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ABSTRACT

Quality-Diversity (QD) algorithms are a well-known approach to
generate large collections of diverse and high-quality policies. How-
ever, QD algorithms are also known to be data-inefficient, requiring
large amounts of computational resources and are slow when used
in practice for robotics tasks. Policy evaluations are already com-
monly performed in parallel to speed up QD algorithms but have
limited capabilities on a single machine as most physics simulators
run on CPUs. With recent advances in simulators that run on ac-
celerators, thousands of evaluations can be performed in parallel
on single GPU/TPU. In this paper, we present QDax, an imple-
mentation of MAP-Elites which leverages massive parallelism on
accelerators to make QD algorithms more accessible. We show
that QD algorithms are ideal candidates and can scale with mas-
sive parallelism to be run at interactive timescales. The increase
in parallelism does not significantly affect the performance of QD
algorithms, while reducing experiment runtimes by two factors
of magnitudes, turning days of computation into minutes. These
results show that QD can now benefit from hardware acceleration,
which contributed significantly to the bloom of deep learning.
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1 INTRODUCTION

Quality-Diversity (QD) algorithms [7, 17] have recently shown to
be a very useful tool in the field of robotics. These algorithms can
be used to generate a repertoire of diverse and high-performing
robotic skills, which can then be used for rapid adaptation to un-
known mechanical damage [3, 6, 13] and coupled with planning
algorithms to perform long-horizon tasks [3]. QD algorithms are
also powerful exploration algorithms. They have been shown to
be effective in solving sparse-reward hard-exploration tasks in ro-
botics and achieved state-of-the-art results on previously unsolved
reinforcement learning(RL) benchmarks [9]. Lastly, QD can also be
used as effective data generators for robotics RL tasks. A key reason
for the success of modern machine learning come from the availabil-
ity of large amounts of data. The early breakthroughs in supervised
learning in computer vision have come from the availability of
large diverse labelled datasets [1, 8]. The more recent successes
in unsupervised learning have similarly come from methods that
can leverage even larger and more diverse unlabelled datasets. As
Gu et al. [12] highlighted, more efficient data generation strategies
and algorithms are needed to obtain similar successes in RL. QD
algorithms can play a significant role in this more data-centric view
of robotics and RL by generating diverse and high-quality datasets
of policies and trajectories.

QD algorithms consist of four parts (i) selection, (ii) mutation and
(iii) evaluation and (iv) addition. The main bottleneck faced by QD
algorithms are the large number of evaluations required that is on
the order of millions. When using QD in the field of RL for robotics,
this issue is mitigated by performing these evaluations in physical
simulators such as Bullet [4], DART [14], and MuJoCo [19]. How-
ever, these simulators have mainly been developed to run on CPUs.
Methods like MPI can be used to parallelise over multiple machines,
but this requires a more sophisticated infrastructure (i.e., multiple
machines) and adds some network communication overhead which
can add significant run time to the algorithm. Additionally, the
number of simulations that can be performed in parallel can only
scale with the number of CPU cores available. Hence, both the lack
of scalability coupled with the large number of evaluations required
generally make the evaluation process of evolutionary based algo-
rithms like QD, for robotics take days on modern 32-core CPUs.
Our work builds on the advances and availability of hardware ac-
celerators, high-performance programming frameworks [2] and
simulators [11] that support these devices to scale QD algorithms.
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Our goal in this paper is to bring the benefits of hardware accel-
eration to QD algorithms. For this, we present QDax, an accelerated
python implementation of MAP-Elites which utilizes massive par-
allelism of evaluations on hardware accelerators (GPUs/TPUs). We
study the effects of heavy parallelism on QD algorithms. Our exper-
iments show that the final performance of QD algorithms remain
relatively unaffected by the massive parallelization despite being
up to two order of magnitudes faster. We show that this speed-up
comes from a much larger throughput of evaluations per unit time
and can be used to run QD algorithms in under 2 minutes. From this
analysis, we propose some considerations when working in this
regime of parallelism and highlight some benefits and limitations
of this. An open-sourced python library of our implementation is
available at https://github.com/adaptive-intelligent-robotics/QDax.

2 METHODS

We purposefully focus on a common and simple implementation
of Quality-Diversity (QD) algorithms, MAP-Elites [15]. We use
MAP-Elites as a baseline to study and show how QD algorithms
can be scaled through parallelization. We leave other variants and
enhancements of QD algorithms like CVT-MAP-Elites [20] and
learnt behavioural descriptors [5] for future work; we expect these
variants to only improve performance on tasks, and benefit from
the same contributions of this work.

Acceleration of our implementation is enabled with: massive
parallelization of evaluations, code compatible with just-in-time
(JIT) compilation and fully on-device computation. The implemen-
tations of these different features present several challenges and we
discuss the design and implementation decisions made to address
them in the following section.

Conventional QD algorithms parallelize evaluations by utilizing
multiple CPU cores, where each CPU separately runs an instance
of the the simulation to evaluate a solution. We utilize Brax [11], a
differentiable physics engine in Python which enables massively
parallel rigid body simulations. By leveraging a GPU/TPU, utilizing
this simulator allows us to massively parallelize the evaluations in
the QD loop which is the major bottleneck of QD algorithms. This
allows for higher throughput of evaluations each time. To provide a
sense of scale, QD algorithms normally run on the order of several
dozens of evaluations in parallel while Brax can simulate over 10,000
solutions in parallel. Brax is built on top of the JAX [2] programming
framework, which provides an API to run accelerated code across
any number of hardware acceleration devices This allows Brax
to leverage the optimized hardware more easily to parallelize the
operations in the core physics loop via vectorization.

Another key benefit of JAX is the JIT compilation which al-
lows JAX to make full use of its Accelerated Linear Algebra (XLA)
compiler to optimize and run code efficiently. Therefore, we also
implement the entire MAP-Elites algorithm in a JIT compatible
fashion. This poses some challenges as JIT compiling a function
requires all array shapes to be static and known at compile time at
the start of the algorithm.

Lastly, another bottleneck which slowed the algorithm down
was the data transfer and marshalling across devices. As the Brax
simulator uses the accelerator (GPU/TPU) to enable its massive
parallelism, any operations outside of the evaluation phase would,
by default, occur on the CPU. This gives rise to latency that is due

129

B. Lim, M. Allard, L. Grillotti and A. Cully

to data being transferred across devices. To address this issue, we
carefully consider our data structures and place all of them on-
device. QDax places the QD algorithm components on the same
device; components include selectors, mutations, the archive, and
the physics simulator. This enables the entire QD algorithm to be
run without interaction with the CPU.

Figure 1: QD algorithms can discover diverse locomotion
skills. Left: Omni-directional Ant task discovers ways to
move in every direction. Centre and Right: Uni-directional
Ant and Walker task respectively discover diverse gaits for
moving forward.

3 EXPERIMENTS
3.1 Effects of parallelism on QD algorithms

We study the effect that massive parallelism has on the performance
of the QD algorithms and the resulting repertoires. To evaluate
this, we run the algorithm for a fixed number of evaluations. We
use 5 million evaluations for the Ant environment and 15 million
evaluations for the Walker environment (more details at the end of
this section). In this experiment, we only use the A100 GPU.

We evaluate the performance of the different batch sizes on
commonly used metrics in QD-literature of Coverage, Best Fitness
and QD-score. The QD-score introduced by Pugh et al. [17] aims to
capture both performance and diversity in a single metric. We plot
the QD-score with respect to: the number of evaluations and the
total run time.

Figure 2A shows the performance curves and importantly, the
differences when plot against the number of evaluations and total
run time. A key observation in the first row is that the QD-scores
converge to the same final score after the fixed number of evalua-
tions regardless of the batch size used. The Wilcoxon Rank-Sum
Test for the final QD score across all the different batches results
in p-values p>0.05 after applying the Bonferroni Correction. This
shows that we do not observe statistically significant differences
between the different batch sizes. Therefore, larger batch sizes and
massive parallelism do not negatively impact the final performance
of the algorithm. However, an important observation is that the
larger batch sizes have a trend to be slower in terms of number of
evaluations to converge. This can be expected as a larger number
of evaluations are performed per epoch at larger batch sizes. Given
this result, the second row of Figure 2A then demonstrates the sub-
stantial speed-up in total run time of the algorithm obtained from
using larger batch sizes with massive parallelism while obtaining
the same performances. We can obtain similar results but in the
order of minutes instead of hours. The speed-up in total run-time
of the algorithm by increasing batch size eventually disappears as
we reach the limitations of the hardware.

We can also observe that in some cases (Ant-Uni), a larger batch
size can even have a positive impact on the QD-score. However, an
interesting observation is that the number of evaluations required
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Figure 2: A: QD-Score for the omni-directional Ant, the uni-directional Ant and Walker. The plots show the QD Score w.r.t.
run-times and the number of evaluations for each batch size. B: Average number of eval/s and full run time of algorithm across
batch sizes and implementations. Note the log scales on both axes to make distinction between batch sizes clearer. The bold
lines and shaded areas represent the median and interquartile range over 10 replications respectively.

for all the batch sizes to reach the same score are domain and task
dependent. As noted in the previous figure, the larger batch sizes
are slower to converge in terms of evaluations. In the Walker Uni-
directional task, we run the algorithm for 15 million evaluations
in order to see the same observation. This raises some interesting
points on the need for sufficient epochs in QD. Given a fixed number
of evaluations, a larger batch size would imply a lower number of
epochs. Therefore, although our results show that a larger batch size
has no negative impact on the QD algorithm and can significantly
speed up the run-time of QD algorithm, the algorithm still needs
to be allowed to run for a sufficient number of epochs to reach
the similar final performance scores. The epochs are an important
part of QD algorithms as new solutions that have been recently
discovered and added to the archive from a previous epoch can be
selected as a stepping stone for mutation. From our experiments,
this required number of evaluations is domain and task dependent.
However, given the significant speed-up in our algorithms, the
termination criterion of the algorithm may no longer need to be a
fixed number of generations or a fixed number of evaluations. The
algorithm can be run until some performance convergence criteria
instead.

3.2 Runtime speed of QD algorithms

As the increase in batch size allows QD algorihtms to scale, we
also analyse the increase in evaluation throughout resulting from
this. We start with a batch size B of 64 and double from this value
until we reach a plateau and observe a drop in performance in
throughput. In practice, a maximum batch size of 131,072 is used.

The number of evaluations per second (eval/s) is used to quantify
this throughput. The eval/s metric is computed by running the
algorithm for a fixed number of generations (also referred to as
epochs) N (100 in our experiments). We divide the corresponding
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batch size B representing the number of evaluations performed in
this epoch and divide this value by the time it takes to perform one
epoch t,. We use the final average eval/s across the entire run.

N
evals/s = —
/s N
n=1

2 o
n

While the evals/s is an indication of the improvement in through-
put from this implementation, we ultimately care about running the
entire algorithm faster. To do this, we evaluate the ability to speed
up the total runtime of QD algorithms. In this case, we run the
algorithm to a fixed number of evaluations (1 million), as usually
done in QD literature. Running for a fixed number of epochs would
be an unfair comparison as the experiments with smaller batch
sizes would have much less evaluations performed in total.

For this experiment, we consider the Ant Omni-directional task.
We compare against common implementations of MAP-Elites and
open-source simulators which utilize parallelism across CPU threads.
We compare against both python and C++ implementations as base-
lines. Pymapelites [15] is a simple reference implementation from
the authors of MAP-Elites that was made to be easily transformed
for individual purposes. Pyribs [18] is a more recent QD optimiza-
tion library maintained by the authors of CMA-ME [10]. In both
python implementations, evaluations are parallelised on each core
using the multiprocessing python package. Lastly, Sferesy, [16]
is an optimized, multi-core and lightweight C++ framework for
evolutionary computation, which includes QD implementations. It
relies on template-based programming to achieve optimized execu-
tion speeds. The multi-core distribution for parallel evaluations is
handled by Intel Threading Building Blocks (TBB) library. For sim-
ulators, we use PyBullet [4] in our python baselines and Dynamic
Animation and Robotics Toolkit (DART) [14] for our C++ baseline.
We perform 10 replications of each experiment using random seeds.
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Figure 2B (Top) clearly shows that QDax has the ability to scale
to much larger batch sizes which results in a higher throughput of
evaluations. It is important to note the log scale on both axes to
appreciate the magnitude of the differences. For QDax implementa-
tions (blue and orange), the number of evaluations per second scales
as the batch size used increases. This value eventually plateaus once
we reach the limit of the device. On the other hand, all the baseline
implementations scales to a significantly lower extent. These re-
sults can be expected as evaluations using simulators which run
on CPUs are limited as each CPU core runs a separate instance
of the simulation. Therefore, given only a fixed number of CPU
cores, these baselines would not scale as the batch size is increased.
Scaling is only possible by increasing the number of CPUs used in
parallel which is only possible with large distributed system with
thousands of CPUs in the network. QDax can reach up to a maxi-
mum of 30,000 evaluations per second on an A100 GPU compared
to maximum of 1,200 (C++) or 200 (python) evaluations per second
in the baselines. This is a 30 to 100 times increase in throughput,
turning computation on the order of days to minutes. The negligi-
ble differences between the pyribs (green) and pymapelites (red)
results show that the major bottleneck is indeed the evaluations
and simulator used, as both of these baselines use the PyBullet
simulator. The performance of the Sferesyy (purple) implementa-
tion can be attributed to its highly optimized C++ code. However,
the same lack of scalability is also observed when the batchsize is
increased. When looking at run time of the algorithm for a fixed
number of evaluations on Figure 2B (Bottom), we can see the effect
of the larger throughput of evaluations at each epoch reflected in
the decreasing run-time when larger batch sizes are used. We can
run a QD algorithm with 1 million evaluations in just slightly over
a minute when using a batch size of 65,536 compared to over 100
minutes taken by python baselines.

Our results also show that this scaling through massive paral-
lelism is only limited by the hardware available. The experiments
on both the RTX2080 (orange) and A100 (blue) show similar trends
and increases in both evaluations per second and total runtime.
The 2080 plateaus at a batch size of 8,192 capable of 11,000 eval/s
while the higher-end A100 plateaus later at a batch size of 65,536
completing 30,000 eval/s.

4 DISCUSSION

In this paper, we presented QDax, an implementation of MAP-Elites
that utilizes massive parallelism on accelerators that reduces the
runtime of QD algorithms to interactive timescales on the order
of minutes instead of hours or days. We evaluate QDax across a
range of robotic locomotion tasks and show that the performance
of QD algorithms are maintained despite the significant speed-up
that comes with the massive parallelism.

Despite reaping the benefits of hardware in order to accelerate
the algorithm, there are still some limitations that come with this
implementation. This is mainly due to having to store the archive
on the RAM of the device. As the archive stores the genotype among
other things, the memory of the device becomes an issue preventing
larger networks with more parameters from being used. Similarly,
this memory limitation also prevent larger archives with more cells
from being used. Through this work, we hope to see the community
use QDax to iterate quicker when experimenting with new ideas
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and algorithms. We also hope to see new algorithmic innovations
that could leverage the massive parallelism to improve performance
of QD algorithms.
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