the formatting and constraints is:
. Output one imperative sentence starting with an action verb.

. Sentence length limit: no more than 15 words.

. For Place/Move, specify the destination or target container.
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. Use exactly one verb from this set: [Pick/Place/Turn/Open/Close/Push/Pull/Adjust].
. Focus on the final positions of the manipulated objects to avoid errors or repeated identification of atomic actions.

. Specify the manipulated object and key attributes (color, category, location/support surface/container).

. Describe only one atomic action and the final action (no multi-step sequences, no plans or intentions).
. If this is final step(N/N), considering the completeness of the task, please avoid erroneous judgments such as "open" or "pick."

For atomic action, it must be one verb from this set: [Pick/Place/Turn/Open/Close/Push/Pull/Adjust].

Examples:

1. The task chain is [pick up the yellow cup, place the yellow cup in microwave, close the microwave], This is step 1/3, pick up the yellow cup, and the atomic

abstraction is pick.

2. The task chain is [pick up the butter, place the butter in the basket], This is step 2/2, place the butter in the basket, and the atomic abstraction is place.
3. The task chain is [open the top drawer, pick up the block, place the block into the top drawer], This is step 2/3, open the top drawer, and the atomic abstract-

ion is open.

Instructions:

Based on the text and video information above, please provide the task chain for this task, as well as the task progress and atomic actions corresponding to the
video clip. Your judgment should be as detailed and accurate as possible, with reasoning supported by the video clip and task instructions. If the coarse label is

incorrect, ignore it and provide the correct label.

Output Format:

The task chain is <the list of atomic tasks>, This is step x/N, <current atomic task>, and the atomic abstraction is <choose one atomic action>.

The task chain is [turn on the stone, pick up the moka pot, place the moka pot on the stone], This is step 1/3, turn on the stone, and the atomic

abstraction is turn.

Figure 1. The prompts and examples of the InternVideo2.5.

Pick, Place, Open, Close, and Turn. The data distribu-
tion for these action categories is presented in Tab. 1. All
skills are trained in a mixed manner, and therefore main-
taining balanced data becomes essential. To achieve this,
we increase the sampling frequency of the less represented
actions, specifically Open, Close, and T'urn, in order to
equalize the data distribution and prevent insufficient train-
ing of the corresponding skill experts. For a fair compar-
ison, AtomicVLA is consistent with the evaluation of the
baseline method, testing each task 50 times and reporting
the average results.

Calvin Setting. We use the task ABC-D public dataset
provided by Calvin and divide the data according to the

instruction annotations and the corresponding frame inter-
vals. Each trajectory is capped at 64 frames and is con-
verted into the Lerobot format for our experiments. Follow-
ing the data processing method introduced in Sec.3.5, we
perform fine grained annotation and organize the data into
eight atomic action abstractions: Rotate, Push, Move,
Open&Close, Lift, Place, Turn, and Stack. Based on
these categories, we construct a skill expert library consist-
ing of 8 skill experts. Building on this configuration, we
ensure fair comparison by keeping the AtomicVLA evalu-
ation protocol consistent with that of the baseline methods.
In this setting, the robot executes 1,000 task sequences, and
each sequence contains five consecutive tasks. We report



Table 2. List of tasks and prompts used in our real-world experiments.

Task Type Task Prompt

Long-horizon Tasks
Objects in plate
Object into drawer
Object into microwave

Place all blocks on the table into a green plate.
Open the top drawer and place the block inside.
Place the plate into the microwave and close the door.

Short Tasks

Grasp Grasp the block from the table.

Stack Stack the red block on the orange block.
Close Close the microwave on the table.

Press Press the button on the table.

Open Open the top drawer.

Complex Scenes
Objects in plate
Objects in plate
Objects in plate

Put the pepper and corn into the green plate.
Put the carrot and cucumber into the green plate.
Put the potato and eggplant into the green plate.

Table 3. Performance under Different Settings.

Settings T SG MoE One-hot encoding ours
Params 3.24B 3.24B 4.18B 4.17B 4.17B
Succ (%) 85.2 89.2 88.6 92.4 95.2

the average success rates together with the average length
of the completed sequences.

A.3.3. Real-world Setting

Hardware. Our real-world experimental setup consists of
a Franka Research3 robotic arm with two Realsense D435i1
cameras: one mounted on the wrist to provide a first-person
perspective, and the other positioned opposite the robotic
arm to offer a third-person view.

Evaluation Tasks. In the real world, we collected three
long-horizon tasks and five short tasks, and additionally
gathered three long-horizon tasks in more complex scenar-
ios to evaluate the performance of AtomicVLA. We em-
ployed Gello [9] to control the Franka arm and record
demonstration data. We collected 100 trajectories per long-
horizon task and 50 per short task. The results reported in
this paper were obtained using a multi-task mixed training
protocol. Each task was evaluated 20 times with random-
ized object placements, and the average performance across
these trials was reported as the final test result. The full list
of tasks is presented in Tab. 2.

A.3.4. Continual Learning Setting

We conducted experiments on continual learning for short
tasks. Specifically, we used four tasks for mixed training,
iterating for 20k steps. Then, we applied “open the top
drawer” as a new skill for continual learning, fine-tuning on

the weights learned from the four tasks. We used a learning
rate of 5 x 107% and iterated for 7k steps, and reported the
results by averaging over 20 validation runs for each of the
five tasks.

A.3.5. Data Generation Setting

We use principal component analysis to obtain precise
video segmentation and coarse labels. By analyzing the mo-
tion changes across five consecutive frames, we determine
the dominant motion axis. Specifically, the threshold for
the translation axis(Ax, Ay, Az) is set to 3 cm, the thresh-
old for the rotation axis(Aroll, Apitch, Ayaw) is set to 0.05
radians, and the gripper change( AGrip) threshold is set to
0.1.

In Fig. 1, we provide detailed prompts and examples for
VLM (InternVideo2.5 [8]). The VLM analyzes video clips
and generates task chains, task progress, and atomic actions
based on the input text instructions.

A.4. Additional Results

More ablations. As shown in Tab. 3, we supplement our
experiments with a baseline conditioned on skills (SG).
While this improves performance, it still underperforms our
architecture, as skill interference arises when multiple skills
are learned jointly. Additionally, while there are only 5 dis-
crete skills, our experiments (Tab. 3) show that one-hot en-
coding underperforms our method.



Table 4. Results on Complex Scenes.

Method Pepper/Corn  Carrot/Cucumber Potatoe/Eggplant Avg.

mo.5 [2] 25 40 35 333

AtomicVLA* 40 45 45 43.3

Table 5. Success rates for all evaluated tasks on CALVIN ABC-D dataset.

Task Name SR (%) Task Name SR (%) Task Name SR (%)
rotate blue block right 97.4 lift red block table 99.4 lift blue block table 99.4
move slider right 100.0 lift pink block table 94.5 place in drawer 100.0
lift red block slider 99.3 move slider left 100.0 rotate red block left 98.5
place in slider 98.6 turn on lightbulb 100.0 push pink block left 93.5
turn off lightbulb 100.0 rotate blue block left 100.0 lift blue block slider 95.6
turn off led 98.8 push blue block left 94.2 lift pink block drawer 100.0
push into drawer 86.0 turn on led 100.0 rotate pink block right 98.6
lift blue block drawer 100.0 stack block 98.4 unstack block 98.6
close drawer 100.0 push pink block right 33.8 push blue block right 22.2
lift pink block slider 97.8 push red block right 29.2 rotate pink block left 100.0
open drawer 100.0 push red block left 89.9 lift red block drawer 100.0
rotate red block right 97.3

Table 6. Parameter and inference-time.

Experts | m K=5 K=8 K=12
Params ‘ 3.24B 4.17B 4.81B 5.65B
Act 71ms 92 ms 126 ms 160 ms
Think - 104 ms 104 ms 104 ms

Results on Complex Scenes. As shown in Tab. 4, we report
the performance of AtomicVLA* and 7y 5 on three addi-
tional real-world experiments designed to evaluate its abil-
ity to handle complex scenes and grasp irregular objects.
AtomicVLA* achieved an average accuracy of 43.3%,
which is 10% higher than the 7 5 average. In addition,
when picking corn, due to the color being similar to the
background of the table, AtomicVLA* was able to make
multiple corrections as it approached the target, resulting in
a 15% improvement.

Detail Results on Calvin. As shown in Tab. 5, we report
the performance of AtomicVLA* on the 34 evaluation tasks
of the Calvin ABC-D dataset. The results indicate that the
model achieves success rates close to 100 percent on most
tasks. However, performance on several Push blocks right
tasks is considerably lower, with average success rates only
between 20 and 30 percent. Building on this observation,
we find that in the training set the relevant blocks are typi-
cally placed near the center of the table. In contrast, during
evaluation the blocks are often positioned on the right side
of the table. This distribution shift leads the model to push
the block in the correct direction while failing to push it far
enough to satisfy the success criterion, which results in task
failure and prevents the execution of subsequent steps.

Parameter and inference-time. Tab. 6 shows the param-
eter counts and inference-time on a single H20 GPU. Even
with 12 experts, the inference latency is only 160 ms, which

is fully practical for real-world use.
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Figure 3. Error recovery cases in real-world experiments.



Task: Place the plate into the microwave and close the door.

Task: Place all blocks on the table into the green plate.

Task: Open the top drawer and place the block 1n51de

Task: Put the pepper and corn into the green plate.
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Task: Put the carrots and cucumbers into the green plate.
Task: Put the potatoes and eggplants into the green plate.
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Figure 4. Demonstrations of real-world experiments(Long-horizon tasks).

A.5. Additional Visualizations

In Fig. 2, we present a comparison between AtomicVLA
and 7y across simulation environments. Representative
task cases are selected from both LIBERO and Calvin. As
shown, AtomicVLA successfully completes several task in-
stances where pi0 fails, demonstrating its stronger robust-
ness and execution reliability in simulated settings.

In Fig. 3, we further illustrate AtomicVLA’s real-world
error recovery capability. When a subtask fails during ex-
ecution, AtomicVLA automatically replans and corrects its
behavior to ensure successful completion of the overall task.
Specifically, as highlighted in the red box in the figure,
when execution errors occur, such as misgrasps due to in-
accurate positioning or visual ambiguity between the target
object and the background, AtomicVLA can assess the cur-
rent task state, generate an updated task plan, and reattempt
the failed subtask, thereby ensuring robust completion of
the overall task.

Additionally, we show more demonstrations of real-
world experiments in Fig. 4. These experiments span a wide
spectrum of scenarios, from simple to highly complex tasks
and from regular to irregular objects. Across all settings,
AtomicVLA consistently exhibits strong performance and
robust generalization.
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