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Abstract— Robotic grasping refers to making a robotic sys-
tem pick an object by applying forces and torques on its
surface. Many recent studies use data-driven approaches to
address grasping, but the sparse reward nature of this task
made the learning process challenging to bootstrap. To avoid
constraining the operational space, an increasing number of
works propose grasping datasets to learn from. But most of
them are limited to simulations. The present paper investigates
how automatically generated grasps can be exploited in the
real world. More than 7000 reach-and-grasp trajectories have
been generated with Quality-Diversity (QD) methods on 3
different arms and grippers, including parallel fingers and
a dexterous hand, and tested in the real world. Conducted
analysis on the collected measure shows correlations between
several Domain Randomization-based quality criteria and sim-
to-real transferability. Key challenges regarding the reality gap
for grasping have been identified, stressing matters on which
researchers on grasping should focus in the future. A QD
approach has finally been proposed for making grasps more
robust to domain randomization, resulting in a transfer ratio
of 84% on the Franka Research 3 arm.

I. INTRODUCTION
Grasping refers to making a robot solidarize its end

effector with an object by applying forces and torques on
its surface. This skill is of great interest in robotics as it is
a prerequisite for many manipulation tasks [1]. The former
analytical-based methods [2] have slowly been replaced by
data-based approaches [3]. But the hard exploration nature
of grasping prevents the learning process bootstrapping, as
most of the attempted grasp from a randomly initialized
policy result in a null reward [4]. Many works make the
problem tractable through the use of imitation learning [5],
parallel grippers [6], and top-down movements [7]. But these
approaches and design choices constrain the operational
space, limiting the adaptation capabilities of the learned
policies.

The AI breakthroughs of the last decade show that get-
ting the most out of data-driven approaches requires large
datasets [8][9]. Similarly, optimizing robust grasping policies
demands large sets of diverse demonstrations to learn from.
First works on grasping datasets involve analytics criteria
to label data [10][11][6]. Still, these methods are gripper-
specific and do not always result in successful grasps on the
real robot. An increasing number of works rely on simulation
to automatically generate grasping datasets [12][13][4]. But
predicting the probability for these grasps to successfully
transfer is an open problem.
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Fig. 1. Robotic platforms overview. (left) A Baxter robot with a parallel
gripper; (center) a Franka Emika Panda with a parallel gripper; (right) a
UR5 robot with a SIH Schunk 5-DoF hand.

Fig. 2. Targeted objects overview. More than 7000 reach-and-grasps
trajectories have been deployed on the following 32 YCB objects [39] to
study the sim2real transferability of automatically generated grasps.

Domain Randomization (DR) has shown promising results
for sim2real transfer of data-driven approaches [14][15]. To
our knowledge, no systematic study has been conducted
to investigate to what extent DR is correlated to sim2real
transferability for the generation of grasps. Such an analysis
would be of great interest: 1) it would give quantitative
results in favor of the usage of DR for grasps generation; 2)
a correlation would show that optimizing DR-based quality
criteria should result in more transferable grasps. The present
study aims to fill this gap by extensively studying the relation
between the transferability of automatically generated grasps
and several DR-based quality criteria.

Most of the works on grasping datasets are limited to a
single kind of gripper. However, the simulation-based grasp
generators can easily be applied to different grippers. This
idea has been leveraged in the field of Quality-Diversity
(QD) algorithms to generate large sets of grasps on dif-
ferent robotic hands [4]. The present paper investigates the
exploitability of QD-generated grasps by testing thousands
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of solutions in the real world.
These work contributions are the following:
• We have generated and deployed more than 7000 grasp-

ing trajectories on 3 robotic platforms and 32 objects,
measuring their sim2real transferability and identifying
the main causes of the reality gap;

• We show a significant correlation between 4 investigated
domain randomization-based quality criteria and the
sim2real transferability;

• We proposed a QD approach for making generated
grasps more robust to sim2real transfer, reaching a
transfer ratio of 84% on a Franka Research 3 robot.

A video presenting the conducted experiments can be
found online1. The code is available on Github2. We believe
this work to be a step toward the exploitation of automatically
generated grasping datasets.

II. RELATED WORKS

Datasets for grasping in robotics. The interest in data-
driven approaches pushes the field to produce many datasets
for grasping in robotics. The data can be manually annotated
[16] or acquired through self-supervision [17]. Both those
approaches are very time and cost-expensive, restricting them
to constrained operational spaces. Data can be automatically
labeled using analytics criteria [10][6], but it is not always
successful into the real world [11][20][21]. Recent works
rely on a physics engine to simulate the grasp interaction
[12][13][18], but those works focus on a specific type of grip-
per, and do not imply extensive sim-to-real experiments. Re-
cently, Huber et al. [4] demonstrated that Quality-Diversity
(QD) methods can generate datasets of diverse and high-
performing reach-and-grasp trajectories for different types
of grippers. But these results are limited to simulations. The
present paper investigates how such automatically produced
grasping demonstrations can be exploited in the real world by
identifying quality criteria correlated with sim2real transfer.

Bridging the reality gap. The difference between sim-
ulation and reality (reality gap) is well-known as a major
challenge in robotics [43]. Many approaches have been pro-
posed to face it. In evolutionary robotics, the transferability
approach has been introduced to bridge the reality gap by
leveraging results from real experiments [22]. Most of the
commonly used approaches optimize transferable solutions
by collecting real-world data during the learning process
[23][24][22], but real robots experiments are very time and
cost expensive [34]. Domain randomization (DR) consists of
adding noise into the simulation’s signals (e.g. observations,
actions, dynamics) to make the generated solutions more
robust to sim-to-real transfer [15]. The significant results
obtained with DR [14] incite the authors to use it for 2
purposes: identify transferable grasps and robustify them.

Predicting sim-to-real transferability. Most of grasping
works rely on analytics criteria [2] to identify a force closure
[19] [6]. Even though it guarantees a successful grasp in the

1https://youtu.be/4k-d-FAjb2E
2https://gitlab.isir.upmc.fr/l2g/qd_grasp

simulated scene under some friction conditions, the reality
gap leads to many failing grasps [11][20][21].

Several works quantify the difference between simulation
and reality. Koos et al. [22] measure the sim-to-real error
to guide the optimization process toward robust solutions.
Kadian et al. [25] propose a metric associated with the length
of the path traveled by the robot and estimate the correlation
between measures in simulation and in reality to adjust their
model. Collins et al. [26] measure the differences between
the output signal on a simulated robot and on its real equiv-
alent. Recently, Enayati et al. [27] studied the correlation
between the instrinsic stochasticity of real-time simulation
and the noise of real-world dynamics. These works rely on
a continuous metric, either because the navigation tasks are
suited to do so [22][25] or by measuring the error on low-
level output signal [26][27].

To label grasping data, what matters is the grasping
result: measuring error on the actuators’ signal might not
be informative, as a large error on some part of a trajectory
will not prevent the grasp. Contrary to these related works,
we decided to focus on the binary outcome of the grasping
attempt. Another notable difference is that the experiments
have been conducted on 3 different robot-gripper setups
while all of these work are usually limited to a single
setup with parallel fingers. It shows the capabilities of QD
methods to generate grasps for multiple robotic platforms
and demonstrates that similar results on sim2real prediction
can be obtained on common robotic manipulators.

III. METHOD

A. Notations

Let Sτ ⊆ Rn be the space of grasping trajectories. Let
τ ∈ Sτ be a trajectory defined as a sequence of joint states
Xi and torques Γj for i ∈ {0, ..., T} and j ∈ {0, ..., T − 1},
with T ∈ N+∗ being the length of the sequence (episode).
A grasping simulated scene is submitted to a transition
function ρ : (Xk,Γk) 7→ Xk+1. In this paper, grasps are
generated under a deterministic ρ. Let fc(τ) : Sτ → {0, 1}
be the grasping success criteria (similarly defined as [4]). In
practice, the transition function ρ is defined by the physics
engine of the simulator that approximates real-world physics.
Let ζr, ζs ∈ [0, 1] respectively be the rolling and spinning
friction coefficients. A targeted object is initialized at a fixed
state Xobj

0 .

B. QD for grasping

Quality-Diversity (QD) methods are evolutionary algo-
rithms that optimize both a quality criterion (called the
fitness) and the diversity of solutions for a given problem
[28]. These algorithms can be used to generate large grasping
datasets [4]. The present work leverages QD methods to
generate diverse grasps and study their transferability. To
limit the impact of the grasp generator on the collected
results, the deployed trajectories have been produced with 3
methods: NSMBS [29] is the first QD method that addresses
grasping; DC-NSMBS [30] has later been introduced to
tackle NSMBS limited diversity issue; ME-scs [4] is a
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variant of MAP-Elites [31] that has recently been shown
as the most efficient QD method to generate a large set of
diverse grasps. While ME-scs optimizes a real-valued quality
criterion, NSMBS variants only consider the binary outcome
of the grasp – resulting into different solutions. By comparing
results on each of these methods, this work aims to avoid
drawing conclusions that might overfit a specific way to
generate the grasps.

C. Domain Randomization as quality criteria

Many variants of DR can be found in the literature, such
that successfully applying these methods is subject to many
questions [15]. DR adds perturbations to the optimization
process to make the generated solutions more robust to
uncertainties. Thus, it is critical to make these perturbations
fit the uncertainty imposed by the sim2real transfer on
grasping. Designing the perturbation scale is also crucial:
too small perturbations will not make the solutions more
robust to sim2real transfer, while too large perturbations can
prevent the learning process. We have thus decided to focus
on sources of uncertainty that are likely to have a strong
impact on sim2real transfer for grasping.

Uncertainty on perception. The present work focuses on
vision-based grasping approaches, as it is the most common
setup in the literature [42]. But designing reliable vision sys-
tems for robotic grasping is a challenging task [32]: problems
to address include the sensor noises and the complex input
distribution that image processing methods must catch. The
perturbation of the object 6-DoF pose estimation is therefore
considered among the tested variants (Object state DR). The
associated fitness is defined as:

fOSDR(τ) =

∑NOSDR

i=1 fOSDR
c (τi)

NOSDR

with NOSDR ∈ N+∗, and fOSDR : Sτ → {0, 1} being the
success criterion evaluating τ on an object initially positioned
at the perturbated state X̃obj

0 = Xobj
0 + δ0, δ0 ∼ N (0, σ0).

Uncertainty on joint states. Real robots are submitted to
stochasticity due to variations of the environment’s condi-
tions or wear-and-tear [33], causing reproducibility issues
[34]. The robustness to the variance of joint states should
thus be informative regarding the transferability of a grasping
trajectory (Joint states DR). The associated fitness is:

fJSDR(τ) =

∑NJSDR

i=1 fJSDR
c (τi)

NJSDR

with NJSDR ∈ N+∗, where fJSDR(τ) : Sτ → {0, 1}
evaluates τ under a perturbated transition function ρ̃(X,Γ) =
ρ(X,Γ) + δj , δj ∼ N (0, σj).

Uncertainty on dynamics. Simulators for learning in
robotics do not perfectly reproduce the real-world dynamics
[35]. DR on simulator dynamics have already shown promis-
ing results [36][37]. Robustness to perturbation of simulator
dynamics is the third investigated criterion (Frictions DR).
The associated fitness is:

fFDR(τ) =

∑NFDR

i=1 fFDR
c (τi)

NFDR

ME-fit

Energy cost,
grasp stability

Robust grasps

Diverse grasps

ME-scs

Mixture DR

Simulated scene

Top-N fitnesses

Real robot

Fig. 3. TR-ME overall approach for robustifying grasps.

with NFDR ∈ N+∗, where fFDR(τ) : Sτ → {0, 1} evalu-
ates τ under perturbated rolling and spinning frictions coef-
ficients respectively noted ζ̃s and ζ̃r. These coefficients are
defined as ζ̃s ∼ U(ζmin

s , ζmax
s ), and ζ̃r ∼ U(ζmin

r , ζmax
r ),

with ζmin
s , ζmax

s ∈ [0, 1] and ζmin
r , ζmax

r ∈ [0, 1] being the
extrema values of spinning and rolling friction coefficients.

Combined uncertainties. While it is possible to investi-
gate each of the abovementioned uncertainties separately in
simulation, these issues must be addressed simultaneously
when working with real robots. The combination of each of
these DR methods is the fourth and the last studied variants
(Mixture DR). The associated fitness is:

fMDR(τ) =

∑NMDR

i=1 fMDR
c (τi)

NMDR

with NMDR ∈ N+∗, where fMDR(τ) : Sτ → {0, 1}
evaluates τ under a perturbated object initial state X̃obj

0 ,
transition function ρ̃, and friction coefficients ζ̃s and ζ̃r.

D. Robustifying grasps

The promising results obtained on the correlation between
DR variants and sim2real transfer lead to the idea of mak-
ing the generated grasps more transferable by optimizing
robustness to DR. As the Mixture DR is likely to mimic the
real-world noise more closely, we proposed a QD method
to generate diverse and transferable grasps: Transferability
Robustified MAP-Elites – TR-ME (see Fig. 3). Similarly
to QD methods applied to grasping than can be found in
the literature [29][30][4], a simulated scene of a robot, a
table and an object to grasp is first established. Grasping
solutions are generated by exploring the interactions between
the robot and a targeted object through an iterative selection
and mutation process. A first MAP-Elites [31] algorithm is
applied with a success-greedy selection process (ME-scs),
as it appears to be the most efficient method to generate
a large set of diverse grasps [4]. In this step, the energy
consumption and the grasp stability are optimized – so as
diversity. The obtained repertoire of successful solutions is
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then used to bootstrap a fitness-greedy MAP-Elites (ME-
fit), defined as standard MAP-Elites that select the best-
performing solutions in priority to guide the optimization
process. In this second step, the fitness optimized is the
robustness to Mixture DR. The outcome is a repertoire
of diverse solutions optimized to ensure the grasp success
under a large variance of perturbations on the perception,
the control, or the dynamics.

IV. EXPERIMENTS

Robotic platforms. The empirical study conducted in this
paper requires a variety of robotic platforms (Fig. 1): a
Baxter robot with a parallel gripper, a Franka Research 3
(FR3) arm with the standard Franka gripper, and an UR5
robotic arm with a Schunk SIH hand. The experiments thus
involve various platforms with diverse robotic arms (6 and
7-DoF) and grippers (2-fingers and 5-DoF dexterous hand).
Note that the Schunk hand is controlled with predefined
synergies similarly to [38].

Targeted objects. 32 of the YCB objects [39] are targeted
for the experiment (Fig. 2), including small-sized (pad-
lock, strawberry, flat screwdriver, golf ball, plum, lemon),
medium-sized (bowl, banana, rubiks cube, foam brick, large
clamp, mug, orange, tomato soup can, baseball, pear, tennis
ball, potted meat can, pudding box, apple, sugar box, mus-
tard bottle) and large-sized (power drill, adjustable wrench,
extra large clamp, hammer, bleach cleanser, cracker box,
windex bottle, spatula, plate, chips can) objects.

Simulation. Automatic generation of grasp requires a
simulator to experiment in. Following previous QD works for
grasping [4], Pybullet [40] has been used for the generation
of the grasps. This simulator has been shown well aligned
with the real world [26] while assuring many of the expected
properties for grasp generation, including high computational
speed and short cold restart [41].

Sim2real deployment of grasping trajectories. Thousands
of reach-and-grasp trajectories have been produced with
3 different QD methods: NSMBS [29], DC-NSMBS [30],
and ME-scs [4]. The real scene is then built to match the
simulation. Objects and robots are positioned as accurately as
possible with different devices: Optitrack sensors for Baxter,
point cloud matching on a RealSense D455 for the UR5-
SIH, and using the forward kinematics of the robot’s gripper
for the FR3 arm. Trajectories are deployed in an open-
loop manner following the simulation. Note that another
work investigates how such grasps can be adapted to any
other states through vision-based adjustment [38]. Objects
are manually reset between each deployment. A grasp is con-
sidered successful if the object is not falling after applying
an external perturbation to the end effector.

Robustification evaluation. Grasping sets that have been
previously generated with ME-scs have then been used to
bootstrap a ME-fit algorithm, as described in Fig. 3. ME-
scs and ME-fit algorithms are extensively detailed in [4].
The generated grasp that maximizes robustness to Mixture
DR is then deployed into the real world. The evaluation has
been conducted on the FR3 arm, as it is one of the robots on

Fig. 4. Example of automatically generated diverse grasps that successfully
transferred into the real world.

methods
NSMBS DC-NSMBS ME-scs

ηsim2real 0.31 0.33 0.41
robots

Baxter UR5-SIH FR3
ηsim2real 0.33 0.38 0.44

objects
small medium large

ηsim2real 0.38 0.44 0.29

TABLE I
MEASURED SIM2REAL TRANSFER RATIOS FOR DIFFERENT SETUPS.

which fewer trajectories have been deployed for the sim2real
systematic studies.

Hyperparameters. The parameters used to generate the
grasps match those described in each of the QD grasping
papers [29][30][4]. Grasping repertoires are obtained after
400k evaluations of robot-object interaction, and then de-
ployed into the real world. Hyperparameters associated with
DR fitnesses are the following: ζs = 0.1, ζmin

s = 0.1,
ζmax
s = 0.4, ζr = 0.01, ζmin

r = 0.01, ζmax
r = 0.04

(tuned by hand to make contact move from sticking to
slippery), NOSDR = NJSDR = NFDR = NMDR = 100,
σ0 = 0.005m (error measured on our vision-based 6DoF
pose estimation module [38]), σj = 0.002 (measured noise
on joint poses).

V. RESULTS AND DISCUSSION

Trajectories deployment. Table I gives an overview of
the obtained results. Overall, 7183 trajectories have been
deployed of the considered platforms (6815 on the Baxter,
177 on the FR3, and 191 on the UR5 arm with SIH hand).
Among the automatically generated trajectories, a ratio of
ηs = 34% deployed grasps are successful. Success ratio is
the highest on the FR3 robot. Note that average ηsim2real

obtained with Baxter is underestimated compared to UR5-
SIH and FR3, as the longer experiment allowed to do more
test on adversarial objects. Overall, this experiment showed
that the QD-generated grasps can successfully be transferred
into the real world on a large diversity of setups, including
challenging objects (Fig. 4). It is worth noting that the
optimization of grasps stability proposed with ME-scs in
[4] makes the average success ratio reach 41%, an increase
of 8% compared to the diversity search methods (NSMBS
and DC-NSMBS). Nevertheless, all the deployed trajectories
were successful in the similar simulated scene, stressing the
need to identify the causes of transferability issues, and find
ways to alleviate their impact.
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Fig. 5. Reality gap identified issues. The most common source of sim-to-real failure are the following issues: coarse approximation of frictions (a),
contacts (b), or mass distribution (c) – all top images show successful grasps, that fail in reality; errors in the simulated models (d) – the below-shown
solution grasp a part of the object that does not exist in reality; or simply fragile grasps (e) resulting from the exploratory power of QD methods.

Reality gap for grasping. Several reasons for transfer-
ability failures can clearly be identified (Fig. 5): 1) Errors
in frictions. The simulated scene considers a unique set
of friction coefficients for each objects, while their surface
are usually composed of different textures. Fig. 5.a shows
a successful grasp in simulation that slips from the finger
in reality; 2) Coarse modelization of contacts. Inaccurate
modelization of collisions can lead to successful grasps that
are infeasible in reality (e.g. insert the gripper in some part
of the object to lift it, Fig. 5.b); 3) Errors in inertia. A
coarse approximation of the object distribution of mass can
lead to unrealistic interaction dynamics, like applying forces
on an object side to lift it and grab it in the air (Fig. 5.c); 4)
Coarse approximations of the 3D models. The difference
between a simulated model and the real object is often a
cause of transfer failure. Fig. 5.d shows that the coarse model
of YCB padlock results into grasps on inexisting parts of the
object. Note that the less rigid objects can be alterated due
to the multiple interactions with the grippers, resulting into
a different shape; 5) Fragile grasps. Some grasps found in
deterministic simulation can simply be not robust enough
to successfully transfer into the real world (Fig. 5.e). Other
notable problems include coarse modelization of actuators
dynamics, joint and perception noise, and hardware setup
constraints (e.g. the SIH cable prevented some trajectories).

Quality criteria. Fig. 6 shows the obtained results on any
of the tested criteria. The displayed lines (right and center
columns) correspond to the linear regression on the col-
lected measures. There is a correlation between the sim2real
transferability ratio ηsim2real and the DR-based fitnesses,
regardless of the platform. Overall, the average Pearson
coefficient is r = 0.27 ± 0.07. The worse discrimative
criterion is fJSDR with r = 0.24 ± 0.09, p ≤ 0.01. It is
worth noting that DR more reliably discriminates transferable
grasps from others on the dexterous hand than on 2-fingers
grippers. Such a difference might come from the wrong mod-
elization of contacts, which tend to optimistically evaluate
the success of antipodal grasps. On the left column of Fig. 6
is shown the obtained measures on the robot under which the
larger amount of trajectories have been deployed (Baxter),
aggregated into 30 bins. Interestingly, some variants lead

methods ME-scs TR-ME
selection smallest-5 fit random top-5 fit top-5 fit
ηsim2real 0.38 0.44 0.60 0.84

TABLE II
IMPACT OF TR-ME ROBUSTIFICATION ON THE SIM2REAL TRANSFER

RATIOS (FR3 ROBOT).

to more uniformly distributed measures of DR fitness (e.g.
Object state DR and Mixture DR). Others are less balanced:
There are fewer trajectories with fJSDR ≈ 0.5 than closer to
the boundaries. Even more extreme is Joint Poses DR, which
associate trajectories with either fJSDR = 0 or fJSDR = 1
(bins with less than 30 solutions are discarded).

These results validate the intuition that the proposed
variants of DR are positively correlated with sim2real trans-
ferability. Such quality criteria can be used to distinguish
the most promising solutions from the exploitation of sim-
ulations. Furthermore, optimizing robustness to DR should
lead to a higher sim2real transferability ratio.

Grasps robustification. Fig. 7 shows the evolution of top-
5 best-performing solutions throughout the TR-ME opti-
mization process. Their performances tend to the optimal
solution, meaning that all the simulated deployments result in
a successful grasp for any of the sampled DR perturbations.
Table II contains the sim2real transfer ratios for the tested
variants on the FR3 arm. ME-scs ratios correspond to the
results obtained in the systematic sim2real study. Selecting
the most robust solutions to Mixture DR leads to an average
ratio of ηsim2real = 0.60. After the robustification step
proposed in TR-ME, the transfer ratio of the best-performing
solutions reaches ηsim2real = 0.84. This shows that the DR
correlation with the sim2real transferability can successfully
be exploited to produce more robust grasps. An approach like
TR-ME can thus be used to generate large datasets of diverse
and transferable reach-and-grasp trajectories. Such datasets
can be used to bootstrap closed-loop learning methods or
be straightforwardly used with a vision-based approach for
pseudo-closed-loop grasps into the real world [38].

Limitations. Reproducing these experiments on other plat-
forms, even on the same ones but with different wear-and-
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Fig. 6. Correlation between Domain Randomization (DR) fitnesses and
the sim2real transferability ratio (ηsim2real). There is a correlation for
each investigated DR method regardless of the algorithm used to generate
the grasps for all the considered robots (p ≤ 0.01).

tear, could lead to different results. Plus, the variability
of QD algorithms outcome – especially on grasping [4]
– might affect new collected measures. This is the reason
why the present work focused on the study of correlations,
drawing conclusions from emerging main patterns that can
be observed on different robotic platforms, including grippers
of different natures, and grasps produced with different QD
methods. Such a variety of experimental conditions is likely
to make the obtained results hold on different grasping
setups.

It is also worth noting that most of the trajectories have
been deployed on the Baxter robot. Nevertheless, similar
correlations are observed on the UR5-SIH and the FR3. Fur-
ther, the grasp robustification experiment conducted on the
FR3 shows that the sim2real transfer ratio can significantly
be increased by optimizing robustness to DR, confirming
the discriminating power of the proposed quality criteria
regarding the reality gap.

The proposed DR variants can be leveraged to select
the most promising solutions from large grasping datasets.
Another interesting usage of such criteria is their discrimi-
native power to identify the most fragile generated solutions.
The exploratory power of QD methods can be leveraged
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Fig. 7. TR-ME optimization of the Mixed Domain Randomization
fitness on the FR3 robot. The red dashed line is the optimal fitness. (Left)
results on 20k evaluations are used for the experiments on the real robot.
(Right) convergence in the longer run.

to generate solutions that exploit simulation weaknesses,
and the DR quality criteria can later allow the roboticists
to identify the main weaknesses of the used simulator.
These weaknesses can therefore be addressed to increase
the sim2real exploitability of automatically generated grasps.
Here, several crucial issues have been identified, suggesting
new ideas to robustify the solutions. Especially, a domain
randomization on inertia, if well done, could be efficiently
discriminative. But defining this DR variant to make it mimic
the real dynamics is an open problem.

VI. CONCLUSIONS

This work demonstrates the exploitability of Quality-
Diversity generated reach-and-grasp trajectories through the
deployment of about 7000 grasping trajectories on 3 dif-
ferent robotic platforms. The results collected on the real
robots led to the empirical demonstration that variants of
Domain Randomization can be leveraged to make the gen-
erated grasps more robust to sim2real transfer. Selecting
the best-performing solutions using DR-based quality cri-
teria increases the success ratio by 36% on a real robot,
and refining the solution with our proposed QD approach
increases the success ratio by 91%. We believe this work to
be a significant step toward the exploitation of automatically
generated datasets of grasping trajectories. Such datasets
bring a solution to the hard exploration problem of grasping
by providing a large diversity of demonstrations on many
different robotic platforms with minor adaptations.
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