Gensuas Retargeting behaviors to unseen situations
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Training Robots With Limitd Data

Can robots get huge, free and diverse data
via large generative models?
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GenAug: A Controllable RGBD Data Augmentation Method
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via Generative Augmentation
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GenAug Results

Augmented

Robot Results

- T
Put the red bowl
;‘% on the white napkin

Put the plate
on the salt container

h -

Unseen pick/place objects

Real World: Language-guided policy trained with and w/o GenAug on 10 pick and place tasks

ROBOTICS

SCIENCE AND SYSTEMS

box to tray box to basket coaster to dust pan plate to tray bowl to coaster
env | pick | place| env | pick | place| env | pick | place| env | pick | place| env | pick | place
No GenAug | 0.8 0 0 0.2 0.2 0 0.8 0.4 0.4 0 0 0 0 0 0
GenAug 1 0.6 1 0.6 0.6 0.8 1 0.4 0.4 1 0.4 0.2 | 0.6 0.6 0.6
plate to plate box to box plate to box coaster to salt bowl to bowl
env | pick | place| env | pick | place| env | pick | place| env | pick | place| env | pick | place
No GenAug 0 0 0.2 | 0.2 0 0 0.6 0.2 0 0.2 0 0.2 1 0.2 0
GenAug 1 0 0.6 | 0.8 0.4 0.4 1 0.8 0 1 0.4 0.4 1 0.4 1
Simulation: GenAug shows notable improvement on unseen test environment baselines
Unseen Environment Unseen to place Unseen to pick
TransporterNet CLIPort TransporterNet CLIPort TransporterNet CLIPort
Method 1 10 100 1 10 100 1 10 100 | 10 100 1 10 100 1 10 100
No Augmentation 48 8.1 98 11.7 143 144 15.1 304 526 394 408 446 85 346 549 460 67.0 64.1
Spatial Augmentation 11.0 122 83 233 16.1 267 443 505 653 26.1 369 507 53.6 572 664 382 569 80.3
& ‘ § Random Copy Paste 531 670 735 382 398 643 551 654 849 397 559 739 483 670 76.1 525 650 81.0
'/';~_._,, -~ (BN Random Background 53.0 753 79.1 33.6 622 554 245 221 355 76 99 179 444 4077 359 192 3527 723
, /’I/i‘{ h\ Random Distractors 10.1 9.7 137 154 36.2 358 282 60.7 660 275 51.8 543 425 474 623 31.0 640 69.1
. R3M Finetune 4.1 6.0 48 222 168 209 435 40.6 419 309 435 575 456 457 41.1 46.7 50.7 72.7
"Put the mouse box "Put the waffle maker "Put the box "Put the box “Put the box GenAug 439 585 77.6 466 57.0 719 69.1 765 836 626 839 863 753 756 872 615 777 83.1
in the basket” in the tray” in the yellow box" in the basket" in the basket” GenAug (w Depth) 478 838 91.2 472 609 734 399 672 742 648 738 846 712 834 87.1 562 673 815
Analysis Beyond Pick-and-place Tasks
Demo Env Augmented Envs Unseen Test Envs (IGibson)

Performance vs Augmentation

Depth-aware vs In-painting
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Failure Cases

Similar background color ~ Similar object color  Too many distractors
7 :

GenAug is based on text-to-image
diffusion models, it canot gaurantee
the generated images are perfect.

Typical Failure cases occur when the background color is
similar to the pick or place object. Or one of a few
distractors has a very bright color or similar colors.

GenAug (60%)

No GenAug (1%

In addition,we test GenAug on a new task "close the top drawer” with a fetch robot. In particular, We tested on 100
unseen backgrounds using iGibson rooms and observed GenAug is able to achieve 60% success rate while policy
without Genaug is only 1%.

Limitations

1. Assume the Same Action:

GenAug does not augment action labels and reason about physics parameters. It assumes the same action still works on
the augmented scenes.

2. Augmentation & Speed:

GenAug cannot guarantee visual consistency for frame augmentation in a video. GenAug usually takes about 30 seconds
to complete all the augmentations for one scene, which might not be practical for some approaches such as on-policy RL.
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