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Abstract

Emerging online innovation platforms have enabled large
groups of people to collaborate and generate ideas together
in ways that were not possible before. However, these plat-
forms also introduce new challenges in helping their mem-
bers to generate diverse and high quality ideas. In this paper,
we enumerate collaboration challenges in crowd innovation:
finding inspiration for contributors from a large number of
ideas, motivating crowd to contribute to improve group un-
derstanding of the problem and solution space, and coordi-
nating collective effort to reduce redundancy and increase
quality and breadth of generated ideas. We discuss possible
solutions to this problem and present our recent work that ad-
dresses some of these challenges using techniques from hu-
man computation and machine learning.

Introduction
Innovation is a product of collective effort. In contrast to a
popular belief, innovation does not come from a few “lone
geniuses”, but arises as combinations of ideas from a di-
verse set of viewpoints and experiences of many collabo-
rating individuals (Hong and Page 2004; Krause et al. 2011;
Pentland 2014). In order to make big progress such as creat-
ing new technology, making groundbreaking scientific dis-
covery or solving challenging social problems, our society
needs to support idea exchanges between people of various
backgrounds and perspectives.

Online innovation platforms enable idea exchanges on
the scale that was not possible before. These platforms al-
low people with diverse knowledge, experience and view-
points to share their ideas and get inspired by ideas of
others to solve problems together without the limitation of
physical location or fields of expertise. Existing communi-
ties from various domains, like OpenIDEO (openideo.com)
where people propose solutions to social problems, have al-
ready attracted large numbers of users, many of whom con-
tribute ideas. The promise of these online communities is
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that participants will benefit from exposure to others’ ideas
and, thus inspired, will generate better and more diverse so-
lutions than they would have otherwise.

However, large-scale online innovation platforms also
pose new challenges that prevent the crowd to effectively
generate ideas together. The large number of ideas makes it
difficult for a community member to find non-redundant in-
spiring ideas. Community members have to sift through a lot
of ideas with no effective way to discover the ideas they find
inspiring.

Moreover, there is no mechanism to coordinate effort
among individual contributors. Crowd innovation is an ex-
treme instance of loosely coupled teamwork: the individual
contributors work mostly alone, but in order to contribute
productively they should have an awareness of the overall
shape of the solution space explored so far. As no effec-
tive methods exist yet to provide crowd innovators with such
awareness, the individual contributors either ignore the work
of others or are overwhelmed by a sea of mostly mundane
and redundant ideas, which form the majority of the idea
corpus (Ward et al. 2002). While current research on crowd
innovation builds largely on cognitive, social and emotional
mechanisms specific to creativity, an urgent need exists to
bring teamwork-related insights to crowd innovation.

Instead of each participant starting de novo and rediscov-
ering the same few obvious ideas as everybody else, ideal
systems would provide individual contributors with just the
right awareness of what others have done and with just the
right inspiration to help them contribute to promising, but
still under-explored parts of the solution space. An ideal sys-
tem would limit redundancy and instead appropriately coor-
dinate the individual efforts to ensure both breadth and depth
in the exploration of the solution space.

In this paper, we enumerate the challenges faced by cre-
ative crowd, share our recent and current work in addressing
some of these challenges, and discuss future solutions that
pull insights and methods from HCI, AI and social science.
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Challenges for collaborative idea generation
Finding inspiring ideas
Online innovation platforms host large corpus of ideas that
act as a medium for contributors to exchange ideas by see-
ing ideas of each other. While the size of large corpus of
ideas presents more possibility of idea exchanges to pro-
duce new ideas, not all idea exchanges yield high quality
or novel ideas. Instead, a large idea corpus forces ideators to
sift through a large number of ideas before finding a variety
of inspiring ones. To effectively generate diverse and high
quality ideas, crowd innovation platforms should encourage
idea exchanges that are most likely to improve the overall
quality and diversity of the community. This challenge is
similar to information sharing problem when resources are
limited.

Exposing contributors to a large number of ideas can both
benefit or harm their creative output. On the one hand, see-
ing a lot of uninspiring redundant ideas can fixate contrib-
utors to unfruitful ideation (Jansson and Smith 1991; Kohn
and Smith 2011; Smith, Ward, and Schumacher 1993). On
the other hand, if contributors see a set of ideas that are both
diverse and of high quality, they are more likely to generate
creative and diverse ideas (Marsh, Landau, and Hicks 1996;
Siangliulue et al. 2015; Nijstad, Stroebe, and Lodewijkx
2002). Hence, a crowd innovation support system should
carefully select ideas to avoid fixating contributors on bad
ideas and promote good ideas.

To maximize the gain from a large corpus of ideas, the
system should be able to help people find ideas that are
diverse and inspiring. In other words, we need a synthe-
sis that helps the system understand the whole knowledge
space. One naive approach is to use human curators. How-
ever, previous innovations has shown that this is actually
hard to do when the number of ideas grows large. During
Google’s Project 10100 $10M innovation challenge, for ex-
ample, the company had to recruit 3,000 of their employees
to prune 150,000 ideas received from the crowd, pushing the
project nine months behind schedule. In another setting, the
change.gov web site was shut down prematurely because the
staff could not process the incoming ideas fast enough.

In our recent work, we develop a method that helps syn-
thesize the solution space using techniques in machine learn-
ing and human computation. By cleverly outsourcing mi-
crotask to external crowd, we can derive a synthesis of
solution space that the system can use to help identify a
set of inspiring and diverse ideas from others. When cou-
pling this method with existing techniques that can scal-
ably evaluate quality of ideas (Salganik and Levy 2012; Yu
and Nickerson 2011; Tanaka, Sakamoto, and Kusumi 2011;
Xu and Bailey 2012), we can use this synthesized solution
space to help each contributor find a variety of high quality
ideas for inspiration.

Motivating contribution to improve group
understanding of the solution space
A synthesis of solution space can guide individual idea
exploration through aptly selected inspirations and give
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Figure 1: An example of idea map of for a new micro-task
market platform generated from contributor’s similarity be-
tween ideas using our algorithm. Similar ideas are placed
close to each other while dissimilar ideas are placed far from
each other. The red arrows point to emerged clusters of ideas
around different topics.

the crowd a big picture of various promising ideas to ex-
plore. This synthesis is usually generated by humans be-
cause automated topic analysis tools often fail to capture
complex nuances of high-dimensional data that are mean-
ingful to humans (Chang et al. 2009). This is a potential
burden on the large community where the number of hu-
man judgement required grows with the number of ideas.
Asking community members to do micro-tasks that pro-
vide information to create a synthesis (Chilton et al. 2013;
André, Kittur, and Dow 2014; Siangliulue et al. 2015) can
detract from their work, taking up time for idea generations.
Moreover, most of these micro-tasks are tedious activities
that people do not want to spend time on. While outsourcing
the work can be a solution in some cases, some tasks require
certain expertise or credentials from the human judges and,
thus, cannot be outsourced to popular micro-task market.

We are exploring “organic” human computation ap-
proach, where we get all the potentially tedious human in-
put as a byproduct of the activities people would like to do,
and we use this organic input to manage information sharing
in crowd innovation. For example, we observed that people
usually arrange their ideas spatially to make senses of the
problem and solution space during idea generation. We have
prototyped an approach to harvest this computational sig-
nal in our idea generation system called IdeaHound 2. Idea-
Hound’s user interface makes it convenient for users to spa-
tially organize ideas on a large canvas. The system combines
the spatial relationships created by all contributors into an
aggregated low-dimensional embedding of all ideas, where
distances between ideas correspond to their semantic dif-
ferences. This is a coarse representation, but sufficient for
IdeaHound to offer diverse inspirational examples to sub-
sequent contributors (which in turn, inspires more diverse
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Figure 2: Data collection flow in IDEAHOUND: 1) IDEA-
HOUND collects information about semantic relationships
between ideas from all users and use them to synthesize a
global idea map with semantic relationships betweens all
ideas. 2) A user can request to see a set of ideas by others
for inspiration. 3) IDEAHOUND consults the idea map and
selects a set of diverse ideas for the user.

ideas (Siangliulue et al. 2015)).
This preliminary work demonstrates that organic human

computation can overcome resource limitations, but also
leaves open key questions to explore. For example, what
other synthesis information—such as labeled attributes,
analogies, or constraints within the solution space—can we
harvest organically during ideation? How can we amplify
human judgements with judicious use of machine learning?
We plan to further explore different solutions for these chal-
lenges through iterative design, grounded in careful evalu-
ation of the human computation tasks’ impact on ideators’
cognitive resources and motivation.

Coordinating crowd effort
Beyond increasing individual creativity, successful collabo-
rative ideation involves coordinated exploration of the solu-
tion space. The system should help contributors avoid du-
plicating the efforts of others or going down solution paths
known to be dead ends. It should support and encourage
parallel explorations of promising, but non-obvious solution
paths. How can we influence the individual creative efforts
such that they contribute to a coordinated and systematic ex-
ploration of the solution space? What is the most effective
method for directing an individual’s creative effort toward
a particularly promising part of the solution space? Could
we induce “productive” design fixation by carefully curating
the inspirational examples we present to the contributor? Or
should we instead explicitly suggest an attribute of the so-
lution space to explore? Or should we present the contribu-
tor with a glanceable representation of the evolving solution
space in hopes that ideators will gravitate towards promis-
ing, but relatively unexplored solution paths?

One possible approach is to automatically identify the
parts of the solution space that have not been explored as
much as others and direct more people to generate ideas
in those unexplored regions of the space. An algorithm
can help the community decide whether the contributors
should focus on generating ideas related to particular top-
ics or exploring new ones. This mechanism can be inte-

grated into a system as a form of an explicit todo list (Zhang
et al. 2012) or as a subtle nudge through judicious selec-
tion of inspirational examples. The most effective mecha-
nisms will quite likely depend on the stage of ideation pro-
cess (early exploration or later refinement), and the ideator’s
cognitive state. To effectively intervene, we need to under-
stand how the form of a nudge (e.g., showing examples
or attributes)—in combination with key contextual factors
(e.g., stage of ideation process, cognitive state of individual,
etc.)—influences key ideation process and outcome mea-
sures (e.g., diversity or depth of ideas generated) and inter-
acts with ideators’ limited attentional resources and motiva-
tion to participate. We need to conduct more empirical stud-
ies to understand how to optimally help people in different
states. The findings can then guide us on designing systems
that empower motivated individuals and direct their partici-
pation towards activities that will improve the overall quality
and diversity of ideas.

Another mechanism is to provide an overview of the com-
munity’s idea generation along with a way for contributors
to communicate so that contributors do not interfere with
each other. The overview of the community’s idea explo-
ration can give people a sense of promising parts of solu-
tion space that are underexplored. A contributor can state
the parts they want to generate ideas for and the system will
update this information to other contributors to avoid du-
plicate work. These indirect communications happen in a
lightweight fashion with an overview synthesis that keeps
everyone informed of the progress and current actions of the
group.

So far we have discussed idea generation for singu-
lar problems where the proposed ideas address the whole
problem. However, real-world problems usually involves
many interdependent sub-problems. How can we utilize the
strength of crowd so that they generate multiple good solu-
tions for each sub-problem in parallel? The challenges are
1) dividing the problem into manageable sub-problems and
2) integrating appropriate solutions to sub-problems to make
up complete solutions.

The first challenge—dividing problems into smaller
ones—lies in finding the right division of problems. One
can divide a problem into parts before generating ideas for
each based on the existing knowledge of the problem do-
main. However, the resulting division can be arbitrary and
end up introducing complexity to the process (Alexander
1964). For example, in generating ideas for a web applica-
tion, it is possible to divide sub-problems by implementa-
tion (e.g. aesthetic, input methods) instead of a better divi-
sion by functionality (e.g. login experience, shopping cart).
An ideal sub-problem division should produce a set of sub-
problems that are small enough for an individual and are
relatively independent of each other to minimize the com-
munication cost between sub-components. We are explor-
ing an approach that detects an appropriate division of prob-
lem from the crowd’s initial idea generation. At the begin-
ning of idea generation, people usually generate incomplete
ideas (Goel 1995). These incomplete ideas can be comple-
mented by other incomplete ones. The complimenting ideas
show natural sub-components that make up the whole solu-
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tions.
The second challenge—integrating appropriate

solutions—lies in communication between people working
on different sub-problems. The system should ensure
that, the generated ideas for different components are
complement to each other. This process would involve
communication between sub-problems that depend on each
other. For example, in a challenge to find solutions for
water transportation in a developing country, a contributor
who designs a water container should be aware of the ideas
for transportation mechanisms generated by others. How-
ever, communication is expensive and there are different
mechanisms to exchange information.

While some people find it helpful to directly communicate
with others to work on complement solutions in parallel,
others just need to know the scope of available solutions for
other sub-problems that would allow them to generate ideas
that complement other components. An ideal system should
be able to identify appropriate means of communication and
adapt accordingly. Direct communication requires more ef-
fort, time and attention but can help team establish common
understanding quicker. A system can help contributors form
small teams based on their experience, interests, and cur-
rent components they are working on. Indirect communi-
cation is a light-weighted channel where the system infers
relevant information to send to people working on related
sub-problems. We are investigating mechanisms of informa-
tion exchanges in a loosely coupled fashion in a large scale
idea generation context. One possible approach is to extract
shared dependent attributes of concern between components
and present them to related individuals. A contributor will
only see only a range of attributes that are related to the sub-
problem they are solving instead of having to navigate to all
available attributes that do not affect their solution.

Conclusion

Crowd innovation is an emerging paradigm that leverages
quantity and diversity of contributors to generate ideas in a
way that was not possible before. The rising challenges of
crowd innovation can be addressed with insights and meth-
ods from various fields including HCI, AI and social science.
This paper enumerates some of these challenges, namely,
helping people find inspiring ideas from a big collection,
motivating people to contribute to improve collective un-
derstanding of the solution space, and coordinating effort
of contributors. We share our recent and current work that
address these challenges. However, more importantly, we
would like this paper to be a starting point for discussion
from experts in various fields on how to address this prob-
lem together.

Acknowledgements

This work was funded in part by a Sloan Research Fel-
lowship, gifts from Google and Adobe, a Nuance Founda-
tion grant and awards from the National Science Foundation
(IIS-1208382, IIS-1217096, and IIS-1122206).

References
Alexander, C. 1964. Notes on the Synthesis of Form, vol-
ume 5. Harvard University Press.
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