1o g1o Baseline test set easy test set hard training time
ﬁ 8x RAD VPG 6184359 5254533 12.1s
/—\/\’\ 8x RAD FC-GQ-CNN  82.8+1.65 74.3+3.04 1.55s
e Ours 95.0+1.47 87.0+1.87 1.11s
/—/\’_\/ TABLE |
no ASR

. = EVALUATION SUCCESS RATE(%), STANDARD ERROR AND TRAINING
— noopt TIME PER GRASP(IN SECONDS IN THE HARDWARE EXPERIMENTS

" T— T RESULTS ARE AN AVERAGE OF100GRASPS PER TRAINING RUN

200 400 600 800 1000 1200 1400 200 400 600 800 1000 1200 1400

number of grasps number of grasps ' AVERAGED OVER FOUR RUNS PERFORMED ON THE HELD OUT TEST
OBJECTS SHOWN INFIGURE[BB AND C.

success rate per 150 grasps
validation success rate over 1000 grasp:

(a) Training (b) Testing

Fig. 5. Ablation study. Lines are an average o¢emuns. Shading denotes

standard error. (a) learning curves as a running average over the last #_i ure@ The work station is equipped with Intel Core i7-
training grasps. (b) average near-greedy performance of 1000 validation gras ’

performed every 150 training steps. /800X CPU and NVIDIA GeForce GTX 1080 GPU.

2) Objects: All training happens using the 15 objects
shown in Figurg Ba. After training, we evaluate grasp per-
formance on both the “easy” test objects (Figufe 8b) and the
“hard” test objects (Figurg]8c). Note that both test sets are
novel with respect to the training set.

3) Self-Supervised Training: At the beginning of training,
the 15 training objects (Figufé 8a) are dropped into one of the
two trays by the human operator. Then, we train by attempting
to grasp these objects and place them in the other bin. All grasp
attempts are generated by the contextual bandit. When all 15
objects have been transported in this way, training switches
to attempting to grasp from the other bin and transport them
into the first. Training continues in this way until 600 grasp
attempts have been performed (that is 600 gedtgmpts, not
600 successful grasps). A grasp is considered to be successful
if the gripper remains open after closing stops due to a
squeezing force. To avoid systematic bias in the way the
robot drops objects into a tray, we sample the drop position

Fig. 6. Setup for self-supervised training on the robot. randomly from a Gaussian distribution centered in the middle
of the receiving tray.

4) In-Motion Computation: We were able to nearly double
the equivarianty; and g models described in Sectign TII}B the speed of robot training by doing all image processing and
by a single equivariant network. In no optze remove the model learning while the robotic arm was in motion. This was
optimizations described in Section IV-E. In addition to th@nplemented in Python as a producer-consumer process using
above, we also evaluated rot egihich is the same as no ASRmutexs. As a result, our robot is constantly in motion during
except that we replace ASR with a U-net[30] and apfply training and the training speed for our equivariant algorithm
RAD[20] augmentation. Detailed network architectures can liie completely determined by the speed of robot motion. This
found in Appendix B. improvement enabled us to increase robot training speed from

2) Results and Discussion: Figure [$ shows the resultsapproximately 230 grasps per hour to roughly 400 grasps per
where they are reported exactly in the same manner as in Seeur.
tion Y|E no equdoes worst, suggesting that our equivariant 5) Model Details: For all methods, prior to training on
modeTTs critical. We can improve on this somewhat by addirfje robot, model weights are initialized randomly using an
data augmentation (rot ejjut this sill underperforms signif- independent seed. No experiences from simulation are used,
icantly. The other ablations, no AS&hd no optdemonstrate i.e. we train from scratch. The model and training parameters

that those parts to the method are also important. used in the robot experiments are the same as those used
in simulation. For our algorithm, theg; network is defined
V1. EXPERIMENTS INHARDWARE using D 4-equivariant layers and thg, network is defined

A. Setup using C,4=C,-equivariant layers. During training, we use
' Boltzmann exploration with a temperature 801 During
1) Robot Environment: Our experimental platform is com- testing, the temperature is reducedt602 (near-greedy). For

prised of a Universal Robots UR5 manipulator equipped withore details, see Appendix G.

a Robotig 2F-85 parallel-jaw gripper, an Occipital Structure 6) Baselines: In our robot experiments, we com-

Sensor, and the dual-tray grasping environment shown pare our method agains8 RAD VPG [44] [20] and
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