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Abstract. Robotic systems, whether physical or virtual, must balance
multiple objectives to operate effectively. Beyond performance metrics
such as speed and turning radius, efficiency of movement, stability, and
other objectives contribute to the overall functionality of a system. Opti-
mizing multiple objectives requires algorithms that explore and bal-
ance improvements in each. In this paper, we evaluate and compare
two multiobjective algorithms, NSGA-II and the recently proposed Lex-
icase selection, investigating distance traveled, efficiency, and vertical
torso movement for evolving gaits in quadrupedal animats. We explore
several variations of Lexicase selection, including different parameter
configurations and weighting strategies. A control treatment evolving
solely on distance traveled is also presented as a baseline. All three algo-
rithms (NSGA-II, Lexicase, and Control) produce effective locomotion
in the quadrupedal animat, but differences arise in performance and effi-
ciency of movement. The NSGA-II algorithm significantly outperforms
Lexicase selection in all three objectives, while Lexicase selection signif-
icantly outperforms the control in two of the three objectives.

Keywords: Evolutionary robotics ·Multiobjective algorithms · Genetic
algorithms · Computational evolution · Lexicase selection · NSGA-II

1 Introduction

Many animals demonstrate a remarkable combination of speed, agility, and effi-
ciency in locomotion. To produce such behaviors in artificial systems requires
controllers capable of balancing objectives associated with performance, effi-
ciency of movement, and stability. Multiobjective evolutionary algorithms, such
as NSGA-II [7], address such problems by optimizing objectives concurrently.
NSGA-II progresses along a Pareto optimal front, considering all objectives
equally during the optimization process. In contrast, Lexicase selection, recently
proposed by Spector [22], adopts a non-Pareto based approach to address multi-
ple objectives. During a selection event, Lexicase evaluates a group of individuals
based on one or multiple objectives, with the order of objectives randomized.
After comparing performance in the first selected objective, additional objectives
are considered only if two or more individuals are tied.
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Lexicase selection has recently been shown to be effective in genetic program-
ming problems. In this paper, we compare Lexicase selection to NSGA-II in the
context of evolutionary robotics. Specifically, we evaluate the performance of
the two algorithms in evolving gaits for quadrupedal animats. We also conduct
a control experiment based on a single-objective genetic algorithm that selects
only for distance traveled. Results indicate that the NSGA-II algorithm finds
superior solutions in all three objectives when compared to Lexicase selection.
However, we note that Lexicase solutions are significantly better than those of
the control in two of the three objectives.

The contributions of this work are as follows: First, we compare the per-
formance of NSGA-II, Lexicase, and the control in evolving quadrupedal gaits.
Second, we examine alternative Lexicase parameter configurations and discuss
differences that arise. Finally, we present our findings on a weighted objec-
tive approach with Lexicase selection. Although Lexicase does not outperform
NSGA-II in this study, the experimental results show that it may still be an
effective multiobjective algorithm. Evolved individuals from Lexicase exhibit
gaits that are both effective and efficient. Moreover, Lexicase has been shown
to perform well with large numbers of objectives. Further investigation, taking
into account additional factors in movement through uncertain environments is
warranted.

2 Background and Related Work

Evolutionary robotics (ER) [4,5,9,20] draws upon concepts observed in nat-
ural evolution and applies them to the design of robots. ER approaches have
proven effective in areas such as gait evolution [6,8], agent-environment interac-
tion [3,4], and rocket guidance systems [10]. In addition to control, optimizing
morphology can exploit relationships between brain and body [17,18], as occurs
in the evolution of biological organisms. In many problems, single objective evo-
lutionary algorithms (e.g., distance traveled) produce effective systems. However,
addressing a single objective does not satisfy the expectations placed on a typ-
ical robotic system. Additional metrics are needed to assess conditions related
to battery life, robustness to uncertain conditions, navigation, and resilience,
among others. Multiobjective algorithms are one approach to addressing these
more complex problems.

Evolutionary multiobjective optimization (EMO) algorithms take multiple
metrics into account when assessing the performance of individuals. NSGA-II,
developed by Deb et al. [7], is a Pareto-based EMO that has proven effective
in ER and other applications [12,16,23]. The first principle of the algorithm
is non-domination. An individual dominates another individual if it is better
in at least one objective and no worse in the other objectives. Non-dominated
individuals form a Pareto-optimal front across the objective space. Second, the
distribution along the Pareto front is balanced by a crowding distance metric.
By analyzing the location of non-dominated individuals on the Pareto front, the
selected solutions cover the objective space equally. These two principles result
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in a Pareto optimal front, wherein non-dominated individuals are distributed
around the objective space, providing different solutions that balance multiple
objectives. Over evolutionary time, NSGA-II evolves individuals toward the opti-
mal values in each objective along the Pareto front. Schrum and Miikkulainen
[19] have shown that NSGA-II produces effective controllers for agents with dis-
tinct behaviors for each task in a game environment. Mouret [15] used NSGA-II
to solve a maze navigation task, demonstrating that a multiobjective approach
was more effective than novelty search [13] alone. Auerbach and Bongard [2]
employed NSGA-II to evolve both control and morphology, producing highly
cohesive robotic systems.

NSGA-II and other Pareto-based algorithms consider all objectives equally
at each generation. A recently proposed approach is to evaluate individuals on
a subset of the total objective space. Lexicase selection was originally proposed
by Spector [22] to address modal problems in GP. It was inspired by the lex-
icographic parsimony pressure technique proposed by Luke and Panait [14] to
control growth in GP trees by considering objectives lexically. The key idea is
that, in each selection event, the objectives are randomly ordered and consid-
ered one at a time. After the individuals are compared based on the first selected
objective, additional objectives are used to evaluate the individuals only in the
case of a tie in the previous objective. Depending upon the random ordering, an
individual may undergo selective pressure on one objective for multiple gener-
ations, and is then evaluated on a second objective at a later time. In contrast
to Pareto optimization algorithms, each selection event considers only a sub-
set of the objective space, potentially discovering solutions different from those
obtained with evolutionary search directed along a Pareto front. Lexicase selec-
tion has proven effective in solving challenging GP problems, where many objec-
tives must be met simultaneously [11], but to our knowledge has not previously
been explored in the context of evolutionary robotics. In this paper, we evaluate
Lexicase selection and assess its performance against a known multi-objective
evolutionary algorithm, NSGA-II.

3 Methods

Simulation Environment: Evolved behaviors are evaluated with the Open
Dynamics Engine (ODE) [21], a 3D rigid body physics-based simulation environ-
ment. ODE handles collisions between rigid bodies, forces (friction and gravity),
and joints between rigid components. Figure 1 shows an (evolved) instance of
the quadrupedal animat used in this study. The four legs are connected to the
main body by a hip joint and divided into upper, middle, and lower segments.
Each joint is a hinge allowing for movement along the long-axis of the main
body. Movement of a joint is determined by specifying the angular velocity per
simulation timestep. An individual is simulated for 10 s at a timestep of 0.005 s.
The environment is configured as a flat, high-friction surface resulting in minimal
slippage between the animat and substrate.
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Fig. 1. The quadrupedal animat used in this study features twelve hinge joints. Each
leg has three segments. Limb lengths, joint range of motion, and the initial offset of
each leg are evolvable morphological parameters.

Genome: As shown in Table 1, each genome comprises 42 separate parameters
defining aspects of both control and morphology. The controller is a central
pattern generator with joint behavior defined as follows. Joints are driven by
a shared periodic oscillating signal with evolved oscillation frequency. A gene
specifies maximum joint velocity, limiting the upper angular velocity of all joints
in an animat. Two levels of phase offsets create a custom oscillation signal for
each joint in the animat. Each leg has its own phase offset which applies to the
three joints (hip, knee, ankle) comprising the leg. The front and rear legs are
then paired with phase offsets for hip, knee, and ankle. This encoding allows
for left/right symmetry to evolve, but does not require it as the legs in each
pair (front and rear) can move out of phase. Six genes specify the maximum force
each joint can exert during movement. Morphologies of the animats evolve in
terms of the initial rotations of the leg segments, the lengths of the leg segments
and the upper/lower limits of the joints.

Table 1. Genes comprising a quadrupedal animat.

Description # Genes

Oscillation frequency 1

Max joint velocity 1

Phase offset (per leg) 4

Phase offset (per joint with left/right symmetry) 6

Max joint force (left/right symmetry) 6

Initial joint rotation (left/right symmetry) 6

Leg segment length (left/right symmetry) 6

Upper joint range limit (left/right symmetry) 6

Lower joint range limit (left/right symmetry) 6

Total 42
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Fitness Metrics: We assess individuals with three fitness objectives. The first is
the Euclidean distance traveled by an individual over the course of the simula-
tion. Distance is not constrained to only forward movement in order to minimize
the influence of direction on evolved gaits. The second objective is efficiency,
defined as the distance traveled per unit of power exerted by an individual.
Finally as the third objective, we evaluate the vertical movement of the center
of mass over time and record the total displacement. Many biological organisms
tend to exhibit low vertical movement of the center of mass during locomotion,
and it has also been shown to be effective at producing efficient legged gaits
in robotic systems [1]. Our goal is to maximize objectives one and two, while
minimizing objective three.

Forces are recorded over the course of an evaluation to calculate efficiency. In
situations where the maximum joint power is low, the joint is unable to actively
move its connected bodies. An underpowered joint moves passively, regardless of
the control signal being applied. Joint movement is thus a combination of desired
angle, force output from the controller, and interaction of the morphology with
the environment. This configuration allows for different degrees of efficiency to
arise among evolved individuals as higher joint power increases force output.

Treatments: As described above, we conducted three separate treatments: Con-
trol, NSGA-II, and Lexicase. In all three treatments, populations comprise 120
individuals and evolve for 6000 generations. Each treatment consists of 20 repli-
cate runs initialized with a unique random number seed. Two-point crossover
is employed with a probability of 0.5. Genes are mutated with a probability of
0.04 and perturbed within a range of ±10% of the gene’s range. For the Control
treatment, tournament selection is used with a tournament size of 4 individuals
and elitism with one elite individual.

NSGA-II Selection: NSGA-II evolves individuals along a Pareto-optimal front.
For a given generation, the next population is selected from both the previ-
ous generation’s population and the current set of child individuals produced
from selection, crossover and mutation. Individuals are selected based on their
non-domination ordering, with each non-dominated front added to the new pop-
ulation until the population size would be exceeded. The last front is then added
to the population by sorting in descending order based on crowding distance.
Individuals with the largest distance are selected until the population size is
reached, ensuring that the most diverse solutions for the last front are included
in the new population. For an in-depth discussion of NSGA-II, please refer to [7].

Lexicase Selection: Algorithm1 is pseudocode for Lexicase selection as used in
this study. Lexicase selection replaces the tournament selection mechanism in the
Control treatment. Crossover and mutation are handled after selection and are
identical to how they are treated in the Control. Rather than consider all metrics
equally in a selection event, for each selection event, Lexicase considers subsets
of the objectives in a random order. Thus, a set of individuals may be evaluated
on one objective, or multiple, depending upon the selection process described
below. A sample of n individuals from the population (n = 4 in this study)
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is obtained and the order in which objectives will be considered is randomized
(lines 1–2). Individuals in the sample are then compared on the first objective
(lines 3–19) and ranked from best to worst in terms of performance for that
objective (line 4). All sampled individuals are then compared to the best indi-
vidual from the sample in the objective and checked to see if they are within a
specified threshold (10%) of performance (lines 5–11). If there is a tie, we select
the subset of individuals within the threshold, removing low performing individ-
uals in the selected objective and proceed to the next objective (lines 12–13).
Otherwise we select the best individual and exit the for loop (lines 14–17). If
multiple individuals fall within the threshold across all objectives, we randomly
select an individual from the tied set (line 21).

Algorithm 1. Lexicase selection pseudocode. Adapted from [22]
1: sample ← SamplePopulation(population, 4)
2: obj order ← Shuffle(fitness objectives)
3: for obj in obj order do
4: r sam ← RankSample(sample, obj)
5: tie index ← 0
6: for i in 1 to length(r sam) do
7: if r sam[i][obj] ≥ 0.9 ∗ r sam[0][obj] then
8: tie ← True
9: tie index ← i
10: end if
11: end for
12: if tie is True then
13: sample ← r sam[0 : tie index]
14: else
15: tie ← False
16: sample ← r sam[0]
17: break
18: end if
19: end for
20: if tie is True then
21: return RandomChoice(sample)
22: else
23: return sample[0]
24: end if

Our implementation is similar to that described in [22] except for the intro-
duction of the threshold. The threshold allows us to customize performance com-
parison between individuals. For example, in gait evaluation, the performance
of an individual that travels 30 units and that of one traveling 29 units can be
considered almost identical. A separate treatment, not discussed in the results,
was run with a threshold of 5%. Evolutionary results were nearly identical to
the Lexicase treatment presented here. We therefore opt to present the Lexicase
results with only the 10% threshold in Sect. 4.
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4 Experiments and Results

For our purposes, we treat evolution as a tool for finding the most effective
solutions as opposed to studying the evolutionary trajectories of populations.
Therefore, the results presented here are for the farthest traveling individual per
replicate, with performance analyzed in all three objectives. Figure 2 provides
boxplots of the farthest traveling individual in each replicate when evaluated on
each of the three objectives. Table 2 gives the pairwise comparisons (Wilcoxon
Rank-Sum Test) between the distributions of the farthest traveling individual
per treatment in the three objectives. NSGA-II significantly outperforms both
Lexicase and Control in the distance traveled objective while Lexicase and the
Control are not significantly different. Lexicase significantly outperforms the
Control in both efficiency and vertical movement. This result suggests that Lex-
icase does in fact produce individuals with better performance across all three
objectives. NSGA-II significantly outperforms the Control in efficiency and ver-
tical movement. There is no significant difference between NSGA-II and Lexicase
in efficiency, but the two are significantly different in vertical movement.
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Fig. 2. Performance in the three metrics of the farthest traveling individual per repli-
cate across the three treatments. Refer to Table 2 for significance comparisons between
treatments. (Color figure online)

Figure 3(a) plots the distance traveled versus efficiency for the best individual
per replicate. Although NSGA-II generally outperforms Lexicase, a few individ-
ual Lexicase replicates are competitive with the best NSGA-II replicates, and
one replicate from the Lexicase treatment lies on a Pareto front of distance versus
efficiency. However, five Lexicase replicates exhibit lower efficiency than many
replicates from the Control treatment. Not considering these five replicates, Lex-
icase would actually be competitive with NSGA-II in terms of efficiency.

Figure 3(b) plots the distance traveled versus vertical movement of the best
individual per replicate. NSGA-II again produces the majority of the best indi-
viduals although Lexicase does produce one of the best solutions, located near a
Pareto front along the bottom-right of the figure. The Control treatment is not
effective, as there is no selective pressure in the vertical movement metric.
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Table 2. Pairwise Wilcoxon Rank-Sum Test between the farthest traveling individual
per replicate.

Objective Treatment Treatment P-Value

Distance Control Lexicase 0.080

Distance Control NSGA-II <0.001

Distance Lexicase NSGA-II 0.010

Efficiency Control Lexicase 0.007

Efficiency Control NSGA-II <0.001

Efficiency Lexicase NSGA-II 0.603

Vert. Move. Control Lexicase <0.001

Vert. Move. Control NSGA-II <0.001

Vert. Move. Lexicase NSGA-II 0.015

Fig. 3. (a) Distance traveled versus efficiency and (b) distance traveled versus vertical
movement for the farthest traveling individual per replicate across the treatments.

Alternative Parameters: NSGA-II is a well studied algorithm, whereas, Lexi-
case selection was only recently proposed. In the initial experiment, parameters
were chosen based on a review of the current literature, but other parameter
values may be better suited to this specific problem. The Lexicase treatment
described above evaluated 4 individuals and randomized the order of the objec-
tives per selection event. We conducted two other treatments exploring different
configurations. In the first, we increased the number of evaluated individuals
to 8 per selection event. The increased sample size did not produce any signif-
icant difference between the farthest traveling individual per replicate in terms
of distance traveled or efficiency compared to the original Lexicase treatment.
However, there was a significant increase in vertical movement (p < 0.001) which
is an objective to be minimized. It is unclear why vertical movement is higher,
but we speculate that the increased sample size could lead to more ties when
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comparing individuals. If ties were to increase when considering vertical move-
ment as the first objective, multiple objectives would then be used to evaluate
individuals, producing less selective pressure acting on the vertical movement
objective alone. NSGA-II would be less likely to face this risk, as the Pareto-front
optimization, and specifically the crowding distance measure, consider individu-
als across the objective space that have both large and small vertical movements.
Future work is planned to investigate this difference.

The second variation we investigated involved shuffling the objective ordering
per generation instead of per selection event. That is to say, in each generation all
child individuals are selected using the same ordering of objectives. Surprisingly,
results for this experiment were not significantly different than the Lexicase
treatment in any of the three objectives.

Weighted Lexicase: Another proposed variation of Lexicase selection suggested
by Spector et al. [11] is to assign weights to the objectives, thereby affecting
the frequency of orderings during selection. This weighting strategy is intended
to bias the search. We conducted an additional three treatments to explore this
strategy. The 75-15-10 strategy (WLex-75 15 10) assigns a weight of 0.75 to
distance traveled, 0.15 to energy efficiency, and 0.10 to vertical movement. We
also tested WLex-50 25 25 and WLex-15 75 10.

Table 3 presents the pairwise comparison among treatments of the farthest
traveling individual from each replicate. It appears that the weighting strategies
do not have a large impact on performance when compared to the regular Lexi-
case treatment, except in vertical movement. Lexicase significantly outperformed
the weighted Lexicase variants (WLex-75 15 10 and WLex-15 75 10) in reduc-
ing vertical movement during locomotion. This result is likely due to the low
weight (10%) assigned to the vertical movement objective in the two weighted
treatments.

Table 3. Pairwise Wilcoxon Rank-Sum Test between the farthest traveling individual
per replicate.

Objective Treatment Treatment P-Value

Distance Lexicase WLex-50 25 25 0.857

Distance Lexicase WLex-75 15 10 0.945

Distance Lexicase WLex-15 75 10 0.742

Efficiency Lexicase WLex-50 25 25 0.428

Efficiency Lexicase WLex-75 15 10 0.478

Efficiency Lexicase WLex-15 75 10 0.322

Vert. Move. Lexicase WLex-50 25 25 0.513

Vert. Move. Lexicase WLex-75 15 10 0.018

Vert. Move. Lexicase WLex-15 75 10 0.028
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Fig. 4. (a) Distance traveled versus efficiency and (b) distance traveled versus vertical
movement for the farthest traveling individual per replicate across the treatments.

Figure 4(a) plots the farthest distance traveled versus efficiency for all Lexi-
case treatments. Even when attempting to bias the ordering of the objectives, the
distance traveled and efficiency remain quite similar among treatments. Perhaps
surprisingly, the farthest traveling individuals do not arise in the WLex-75 15 10
treatment but instead in the WLex-50 25 25 treatment. In 2 of the 20 replicates,
increasing weights for efficiency and vertical movement (25% each) allow individ-
uals to evolve higher distances traveled. We speculate that overweighting a single
objective and therefore biasing the search process limits the space of solutions
tested. However, further research is necessary to investigate this hypothesis.

Figure 4(b) plots the farthest traveling individual per replicate’s distance
traveled versus vertical movement. Here, vertical movement is significantly higher
in the WLex-75 15 10 and WLex-15 75 10 versus the Lexicase treatment. A low
weight, in this case 10%, potentially degrades performance in vertical move-
ment. Further investigation is required to determine if there is an appropriate
distribution of weights to assign to each objective. There is also a possibility that
the results here are only encountered in specific experimental configurations and
under/overweighting is not generally an issue.

5 Discussion

This paper is intended to evaluate the recently proposed Lexicase selection in an
evolutionary robotics task and to compare it to a well known EMO algorithm,
NSGA-II. Lexicase has mainly been employed in many objective modal prob-
lems in GP. Here, the objectives are not necessarily modal, that is, the objectives
are likely related to each other as they define specific characteristics of a quad-
rupedal gait. Efficiency, calculated as the distance traveled per unit of power, is
intrinsically linked to the distance traveled metric. Furthermore, vertical oscilla-
tion (metric 3) is likely influenced by efficiency as efficient biological organisms
tend to exhibit low degrees of vertical oscillation [1].
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The low number of objectives may also favor NSGA-II, as Pareto-based algo-
rithms are effective in these smaller spaces. As the number of objectives increases,
Pareto algorithms begin to break down due to the reduction of dominating solu-
tions [24]. A large objective set allows most solutions to be dominant in at least
one objective. In these situations, Lexicase selection might optimize solutions
across these many objectives better than Pareto-based approaches by evaluating
subsets of the objectives per selection event. The challenge, however, is to iden-
tify those objectives and the specific goals for a problem. Here, we considered
only efficiency in terms of energy consumption versus distance traveled and the
vertical movement of the torso. Additional objectives might include minimizing
touches with the surface, pitch changes in the torso, constraints on the morphol-
ogy relating to mass distribution among components, and response to sudden
changes in substrate or obstacles.

6 Conclusions

In this paper we have explored Lexicase selection in a quadrupedal gait evolution
task. While capable of generating effective solutions, Lexicase selection does not
significantly outperform a standard genetic algorithm in terms of distance trav-
eled. However, it does produce more efficient solutions with less vertical move-
ment. On the other hand, NSGA-II significantly outperforms Lexicase selection
in both distance traveled and energy efficiency. NSGA-II thus appears to be
the better algorithm for quadrupedal gait evolution involving three objectives.
Still, the Lexicase selection mechanism shows that it can produce effective gaits.
Additional objectives might lead to better relative performance.

We have investigated a few variations of the Lexicase selection algorithm, but
many other configurations are yet to be explored. An alternative ER experiment
could consider situations where the objectives are independent, for example, with
each objective assigned to a unique behavior. This approach might more closely
align an ER experiment with the original studies of Lexicase selection in GP.
Another possible extension would be to change the objective ordering in a more
principled manner. In our investigations, we randomly shuffled the objectives
either per selection event or per generation. Alternative ordering strategies might
improve the performance of the algorithm, but we leave those issues to future
investigations.
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