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Statistical Stratification and Benchmarking of
Robotic Grasping Performance

Brice Denoun’2, Miles Hansard!, Beatriz Leén? and Lorenzo Jamone

Abstract— Robotic grasping is fundamental to many real-
world applications, and new approaches must be systematically
evaluated. However, in most cases, the performance of a
specific approach is assessed by simply counting the number
of successful attempts in a given task, and this success rate is
then compared to those of other solutions, without taking into
account the random variability across different experiments
(e.g. due to sensor noise, or variations in object placement).
In order to address this issue, we classify the observed perfor-
mance into qualitatively ordered outcomes, thereby stratifying
the results. We then show how to analyse these results, in a
statistical framework which accounts for the variability between
experiments. The advantages of our approach are demonstrated
in the practical comparison of four grasp planning algorithms.
In particular, we show that the proposed approach allows us
to carry out several distinct evaluations from a single set of
experiments, without having to repeat the data collection pro-
cess. We demonstrate that differences between the algorithms,
which would not be apparent from overall success rates, can
be identified and evaluated.

I. INTRODUCTION

Robotic grasping is an active research area which has been
studied for several decades, owing to its importance in a
wide range of industrial tasks [1]. The ongoing scientific
contributions can be divided into the following three areas.
First, advances in robot hardware have provided more reli-
able robot arms and anthropomorphic, soft or under-actuated
manipulators [2]. Second, vision-based algorithms have been
developed in order to extract useful information from the
robot’s environment, including object recognition, semantic
segmentation [3], and pose detection [4]. Third, recent works
have succeeded in providing robots with high-level skills,
such as the ability to grasp objects autonomously [5].

Although newly published grasping algorithms are usually
compared to the state-of-the-art, the underlying methodology
used to quantify their performance tends to differ from
one study to another [6], [7], [8]. Even the definition of
a ‘successful’ grasp varies across the literature and often
depends on the targeted use case [9]. In order to unify the
evaluation of grasping and manipulation algorithms, a set of
benchmark protocols and a standardised set of objects have
been proposed [10], [11], [12]. Although these protocols
offer experimental procedures and evaluation metrics, they
do not provide a statistical methodology for performance
comparison. A common approach is to compute an overall
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Fig. 1: Schematic diagram of our stratified approach for
comparing robotic grasping algorithms. Unlike standard ap-
proaches, the concept of success is only introduced at the
end of the comparison. This allows us to run a wider range
of statistical analyses, based on a single set of experiments.

performance metric (typically the count of trials considered
successful), and then to rank the methods accordingly [13],
[14]. However, simple comparisons do not account for
random variability across different experiments (e.g. noisy
sensor data, error in object placement, etc.), which might
lead to different conclusions if the experiments were to be
repeated.

We illustrate this phenomenon through an empirical study
and propose a generic stratified statistical approach for the
analysis of grasping experiments in the presence of random
effects. We show that using an ordered range of outcomes is
beneficial for two reasons. First, it is possible to statistically
compare the performance of grasping solutions according
to different definitions of success from the same set of
observed outcomes (see Figure 1). This allows for reporting
more objective and robust results, regardless of the definition
of ‘success’. Second, the same statistical framework allows
for more in-depth analysis of benchmark results consider-
ing multiple experimental variables that can influence the
observed performance (e.g. choice of RGB-D sensors, end-
effector, etc.). In this work, we propose a study to determine
if the ranking of four grasp planning algorithms depends on
the test object, as well as on its pose with respect to the
depth camera.

The rest of the paper, which starts with a literature review
in section II, is organised as follows. In section III, we
present a study illustrating the shortcomings of comparing
the success rate of grasp planning algorithms without ac-
counting for the presence of random effects. Section IV
formalises the definition of a stratification of outcomes,
which is the basis of the statistical framework proposed
in Section V. Finally, we demonstrate the benefits of our
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approach in Section VI.

II. RELATED WORK

In the past two decades, several studies have examined the
question of how to compare robotic systems, on similar tasks,
in an unbiased way [15], [16]. For grasping and manipulation
tasks, the YCB object set has been proposed [12] to establish
a standard and reproducible set of physical objects that can
be used across different tasks and studies. Although defining
a fixed set of objects helps reduce the variability between
experiments carried out on different platforms, dedicated
experimental procedures were needed to standardise how to
benchmark robotic solutions. For this reason, benchmark pro-
tocols have been proposed to evaluate specific components
of robotic systems, such as hardware [17], [18], [19], grasp
planning algorithms [11], [10], object caging strategies [20]
or motion planners [21]. Other benchmarking protocols have
been proposed to evaluate the performance of robotic systems
as a whole on specific use cases, such as grocery pick-
ing [22], cloth folding [23], aerial manipulation [24], shelf
picking [25], and others. In addition to a detailed explanation
of how to carry out the experiments, all these works introduce
task-specific metrics that depend on a specific definition of
success, usually related to their use case.

Instead of labelling experiments with task-specific binary
outcomes (i.e. success or failure), Bekiroglu et al. [10]
have recently proposed a grasp planning benchmark protocol
in which several binary labels are assigned to each trial.
Each binary label corresponds to whether a generated grasp
configuration passes a given sub-test. This approach is able
to extract more detailed information (e.g. resiliency to lifting
and rotational motions) about the robot’s behaviour than a
simple success/failure ratio.

Similarly, in order to decouple the limitations of grasp
planning algorithms from those of the testing platform,
Bottarel et al. recently proposed GRASPA [11]. This bench-
marking protocol includes separate assessments of different
parts of a given grasping pipeline via a set of sub-metrics
(e.g. hardware reachability, camera calibration, graspability,
grasp quality and grasp stability). These scores are then
combined into an overall metric accounting for the limita-
tions of the robotic platform used to carry out the grasping
experiments.

Although these two works describe thorough and repro-
ducible experimental procedures, the proposed metrics and
outcomes used to assess the performance of grasp planning
algorithms rely on specific definitions of a successful grasp,
which are not universal [9]. In addition, none of these works
provides any method to statistically rank grasp planning
algorithms based on the proposed metrics. For instance,
Bekiroglu et al. [10] report the results of two grasping
methods but do not provide any statistical argument that one
is significantly better than the other. In fact, the conclusions
drawn from dichotomous outcomes (simply counting the
number of successes) can be misleading, as they do not
account for the fact that the same experiments can lead to
different outcomes due to some random variability [26]. This

makes it difficult to conclude that equivalent performance has
really been achieved, by two or more approaches.

For these reasons, we identified the need for a novel
approach to compute the statistical ranking of grasp plan-
ning algorithms, which is decoupled from the choice of
experimental protocols. We believe that to be generic, the
ranking of the performance of grasp planning algorithms
should be possible regardless of the definition of a suc-
cessful trial. Hence, we propose in this paper to label the
results of an experiment using a stratification of categorical
and task-agnostic outcomes that enables the use of well-
established statistical frameworks [27]. In addition to allow-
ing researchers to rank the grasp planning algorithms for
different definitions of success from a single set of experi-
ments, this statistical method can be used to provide rankings
accounting for the effect of multiple experimental variables
that can impact the observed performance of grasp planning
algorithms. This enables further analysis of the benchmark
results that can reveal possible interactions between a grasp
planning algorithm and other factors. For example (but not
limited to), the proposed statistical framework can be used to
determine whether a given grasping method performs better
than others, in relation to a particular subset of objects, or
for a particular pose of an RGB-D sensor.

III. EMPIRICAL STUDY

In this section, we illustrate the shortcomings of a naive
ranking approach, by analysing the performance of four
grasp planning algorithms [28], [6], [7], [29]. In particular,
we perform the same set of experiments twice, and show that
the resulting rankings may vary.

A. Objects

Different sets of objects have been used in the robotics
literature, for the evaluation of both hardware capability and
of grasp planning methods. Some objects are more difficult
to grasp than others, and this will of course influence the
distribution of successful grasps. As previously mentioned,
the YCB dataset [12] has been proposed to create a common
and reproducible framework to evaluate robotic components
for grasping and manipulation. This dataset comprises 72
physical objects for which corresponding high-quality 3D
models and RGB-D data are also provided. However, with
the advent of data-driven approaches, an increasing number
of state-of-the-art methods make use of the provided 3D
models and/or RGB-D data to train their grasp planning
algorithms [7], [14], [8], [30], [31]. Comparing a set of grasp
planning algorithms that make use of the YCB dataset to
generate their training data would not necessarily introduce
any bias, even though it would not provide meaningful
information about their generalisation capacity to unknown
objects. On the other hand, if at least one of the methods to be
compared does not make use of the YCB resources (e.g. non
learning-based approaches), using the YCB physical set of
objects would introduce a bias in the evaluation process.
Since one of the grasp planning algorithms benchmarked in
this work is trained using data from the YCB dataset [7], we
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Fig. 2: The robotic setup used to run the protocol described in
subsection III-B. All four methods were executed in the same
conditions: each of the 20 objects was grasped in isolation,
in 5 different poses within a 50x50cm workspace.

have selected a novel set of 20 objects that are not part of
the YCB set.

As illustrated in Figure 2, this set comprises the following
items: a net of marbles, a metallic box, a cardboard tube,
a screwdriver, a roll of duct tape, an HDMI cable, a latex
cleaning glove, an empty spray bottle, a marker, a socket
universal joint (with bars), a tennis ball, a Duplo block, a
soft teddy bear, an unpacked roll of kitchen foil, a sink pipe,
a brush, a spring toy, a spool of solder, and two 3D printed
adversarial objects [32]. We argue that this set of objects
exhibits a range of interesting properties such as softness,
asymmetry, articulation, deformation, and shininess. Note
that we have chosen these objects to be easily purchasable,
so that our work can be replicated’.

B. Protocol

In order to compare the four grasp planning algorithms,
we followed a protocol similar to [10] with an EZGripper
mounted on a Universal Robot URS arm (see Figure 2).
A Kinect2 is located perpendicularly above the workspace,
which is defined by a 50cm x50cm square of graph paper. For
each repetition, the system starts from a pre-recorded state,
from which the robot moves into the defined workspace. The
following steps are then performed, on each trial:

o Pre-grasp and grasp pose are generated by the algorithm
o Robot arm moves to the generated pre-grasp pose

lwww.eecs.gmul.ac.uk/~bdd30/benchmark_

presentation

o Fingers of the end-effector open to a predefined and
constant posture

o Robot arm moves to the generated grasp pose

« Fingers of the end-effector close completely at a con-
stant speed with a limited torque

o Robot moves up to a predefined lifting position and
waits for 2 seconds

o Robot executes a predefined and constant trajectory
shaking the object (stability test)

« Robot moves back to the generated grasp pose

« Fingers of end-effector open to release the object

« Robot moves back to starting pose

The shaking motion is designed to test the stability of the
grasp, bearing in mind that the end-effector is not squeezing
with the highest torque possible. Our shaking motion differs
from the one described in [10] and is closer to the one
described in [11]. In fact, the designed motion reaches
successive waypoints within 0.25 seconds, pausing at each
one for 0.1 seconds. The trajectory’s waypoints are defined
around the predefined lifting position. Two waypoints are
defined to be 0.175 m above and below this reference pose,
while the two others are defined to be 0.16 m to its right and
left. More particularly, the shaking motion comprises three
up-down motions of an amplitude of 0.35 m each and three
left-to-right motions of an amplitude of 0.32 m. This leads
to an energetic shake, empirically testing the stability of a
generated grasp configuration under dynamical movements
of the robot arm. If the object is not grasped, or if it fell from
the robot’s end-effector before the shaking motion, then the
experiment is stopped, and the stability test is not executed.
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Fig. 3: Schematic view of the five constant poses defined
within our 50cmx50cm workspace from which each of
the 20 isolated objects will be grasped.

For each of the five poses in which each isolated object is
placed (see Figure 3), we repeat this experimental procedure
five times, leading to a total of 25 grasps executed per object.
Note that this number of repetitions reflects the conditions
in which other works evaluate novel grasp planning algo-
rithms [33], [7], [6], where methods are executed between
10 and 15 times on isolated objects. All experiments were
carried out using the GRIP framework [34].
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C. Grasp scoring

As previously mentioned, the definition of a successful
grasp depends on the targeted task. For this reason, we
design a more informative and generic scoring system that
separately evaluates different features of an executed grasp
configuration. In fact, only counting the number of successes
does not provide any information about how the grasp
fails, which can entail crucial information that can be used
to determine future research directions. In this work, we
consider that attempting a grasp will lead to one of six
categorical outcomes, as follows:

M Grasp misses; object not contacted.
MC

u Grasp unstable; object falls when lifted or within
two seconds of reaching the stable position.

Grasp misses; but object contacted.

DU Grasp dynamically unstable; object falls during
the shaking motion, or before being released.

PS  Grasp is partially stable; object deposited on the
table, in an arbitrary position.

S Grasp is stable; object deposited on the table, in
its original position.

In more detail, we define a grasp as stable if and only if
at least half of the object is within its original footprint on
the table, and within an angular tolerance of +45° after the
robot arm moves back to its starting pose and the gripper
is opened. Although the robotics community has proposed
different definitions of grasp stability [35], [36], ours relates
to whether the pose of the object with respect to the grip-
per changes significantly during the lifting and shaking of
the object. In fact, these outcomes have been designed to
measure the underlying time of contact between the gripper
and the object during the grasping attempt, which we believe
to be an acceptable evaluation of grasp stability. Note that
the proposed scoring system does not account for success,
which is task-specific [37], but simply describes the result
of an experiment that follows this protocol. We argue that
using a scoring system less task-oriented makes the reported
results more meaningful for a wider number of researchers.
In fact, using this rule to describe an outcome still enables
researchers to straightforwardly compute the success rate of a
given grasp planning algorithm, depending on their use case.
It is important to note that our scoring approach is similar
to the one adopted in [10], i.e. we evaluate the quality of a
grasp at different steps of the experimental procedure instead
of only considering its final outcome.

D. First set of experiments

In this subsection, we are interested in empirically compar-
ing the performance of four grasp planning algorithms [6],
[71, [28], [29]. To do so, we follow the protocol described
above, leading to a total of 25 grasp attempts per object.
Therefore, each grasp planning algorithm is evaluated on

25 %20 = 500 grasps. The resulting distribution of outcomes
for each grasping method is depicted in Figure 4.
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Fig. 4: Results obtained for the first set of experiments.
The (leftward) cumulative distribution of the three highest
ranking outcomes is represented above the distribution of
outcomes of each method considered in this work.

We observe that the outcomes of the 500 generated
grasp configurations do not follow the same distribution
for each grasp planning algorithm. This suggests that the
benchmarked grasp planning algorithms have different char-
acteristics. For instance, GGCNN2 [6] seems to generate
more grasp configurations that contact objects but fail to
robustly grasp them, compared to other methods. Similarly,
PointNetGPD [7] seems to generate a more important pro-
portion of grasp configurations that are not resilient to our
shaking motion than any other method.

Interestingly, scoring the grasp outcomes following the
scale introduced in section III-C, allows for comparing the
success rate of the methods for different definitions of
success. If we consider that a generated grasp is successful if
the object is grasped and does not fall from the end-effector
after 2 seconds, then we can directly compare the total count
of outcomes labelled as DU, PS and S. In this case, empir-
ically comparing these numbers leads us to conclude that
Suzuki [29] performs the best, followed by GGCNN2 [6],
then by PointNetGPD [7], while Superquadrics [28] is the
worst performing method. On the other hand, considering
success to only be grasps labelled as stable leads to a
different ranking, as illustrated in Figure 4. In fact, with
this stricter definition of success, the Superquadrics method
performs better than PointNetGPD, while the two other
methods maintain their original ranks. Therefore, it seems
that the resulting performance rankings depend on which
subset of outcomes of the proposed scoring scale is consid-
ered to be a ‘success’. This shows the importance of labelling
experiments with more than two outcomes.

E. Second set of experiments

We now replicate the previous experiments in order to
establish whether or not the previous rankings of the grasp
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planning algorithms are reliable. By following the same
protocol, we might expect to observe the same rankings
as before. The outcomes observed for the new set of 2000
experiments (i.e. 500 experiments per grasping algorithm)
are summarised in Figure 5.
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Fig. 5: Results obtained for the second set of experiments.
The (leftward) cumulative distribution of the three highest
ranking outcomes is represented above the distribution of
outcomes of each method considered in this work.

Differences in the outcome distributions of the two sets of
experiments can be observed. For instance, the Superquadrics
method generated a higher proportion of partially stable
(PS) grasp configurations in the second set of experiments.
This means that despite all efforts to reduce the variability
in the experimental protocol as much as possible, some
randomness can be observed in the experiments. For the
strictest definition of success (i.e. only S), it appears that
such changes in the distributions do not affect the resulting
ranking of the grasp planning algorithms. In fact, the empiri-
cal ranking is the same as in the previous subsection; Suzuki
outperforms all the other methods, followed by GGCNN2,
and the superquadrics-based approach is more performant
than PointNetGPD. On the other hand, when considering
a success to be outcomes labelled as DU, PS and S, the
empirical ranking obtained on this set of experiments is
different from the one obtained in the previous subsection. In
fact, although the rankings of GGCNN2 and Suzuki remain
the same, we can empirically conclude that Superquadrics is
ranked before PointNetGPD for this set of experiments. This
discrepancy shows that empirically comparing the observed
numbers can lead to misleading conclusions that are only
true for a specific subset of experiments.

As outlined in this study, simply comparing the number
of occurrences of specific outcomes is not robust to the
inherent variability of the experiments, even when following
a dedicated protocol. While one solution to this problem
would be to increase the number of repetitions, it would
make the benchmark of each grasp planning algorithm much
longer, thus drastically increasing the workload related to

benchmarking. A more practical solution is to analyse the
results using statistical methods that account for such vari-
ability. For this reason, we present in the following sections
a statistical model that can not only rank grasp planning
algorithms, but also account for the effect of other factors
(e.g. different target objects) on the observed performance.

IV. STRATIFICATION

As previously mentioned, one of the most common strate-
gies employed to score the outcome of a grasp is to use a
dichotomous variable, meaning success or failure [8], [30],
[31]. In order to be less biased by the definition of success [9]
and to be able to extract more detailed information from
the same set of experiments [10], we have proposed in
section III-C to score each grasp via a stratification of six
qualitative outcomes. In this section, we define how to create
a stratification compatible with the statistical framework
presented later in this work.

A. Ordering of outcomes

Although we present in section III-C a stratification to
describe the performance of grasp planning algorithms, we
argue that researchers should be able to modify it or even
create their own set of outcomes. For this reason, we propose
an approach to defining these outcomes, while enabling the
use of well-established statistical frameworks. To ensure
compatibility with the different statistical models mentioned
later in this work, the stratification must be composed of
outcomes that are mutually exclusive and ordered. In other
words, we can define a stratification as

O ={o1,...,0.} where 07 < --- < o.,and ¢ > 2, (1)

where ¢ is the number of outcomes (at least 2), and where
0; < o; means that the rank of outcome o; is lower than that
of outcome o;. The result of a given experiment must be
associated with a unique outcome from the above sequence.
Note that the outcomes must be ordered from the worst to
the best. The order should have some underlying meaning
with respect to the experiment or what is being evaluated,
e.g. dexterity of a robot hand. For example, the outcomes
that were proposed in subsection III-C form a suitable strat-
ification which satisfies the above criteria. In particular, the
outcomes {om, omc, 0u, Opu, Ops, 0s } are mutually exclusive
and ordered according to the amount of time that the end-
effector was in contact with the target object. For instance,
outcome oy (i.e. miss) corresponds to no contact between the
gripper and the target object while outcome oy (i.e. object
falls before the shaking motion) is considered worse than
opy (i.e. object falls during the shaking motion) since the
object is grasped for a shorter amount of time.

Although defining a large number of outcomes would
allow researchers to extract more information about the
behaviour of a robot, it also increases the difficulty and/or
time to label experiments. We argue that the number and
meaning of the outcomes should depend on the protocol
under which experiments are performed and how fine-grained
the analysis aims to be. Note that the set of outcomes defining
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the stratification can be designed to evaluate the performance
and design of other robotic components. In practice, we
believe that a stratification containing at least five outcomes
enables researchers to describe a grasp planning algorithm
in detail.

B. Probability of outcomes

Let X be a categorical variable that can take as value
any of the grasp planning algorithms we want to compare;
ie X € {x1,...,2.}, 7 > 2. Let Y be a variable which
can take as value any outcome of the stratification defined in
Equation 1. Let us also define the notation Y < 0;, meaning
that Y can take any outcome with a rank lower or equal to
that of o;.

The first purpose of this work is to statistically rank any
number of grasp planning algorithms, given a set of observed
outcomes. To do so, let us define the cumulative odds to
observe an outcome o; for a method x;, as follows:

goi - P Zojlzi)
¢ 17P(Yj0j|1'2)

P(Yj03|xl)
P(Yv>0j|l'i)7

2)

where 1 < j < ¢c— 1. The smaller a given ij is, the higher
the chances are of observing outcomes with ranks strictly
higher than j.
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(a) Example of 4 distributions of outcomes over a total of 50 trials each.
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Fig. 6: Illustration of four distributions of outcomes and their
corresponding cumulative odds. The smaller the cumulative
odds of a given outcome, the higher the probability of
observing an outcome with a higher rank.

As illustrated in Figure 6, a set of cumulative odds smaller
than 1 for low-ranking outcomes describes a distribution
more shifted towards better outcomes. Note that if a given
grasp planning algorithm z; is performing perfectly, then all
of its outcomes correspond to o, i.e.

P(Y Z0c1]z;)=0 & 607 =0, where 1 <j <c— 1.

The second purpose of this work is to provide more in-
depth analysis of the benchmarking results, and more particu-
larly to provide rankings that account for the effect of other
experimental factors. For instance, if grasp planning algo-
rithms have been evaluated on multiple platforms with differ-
ent RGB-D cameras, we could define Z € {z1,...,2p}, b >
2 as the vision sensor used to collect the input data. In
this particular example, researchers can be interested in
determining if a grasp planning algorithm z; performs better
than the others when provided with inputs captured with a
specific camera zj. In this case, we can define the cumulative
odds 9:),; of any outcome o; for a specific combination
of variables x; and zj, from P(Y =< oj|z;, 2;). Note that
cumulative odds can be defined for any number of variables
(categorical or continuous). For notational simplicity, it is
implicit that 1 < 5 < ¢ — 1, whenever the relation ¥ = o;
appears.

V. STATISTICAL ANALYSIS

Since each grasp attempt is described by a unique out-
come, the results can be reported in contingency tables.
Table I shows an example, in which » > 2 is the number
of grasp planning algorithms to be compared, n; ; represents
the number of experiments observed to result in outcome o;
for the grasping algorithm z;.

Stratification
01 cee Oc Total
1 ni,1 Nie | N1,x
Ty Nr 1 Nr,c N,
Total | 741 Nx,c T

TABLE I: Format of a contingency table that reports the
observed outcomes for each grasp planning algorithm z;.

We define n, ; as the total number of experiments labelled
as o; across the grasp planning algorithms to be compared.
Similarly, n; . is the total number of experiments carried out
for each grasping algorithm. Finally, 7" is the total number
of grasps executed across all x;. In this scenario, n; . should
be equal to the total number of experiments carried out
using z;. Note that when considering studies with more
than one experimental factor, the results can be described by
several contingency tables, each one gathering the number
of outcomes observed for a given combination of the other
variables. For instance, if we consider a second experimental
variable Z € {z1,...,2p}, b > 2, results can be described
in b contingency tables, one per value of Z.
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A. Statistical tests

Given a contingency table in the format of Table I, the
standard x? test of homogeneity can be applied, based on
the statistic

2 gy (g = eiy)? where e Mie X Thxj

X ;; o i1 -

In our case, the null hypothesis Hy of this test is that all
grasp planning algorithms lead to the same distribution of
outcomes. If the null hypothesis is rejected, then at least one
grasping algorithm z; has a different distribution.

When » = ¢ = 2, it is possible to directly draw
a conclusion regarding which grasp planning algorithm is
better than the other. However, when r > 3 and ¢ = 2,
identifying which one is better requires us to run several
pairwise comparisons with appropriate corrections to account
for multiple tests. In case Hj is rejected, ranking the grasping
algorithms needs a total of w + 1 tests for each
contingency table. Finally, when ¢ > 3 it is important to
note that the analysis becomes more difficult since the test
only informs us that there is a difference in the distributions,
and not that one is more distributed toward the best outcomes
(because the x? value does not account for the ordering).

For this reason, multiple tests for ordinal variables have
been introduced [38], but are not well suited to our con-
straints (e.g. assumptions on the normality of distributions).
For instance, the Kruskal-Wallis statistic [39] tests if the
rank of the median outcome of 2 or more distributions is
equivalent. Although this test accounts for the ordered nature
of the outcomes, it does not provide a detailed ranking of all
the methods, except if coupled with pairwise tests.

B. Ordinal regression

A more general approach is to regress the observed
outcomes on a set of independent variables (e.g. grasp
planning algorithms, RGB-D sensors, pose of the objects,
etc.). Among the different regression models proposed in the
literature [40], the cumulative logit model [41] is the most
appropriate. This choice allows us to model the observed
distribution of ordinal outcomes as a function of a set of
continuous, categorical or ordinal variables. In particular, this
regression allows us to model the observed distributions of
outcomes Y as a function of each grasp planning algorithms
x; via the following equation:

10git[P(Yj0j|l‘i)] :Bj—f—Tij, 1<i:<r—1. (3

Note that the above model is directly related to the cumula-
tive odds 6;7 via

P(Y <o, |x)
l—P(onj\xi)

Using this formulation, each 3; (also referred to as intercept)
can be defined as log(#;’) and corresponds to the logarithm
of the cumulative odds of observing o, for the grasp planning
algorithm z,.. Similarly, each coefficient 7;; represents the
effect of grasp planning x; on the logarithm of the cumulative
odds of observing o;.

logit[P(Y < 0j | x;)] = log = log(6;").

Although modelling the effect of grasp planning algo-
rithms independently for each outcome allows us to carry
out a detailed analysis, this approach cannot be used with
additional factors [27]. In particular, this model is reported to
have the structural problem [27] that cumulative probabilities
can be out of order when modelling the joint effect of
additional factors.

For this reason, a more constrained model, often referred
to as ordered logit (or ordinal logistic) regression, has been
proposed. It assumes the proportional odds property, i.e. the
effect of each factor is identical for each of the ¢ — 1
cumulative probabilities. Although this model tends to fit
the data less well than model (3), especially when the
proportional odds assumption is violated, it is known that
this simpler model remains valid for comparing the overall
tendencies of ordinal variables [27]. In other words, such
models allow for ranking the different levels of the variable
X based on the overall tendency of the observed outcomes of
a given stratification. If we consider ranking the distribution
of observed outcomes according to both grasping algorithms
and another variable Z € {z1,..., 2y}, b > 2, then the model
is

logit[P(Y =< oj |2, 21)] = Bj + i + k. + dar,  (4)

fori =1,...,r—1and k = 1,...,b— 1. In this model,
each intercept corresponds to the logarithm of the cumulative
odds of observing o; for grasp planning x, when Z = z,.
Here, 7; corresponds to the effect of the grasping method x;
over the logarithm of any of the ¢ — 1 cumulative odds when
estimated for Z = z;. Similarly, 7, corresponds to the effect
of z, for the grasping algorithm z,, on any of the ¢ — 1
cumulative log odds. Note that Equation 4 contains a fourth
term, ¢, that models any possible effect of the interaction
between the grasp planning algorithm z; and z; on the c—1
cumulative log odds.

Note that ordinal logistic regression can also describe the
interaction between more than two factors. For instance,
to account for the impact of two additional experimental
variables (Z and W € {wy,...,wa}, d > 2) on the observed
distribution of outcomes for r grasp planning algorithms, the
model becomes

log(0:7,) = Bj + T + i + 7+ dik + Nit + firr + Vi, (5)

forie=1,....r—1, k=1,...;.b—1land [ =1,...,d —
1. In this model, we can define f; as log(6,pq), ie. as
the logarithm of the cumulative odds of observing each
outcome o;. Following the same logic as previously, 7;, 7
and ~; represent the effect of the corresponding variable
when the two other variables are set to their respective
reference values. For instance, 7; corresponds to the effect of
grasp planning algorithm z; when Z = z;, and W = wy. The
terms ¢;i, Ay and pg; model the pairwise interaction effect
between two variables when the third is set to its reference
value. For instance, pix; represents the interaction between zj,
and w; for X = z,. Finally, the last term 1);;; represents the
effect of any potential three-way interaction between x;, zx
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and w; on the logarithm of the cumulative odds of observing
any 0j, 1 <j<c—1

C. Coefficient interpretations

Model (3) outputs a set of ¢ — 1 intercepts §; and
(¢ = 1)(r — 1) coefficients 7;;. Given the definition of 3;,
the coefficients 7;; can be expressed as

0;
75 = log(677) — log(6%7) = log (ZZJ) yi=1,...
T
Hence the exponentials of these coefficients can be used
to compare the cumulative odds of any outcome o; for
each grasping algorithm x; to that of x,. If exp(7;;) > 1
is statistically significant, we can conclude that the grasp
planning algorithm z, leads to more outcomes with a rank
strictly higher than j than the method x;. Note that a single
regression contains the information required to statistically
rank all of the grasping algorithms, according to their distri-
bution of outcomes. In fact, for 7,; and 7;;, we have

A . ng 0% el
Taj — Toj = log (9(,]) — log (02]) = log (9&) .
T T b

If the observed number of outcomes with a rank smaller or
equal to the one of o; is statistically similar for method a
and for method b, then the value

,r— 1.

2 (%aj - 7A'bj)Z

o Var(f’aj — 7A'bj)

follows a x? distribution. Therefore, the output of a single
regression allows for testing whether the difference of effect
between any pair of grasp planning algorithms is statistically
significant, for the cumulative odds of observing each out-
come o;.

For model (4), due to the proportional odds assumption,
each 3; corresponds to the logarithm of cumulative odds of
each outcome o; when X = z,. and Z = z,. In this scenario,
the exponential of 7; enables us to directly compare the
distribution of outcomes of the grasp planning algorithm x;
to x, for Z = z;,. Similarly, the exponential of each 7 allows
us to compare the distribution of observed outcomes between
2, and 2z, when X = z,.. On the other hand, eXp((ﬁik) being
statistically different than 1 means that there is an interaction
between z; and x;, and does not directly inform us whether
the grasp planning algorithm x; performs better than x, for
Z = zi. To perform such a comparison, we need to compute
the logarithm of the cumulative odds ratio of ;} and 6.7
from Equation 4

9;

105’;(92];)=5j+7i+77k+¢ik—(5j+77k)=Ti+¢ik~
rk

Therefore, if exp(7; + ngk) < 1 is statistically signifi-
cant, then we can conclude that algorithm x; will generate
overall better outcomes than x,, when Z = 2. Simi-
larly, we can determine which grasp planning algorithm
x; or x; performs better for a given z; by determining
if exp(#; + ¢ir — 7 — dir) is statistically different than
1. We argue that the coefficients output by the model

can also provide further insight regarding the performance
of each grasp planning algorithm in isolation. In fact, if
researchers are interested in understanding whether a given
grasp planning algorithm z; performs similarly in condition
z, and zps, the statistical conclusion can be obtained by
testing the statistical significance of any departure from
exp(ni + g%ik — N — ngk’) = 1. If such a study needs to
be carried out for X = z,, the values to be computed are
simplified to exp (7 — Mg )-

Naturally, the number of analyses accounting for affinities
that are enabled by the ordinal logistic regression increases
with the number of experimental variables considered. For
instance, the set of 7; + (ﬁik + 5\“ + @ikl, T + 5\2»1 and
i+ gz@ik can be computed from the output of model (5) and
allows researchers to rank the performance of the grasping
algorithms for any value of Z and W. An example of such
a study is reported in section VI-D. In order to facilitate
the use of this statistical framework, we provide an R
script that computes all the aforementioned coefficients and
p-values to either rank grasping algorithms or study the
interaction between multiple experimental variables from a

single regression?.

VI. CASE STUDIES

In this section, we demonstrate the benefits of using
ordinal regression to analyse the results of benchmarks. First,
we show in section VI-A that unlike the empirical approach,
rankings of grasp planning algorithms using a statistical
model are more robust to small numbers of repetitions.
Second, we demonstrate three possible in-depth analyses of
the observed distributions of outcomes based on the same set
of experiments. In section VI-B, we extract object-specific
rankings of the performance of grasp planning algorithms.
In section VI-C, we present a complementary analysis based
on the outputs of the same ordinal regression that enables
us to study the affinity of a given grasp planning algorithm
to the set of test objects. Last, we show in section VI-D an
example of rankings obtained when accounting for a third
experimental variable; the pose of the grasped objects.

A. Comparison of grasp planning algorithms performance

As mentioned in section III-E, the empirical rankings
obtained over two sets of experiments run under the same
conditions do not match. One of the underlying reasons
might be the relatively low number of repetitions given the
different conditions (i.e. poses and objects). To demonstrate
the robustness of the proposed approach to relatively small
numbers of repetitions, a third set of experiments is carried
out following the exact same protocol as the two presented in
section III, and the rankings obtained by the two methods are
compared across the three sets of experiments. The observed
distributions of outcomes are reported in Figure 7, which is
a graphical representation of the corresponding contingency
table.

2https://github.com/ARQ-CRISP/stratified_
statistical_analysis.git
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better than Superquadrics and PointNetGPD. However, our
approach does not find any statistical difference between the
performance of Superquadrics and PointNetGPD or between
Suzuki and GGCNN?2. In other words, our model attributes
the difference in the total number of outcomes with a rank
strictly higher than oy between Superquadrics and PointNet-
GPD to the observed randomness across the repetitions of the
grasp attempts. Interestingly, the empirical rankings observed

376
S 37— . .

—22 —3L__  using the data of the two first sets of experiments seem to
confirm this, as we obtained two different rankings for the
same definition of success. In order to highlight the benefits

el 228 of the proposed ordinal logistic regression over the empirical
7 . .
I strategy, we can compare the rankings obtained by the two
[18] 211 approaches for each set of experiments in Table III.
M MC u DU PS S M MC U DU PS S
Distribution of outcomes for PointNetGPD Distribution of outcomes for Suzuki
Fig. 7: Results obtained for the third set of experiments. The -
. C e - . . Superquadrics
cumulative distribution of the three highest ranking outcomes Set &1 Set 2 Set 53
is represented above the distribution of outcomes of each Emp. [ Stat. || Emp. [ Stat. || Emp. [ Stat
method considered in this work. {DU, PS,S} 4 3 3 3 4 3
{PS,S} 3 3 3 3 4 3
{S} 3 3 3 3 3 3
. . . . GGCNN2
Since this study aims at ranking the performance of Set &1 Set 2 Set 53
grasp planning algorithms over the entire set of objects Emp. | Stat. [[ Emp. | Stat. || Emp. [ Stat
(i.e. regardless of which object is being considered), we fit {DU, PS,S} 2 1 2 1 2 1
model (3) to the collected outcomes. The output coefficients {P{SS’}S} % ; g ; g ;
of the regression are reported in Table II. PoNGGPD
Set #1 Set #2 Set #3
Effect oM omc oy opu ops Emp. | Stat Emp. | Stat. Emp. | Stat
1 0.442 0.568 0.817 0.892 1.180 {DU, PS,S} 3 3 4 3 3 3
7o 0.138 0.706 0.259 0.131 0.274 {Ps,S} 4 3 4 3 3 3
73 —0.162 | 0.457 | 0.709 | 0.884 | 1.582 S 4 4 4 4 4 4
7 —% | 0305 | —0.138 | 0.557 | 0.761 | 0.906 — Sum;l;l —
.. et et et
non| e | o | s | oo | Coen oy | s | |
I : : : : {DU, PS,S} i i 1 i 1 1
TABLE II: Parameters estimated by model (3) for the third {P{SS,}S} } } } } } }

set of experiments. Significant values for « = 0.05 are

reported in bold.

The effect of the Suzuki grasp planning algorithm has
been set as the reference. The coefficients can be interpreted
as follows. The cumulative odds of observing outcome omc
are exp(0.706) = 2.03 times greater for GGCNN2 than for
Suzuki, which means that the latter statistically generates
more grasp configurations labelled as {U, DU, PS,S} than
the former. On the other hand, although the cumulative odds
of observing oy for Superquadrics is exp(0.107) = 1.11
times the odds of PointNetGPD, we cannot statistically
conclude that the number of generated grasps € {DU, PS, S}
is different for these two grasp planning algorithms.

Note that interpreting the last three columns of Table II
allows us to compare the four grasp planning algorithms, for
three distinct definitions of a successful grasp, from only one
set of experiments and one regression. For instance, if any
outcome {DU, PS,S} is considered a success, then looking
at column oy enables us to draw a conclusion regarding the
ranking of the grasp planning algorithms. In this case, we can
observe that Suzuki and GGCNN?2 both perform statistically

TABLE III: Ranking of each grasp planning algorithm
obtained using empirical and statistical analysis for three
definitions of success for three sets of experiments consisting
of 500 trials each.

The content of Table III shows that rankings obtained
via ordinal regression are generally more consistent across
repetitions of the same experiments, regardless of the def-
inition of success. This means that the proposed statistical
model accounts for some randomness that can be observed
during the experiments, and leads to more robust rankings for
the same amount of repetitions than the empirical approach.
However, the ordinal regression does not seem able to rank
GGCNN?2 and Suzuki for two definitions of success, while
we can empirically observe that Suzuki has consistently a
higher number of good outcomes than GGCNN?2. This effect
can come from two factors; the regression wrongly attributes
the small difference to the randomness, or we have not been
able to detect a change in the rankings, given only three
repetitions of the experiments.
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B. Object-specific performance ranking of grasp planning
algorithms

Ranking the performance of grasp planning algorithms on
a variety of objects allows researchers to draw conclusions
about which methods perform overall the best. However,
this conclusion does not guarantee that the best-performing
grasping algorithm x; is actually outperforming the others
for each object. Determining if that’s the case would inform
researchers regarding which grasp planning algorithm to
select when deployed in environments with specific objects.
Although this study can be carried out on a subset of
experiments (i.e. 2000 grasps), we make use of the whole
set of 6000 grasp executed across the 20 objects'. More
specifically, we let Z be the variable representing the target
object of each experiment. Given the relatively high number
of objects considered in this study, model (4) infers a total of
84 coefficients. For clarity, Table IV reports the coefficients
enabling us to rank the performance of grasp planning
algorithms for a subset of 6 objects.

= — [5]
) % 8 s
Ele| 2] 2| 5] %8
5 g | T | | B s
= <
= a
| A s = 3 =
Superquadr}cs 0.86 0.02 0.24 1.46 1.26 0.28
vs Suzuki
GGENNZ 1 436 | -1.13 | 037 | 0.09 | 070 | 045
vs Suzuki
PointNetGPD 1y 59 | 120 | 022 | 128 | 1.61 | 0.53
vs Suzuki
Superquadrics
vs GGCNN2 -0.50 | 1.15 | 0.61 | 137 | 056 | -0.17
Superquadrics
vs PointNetGPD 073 | 122 002 018 1 0351 02
GGCNN2
vs PointNetGED -0.23 | 0.07 | -0.59 | -1.19 | -0.91 | -0.08

TABLE IV: Comparison of the four grasping algorithms per-
formance for six objects, based on the output of model (4).
Bold values correspond to significant values for a = 0.05.

In this table, the Suzuki method has been used as the
reference algorithm (i.e. defined as x,) and Duct tape has
been set as the reference object (i.e. defining 2;). For this
reason, the values of the first column correspond to the
estimated set of 7;, i.e. 7o = 1.36 and 7y — 73 = —0.73.
To compare the distribution of observed outcomes of each
method x; vs x, for an object Z = 2z, the values of 7; + ¢;1,
were computed. Therefore, comparing two grasp planning
algorithms x; and z; (with ¢ and i’ # r) for an object zj
(with k # b), is equivalent to subtracting the values compar-
ing each grasp algorithm to x,. for z;. For example, the value
of the coefficient that allows us to compare the distribution of
outcomes of the GGCNN2 method and PointNetGPD for the
Metal box object is T + QA324 —(m3 + ¢334) = —1.19. Since
this value is statistically significant, we can conclude that
GGCNN?2 generates overall grasp configurations that would
rank higher than the one generated by PointNetGPD for this
particular object. By interpreting each column of Table IV,

the rank of the four grasp planning algorithms for each object
can be determined, as reported in Table V.

Superquadrics | GGCNN2 | PointNetGPD | Suzuki
Duct tape 2 3 3 1
Glove 3 1 1 3
Marble net 2 1 2 2
Metal Box 3 1 3 1
Solder spool 3 2 3 1
HDMI cable 1 1 1 1

TABLE V: Rankings (best to worst) of the four grasping
algorithms for a subset of six objects. The occurrence of
tied ranks (in a given row) means that the corresponding
differences are statistically insignificant.

Although Suzuki and GGCNN2 were mostly ranked first
in the previous study, we can observe that they don’t maintain
this rank for all of the reported objects. For instance, when
considering Metal box, GGCNN2 and Suzuki appears to
equally perform the best, followed by PointNetGPD and
Superquadrics at equal rank. On the other hand, for Sol-
der spool, Suzuki is ranked first, followed by GGCNN2,
then both Superquadrics and PointNetGPD. Interestingly,
for HDMI cable, the logistic regression does not allow a
clear ranking between the evaluated algorithms, and therefore
should be interpreted as all the methods performing on a
similar level for this specific object. Although this model
can not be interpreted for a specific definition of success,
it allows researchers to compare which algorithms generate
overall better-ranked grasp configurations for each object.
However, relevant graphical representations such as ternary
plots (see Figure 8) can give a better overview of the affinity
of grasp planning algorithms for specific objects.

Although not extensively explored, such studies could help
identify a set of common features from the objects for which
two previously equally ranked grasp planning algorithms
could be differentiated. For instance, it seems that GGCNN2
is better than Suzuki for flat objects (e.g. glove, marble net)
while Suzuki outperforms GGCNN2 on toroidal-like objects
(e.g. solder spool, duct tape).

C. Study of the affinity between grasping algorithms and
target objects

Although the previous study tells us if a grasp planning
algorithm z; shows a better performance than the others for
a specific object, it is difficult to extract any information
regarding whether z; actually performs well on each object
or not. In fact, even though a grasp planning algorithm z; is
ranked first for a given object z, the number of high-ranking
outcomes observed for this object might remain low.

As previously mentioned, the affinity between all grasp
planning algorithms and target objects can be concurrently
extracted from model (4). More particularly, the affinity of
a grasp planning algorithm x; # x, and all the objects
zr can be ranked from the sets of output 7y + ¢;;. For
z; = x,, the same information can be extracted from the
sets of 7. Interpreting these coefficients for each grasp
planning algorithm results in a varied number of categories
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Fig. 8: Ternary plots, showing the proportion of successful
grasps executed for each object, with different methods
represented by the vertices of the triangles. If the successful
grasps of a given object were evenly split between all
three methods, then the object-point appears in the centre
of the triangle. If the successful grasps were evenly split
between two methods, then the object-point appears on
the corresponding edge of the triangle. If the successful
grasps were dominated by one method, then the object-point
appears at the corresponding vertex. The change of object-
location, after changing the strictness of a successful grasp,
is represented by the link between the grey (low strictness)
and black (high strictness) points.

of objects corresponding to different affinities. A graphical
representation of such an affinity scale is illustrated in
Figure 9 for the Suzuki method [29].

In the above figure, objects being grouped together is the
result of non-significant coefficients. Note that the median
distribution of the three highest-ranking outcomes improves
with the level of affinity inferred by the proposed statis-
tical analysis. This demonstrates that model (4) enables
researchers to study the affinity between objects and grasp
planning algorithms in a statistical sense.

We can also observe that both Glove and Marble net, for
which Suzuki ranks 3 and 2 (see Table V) belong to the
group of objects for which the grasp planning method has
the lowest affinity. On the other hand, Duct tape, Metal box
and Solder spool are all part of affinity groups of higher
ranks. Interestingly, the object HDMI cable, for which the
previous study could not rank the performance of grasp
planning algorithms, is also part of the group showing the
worst affinity. By carrying the same study on all of the
grasp planning algorithms, we are able to determine that
some objects (i.e. HDMI cable and Screwdriver) always
fall into the lowest-ranked affinity group. This allows us
to identify these two objects as the most challenging of
the objects used in this specific benchmark. In addition,
such information can help highlight possible future works
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\
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Fig. 9: Graphical representation of the affinity of the Suzuki
grasping algorithm to the tested objects. The median distri-
bution of the three highest-ranking outcomes of each affinity
group inferred by the model is represented. In this figure,
the number of grasps executed on each object is 75. We can
observe that the median number of high-ranking outcomes
increases with the level of affinity inferred by the model.

to improve the performance of grasp planning algorithms,
e.g. adding instances of geometries similar to the objects
identified as challenging in their training dataset.

D. Rankings accounting for test objects and their pose

In this section, we provide an example of a study that
involves two additional explanatory variables that can impact
the observed performance of grasp planning algorithms.
More complex studies are particularly meaningful to better
understand if rankings resulting in many ties are not due
to another effect that was not modelled. In our benchmark,
another variable that can impact the observed number of
high-ranking outcomes is the pose of the object with respect
to the camera. For this reason, in addition to accounting for Z
(i.e. test object), we also model W as the pose of the object.
Here W is a categorical variable, where each w; corresponds
to one of the poses illustrated in Figure 3. Fitting model (5)
with the observed outcomes collected on the total set of
6000 grasp experiments results in a total of 404 coefficients.
Therefore we report in Table VI the set of 7; + ¢, (for Pose
1, set as wy) and 7; + @ik + \ij + Yix (for the other poses)
that allows us to rank the performance of the grasp planning
algorithms for each pose of two objects; HDMI cable and
Marble net. Note that in the results presented in section VI-
B, we established that for the object Marble net Suzuki [29],
PointNetGPD [7]. and Superquadrics [28] were tied for rank
2. The same study also concluded that all four grasp planning
algorithms were performing similarly when tested on Metal
box.

We can observe that for Marble Net, GGCNN2 signifi-
cantly outperforms Suzuki only when the object is placed
in Pose 2. Similarly, GGCNN2 outperforms Superquadrics
only for Pose 2 and Pose 3, while it performs better than
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Pose 1 Pose 2 Pose 3 Pose 4 Pose 5
Marble | HDMI Marble | HDMI Marble | HDMI Marble | HDMI Marble | HDMI
net cable net cable net cable net cable net cable
Superquadrics || o 471 920 || 021 | -050 || 075 | 194 | 002 | 056 | -015 | 048
vs Suzuki
GGCNN2. 0.34 -0.08 -1.48 -0.47 -0.56 4.93 0.11 1.39 -0.49 -2.29
vs Suzuki
PointNetGPD 088 | 021 | -061 | 016 || 173 | 271 | 142 | 101 0690 | 033
vs Suzuki
Superquadrics
vs GGONN2 0.13 0.28 1.69 -0.03 1.31 -2.99 -0.09 -0.83 0.34 2.77
Superquadrics
vs PointNeiGPD -0.41 0.41 0.82 -0.66 -0.98 -0.77 1.45 -0.46 -0.84 0.15
GGCNN2
vs PointNetGPD -0.54 0.13 -0.87 -0.63 -2.29 2.22 1.53 0.38 -1.18 -2.62

TABLE VI: Comparison of the four grasping algorithms performance of two objects accounting for their pose, based on the
output of model (5). Bold values correspond to significant values for o = 0.05.

PointNetGPD only for Pose 3. On the other hand, for both
Pose 1 and Pose 5, all the grasp planning algorithms perform
similarly on this object. In other words, the ranking obtained
for this specific object in the study of section VI-B is
mainly due to GGCNN2 performing the best on two poses.
Although all grasp planning algorithms seemed to perform
similarly on HDMI cable in a previous study, the output
of model (5) enables us to rank the performance of some
grasp planning algorithms for two poses. In particular, Suzuki
outperforms all the other grasp planning algorithms only
when the object is located on Pose 3, while when in Pose
5, the best performing grasping method for HDMI cable
is GGCNN?2. For the three other poses, all grasp planning
algorithms are reported to perform similarly, which concurs
with the rankings obtained in section VI-B.

Therefore, it seems that all of the grasp planning algo-
rithms perform the same when these two specific objects
are placed in the centre of the workspace. Although not
explored in this work, a more in-depth study similar to
the one presented in section VI-C could be carried out to
better characterise the affinity between the three variables.
We believe that such analysis can help understand if the
performance observed for a specific set of conditions zj, w;
across all algorithms (i.e. resulting in ties in the rankings)
can be identified as equally challenging.

VII. CONCLUSION

In this work, we have introduced a novel and generic
stratified approach to scoring the outcomes of robotic grasp
executions, which enables a statistical analysis of the ob-
served results at different levels. Firstly, we demonstrated
that ordinal regression enables us to rank the performance of
grasping algorithms accounting for the observed randomness
across the experiments. Secondly, we demonstrate that the
same model can be used to carry out a multi-level analysis
of the algorithms that are being compared. Although demon-
strated for two specific experimental variables, the studies
enabled by the proposed approach can be applied to any
other factor impacting the performance of grasp planning

algorithms (e.g. RGB-D sensor, end-effector, etc.). We argue
that such tools are necessary to better understand the perfor-
mance of autonomous grasping systems and identify future
research directions to improve their performance.

Although not demonstrated in this paper, we believe that
our proposed approach is applicable to a wide range of
robotics benchmarks. In particular, our statistical procedure
can be applied to other stratifications, specifically designed to
evaluate different components of robotic systems (e.g. design
of end-effector, or choice of motion planning algorithm).
Finally, note that we have not inferred anything about the
underlying causes of the observed grasp outcomes. For
example, it may be that the performance rankings are driven
by simple mechanical relations, such as the proximity of the
grasp axis to the object centroid. Future work could examine
such correlations, in order to understand exactly what makes
a successful grasping algorithm.
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