
Toward 

Leveraging ideas from others to generate more 
creative and diverse ideas

Pao Siangliulue (Harvard SEAS) 
Kenneth C. Arnold (Harvard SEAS) 
Krzysztof Z. Gajos (Harvard SEAS) 
Steven P. Dow (CMU)

Collaborative Ideation at Scale



“The notion of ideas as 
this singular thing is a 

fundamental flaw. 
There are so many 

ideas that what you 
need is that group 

behaving creatively.”

- Ed Catmull





How can these ideas help 
inspire other people?



 90% of everything is crap.
- Theodore Sturgeon



Where are my inspirations?



People are easily influenced by ideas 
they encounter 

- Fixation effects [Jansson et al. 1991, Smith et al. 1993, 
Marsh et al. 1996, Kohn et al. 2011]

- Diverse in, diverse out [Nijstad et al. 2002]

- Creative in, creative out [Marsh et al. 1996]



From a large pool of ideas,  
how do we identify a set of ideas that 
are both creative and diverse?

Our research question

• Numerical scales [Tanaka et al. 
2011, Yu et al. 2011] 

• Thumbs-up / Thumbs-down 
[Xu et al. 2012] 

• Pairwise ranking [Salganik et al. 
2012] 



From a large pool of ideas,  
how do we identify a set of ideas that 
are both creative and diverse?

Our research question

• Crowd-created taxonomy 
[Chilton et al. 2013] 

• Semantic labels/categories 
[Andre ́ et al. 2014, Chilton et al. 2014] { }Batch processing



Our work

An efficient and scalable method, based on 
machine learning and crowdsourcing, that can 
identify diverse sets of ideas from a large pool

1.

Empirical evaluation of the method demonstrating 
its effectiveness in inspiring diverse ideas 

2.

dynamic idea processing instead of batch 
processing

linear human effort







1. Our method: 
Generate an idea map



You are about 2 candles 
away from a fire hazard.

“Have a very merry 
birthday, Mary!”

“Happy birthday!”

Evaluating all pairs requires O(n2) human judgements. 



Approximate relationship between ideas

(a1, b1, c1)

(a2, b2, c2)

(an, bn, cn)

. .
 .

t-STE



Adaptively selecting queries that give 
the most information

(a1, b1, c1)

(a2, b2, c2)

(an, bn, cn)

. .
 .

t-STE

Next best question: ask whether (a, b, c)?

Adaptive crowd  
kernel learning



Candles

Half century

Generic



Example of a set with low diversity

“Happy 
Birthday!”

“Wishing you a 
happy birthday!” 

“May the second 50 be 
as good as the first one!”



“Time for Mary to 
start rolling down 

the hill!”  

“You have been 
one of a kind. 

Happy Birthday!”  

“Have a fiery 
birthday bash!”

Example of a set with high diversity



2. Empirical evaluation:
Do diverse set of examples 
sampled by our method 
actually inspire diverse ideas?



Main hypothesis 

Automatically selected 
diverse examples

Diverse set of 
ideas



Experiment: procedure



Experiment: procedure



Experiment: design
2 X 2 between-subject design with a baseline 

Creativity of examples 

Diversity of examples (our method):
- Low diversity 
- High diversity



Experiment: design
2 X 2 between-subject design with a baseline 

Creativity of examples 

Diversity of examples (our method):
- Low diversity 
- High diversity

Baseline: No examples



Experiment: measure

Diversity of generated ideas:
- Assessed by Amazon MTurk workers 
- Rate similarity of pair of ideas on a scale of 1 

(not at all similar) to 7 (very similar)



Experiment: Participants

127 participants recruited from Amazon MTurk 
generated 723 ideas. 



Result
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People generate more diverse ideas
from a diverse set of examples.

F(1,56)=2.26, p = 0.028  

*



Results

Automatically selected 
diverse examples

Diverse set of 
ideas



How did participants use 
the given examples?



Add a new spin on an example 

“How many firefighters does it 
take to put out fifty candles?”

“Get ready to call the fire 
department, we are about to 
light the 50 candles!!” 



Combine ideas from more than one 
examples

“We were worried 
you wouldn’t be 
home on time, so we 
set your kitchen on 
fire.” 

“Remember, blow out 
the candles on your 
cake, don’t use the 
hydrant!”

“Mary! That’s a lot of candles! If the 
place catches on fire, at least we 
won’t have to call anyone!” 



Surface borrowing

“Mary you could rescue me 
any day!”

“mary you could put out 
fires for me any day”



Q: Did people just imitate 
the examples given to 
them?



How fixated participants were 
to given examples?

For each generated idea, look at the example that 
is most similar.

In the baseline condition, measure self-fixation.
For each new ideas, look at the prior ideas that is 
most similar



Participants who saw examples with 
high diversity fixated less.
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t(46)=2.30, p=0.0260  



Q: Did people just imitate 
the examples given to 
them?
A: No



Toward future collective idea generation 
systems



Contributions
We developed a scalable approach that identifies diverse 
sets of ideas from a large pool.

We showed that this scalable approach can be used to 
nudge people to generate more diverse ideas.
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