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Current continual learning work:
rely on manual labels / extra parameters, 
limiting scalability to VLA models.

 

VLA models: acquire experience through pre-training, but still require 
task-specific finetuning 

Efficiently transfer to new tasks without 
catastrophic forgetting of past experience

Lotus (ICRA 2024） SDP (CoRL 2024）

TAIL (ICLR 2024）

We could take advantage from:
Task-Centric Representation Learning

Mixture-of-Expert Action Policy
LEGION （NMI 2025）

for general 
new task 
transfer

MoDE (ICLR 2025）

for old & new 
task 
specialization



Our Method：StellarVLA
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Key Innovation
• Propose a group of Dirichlet-Process-based Knowledge Space to learn task-centric and task-skill 

hierarchical knowledge modeling
• Propose a knowledge-posterior-guided expert routing mechanism for task-oriented policy learning



Co-Learning of Knowledge and Task Latents
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Knowledge Space Distribution Modeling

Co-Evolution Process

Dirichlet Process
(a sampling process)

1.infinite components
2.discrete probability

measure
Task Stellar :

task:Task-Skill 
Stellar :

TS-Stellar 
skill-task aggregation

Two-level distribution learning：
1.task-centric representation，
through VAE，Adapting to new tasks
2. knowledge space distribution，
through varitonal inference，
Preserving old task knowledges

Two Probabilistic 
Model Variants

skill:

sensor 
obv

task
latents

task
knowledge



Knowledge-Routed Expert Action Module
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Transformer MoE

Since knowledge components are dynamically 
changing, to fix the input feature dim：

2. Top K Semantic representation

Routing Injection of Knowledge Space

1.Task-relevant representation

Final �������：



Experiment：Simulation
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Continual learning onf LIBERO Benchmark：
3 task sets considering：different goal (goal)，long horizon (long)，large number of tasks (30)

• On AUC and Final SR, our 
model generally outperforms 
both the VLA and continual 
learning baselines.

Metrics

Final SR: Average success 
after training on the last task



Experiment：Real-World
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• T-Stellar & TS-Stellar outperform
• π0.5 and UniVLA in CIL
• TS-Stellar may perform better under 

more complex action-mapping or 
long-horizon manipulation situations.

Continual learning for seven dual 
arm tasks：

Success rate curves 
of different methods



Visualization
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Task Specialization 
in Expert Routing

Knowledge Envolution During Continual Learning

Knowledge Components Changing During Continual Learning 
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