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Efficiently transfer to new tasks without
catastrophic forgetting of past experience

Continual Robotic Manipulation|earning
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VLA models: acquire experience through pre-training, but still require
— task-specific finetuning

Current continual learning work:
rely on manual labels / extra parameters,
limiting scalability to VLA models.
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We could take advantage from:
Task-Centric Representation Learning
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{= Our Method: StellarVLA
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Key Innovation

* Propose a group of Dirichlet-Process-based Knowledge Space to learn task-centric and task-sKkill

hierarchical knowledge modeling

* Propose a knowledge-posterior-guided expert routing mechanism for task-oriented policy learning
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Knowledge Space Distribution Modeling
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Co-Evolution Process

Algorithm 1 Joint Evolution of Task-centric Latents and
Knowledge Space
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Initialize knowledge-space distribution © using the DP-
based model
Initialize VAE parameters ¢, 1)
Initialize knowledge-space buffer B
for training data x at iteration{ = 1,...,7 do
Sample latent 2 ~ g4(z | )
Compute losses  Lrecon, Lki
Update VAE &, % < ¢,% — 1V ¢ 4 ( Lrecon + Li1)
Update buffer B <+ BU {z}
if ¢ mod Ny, = 0 and { < Ny, then
Sdmple Kinow latent points
{2} ~ g(z | 2), 7~ B
Upddte knowledge parameters © as in Sec. B
end if
end for

Two-level distribution learning:

1.

through VAE, Adapting to new tasks
2. knowledge space distribution,
through varitonal inference,

i oM+ (™ = 1"™)?] Preserving old task knowledges
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Transformer MoE Routing Injection of Knowledge Space

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

Table 1: Overall performance on the LIBERO benchmark. Baselines are grouped into pretrained
and scratch categories. Results are reported in percentages. The highest performance is highlighted
in bold and the second highest is underline.

o T Scratch VLA Models Pretrained VLA Models (on cross-embodiment data)
MoDE [14] UniVLA [1] o [6] |T-Stellar TS-Stellar| MoDE [14] UniVLA [1] 7o [6] 0.5 [2] |T-Stellar TS-Stellar
FWT (1) 71.042.1 3.1+07 829+39(81.4+02 80.24+23 | 69.7+138 87.5+0.1 749427 84.5425|76.6434 73.6+4.1
LIBERO-goal BT ) 362408 31207 4904101207028 222433 | 23229 657461 25.6410384137119.1236 280137
802l AUC M 39.7+1.0 0.4+02 45.5+3.1(61.7+22 60.7+12 | 46.8429 35.2+47 55.6433 55.44+49(57.5 +11 48.1+22
Final SR (1)| |33.1+24 0.0+00 35.74+05|67.9+05 64.2+15 | 41.6+438 20.5+47 41.1+1.1 43.84338|57.0+2.0 441452
FWT (1) 71.6+3.6 6.1+0.1 57.3+3.1){76.3+4.0 755406 | 71.1+£15 70.3+56 60.5+2.6 55.54+3.3| 80.3+1.6 81.9+4.1
LIBERO-I NBT (1) 46 316 60101 AR 737141 641 37 3101 4041 1 31340 344535 34K 1101380405 37 6144
OB AUC () | |B4342 09100 222+10[412407 43.6+19 | 329414  43.6424 356437 29.8+459(48.6426 50.8+15
Final SR (1)| |20.2+2.9 0.0+00 12.0422|342+21 35.0+32 | 199+14 17.1+20 24.3+5.1 21.64506|32.24+44 41.7+3.0
FWT (1) 48.2 35.5 72.7 79.6 73.3 52.9 87.9 70.3 75.0 43.8 84.8
NBT (1) 15.4 28.1 469 310 278 119 57117 33.5 417 4.1 217L%)
= sk
HIBERG-30 AUC (7) 33.6 94 31.1 49.7 48.3 43.0 36.5 40.8 37.9 38.3 50.8
Final SR (1) 28.5 12.0 24.9 42.9 42.6 40.3 29.6 34.5 35.3 35.8 41.0
— ——— Scratch CIL Methods Pretrained CIL Methods (on LIBERO-90)
ER [8] SeqLoRA LoTUS [3] IsCiL [5]| T-Stellar TS-Stellar| ER [8] SeqLoRA LoTUS [3] IsCiL [5]| T-Stellar TS-Stellar
FWT (1) 70.84+1.5 26.2+46 448403 24.3+58|81.4+02 80.24+23 |80.3+23 80.3+06 46.8+43 66.8+13|80.4+03 82.7+1.6
LIBERO-goal NBT (1) 3.04+20 239440 313463 30412 1207408 229433 121 1406 788+15 377439 78425 1126+10 194422
g0al AuC @) 11.8404 89+1.1 222450 22.0+28|61.7+22 60.7+12 |60.5+1.8 26.2+10 18.5+15 60.9+28|66.7+0.5 64.8+1.6
Final SR (1) B4.2+09 2.4408 16.3+48 18.5+05[67.9+05 64.2+15 [553+10 9.5+01 10.8+1.1 485+20(62.1+1.5 57.345.1
FWT (1) 70.8+62 9.64+61 11.5+30 26.0+65|76.3+40 75.5+06 [80.3+03 62.0+13 323423 65.8+03(79.3+21 81.5+13
LIBERO-lon NBT (1) 473455 8.8+54  0.8+17 15.0+447]41.644.1 373421 1484420 56.0+15 2.8+2.7 31.5+03]36.8428 37.7420
& AUC @) 31.0+£3.0 2.3+14 11.3+42 152438(41.24+07 43.6+19 [40.9+1.1 16.6+05 29.4+05 41.4+0.1|48.3+£39 50.5+1.3
Final SR (1)§189+1.1 0.84+06 105455 6.8+08 [34.24+21 35.0+32 [16.1+07 6.0+05 31.8423 17.3+03(36.3+38 40.9+23

Metrics
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Final SR: Average success
after training on the last task

« OnAUC and Final SR, our
model generally outperforms
both the VLA and continual
learning baselines.
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Continual learning for seven dual
arm tasks:

« T-Stellar & TS-Stellar outperform

 10.5 and UniVLA in CIL

« TS-Stellar may perform better under
more complex action-mapping or
long-horizon manipulation situations.

1. Pick up Stick 2. Handover Stick 3 .Pick up Bag 4. Handover Toy
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Knowledge Envolution During Continual Learning Task Specialization
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Knowledge Components Changing During Continual Learning
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