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 (a) ality-Diversity
One Task - Many Solutions

(b) Multi-Task Optimization
Many Tasks - One Solution

(c) Parametric-Task Optimization
Continuous Tasks - One Solution

Task Parameter 1

Ta
sk

 P
ar

am
et

er
 2

Figure 1: (a) Quality-Diversity is the problem of finding high-performing solutions with diverse behaviors. (b) Multi-task
optimization is the problemof finding the optimumsolutions for a finite set of tasks, each often characterized by a task parameter
(or descriptor). (c) In this paper, we propose to extend the multi-task optimization problem to a continuous parametrization,
which we call Parametric-Task Optimization. The goal is to be able to return the optimal solution for any task parameter.

ABSTRACT
Optimizing a set of functions simultaneously by leveraging their
similarity is calledmulti-task optimization. Current black-boxmulti-
task algorithms only solve a finite set of tasks, even when the tasks
originate from a continuous space. In this paper, we introduce
Parametric-Task MAP-Elites (PT-ME), a new black-box algorithm
for continuous multi-task optimization problems. This algorithm
(1) solves a new task at each iteration, effectively covering the
continuous space, and (2) exploits a new variation operator based
on local linear regression. The resulting dataset of solutions makes
it possible to create a function that maps any task parameter to its
optimal solution. We show that PT-ME outperforms all baselines,
including the deep reinforcement learning algorithm PPO on two
parametric-task toy problems and a robotic problem in simulation.
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1 INTRODUCTION
Optimization is ubiquitous in today’s world [19]. While many prob-
lems require optimizing one cost function, many involve a set of
related functions, each representing a different “task”. For example,
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in robotics, it can be useful to learn walking gaits for various legged-
robot morphologies [45], with each task corresponding to maxi-
mizing the walking speed for one morphology. Instead of solving
each optimization individually, solving all the tasks simultaneously
should decrease the total computation cost. Another illustration can
be found in machine learning, where optimizing the hyperparame-
ters of an algorithm for specific datasets can make a difference; here,
each task is the loss function minimization for each dataset [32].

Multi-task problems are encountered in many fields such as ro-
botics [7, 45], embodied intelligence [6, 45, 57], data science for
symbolic regression of different real-dataset using genetic program-
ming [62], multi-software testing using multifactorial evolutionary
algorithm [52], logistics planning for different vehicle routing prob-
lems [17], complex design for cars [59], packaging [12], photovoltaic
models [36], or electric power dispatch [40].

To our knowledge, all black-box multi-task algorithms solve a
finite set of tasks, whereas many problem specifications are contin-
uous. This means that continuous task spaces have to be discretized.
For example, in robotics, the morphology is characterized by con-
tinuous length of limbs and joint bounds, and any discretization is
arbitrary. When the cost function is differentiable, a few algorithms
exist (i.e., Parametric programming [50]) to solve the continuous
multi-task problem, which we call the parametric-task optimization
problem, but we are not aware of any black-box algorithm to do so.

The contribution of this paper is a black-box parametric-task
algorithm called Parametric-Task MAP-Elites (PT-ME) inspired by
Multi-Task MAP-Elites (MT-ME) [45], an elitist multi-task algo-
rithm. Our main idea is to design an algorithm that solves as many
tasks as possible within its allocated budget, asymptotically solving
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the parametric-task optimization problem by filling the task space
with high-quality solutions. The resulting dense dataset can then
be distilled, for instance, with a neural network, making it possible
to generalize and obtain a high-quality solution for any task.

PT-ME’s key features are the following:
• it samples a new task at each iteration, meaning that the
more evaluation budget it has, the more tasks it will solve;
• its selection pressure is de-correlated from the number of
tasks it solves, meaning that its efficiency does not decrease
with the number of tasks to solve;
• it uses a specially designed variation operator that exploits
themulti-task problem structure to improve the performance;
• it distillates those solutions into a continuous function ap-
proximation, i.e., a neural network, effectively solving the
parametric-task optimization problem.

We evaluate our method and its ablations extensively on two
parametric-task optimization toy problems, 10-DoF Arm (used
in [33, 45, 57]) and Archery (a more challenging problem with
sparse rewards), and a more realistic parametric-task optimization,
Door-Pulling, consisting of a humanoid robot pulling a door open.
We compare against several baselines and show that our method
effectively solves the parametric-task optimization problem while
being more efficient than all baselines and ablations.

2 PROBLEM FORMULATION
The goal is to find a function 𝐺 that outputs the optimal solution
for each task parameter 𝜃 . More formally:

∀𝜃 ∈ Θ,𝐺 (𝜃 ) = 𝑥∗
𝜃
= argmax

𝑥∈X
(𝑓 (𝑥, 𝜃 )) (1)

where X is the solution space, Θ the task parameter space, 𝑓 :
X × Θ→ R the function to optimize (also called fitness function),
and 𝐺 : Θ → X a function that outputs the optimal solution 𝑥∗

𝜃
maximizing the fitness function for the task parameter 𝜃 . The main
difference with multi-task optimization is that the task space Θ is
continuous and not a finite set of tasks.

For ease of use in the remaining of the paper, we set the solution
space X = [0, 1]𝑑𝑥 where 𝑑𝑥 is its dimension and the parameter
space Θ = [0, 1]𝑑𝜃 where 𝑑𝜃 is its dimension.

3 RELATEDWORK
3.1 Parametric Programming
Optimizing a function parameterized with discrete or continuous
parameters is studied in mathematics and is called parametric pro-
gramming (or multiparametric programming for multiple param-
eters) [8, 18, 24, 49, 50]. The main algorithms divide the parame-
ter space into critical regions and solve the optimization problem
on each critical region using classical mathematical tools, i.e., La-
grange multipliers and Karush-Kuhn-Tucker conditions. There are
three families of methods: multiparametric linear programming
(mpLP) [24], multiparametric quadratic programming problems
(mpQP) [49], and multiparametric nonlinear programming [18],
which approximates nonlinear functions.

One application is to use parametric programming to precompute
the optimal solutions for all parameter space and then query those
solutions online. The reformulation of model predictive control

problems with a quadratic cost function into mpQP [50] has led to
MPC on chip (or explicit MPC) with applications, for example, to
control chemical plants [16].

All parametric programming algorithms assume that the func-
tion to optimize is known. While there are many situations where
that information is available, for many real-world applications (e.g.,
complex simulations or real systems), the functions to optimize
are non-linear, non-convex, non-differentiable, or even black-box,
making those methods inapplicable.

3.2 Multi-Task Optimization
In recent years, multi-task optimization has seen a surge of interest
in the evolutionary computation community [28, 29, 61]. We can
decompose it into two families: implicit transfer of solutions (i.e.,
one solution space for all tasks) and explicit transfer of solutions
(i.e., different solution spaces). Implicit transfer is more straight-
forward as the algorithm evolves only one population of solutions
for all tasks but only applies to homogenous tasks. Explicit trans-
fer concerns problems with heterogeneous tasks where knowing
which information to share between tasks is not trivial. Proposed
methods use probabilistic search distribution [27], search direction
vectors [58], higher-order heuristics [31], or surrogate models [42].

Those methods have applications in many fields but rarely con-
sider more than a handful of tasks simultaneously (i.e., between
2 and 10): 3 morphologies for robot controller using neuroevolu-
tion [6], 2 datasets for symbolic regression using genetic program-
ming [62], 10 numerical calculus functions in C for software testing
or 3 car models for design optimization using a multifactorial evo-
lutionary algorithm [52, 59], 2 auxiliary tasks and one main task
(i.e., 3 tasks) for safe multi-UAV path planning [5] or 2 bus systems
power dispatch optimization using a multi-objective multifactorial
evolutionary algorithm [40], 4 package delivery problems planning
using explicit transfer knowledge [17], 3 diode models design using
similarity-guided evolutionary multi-task optimization [36].

Other fields, such as Bayesian optimization [9, 54], propose multi-
task algorithms, for example, to tune machine learning algorithms
for several datasets [47]. Bayesian optimization is more focused on
expensive fitness functions and cannot handlemore than a thousand
evaluations due to the cubic scaling of the Gaussian processes.

A handful of works tackle more than a dozen tasks: 30 in [38],
50 in [37], 500 in [57], and 2 000 in [33]. In this paper, we take
inspiration from MT-ME [45], which scales up to 5 000 tasks.

3.3 Multi-Task MAP-Elites
Originating fromnovelty search [35], theMulti-dimensional Archive
of Phenotypic Elites (MAP-Elites) algorithm [44] finds a large set of
high-quality and diverse solutions to a task (this problem is called
Quality-Diversity (QD)). MAP-Elites [44] has shown promising
results in robotics with evolving a repertoire of diverse gaits for
legged robots [11], or in video-gaming industries to generate pro-
cedural contents like spaceships and game levels [25]. Covariance
Matrix Adaptation MAP-Annealing [21, 22] mixes MAP-Elites [44]
with the self-adaptation techniques of CMA-ES [30] and outper-
forms both methods for finding diverse game strategies for the
Hearthstone game. None of those variants have been applied to
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multi-task optimization. This paper takes root from MT-ME [45],
which is closer to the original MAP-Elites [44].

MT-ME [45] has applications in robotics, e.g., instead of opti-
mizing each morphology individually, it simultaneously optimizes
walking gaits for 2 000 morphologies. The resulting walking gaits
allow robots to travel three times farther than those evolved with
CMA-ES [30] run individually with the same budget of iterations.
It has applications in industrial scenarios, such as optimizing er-
gonomic behaviors for different worker morphologies in an indus-
trial workstation [63]. Multi-Task Multi-Behavior MAP-Elites [2] is
an extension that solves the multi-task Quality-Diversity problem
and outperforms MAP-Elites [44] run on each task individually.

MT-ME [45] explicitly discretizes the task space into a finite set
of several thousand tasks and updates an archive of the best-known
solution for each task, called an elite. At each iteration, it randomly
selects two elites from the archive, generates a candidate solution
using a variation operator, and evaluates this candidate solution on
one of the tasks. If the task has no known solution or the candidate
solution has a higher fitness than the current one, it becomes the
elite for this task, and the algorithm resumes its main loop.

A first limitation of this discretization is that MT-ME [45] can
only solve a finite number of tasks even though the original task
space is continuous. Discretization does not scale well with di-
mensions, e.g., a thousand tasks only correspond to 32 steps per
dimension in 2D and 10 steps per dimension in 3D. Another limita-
tion is that, by being an elitist algorithm, its efficiency in finding
solutions is correlated to the selection pressure, which is inversely
correlated to the number of cells (i.e., the more cells there are to
fill, the easier it is for a bad solution to become an elite, and the
longer it takes to fill each cell with a good solution). As the number
of cells equals the number of tasks to solve, the more tasks there
are to solve, the slower the algorithm is to solve them.

3.4 Reinforcement Learning
As stated Sec. 2, the end product of parametric-task optimization
algorithms should be a function𝐺 : Θ→ X taking a task parameter
𝜃 as input and outputting the corresponding optimal solution 𝑥∗

𝜃
.

This function is similar to the action policy in Deep Reinforcement
Learning (DRL) [3, 23], Π : 𝑆 → 𝐴 taking the current state descrip-
tor 𝑠 ∈ 𝑆 as input and outputting the corresponding optimal action
𝑎 ∈ 𝐴 with regards to a long-term reward 𝑟 ∈ R. We can see the
similarity between the task parameter 𝜃 and the state 𝑠 , the solution
𝑥 and the action 𝑎, and the fitness 𝑓 and the reward 𝑟 . The main
difference is that parametric-task optimization algorithms optimize
the fitness value directly. In contrast, DRL algorithms solve a more
complex problem as they optimize the action for a long-term reward
and must solve the credit assignment problem. Nevertheless, a DRL
algorithm applied with a one-step horizon solves a parametric-task
optimization problem. We make this parallel to highlight that, like
DRL today, parametric-task optimization could have applications
in many fields. Proximal Policy Optimization (PPO) [53] is a mature
and widely used [10, 26, 34, 39, 48, 55, 60] DRL algorithm, that we
think to be a strong baseline.

4 METHOD
Parametric-Task MAP-Elites (PT-ME) follows the same principles as
MAP-Elites [44]. After initializing each archive cell with a random
elite (Alg.1, Line.19), the main loop consists in generating a new
solution candidate, evaluating it for a new task (L.41), and updating
the archive by replacing the elite with the new solution if its fitness
is greater or equal (L.43-46). The first difference is that we store
all the evaluations (L.42) for later use during distillation (Sec.4.5)
and evaluation (Sec.5.2.3). The second difference is that PT-ME uses
MT-ME [44]’s variation operator for half of the iterations (Sec.4.2)
and uses a new variation operator for the other half (Sec.4.3).

4.1 The Archive of Elites
Our first contribution is de-correlating the number of cells in the
archive from the number of tasks solved. Like MT-ME [45], PT-
ME divides the task parameter space into regions using CVT [15,
43] (L.13) and attributes an archive cell for each specific centroid
task parameter 𝜃𝑐 (L.16-21). Nonetheless, instead of evaluating the
candidate solutions only on those tasks, PT-ME samples a task
parameter 𝜃 at each iteration (L.29-31 and L.35) and assigns it to
the cell with the closest centroid 𝜃𝑐 (L.32 and L.36). By doing so, PT-
ME improves the task parameter space coverage at each iteration
and directly benefits from a larger budget of evaluations without
reducing the convergence to good solutions in the early stage of
the algorithm. One potential drawback (that we did not observe in
our experiments) is that solutions for close but different tasks can
be in competition because they are in the same cell, which means
that an “easy” task could become the cell’s elite and prevent the
algorithm from finding solutions to “harder” tasks of the same cell.
This effect is easily attenuated by increasing the number of cells.

By contrast with MAP-Elites, the number of final solutions in
PT-ME will far exceed the number of cells. However, the number
of cells still impacts the selection pressure on the elites. At the
extremes, with one cell, the selection pressure is maximal as every
solution competes with every other, and with an infinite number
of cells, the pressure is null as each solution is an elite. In addition,
the number of cells impacts the new variation operator (Sec. 4.3).
We found empirically that a value of 𝑁 = 200 cells is robust for the
parametric-task optimization problems presented Sec. 5.1.

4.2 Variation Operator 1: SBX with tournament
Like MT-ME [45] (but only for half of the iterations), PT-ME biases
with a tournament the task selected to evaluate the candidate solu-
tion. However, instead of sampling the tasks among a fixed set, it
uniformly samples them from the task parameter space.

More formally, for half of the iterations (L.28-33), PT-ME ran-
domly selects two parents, 𝑝1 and 𝑝2, from the archive of elites
(L.28), samples 𝑠 task parameters 𝜃1:𝑠 (L.29), selects the one clos-
est to the task parameter from which 𝑝1 was evaluated (L.31), and
generates an offspring 𝑥 with SBX [1] (L.33). The intuition is that
two close tasks have more chances to share close solutions but that
always taking the closest tasks would lead to poor exploration.

Like MT-ME [45], PT-ME chooses the size 𝑠 of the tournament
with a bandit (L.49-50), between a minimal size of 1 (i.e., no tourna-
ment) and maximal size of 500 (i.e., choosing a close task). PT-ME
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also uses the UCB1 [4] bandit algorithm, which achieves the opti-
mal regret up to a multiplication constant. The bandit score also
corresponds to the candidate solution becoming an elite (L.47-48).

We concluded in a preliminary study that the bandit is signifi-
cantly better than choosing the tournament size 𝑠 at random but
leads to slightly worse performances than fine-tuning it for each
problem. We decided to keep it as it removes the need to fine-tune
a hyperparameter without a significant loss in performance.

4.3 Variation Operator 2: Linear Regression
SBX [1] does not exploit the multi-task framework because it does
not use the fact that we know the task on which the candidate
solution will be evaluated.We take inspiration from the tournament,
but instead of biasing the task parameter given the parents of the
candidate solution, we bias the candidate solution given the task
parameter. The idea is to aggregate information from the current
archive by building a local model of the function 𝐺 : 𝜃 ↦→ 𝑥∗

𝜃
and

use it to estimate a candidate solution. We chose a linear model to
“guess” the solution for the chosen task given the archive because
it is simple and fast.

For half of the iterations (L.35-40), PT-ME:
(1) samples a task parameter 𝜃 (L.35);
(2) looks for the closest centroid 𝜃𝑐 (L.36) using a KDTree [41]

with the SciPy implementation [56] precomputed at the cre-
ation of the archive (L.15);

(3) looks for the adjacent cells 𝐴[𝜃𝑐 ] .𝑎𝑑 𝑗 (using a Delaunay
triangulation [14] with the SciPy implementation [56] pre-
computed at the creation of the archive (L.14)) and extract
their task parameters 𝜽 and solutions 𝒙 (L.37-38);

(4) performs a linear least squares,𝑀 = (𝜽T𝜽 )−1𝜽T𝒙 (L.39);
(5) computes the candidate solution with additional noise (L.40),

𝑥 = 𝑀 · 𝜃 + 𝜎𝑟𝑒𝑔 · N
(
0, variance(𝒙)

)
(where 𝜎𝑟𝑒𝑔 regulates

the intensity of the Gaussian noise.)
We use adjacency (i.e., Delaunay triangulation [14]) instead of

distance (e.g., the 𝑘 closest neighbors or the neighbors closer than
𝜖) because it adapts the number of adjacent cells to the dimen-
sion, thus removing the need to tune a hyperparameter (i.e., the
number of neighbors 𝑘 or the distance 𝜀). The regression’s noise
coefficient 𝜎𝑟𝑒𝑔 balances exploration and exploitation. During pre-
liminary experiments, we found that different problems require
different optimal values. We concluded on a standard value of 1,
even though fine-tuning the value for each problem or having an
adaptive selection method could benefit the performances.

4.4 PT-ME Algorithm
Algorithm 1 details PT-ME’s pseudo-code1. The two major changes
with MT-ME [45] are highlighted in colors and summarized to (1)
a uniform sampling at each iteration of a new task parameter on
which to evaluate a candidate solution and (2) a new variation
operator using local linear regression used for 50% of the iterations.

4.5 Distillation
PT-ME asymptotically covers the whole task parameter space by
visiting a new task at each iteration. To solve the parametric-task

1Source code: https://zenodo.org/doi/10.5281/zenodo.10926438

Algorithm 1 Parametric-Task MAP-Elites
Contributions: Parametric-Task New variation operator
1: Parameters:
2: 𝑑𝑥 : dimension of the solution space X = [0, 1]𝑑𝑥
3: 𝑑𝜃 : dimension of the task parameter space Θ = [0, 1]𝑑𝜃
4: fitness : X × Θ→ R
5: Hyper-parameters:
6: 𝐵: budget of evaluations (e.g., 100 000)
7: 𝑁 : number of cells (e.g., 200)
8: 𝑆 : possible tournament sizes (e.g., [1, 5, 10, 50, 100, 500])
9: 𝜎𝑆𝐵𝑋 : mutation factor for SBX [1] (e.g., 10.0)
10: 𝜎𝑟𝑒𝑔 : mutation factor for our new variation operator (e.g., 1.0)
11: Initialization:
12: 𝐸 ← ∅ ⊲ 𝐸: to store all the evaluations
13: 𝐶 ← 𝑁 random centroids using CVT ⊲ Divise Θ into cells
14: 𝐷 ← DelaunayTriangulation(𝐶 ) ⊲ For computing adjacency
15: 𝑘𝑑𝑡𝑟𝑒𝑒 ← KDTree(𝐶 ) ⊲ To quickly find the cell of a task
16: 𝐴← ∅ ⊲ 𝐴: Archive
17: for 𝜃𝑐 in𝐶 do ⊲ one for each cell
18: 𝐴[𝜃𝑐 ] .𝜃 = 𝜃𝑐 ⊲ 𝜃 : the task parameter
19: 𝐴[𝜃𝑐 ] .𝑥 = random.uniform(0, 1, ) ⊲ 𝑥 : the solution
20: 𝐴[𝜃𝑐 ] .𝑓 = fitness(𝐴[𝜃𝑐 ] .𝑥,𝐴[𝜃𝑐 ] .𝜃 ) ⊲ 𝑓 : the fitness
21: 𝐴[𝜃𝑐 ] .𝑎𝑑 𝑗 = 𝐷 [𝜃𝑐 ] ⊲ 𝑎𝑑 𝑗 : the adjacent cells
22: Main loop:
23: 𝑠 ← random_in_list(S) ⊲ 𝑠 : tournament size
24: 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 ← zeros(len(𝑆 ) ) ⊲ Counter of selection for each size
25: 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑒𝑠 ← zeros(len(𝑆 ) ) ⊲ Counter of successes for each size
26: for _ = 0 to 𝐵 − 𝑁 do ⊲ We already consumed 𝑁 evaluations
27: if random( ) ≤ 0.5 then ⊲ Use SBX with tournament (50%)
28: 𝑝1, 𝑝2← two elites randomly selected from 𝐴

29: 𝜃1:𝑠 ← random. uniform(0, 1, (𝑠,𝑑𝜃 ) ) ⊲ Candidate tasks
30: 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 [𝑠 ] ← 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 [𝑠 ] + 1 ⊲ Update the bandit
31: 𝜃 ← closest(𝜃1:𝑠 , 𝑝1.𝜃 ) ⊲ Task parameters tournament
32: 𝜃𝑐 ← kdtree.find(𝜃 ) ⊲ Find the corresponding cell
33: 𝑥 ← SBX(𝑝1, 𝑝2, 𝜎𝑆𝐵𝑋 ) ⊲ Mutation & Cross-over
34: else ⊲ Use new variation operator: Local Linear Regression (50%)
35: 𝜃 ← random. uniform(0, 1, 𝑑𝜃 )
36: 𝜃𝑐 ← kdtree.find(𝜃 ) ⊲ Find the corresponding cell
37: 𝜽 ← {𝐴[𝜃𝑖 ] .𝜃 }𝜃𝑖 ∈𝐴 [𝜃𝑐 ] .𝑎𝑑 𝑗

38: 𝒙 ← {𝐴[𝜃𝑖 ] .𝑥 }𝜃𝑖 ∈𝐴 [𝜃𝑐 ] .𝑎𝑑 𝑗

39: 𝑀 ← (𝜽T𝜽 )−1𝜽T𝒙 ⊲ Linear least squares
40: 𝑥 ← 𝑀 · 𝜃 + 𝜎𝑟𝑒𝑔 · N (0, variance(𝒙 )) ⊲ Regression + noise
41: 𝑓 ← fitness(𝑥, 𝜃 ) ⊲ Evaluate
42: 𝐸. append( (𝜃, 𝑥, 𝑓 ) ) ⊲ Store the evaluation
43: if 𝑓 ≥ 𝐴[𝜃𝑐 ] .𝑓 then ⊲ Update the archive
44: 𝐴[𝜃𝑐 ] .𝜃 = 𝜃

45: 𝐴[𝜃𝑐 ] .𝑥 = 𝑥

46: 𝐴[𝜃𝑐 ] .𝑓 = 𝑓

47: if tournament was used then ⊲ Update the bandit
48: 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑒𝑠 [𝑠 ] ← 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑒𝑠 [𝑠 ] + 1
49: if tournament was used then ⊲ Update the tournament size

50: 𝑠 ← 𝑆

[
argmax

𝑗

(
𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑒𝑠 [ 𝑗 ]
𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 [ 𝑗 ] +

√︃
2 ln(sum(𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 ) )

𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 [ 𝑗 ]

)]
51: return 𝐸

optimization problem with a finite budget of evaluations and re-
turn a solution for each task parameter, we propose to learn an
approximation 𝐺 of the function𝐺 : 𝜃 ↦→ 𝑥∗

𝜃
. To do so, Alg. 2 first

computes an archive 𝐴𝑛 of elites for a different resolution 𝑛 using

https://zenodo.org/doi/10.5281/zenodo.10926438
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Algorithm 2 Compute an archive with a new resolution
1: Parameters:
2: 𝑑𝜃 : dimension of the task parameter space Θ = [0, 1]𝑑𝜃
3: 𝐸: list of evaluations (𝜃, 𝑥, 𝑓 )
4: 𝑁 : number of cells in the new archive
5: Initialization:
6: 𝐶 ← 𝑁 random centroids using CVT
7: 𝑘𝑑𝑡𝑟𝑒𝑒 ← KDTree(𝐶 )
8: 𝐴← {𝜃𝑐 : {𝜃 : 𝑁𝑜𝑛𝑒, 𝑥 : 𝑁𝑜𝑛𝑒, 𝑓 : 0} for 𝜃𝑐 in 𝐶 }
9: Main loop:
10: for (𝜃, 𝑥, 𝑓 ) in 𝐸 do ⊲ Compute elites
11: 𝜃𝑐 ← kdtree.find(𝜃 ) ⊲ Find the corresponding cell
12: if 𝑓 ≥ 𝐴[𝜃𝑐 ] .𝑓 then ⊲ We suppose 𝑓 normalized so that 𝑓 ≥ 0
13: 𝐴[𝜃𝑐 ] = (𝜃, 𝑥, 𝑓 )
14: return 𝐴

the dataset of evaluations returned by PT-ME. We then distill 𝐴𝑛 ’s
elites into a multi-layer perceptron (with the same architecture as
PPO’s stable-baseline [51, 53], i.e., two hidden layers of 64 neurons)
using a supervised regression training with the MSE loss.

5 EXPERIMENTS
5.1 Considered Domains
5.1.1 10-DoF Arm. This toy problem is presented in MT-ME [45]
and reused in [33, 57]. It consists in finding the joint positions for
different 10-DoF arm morphologies that put the end effector as
close to a fixed target (Fig. 2.a).

The task parameter space Θ corresponds to the maximal an-
gular position 𝛼max and the length 𝐿 of each joint. The solution
space X corresponds to the angular positions of each joint (nor-
malized by the maximal angular position 𝛼max). The fitness 𝑓 cor-
responds to the Euclidean distance between the end effector at
position 𝑝𝑜𝑠𝑒𝑒 and the fixed target at position 𝑝𝑜𝑠𝑡𝑎𝑟 . To get a maxi-
mization problem, we put this distance into a negative exponential:
𝑓 = exp(−||𝑝𝑜𝑠𝑒𝑒 − 𝑝𝑜𝑠𝑡𝑎𝑟 | |2) so that it is bounded by 0 and 1.

5.1.2 Archery. This toy problem corresponds to shooting an arrow
at a range target and computing the associated score (Fig. 3.a).

The task parameter space Θ corresponds to the distance 𝐷 to
the target (between 5m and 40m), and the strength and orientation
of horizontal wind𝑊 , simulated by an additional constant accel-
eration (between −10m.s−2 and 10m.s−2). The solution space X
corresponds to the𝑦𝑎𝑤 and 𝑝𝑖𝑡𝑐ℎ of the arrow (between− 𝜋

12 rad and
𝜋
12 rad) with a constant velocity 𝑣 of 70m.s−1. The fitness 𝑓 corre-
sponds to the traditional archery scoring normalized between 0 and

1.More formally, we compute the velocity ®𝑣 =

( − sin(𝑦𝑎𝑤 )
cos(𝑦𝑎𝑤 ) cos(𝑝𝑖𝑡𝑐ℎ)
cos(𝑦𝑎𝑤 ) sin(𝑝𝑖𝑡𝑐ℎ)

)
,

deduce the time of impact 𝑡 = 𝐷
𝑣𝑦
, compute the distance to the target

𝑑 = | | 12 (−𝑔®𝑧 +𝑊 ®𝑥)𝑡
2 + ®𝑣𝑡 | |2 and 𝑓 = max(0, 𝑖𝑛𝑡 (10 − 𝑑

0.061 ))/10.

5.1.3 Door-Pulling. A simulated humanoid robot opens a door by
pulling a vertical handle (Fig. 4.a).

The task parameter space Θ corresponds to the position of the
door relative to the robot (between 0.8m and 1.2m in front of the
robot and 0m and −0.5m laterally) and its orientation (between
3𝜋
8 rad and 5𝜋

8 rad). The fitness 𝑓 corresponds to the angle of the

door after pulling. This fitness is sparse as the door angle stays
null if the robot does not touch the handle. The solution space X
corresponds to the following top-level command sent to a whole-
body controller (WBC):
• the gripper’s translation from the handle of the door (3DoF);
• the gripper’s orientation with constant pitch (2DoF);
• the gripper’s translation during pulling (3DoF);
• the gripper’s vertical rotation during pulling (1DoF).

The WBC solves at 1 000 Hz a quadratic programming problem
that optimizes the robot joint positions to satisfy the quasi-static
dynamics while trying to satisfy the top-level commands [13].

Door-Pulling is more similar to a DRL problem, where a policy
would be trained to pull the door open from a random initial state.
Instead, we explicitly optimize to find top-level commands that pull
the door open for every possible configuration of the door with the
goal of generalizing those solutions to the whole space.

5.2 Methodology
5.2.1 Baselines.
• Random uniformly samples the task parameter 𝜃 and the
candidate solution 𝑥 (“How hard is the problem?”);
• CMA-ES iterates CMA-ES [30] on a random task parameter
till it reaches a stopping criterium, then switches to another
till it reaches the budget 𝐵 (“How good is CMA-ES?”);
• CMA-ES (max 10) does the same but enforces amaximumof
10 iterations per task parameter before switching to another
(“Does CMA-ES gain from seeing more different tasks?”);
• PPO runs the stable-baseline [51] PPO [53] with a random
task parameter as initial state, the solution 𝑥 as action, and
the fitness 𝑓 as reward (“Can DRL solve the problem?”);
• MT-ME runs MT-ME [45] with 5 000 fixed tasks sampled
with CVT [15] (“Do we need a new algorithm?”).

5.2.2 PT-ME variants.
• PT-ME (ours) uses Alg. 1;
• PT-ME (no regression) uses only SBX with tournament
(“Is our new variation operator necessary?”);
• PT-ME (100% regression) uses only the local linear regres-
sion (“Is our new variation operator sufficient?”);
• PT-ME (no regression - no tournament) uses only SBX
with no tournament (“Is the tournament useful?”);
• PT-ME (no tournament) uses both variation operators
with no tournament (“Is the tournament useful with the
addition of our new variation operator?”).

5.2.3 Evaluations and Measures. After a budget 𝐵 of 100 000 evalu-
ations, we want to evaluate both the coverage and the quality of the
solutions with the idea that a perfect algorithm should find optimal
solutions evenly spread on the task parameter space. We use the
QD-Score introduced in [44] for a finite set of tasks:

QD-Score(𝐴) =
∑︁

(𝜃,𝑥,𝑓 )𝜃𝑐 ∈𝐴
𝑓

where (𝜃, 𝑥, 𝑓 )𝜃𝑐 is the elite in the cell of centroid 𝜃𝑐 .
As PT-ME stores all the evaluations 𝐸 from𝐵 different tasks (L.42),

we recompute the elites for different resolutions, ranging from one
cell (the best-found solution on all tasks) up to 𝐵 cells evenly spread
on the task parameter space Θ (we cannot fill more cells than the
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Figure 2: (a) Schematic view of the 10-DoF Arm problem. (b) Archive examples extracted from one run. (c) QD-Score for different
resolutions (line = median of 20 replications and shaded area = first and third quantiles). (d) Multi-Resolution QD-Score.

budget). We attribute the lowest fitness to each empty cell, meaning
that looking at the QD-Score for the highest resolution does not
give a complete idea of the algorithm’s performance. To simplify
the comparison, we introduce the Multi-Resolution QD-Score (MR-
QD-Score) as the mean QD-Score for archives recomputed using
Alg. 2 with a range of resolutions from 1 to 𝐵 cells. More formally:

MR-QD-Score(𝐸, 𝑁1:𝑛) =
1
𝑛

𝑛∑︁
𝑖=1

QD-Score(Alg. 2(𝐸, 𝑁𝑖 )) (2)

where 𝑁1:𝑛 are different resolutions. We used 𝑛 = 50 resolutions
evenly spread in logspace between 1 and 100 000 cells.

To ease the comparison between problems, we set the fitness
minimal value to 0 and its maximal value to 1. It is already the case
for Archery (i.e., the arrow can reach the center of the target, 𝑓 = 1,
or miss the target, 𝑓 = 0). For the 10-DoFArm, the fitness is bounded
by 0 and 1. However, each task has different bounds (e.g., the arm
can be too short to reach the target, leading to a maximal fitness
strictly inferior to 1). Knowing the bounds of the fitness functions

for each task parameter is not trivial. We ran CMA-ES [30] on each
cell for the highest resolution to estimate them.

All statistical tests are performed with a Mann–Whitney U test
and the Bonferroni correction.

5.3 Solutions Evaluations
5.3.1 10-DoF Arm. Fig. 2 shows the results in the 10-DoF Arm
problem of all methods with 20 replications each.

CMA-ES allocates toomany evaluations for the same task, which
prevents it from covering the space and leads to a lower QD-Score
than Random when there are more than 20 cells to fill. Bounding
the number of iterations to 10 allows CMA-ES (10 max) to fill
more cells with a better solution than Random, but it worsens
after 1 000 cells. MT-ME finds solutions with quality similar to the
best methods and outperforms CMA-ES and CMA-ES (10 max),
showing that solving all the tasks together is more efficient than
solving them separately. However, due to its fixed set of tasks, it
cannot fill more cells in higher resolutions, significantly decreasing
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its QD-Score after 5 000 cells. PPO and all variants of PT-ME have a
similar QD-Score profile, succeeding in filling most of the cells with
reasonable solutions, even in high resolutions. PT-ME and PPO
have the highest MR-QD-Score and are not significantly different.

PT-ME’s MR-QD-Score is significantly higher (p-value<0.001)
than all the ablations, showing that the algorithm needs the local
linear regression, SBX with a bandit-adapted tournament, and the
parametric-task reformulation. Both PT-ME (no tournament)
and PT-ME (no regression - no tournament) are significantly
worse (p-value<0.001) than PT-ME and PT-ME (no regression),
showing that the tournament is beneficial.

Fig. 2.b shows archives for the different methods. CMA-ES and
MT-ME have sparser archives as they allocate several evaluations
per task parameter. Random fills all task parameter space but does
not find solutions as good as PPO and PT-ME and its ablations.

5.3.2 Archery. We then compare all methods on the Archery prob-
lem (Fig. 3.c) with 20 replications for each. Compared to 10-DoF
Arm, where each candidate solution achieves a positive fitness, for

Archery, most (i.e., approximately 95%) of the solution space leads
to a fitness of 0, leading to Random having the worst performance.

CMA-ES and CMA-ES (10 max) have similar QD-Score profiles
because either the first generation of candidate solutions has a null
fitness and the algorithm stops, or one of them reaches the target
by chance, and CMA-ES quickly finds the optimal solution.

MT-ME outperformsCMA-ES andCMA-ES (10max), showing
that solving all the tasks together is more efficient than solving
them separately. For resolutions inferior to 10 000 cells, MT-ME
is better than PPO, which fails in this problem due to its poor
exploration with a sparse reward.

PT-ME is significantly better (p-value<0.001) than all the other
methods except PT-ME (100% regression) whose variance is one
order of magnitude larger than all the other methods. As it is a pure
exploitation method relying on “luck” to explore all space, it can
easily get stuck with solutions that never expand the solved region.

Fig. 3.b shows archives extracted from the executions of the
different methods. CMA-ES, CMA-ES (10 max), and PPO only
solve the easiest tasks (i.e., where the target is the closest).MT-ME
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and PT-ME’s ablations have a similar profile with worse solutions
where the wind is the strongest and the target is the farthest.

5.3.3 Door-Pulling. Due to the computing cost of running the hu-
manoid simulation (in the order of the dozens of seconds compared
to the order of the millisecond for 10-DoF Arm and Archery), we
only compared the result of PT-ME and PPO [53] on ten repli-
cations. The result (Fig. 4) shows that our method significantly
outperforms PPO (p-value<0.001), which can be explained again
by the sparse fitness and PPO’s poor exploration abilities.

5.4 Distillation Evaluations
We compare MT-ME (for one resolution) and PT-ME (for different
resolutions) with distillation and PPO inference capacities by evalu-
ating the fitness of their proposed solution for 10 000 (1 000 for Door-
Pulling) new tasks sampled with CVT [15] (Fig. 5). PT-ME signifi-
cantly outperforms PPO on all the three problems (p-value<0.001).

PT-ME inference score first increases as the resolution of the
archive increases, showing the need for a large dataset for distil-
lation. The decrease in inference score for large resolutions (i.e.,
≥ 10 000 cells) is due to the elites’ decreases in quality as the selec-
tion pressure decreases. Running the algorithm for longer would
increase the maximal resolutions with high-quality elites, even
though for Archery, PT-ME reaches nearly a perfect score (the low-
est run had an inference score of 0.997). For the two toy problems,
PT-ME outperformsMT-ME for resolutions superior to 500 cells
and reaches nearly perfect scores, showing that it covers the space
with better solutions and solves the parametric-task optimization
problem. For Door-Pulling, the inference score is significantly lower
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Figure 5: (a) Inference score, i.e., meanfitness over 10 000 (1 000
for Door-Pulling) evenly spread new tasks of PT-ME distilla-
tion, MT-ME distillation, and PPO for the three parametric-
task optimization problems (the line is the median of 20
(10 for Door-Pulling) replications, and the shaded area is
between the first and third quantiles). (b) Box plots with PT-
ME’s best resolution ( ∗∗∗=p-value<0.001, ∗∗=p-value<0.01).

than the MR-QD-Score due to the chaotic behavior of the contact
dynamics of our simulator.

6 DISCUSSION AND CONCLUSION
PT-ME finds high-performing solutions for as many tasks as its bud-
get allows it, making it easy to generalize and distill those solutions
into a function approximation that effectively proposes a solution
for each task parameter. Its inference significantly outperforms the
DRL method PPO [53] on all three problems.

Can PT-ME be used for large task parameter spaces? PT-ME
discretizes the task space using CVT [15], which scales up to large
dimensions [43]. However, the archive needs more cells to keep a
high resolution in large dimensions, which can slow down the con-
vergence. Our new variation operator uses a local linear regression,
which could be affected by a larger task space (i.e., the linear model
requires the inversion of a matrix). Future work could study other
supervised methods (e.g., neural networks) to perform regression.

Can PT-ME be used for large solution spaces? Future work could
study the integration of two variation operators to leverage gradient
information for scaling up MAP-Elites algorithms to large solution
spaces (e.g., a policy neural network): leveraging differentiable
problems by computing a gradient from the fitness function [20]
(which requires differentiable problems) and training a differen-
tiable critic and exploits it [46] (applicable to black-box problems).
Such gradient-based variation operators could be incorporated into
our parametric-task framework.
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