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Learning Embodied Optimal Point and Restricted Deft Search
- Learning Method for Robot Manipulator on changing Environment -
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We propose Learning Embodied Optimal Point and Restricted Deft Search (LEOPA): a learning based
hierarchical motion planning algorithm which achieves a faster learning convergence and better solution
through reasonable state and action spaces. LEOPA breaks down the motion planning problems into the
learning of the end effector position and exploration of the remained posture. We evaluate LEOPA on
a motion planning environment which consists of finding a valid, collision-free path for a 6 DOF robot
manipulator from a start configuration to a goal configuration. The results show that LEOPA demonstrates
a 100% success rate consistently in all 200 unseen environments. Also the average computation time of
the results is less than 1 second, which is significantly lower than sampling-based methods.
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Table 1 Conventional method for motion planning problems
(a) Sampling-Based Method (b) Learning-Based Method (¢) Hybrid Mehtod
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Feature A solution can be surely obtained by  Although it is possible to output an A method that combines sampling-based |
taking time, however; there is a trade-off  approximate solution at very-high speed, it reliability and learning-based speed.
between processing time and optimality. is difficult for DNN to leam the enormous
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Fig. 3 Problem of the hierarchical method
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Table 2 Hierarchical methods which take an end-effector position as an intermediate state. (EF,y,: end-effector

position, EF,g, : end-effector posture)
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Algorithm 1: HybridPlanner(obs,Xinit,Xgoa)
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1<—MPNet" (0bs Xinit,Xgoa) of LEOPA? (0bs,Xinit,Xeoal)
if T then
1—LazyStatesContration” (t);
if IsFeasible® (1) then
return t
else
Tnew—Replanning” (t, obs)
t—LazyStatesContration” (Tuew)
If IsFeasible? (Tuw) then
return Tnew
return @

Algorithm 2: MPNet" (obs,Xsrt, Xeoal)

1

O 09N WN
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T {Xaare )3T {Xgoul};
—@;
Reached«False;
fori<0toNdo
Xnowe—T(end); Xeoare—1°(end);
Xoow—JOINT_DNN® (0bS, Xnons Xgon)
Te—TU {Xnew}
Connect«steerTo” (¢(end), ©(end))
if Connect then
T«—concatenate(t®, 1°)
return t
SWAP(®, )
return @

Algorithm 3: LEOPA? (obs,Xstat, Xgoal)

ORI N DR W —

17
18

T {Xetat} 37— {Xegoul};
—0;
Reached«False;
fori«0toNdo
Xnowe—T(end); Xgoarc—1°(end);
hxyz<—E_EFFECTOR_DNN8) (0bs, Xnow, Xgoal)
for j <0 to M do
hg<—PostureSearch® (Xnow)
Xnewe—IK'") (hxyz, hagy)
if CollisionCheck' (Xnew) then
break
U {Xnew}
Connect«—steerTo” (t(end), t°(end))
if Connect then
T«—concatenate(t*, )
return T
SWAP(®, ?°)
return @

Algorithm 4: Replanning(t, obs)
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Tnew‘_w;
for i <0 to t.length() do
if steerTo” (ti , Ti+1) then
Toew—Tnew U {Ti s Ti+1}
else
Tminie—MPNet? (obs, 7i,7i+1) or LEOPA? (0bs, i ,Ti+1)
if Tmini then
Toew—Tnew U Tmini
else
return @
return Thew
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