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e Simulation helps avoid testing many designs in the real world

e Related work has efficiently transferred policies to intermediate
robots

e Co-optimize design and control of dexterous robotic hands in

simulation and test them in the real world using teleoperation

® 5 test objects: barbell, pen, board, ring,
cross3d, and sphere at 3 scaled sizes (0.75x,

1 .OX, 1 25)() Algorithm 1 Design and Policy Co-Optimization

1: Notation Summary: 0; € R, i =1,2,...,C: design param-

P N ear|y 400 rObOtiC h an d d es | g ns eva| U ated on eter of i-th candidate robot; 7y, : expert policy on i-th candidate
robot; £ € R™: evolution step size; ¢ € R: reward threshold;

D.: the set of robots with expert policy; 8y € RP: element-

p|Ck|ng Up and reOl’ieﬂting ObjeCtS in'hand W|th wise mutation range. 0,0, € RP: element-wise upper and

lower bounds of design parameter.

added external disturbance forces up to 1 N 2 D (0 o 0T,

3: fortin 1,2,..., N do

e Fach object evaluated on 256 randomized 4: /I sample new robot design candidate
5. Sample 61,602 ~ D., mutation noise n ~ U([—0urr, Or]);
6:  Onew ¢ random_crossover(61,02) + n;
gOal poses 7 bhew :MAX(MIN(OHCW,HU),G(L); I )staynin bound
8:  // find closest source robot to transfer policy from v7 ; -
_ . , o min _ . NN SN S S Sy N
e Evaluation metric is the average success rate o 5 ewioez. [0~ bl N S e Y T
d d ff ’[ ’[ | f ’[ d 11:  // transfer the poliscy by robot interpolation
unaer alfrerent exiernal rorce magnituaes 12:  while [[0 — Onew|| < € do 3N 3 S NN
9 OO O O V. Y R i N e B U X v
. . . : train expert policy my <— arg max_E[p™"] by initializing
e Built two optimized hand designs, v6 and v7, policy with 7% . “ . N P
b T <_ﬂ":;9 :"‘: 7 - :::" oG ::é /"’/\— \\:\" o \:l\ﬁ_ "C-
' i A A Ql 16: i E[p™] > q th — — — —
Where V7 IS #1 Optlmlzed hand deS|gn in sim 17: : D[f<—1])e Uq{Of;n// only keep elite robot candidates
o . 18: return {(0,7y) | 6 € D.}; Y X < 3N < XN & =N e
e Tested optimized hands against v1-v5, our N N L N T
manually design iterated hands from prior work W Y DU B A N M R

e Sim to real gap of simulating rigid hands Goal Pose 1-5 evaluation metric

and testi ng tendon driven soft hands in 1 stable grasp (unmovable by small disturbance force)
0.75 object moves by disturbance force but will not drop
real world . |
0.5 object can be moved and dropped by disturbance force

0.25

grasp fragile and will not be able to carry object

e Optimized hands outperformed previous

grasping or achieving goal pose failed

hand designs on the same 6 objects in sim 1
0.75

0.5

and real Goal Pose 6 evaluation metric

graceful placement of object on table within 3cm drop height

e Tested generalization of optimized hand 0-23

design v7 on a different task set DASH-30, Barbell  Board  Pen Ring  Crossad  Sphere

which outperformed previous designs and

object initially contacts table and falls greater than 3cm

object falls from hand greater than 3cm height
with no initial contact with table

Allegro Dexterous Hand.

e [ested two different fingertip shapes,

rounded and wedge-like fingertip, and Tasks with
5/5 success 7 10 14 16 17 19 23
(out of 30)

found that simulation preferred round

fingertips and real world experiments

Overall success

0 709 20 0 759 79 "
(outof150) | 0% 0% | 82% | 8% 5% | 87% | 95%

preferred thinner fingertips



mailto:pmannam@andrew.cmu.edu
mailto:pmannam@andrew.cmu.edu

