


Ours Ours Ours w/o uncertainty | w/o pregrasp| Bilevel-high Bilevel-low Bilevel-heu
(3 views) (2 views) (1 view) (1 view) (1 view) (2 views) (2 views) (2 views)
Mustard bottle 90% 100% 80% 70% 90% 50% 60% 60%
Lego 90% 70% 80% 70% 60% 70% 50% 50%
Pyramid 100% 100% 100% 80% 70% 70% 70% 80%
Campell can 100% 100% 100% 90% 100% 90% 90% 80%
Cheezit box 80% 90% 80% 60% 90% 30% 40% 80%
Mug 90% 80% 80% 70% 80% 70% 60% 80%
Orange 100% 100% 90% 100% 100% 90% 80% 100%
Coffee bottle 80% 90% 90% 70% 90% 50% 60% 60%
Spam 80% 60% 60% 60% 60% 40% 60% 50%
Plane 100% 70% 70% 80% 80% 60% 70% 70%
Car 90% 100% 70% 70% 70% 60% 80% 60%
Banana 100% 80% 90% 60% 70% 30% 40% 60%
Pear 100% 100% 90% 100% 80% 80% 80% 80%
Small box 100% 100% 100% 70% 70% 80% 60% 90%
Total 93% 89% 84% 75% 79% 62% 65% 71%

Table I11: Grasp success rate over 5 trials per object. Note that we can have successful and partially successfOlugsaspers to SpringGrasp that takes

as input point clouds from either 3, 2 or 1 viewpoin#/o uncertaintyandw/o pregraspare ablations of our method when either removifigicer O setting

c =1 respectively in Eqg. 8. Both use a single view point cloud as inBiével-high Bilevel-low and Bilevel-heurefer to the bilevel optimization baseline

with high gains, low gains, or heuristically selected gains. They all use point clouds from two views as input. Our method signi cantly outperforms the
baseline as well as the ablations even under maximum uncertainty in object shape.
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F. Ablation study Table 111: Grasp success rate with different scaling factors on different
weights

In our method, we hypothesize that both considering uncer-
tainty and using a pregrasp is essential to achieve a successful

grasp under object shape uncertainty. We justify our desigBse. Fig. 11 shows an example where the box is standing on
with an ablation study on these two components. To undgs side and is perturbed by premature contact resulting in it

stand the importance of the terfincerin EQ. 10, we evaluate tjpning over before the optimized grasp can be acquired.
the grasp success rate on all objects with or without this term

in the objective function. Note that for this experiment, we
assume as input an object point cloud from a single vie@w. Hyperparameter analysis
which is the most common scenario for robotic grasping. As Tab. | lists the weights we used for the energy terms in
shown in Tab. II, the grasp success rate drops from 84% f@uation 18. Here we study how the selection of different
75% when removingEuncer from Eq. 10 demonstrating theweights affects the performance of our grasp planner. For
effectiveness of considering uncertainty in our framework. Weach weight, we scale it by two multipliers, 0.5 and 2, and
also observed a typical failure mode when not consideringeasure the grasp success rate respectively. We keep all other
uncertainty visualized in Fig. 10. The optimized grasp mgyarameters unchanged when scaling the parameter of interest.
make contact with regions on the GPIS surface that have higfe experiment with three distinctive objects, a pear, mustard
uncertainty and therefore tend to be far off from the trugottle, and a Cheez-it box. The results shown in Tab. IIl show
object surface. This scenario results in missing or unexpec{q&,@t in general changing weights of different energy terms
contacts which adversely affects grasp success rate. moderately will not cause signi cant changes in the grasp
To analyse the bene t of optimizing a pregrasp, we compaggiccess rate, though some parameters are more sensitive than
the grasp success rate of our method with different pregrasgpers such as, and Wreg:
coefcientsc=1.0andc=0.7. A pregrasp becomes a grasp
(i.e. the ngertips are in contact with the estimated object o
surface) if the pregrasp coefcient = 1.0. From Tab. II, H. Computation time
we found that the grasp success rate decreases from 84%/e report the time taken to optimize grasps from 7 initial
to 78% if we don't optimize for a pregrasp in which theguesses and single initial guesses for both our method and
ngertips are slightly offset from the estimated object surfacéaseline on both CPU and GPU in Tab. IV. Each time is mea-
Among all objects and poses, the grasp success rate chasiged as an average of 5 experiments. In general, our method
most signi cantly if the object is not at a stable pose beforeptimizes faster than the bilevel baseline. When scaling up the
grasping. In this case, it is most vulnerable to being perturbadmber of seeds, the main computation bottleneck is forward
by unexpected contact when the hand is reaching for the gré@pematics computation provided by [32]. Notice that due to






Fig. 8: Grasping different object with single depth image input

Fig. 10: The left gure illustrates the uncertain surface modeled by GPIS. The
central gure depicts the anticipated trajectory of the ngertips in the predicted
Fig. 9: GPIS reconstructed surfaces from different number of viewpoints. THg€grasp. The right gure shows that the tip of the ring nger (blue) does not
color on the surface indicates variance of a surface point where hotter colBt8Ke contact with the actual object surface, resulting in a partial grasp failure.
correspond to a larger variance. For visualization, we color visible thumb and ring nger in the right gure
to match the colors in the middle gure.

focus on decomposing the object geometry and extracting part

of the object that is easy_to grasp from the point c_loud su_ﬁ%] Marten Bjerkman, Yasemin Bekiroglu, Virgile &gman,

as thg handle of th_e knife and basket. Another interesti and Danica Kragic. Enhancing visual perception of shape
direction could be using our grasp planner to generate a datasetthrough tactile glances. IIROS 2013

and train a deep ngural netwqu to directly .predict compliar[g] Amy A Blank, Allison M Okamura, and Louis L Whit-
grasp, given a partial observation of the object. comb. Task-dependent impedance and implications for
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