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Results

Background

. . . . 1. Success Rate:
Prior deep RL-based locomotion controllers primarily focus on

* constraints underneath the robots: ——rrd = Approach Easy Medium  Hard

End-to-end dexterity 29.4% 7.0% 5.1%
Hierarchical dexterity (ours) 96.8% 51.5% 39.4%
Parameterized motor skills 65.7% 4.0% 2.4%

2. Sample Efficiency:

Approach #timesteps to convergence

b

End-to-end dexterity 600 million

Rudin, Nikita, et al. 2022 Agarwal, Ananye, et al. 2023 o s | L | ’\ . Hierarchical dexterity (ours) 40 million
R TR | Parameterized motor skills 80 million

* orsimple handcrafted top constraints:
3. Collision Count:

Approach Easy ¥ Medium  Hard
End-to-end dexterity 7.9 16.2 29.8

We d eve I O p aln R L - b ase d Hierarchical dexterity 3.8 323 436

_ . As indicated by the contact counts, the robot has
to make more contacts in harder environments,
h Iera rCh Ical syStem that enables for example, lean against some obstacles to
3D constraints need acyclic and asymmetric limb movements. I d I .t' .t h d I assure torso stability and forward progress.
egged locomotion to handle

y M' environments with not only leeanar
Robust locomotion in confined 3D

underneath constraints, but also * spaces only emerges in hierarchica

Goal: an RL-based locomotion controller that can perform dexterity by training to reach local goal
agile and robust locomotion in diverse and confined 3D spaces al I _a ro u n d co n strai nts ocations computed by a classical path
. olanner.

Parameterized motor skills are not
sufficient to navigation in confined 3D
spaces. The agent has to develop it own
motions to reach the local goals.
Generalizing to diverse and confined 3D
spaces is still challenging.

Tunnel Environments
Hierarchical Dexterity

. . - N
A tunnel environment is represented by both the ceiling imestep ¢

(blue) and the floor (green) as a n,.Xn_. pyramid matrix.

f Proprioception
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Each pyramid has random height, width, length, and position.

Gravity vector
g ER3
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Local goal pose

(X1, ¥, hay, @1, 05, ) Local Q(J;alylc))cation
- Local goal pose

(xl' Vi, hzli (I)lt 91, lI"I)J

T

Acknowledgments

Enable parallel simulation by IsaacGym.

[ 196.e) uonisod juior ]

This work has taken place in the Learning Agents Research
Group (LARG) at UT Austin and the RobotiXX Laboratory at
GMU. LARG research is supported in part by NSF (FAIN-
2019844, NRT-2125858), ONR (N00014-18-2243), ARO
(E2061621), Bosch, Lockheed Martin, and UT Austin's Good
Systems grand challenge. RobotiXX research is supported by
ARO (W911NF2220242, W911NF2320004, W911NF2420027),
AFCENT, Google DeepMind, Clearpath Robotics, and Raytheon
Technologies.

Goal location (xg, y,)

Relative goal location Reactive path
(x> V) planner




