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ABSTRACT
Human computation, applying human problem solving to computational problems, has shown promise
in numerous applications. In some applications of human computation, it may be useful to find not
just a single best solution, but a variety of good solutions with different properties that can be used
for further analysis. Recent work in quality-diversity search, such as MAP-Elites, has developed
techniques that aim to find a variety of solutions. Thus, in this work, we explore the potential of
combining quality-diversity and human computation approaches. We ran a crowdsourced study of
the Traveling Salesperson Problem in which some participants were provided with a visualization
of their MAP-Elites archive and some were not. We did not find a difference in the quality of the
best solutions found by participants between the two groups. However, we did find that participants
provided with the archive visualization searched more of the MAP-Elites behavior space than those
without the visualization. This demonstrates potential for quality-diversity approaches to lead to
finding a wider variety of solutions in human computation search.

1.

INTRODUCTION

Human computation (Quinn and Bederson, 2011), the application of human problem solving to
computational problems, has shown promise in numerous applications, including those which can
be considered searching a large space for solutions—e.g. biomolecule design (Koepnick et al., 2019;
Lee et al., 2014), route planning (Anderson et al., 2000; Williams et al., 2016), and software verification (Bounov et al., 2018; Walter et al., 2019). However, in some applications, it may be useful
to find not just a single “best” solution, but a variety of good solutions with different properties that
can be used for further analysis—e.g. multiple promising biomolecules or routes.
Recent work in automated search has developed quality-diversity (QD) algorithms (Pugh et al.,
2016), such as MAP-Elites (Mouret and Clune, 2015). These search techniques aim to find not
just a single best solution, but a variety of good solutions. In basic MAP-Elites search, solutions
from a high-dimensional search space (e.g. robot arm designs) are projected into a low-dimensional
space by computing behaviors of the solutions (e.g. given a robot arm, behaviors such as its length
and weight can be computed). Solutions can also be compared using a fitness function (e.g. arm
cost) (Mouret and Clune, 2015). The search will aim to find good solutions according to the fitness
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Figure 1. Screenshot of the TSP task. In the Hidden condition, the lower-left portion showing
the MAP-Elites archive and related information (outlined by a blue dotted line, which itself was
not shown in the task) was hidden. The 10 × 10 grid of cells in the lower left shows the current
state of the archive in the search. The location of a solution in the archive is determined by the
two behaviors of the solution: the length of the its shortest leg (x-axis) and its longest leg
(y-axis). The current solution is a blue dot; cells containing an elite are shaded blue. In this
screenshot, there is an elite in only the cell containing the current solution.
function (e.g. low-cost arms) that vary across this lower-dimensional behavior space (e.g. arms with
a variety of lengths and weights). To do this, the low-dimensional behavior space is discretized into
an archive of cells. As the search progresses, the best (i.e. most fit) solution found in each cell is
stored as its elite. These elites can be used as the basis of a genetic search, using operators such
as mutation and crossover. This results in an archive filled with good solutions that vary across the
behavior dimensions. Thus, a behavior is a dimension of the low-dimensional representation of a
solution; the archive is a discretized representation of the behavior space; a cell is one discretized
region in the archive; and an elite is the best solution found thus far in a cell.
In this work, we explore the potential of combining QD and human computation approaches. We
hypothesized that when given access to a MAP-Elites archive of their solutions, participants would
(i) search more of the behavior space and (ii) find better solutions. We ran a crowdsourced study, via
Amazon Mechanical Turk, of the Traveling Salesperson Problem (TSP), in which some participants
were provided with an interactive visualization of their MAP-Elites archive and some were not. We
did not find a difference in the quality of the best solution found between the two groups, but did find
that participants provided with the archive visualization searched more of the MAP-Elites behavior
space than those without the visualization. This points to QD techniques as potentially impacting
the variety of solutions found in human computation search, and as an area for further study.

2.

RELATED WORK

Previous work in human computation and crowdsourcing has explored how people and crowds can
solve problems. Some work has looked specifically at, for example, how people search collabo-
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ratively (Mason et al., 2008; Bernstein et al., 2018) or in response to financial incentives (Mason
and Watts, 2009) in crowdsourced contexts. As the work presented here looks at how people solve
an artificially constructed task, it relates to a larger body of work that considers how people make
decisions (Simon, 1956; Cohen et al., 1972), search for solutions (Billinger et al., 2014; Vuculescu
et al., 2020), and trade off exploration and exploitation (March, 1991; Billinger et al., 2021). TSP
has long been used as an example task that humans are able to solve efficiently (Macgregor and
Ormerod, 1996). Due to this, TSP and related route-planning problems have been used as test tasks
when studying human computation, problem solving and collaboration (Bernstein et al., 2018; Anderson et al., 2000; Williams et al., 2016). Additionally, several citizen science projects have applied
the problem solving of crowds towards real scientific problems (Kawrykow et al., 2012; Koepnick
et al., 2019; Lee et al., 2014; Bounov et al., 2018; Walter et al., 2019; Heck et al., 2018; Jensen
et al., 2021).
QD algorithms (Pugh et al., 2016) include MAP-Elites (Mouret and Clune, 2015), SHINE (Smith
et al., 2016), and novelty search with local competition (Lehman and Stanley, 2011). These are a
relatively recent development in evolutionary computation, which seek to search a solution space
for a variety of solutions that have good performance, rather than optimize for a single best solution.
MAP-Elites and variants have found applications in domains including robotics (Nordmoen et al.,
2018), workforce scheduling and routing problems (Urquhart and Hart, 2018), maze solving (Colas
et al., 2020) and video game level generation (Withington, 2020; Sarkar and Cooper, 2021). In
this work we are directly inspired by MAP-Elites, which, in its standard form, uses an automated
evolutionary search including genetic operators such as mutation and crossover. While we retain
the the archive used by MAP-Elites, we replace the automated search with a human-guided search.
Other work has allowed humans to interact with or guide evolutionary algorithms. In human-based
genetic algorithms (Kosorukoff, 2001), humans replace the genetic operators themselves; in interactive evolutionary computation (Takagi, 2001), human evaluation provides the fitness function.
Recently, video game level generation approaches using MAP-Elites have introduced interactivity,
allowing level designers to co-create with the evolutionary search (Alvarez et al., 2020). In this
work we explore how the MAP-Elites archive impacts problem solving.

3.

TASK DESCRIPTION

Here we describe the task used in this study. For this work we used a task based on the TSP, which
has been used as an example task in studies of human computation as described in the Related Work.
In the TSP, a map of cities is given, and the goal is to find the shortest route that visits all the cities
and returns to the starting city. All participants were given the same (randomly-generated) layout of
40 cities, but started with a random initial route. A screenshot of the task page is given in Figure 1.
Participants are provided with short instructions in the top-left of the page, told that their goal is to
find the shortest route, and provided with the length of their current route and the shortest route they
found so far. They are provided with a display of the map on the right, and can click and drag on the
map to draw parts of a new route. There are buttons for restoring the previous or best route found,
as well as making a random change to the route or getting a completely random route.
As new routes are found by a participant, the routes are stored in their archive. Each participant has
their own independent archive populated just by their search. We used a two-dimensional archive,
where the low-dimensional behaviors are the length of the shortest and longest legs of the route (a leg
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Figure 2. Violin and quartile plots comparing distributions of: (a) number of cells in which a
solution was found for each condition; (b) number of cells in which a solution was found in the
Visible condition for participants who did not and did use the archive; and (c) shortest route
length found for each condition.
being a direct connection between two cities). These two lengths are rescaled based on the possible
legs available in the map, and discretized into a 10 × 10 archive, resulting in 100 cells. Fitness is the
length of the whole route. We do not argue that these are necessarily the best behavioral dimensions
to use, but believe they suffice for this work; determining how different behaviors impact the search
is a potential area for future work.
Information related to the MAP-Elites archive is shown in the bottom-left of the page. There is
a short description of the grid display, and an encouragement to use the grid to find different and
shorter routes. Participants can click on the grid to load routes from the archive, either by restoring
an elite or performing crossover of two elites. In this work we use a simple version of ordered
crossover (Davis, 1985). There are instructions for using the grid. The page is set up so that the
section containing the archive grid and related instructions can be hidden.
A bar along the top provides information related to Mechanical Turk (described below).

4.

STUDY

We recruited participants via a Human Intelligence Task (HIT) on Mechanical Turk. The base
payment for the HIT was $1.50. The HIT informed participants they would receive a higher bonus
for finding shorter routes; the current bonus and a bonus code (which could be entered back on the
Mechanical Turk site) were displayed at the top of the task. Notably, there was no additional direct
monetary incentive for searching the behavior space.
After accepting the HIT and agreeing to a consent page, participants were randomly assigned into
either the Visible condition, in which they could see the archive and related instructions and interact
with the archive as described above, or the Hidden condition, in which their MAP-Elites archive
and related instructions were hidden. Note that for participants in the Hidden condition the archive
was still used to track their search for analysis, even though it was not visible.
The HIT recruited 127 participants; after filtering out 1 participant who had an invalid log and 10
who did not log any routes after the initial route, we included 116 participants in the analysis (61 in
Hidden, 55 in Visible).
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Figure 3. (a-b) Density of routes found in each cell by each participant for the (a) Hidden and
(b) Visible conditions. Values are scaled within each condition so that the cell found by the most
participants is 1. Darker blue indicates relatively more routes found in that cell; white cells had
no solutions found. (c) Difference between densities (Visible − Hidden). More green or more
red indicate relatively more solutions found in that Visible or Hidden conditions, respectively;
white cells had the same density.
To test our hypotheses, we ran a Wilcoxon rank-sum test comparing participants in the two conditions for both (i) the count of archive cells in which a route was found and (ii) the length of
the shortest route found. Cell count was found to be significant (W = 1300.5, p = .037), with
an effect size of 0.194, considered a small effect size. Shortest route length was not significant
(W = 1666, p = .952). For the Hidden condition, the median and maximum cell counts were 10
and 31; for the Visible condition they were 18 and 37. Figure 2(a) shows their distributions of cell
counts. For the Hidden condition, the median and minimum shortest route lengths were 127,986
and 58,304; for the Visible condition they were 164,039 and 58,119. Figure 2(c) shows their distributions of shortest route lengths.
Although the goal of this work was not to determine if participants would be able to find the absolute
best solution, we ran an automated method for comparison. The minimum route length found using
the python_tsp package (https://pypi.org/project/python-tsp/) by 100 runs of the
solve_tsp_simulated_annealing function was 56,715. Both conditions found routes within
3% of this.
To analyze use of the archive further, we looked at participants in the Visible condition who loaded
routes from the archive. Only about half, or 47%, of participants in the Visible condition logged
loading a solution from the archive (either through restoring an elite or performing crossover). Of all
logged solutions from the Visible condition, 3.6% were restored elites and 1.1% were crossovers.
Looking at the cell counts in the Visible condition, those who did not load from the archive had
median and maximum cell counts of 10 and 32; those who did load had median and maximum cell
counts of 23 and 37. Figure 2(b) shows their distributions of cell counts. Thus it appears that when
participants were provided with the archive, interaction with it was somewhat limited, and those
who did not interact with it had similar cell counts to those who did not have the archive. However,
those who did use the archive seem to have been able to use it to search more of the behavior space.
We also looked at the distribution of logged routes found in the archive for each condition. Figure 3
shows the distribution of routes found by each player for both conditions, as well as the difference
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of the two distributions (Visible − Hidden). Participants in the Hidden condition found routes in a
total of 44 cells; those in the Visible condition found 47. Visually, it appears that participants in the
Hidden condition focused more on routes with shorter shortest legs, while those in the Visible condition searched relatively more for solutions in the top-right, with both longer shortest and longest
legs.
Although not significant, the best routes found by participants in the Visible condition were, on
average, longer than those in the Hidden condition. Potentially participants in the Visible condition
spent more effort on finding a variety of routes, rather than focusing on finding the shortest.
We found participants spent a median of 6.0 minutes on the task (after removing blocks of idle time
5 minutes or more). This results in a median pay rate of $15.00 per hour before bonuses. The
median and maximum bonuses awarded were $0.29 and $0.59. Although we did not compare times
statistically, we found that participants in the Hidden and Visible conditions spent, respectively, a
median of 7.1 minutes and 5.5 minutes. Looking further, we found that of participants in the Visible
condition, those who did not and did load from the archive spent, respectively, a median of 3.0 and
7.4 minutes. It is not necessarily clear why those who did not load in the Visible condition might
have spent less time overall, but it is possible the more complex interface discouraged them from
spending more time on the task.

5.

CONCLUSION

In this work, we examined giving participants in a human computation task access to a MAP-Elites
archive of their solutions. Our first hypothesis, that participants provided with the archive would
search more of the behavior space, was supported. There was a significant difference in the count
of cells in which a route was found, with more found when the archive was visible, on average. Our
second hypothesis, that those with the archive would find shorter routes, was not supported. We
also found, visually, that those with the archive who load routes from it search the space differently
and find more cells than those who don’t. Even without a specific incentive to do so, the archive
encouraged some participants to search the space of routes more broadly.
There are several limitations to this study that lead to directions for future work. We only examined
one instance of one problem (TSP); in the future, we would like to generalize across other problems.
It may be that the simplicity of the task limited potential differences between the two groups. We
also only looked at one set of behaviors (shortest and longest leg length); this could have impacted
the search and it is possible the outcome would have been different if different behaviors were
chosen. The results are likely also impacted by the choice of presentation and explanation of the
archive, and future work may explore different choices for this aspect of the interface.
Additionally, all search was done manually by participants, whereas MAP-Elites is usually carried
out by automated search; we would like to explore combining human and automated search. We
only explored one payment incentive; we would like to evaluate the effect of incentivizing more
exploration of the archive directly. We also only gathered and analyzed performance data, and in
the future could ask participants more qualitative questions about their experience. Finally, in this
work each participant had their own archive independent of others; it would be interesting to explore
multi-participant collaboration via the archive with a combined archive based on all solutions found
collectively.
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