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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute® used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.
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Generalization
Models % Tasks % Data Seen Tasks All Unseen Tasks Distractors Backgrounds
Smaller Data
RT-1 (ours) 100 100 97 73 76 83 59
RT-1 100 51 71 50 52 39 59
RT-1 100 37 55 46 57 35 47
RT-1 100 22 59 29 14 31 41
Narrower Data
RT-1 (ours) 100 100 97 73 76 83 59
RT-1 75 97 86 54 67 42 53
® Seen Tasks
100% @ ® Generalization
Decreasing data size
80% Trained On:
s @ ® All Tasks
60% & 75%
% (S & 75% Tasks
o
40%
@ Decreasing
data diversity
20%
0%
0% 20% 40% 60% 80% 100%
% of Data
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Update Step I . Pre-Training

8 ! iy Py ‘ Record as Pseudo Babbling Dataset

!

Step II. Rehearsal

Web-scale data \action-free data

" domain/task =
retail-sho

= B |
Simulated Babbling Dataset

Pseudoy
Motor-babbling Babbling

K. Kase, et el., “Robot Task Learning With Motor Babbling Using Pseudo Rehearsal”, RA-L, 2022.
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Building a curriculum based on human knowledge of tasks and environments to
expand the data distribution in sim, efficiently bridging the gap between simé&real.

Initialization Iteration Iteration Iteration Iteration
500 1000 2500 8000

_— R L L. |»

Image from J. Lee, J. Hwangbo, L. Wellhausen, V. Koltun, and M. Hutter,
“Learning Quadrupedal Locomotion over Challenging Terrain,” Science Robotics, vol. 5, no. 47, 2020.
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Unreal experience! S et
6

Designing a curriculum
that gradually increases

complexity by introducing
factors such as g
- initial position errors, >
- object shapes, 0.0 0.2 0.4 06 0.8 10

- and clearances. _ Time Steps
Introducing a curriculum leads to

a rapid improvement in cumulative rewards.

Cumulative Reward

=

/ero-shot

Realizing peg-in-hole tasks for various different objects

Learning for 100,000 steps . - .
that require sub-millimeter precision.

while randomizing "motion”

C. Bertran, et el., “Accelerating Robot Learning of Contact-Rich Manipulations: A Curriculum Learning Study”, arXiv, 2022.
C. Bertran, et el., “Learning force control for contact-rich manipulation tasks with rigid position-controlled robots”, RA-L, 2020.
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Learning the relationship between vision(depth) and object softness through simulation

Depth image Stiffness estimation Stiffness map

)\

T Train

o

bl %]

v
—
Hand Model
Picking by visual information | i Experiecne augmentation
. . . Target stiffness Segmentation image “ »”
- Missing to grasp soft objects. y Y _ based on “depth-to-softness
- Picking errors S pose deresren \ simulation

L 5N _
{4 pp—
1=
S AN
4DoF grasp pose

K. Makihara, et. al., “Grasp pose detection for deformable daily items by pix2stiffness estimation”, Advanced Robotics, 2022.
K.Makihara, et. al. “Deformability-based grasp pose detection from a visible image,” IEEE ACCESS, 2024.
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The robot “pushes aside soft objects”
to pick up the target.

Without cross-modal With cross-modal
ability ability

K. Makihara, et. al., “Grasp pose detection for deformable daily items by pix2stiffness estimation”, Advanced Robotics, 2022.
K.Makihara, et. al. “Deformability-based grasp pose detection from a visible image,” IEEE ACCESS, 2024.
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Depth image Estimate grasp quality
for parallel jaw gripper
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Task name (3&#%) Episodes
pick the instant noodle 235
place the instant noodle 230
pick the gum 198
place the gum 197
pick the chocolate confection 184
place the chocolate confection 182
pick the potato chips 177
place the potato chips 169
pick the dietary supplemment 165
pick the cookie 163
place the cookie 163
place the dietary supplemment 161
pick the tea bag 142
place the tea bag 142
pick the snack 133
place the snack 133
pick the seasoning 125
place the seasoning 124
pick the coffee 108
place the coffee 106
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Thank you for your attention!

E{RAIRE — /s (Embodied Al Research Team)
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