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This research explores the adaptive pur-
pose of valuing "novelty for its own
sake" using computer simulations of the

One reason we study creativity is to reproduce the

, , Equating appropriateness with the overall "goodness" of an idea, how can novelty and
success of creative people and ideas.

appropriateness be related?

The definition of creativity we use will influence If something is unusually good, then it must be novel -- otherwise, it would have been human creative process.
our behavior in the creative process. found before, and we wouldn't consider its goodness unusual.

If something is novel but worse than other ideas, This work is inspired by metaheuristic
Typically creativity is defined as "novel and appro- then it would not be considered creative. optimization in general, and simulated
priate," though in practice this is interpreted as "as annealing in particular.

If something is novel but no better or worse than prior ideas, then pursuing it incurs (a)
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NOVEL a5 POSSIDIE, 50 10NG 45 dppropriate opportunity costs, (b) costs to change approach, and (c) the risk of failure--with no gain.

However, the simulations are intended

It is thus important for researchers to ask whether Despite these costs, we pursue ideas that are novel but no better than what came before, ~ to model psychological processes, not
this definition will lead to creative success. and so the question becomes why it is adaptive to do so. to be an optimization algorithm, per se.

Simulation Design | | | Evaluate Rules for Experiment 1
, , , _ Iterations < 1, ConsecutiveRejects < 0
Model the creative process as the iterative generation T — Ty, AcceptsSince Adjustment — 0 Random Walk random choice, Random()
of rand(.)m‘ variations, and the selective retention of X < RandomPoint(), Qy — (X), Qg — (G(X)) Novelty Only most novel, 5
one variation (after Campbell, 1960). See algorithm. while Iterations < 1000 A ConsecutiveRejects < 120 do i
N RandomNeighbors(X, 5) Novelty gnd Appropriateness highest sum pf novelty and appropriateness, G + D/20 (Di-
Use Kauffman NK landscapes as the problem domain G + DecayingAverage(Q.) \;:/de'rr;gg : ;\ézl(;{]s;i? : ; ;istt(gengerage distance between two points (/2 = 10) equal to the
since, like problems that creators face, they have X' «— argmax,,_ nEvaluate(G(X"), G, o
many local optima and interdependencies. DecayingDistance(X"”,Qy),7)  Appropriateness Only most appropriate point, ¢
if X’ = X then
Fach possible solution is an N-bit string. For ConsecutiveRejects < ConsecutiveRejects + 1 Evaluate Rules for Experiment 2
. o o . . . _ else
Varlathn'. H5€ Smgle bit mmatlons. Test the adaptlve. X — X! Approp. and Temperature-Varying Novelty highest weighted sum of novelty and appropri-
ness of dlfferedn];[fways tOllnterpret Inovel and éllpproprl— - viveReiect 0 ateness, where the weight for novelty declines with temperature, G + T - D
ate by trying different selection rules. See rules. ONSECULLVENE]ECLS =
AcceptsSince Adjustment
. L . - - Evaluate Rules for Experiment 3
Model novelty with Hamming distance, taking a de- 1 ? Acceptsiince Adjustment + 1 P
end i

Threshold Appropriateness most novel point, so long asiit exceeds the decaying average of
Qy «—Qx- <X>/ Qs — Q¢ <G(X)> appropriateness, if G < G then 0 else D
if AcceptsSinceAdjustment = 20 then

T «— a-T, AcceptsSince Adjustment < 0

caying average of previously visited points to simulate
exponential decay in human memory. Model appro-

priateness with goodness (a.k.a. fitness).
Evaluate Rules for Experiment 4

, , , end if
Please refpr fo the ad/.ac.e nt list of rules when rea.d NG [terations < Iterations + 1 Approp. and Temperature-Varying Randomness highest weighted sum of novelty and a ran-
the experiment descriptions. Results represent simula- end while dom number, where the weight for the random number declines with temperature,
tion on five different landscapes with 100 runs each. G + T - Random()

Exp. 1: How well do simple combinations of novelty and appropriateness work? Exp. 2: Does decreasing novelty's importance over time lead to convergence at better points?

Novelty alone is the same as Modify the weighted sum rule by reducing novelty's importance over time according to a geometri-

pure randomness, and appro- cally-decreasing "temperature" parameter.
priateness alone is the same

as hill climbing. Test different starting values (T,) and reduction coefficients (&) -- temperature reduces after 20
changes are accepted.

Considering novelty is always
worse than hill climbing, sug-
gesting novelty has no value.

Mg (SD¢g) To = 0.05 To = 0.10 To = 0.20 To = 0.40
.80 0.7590 (0.0239) 0.7575 (0.0262)  0.7601 (0.0242)  0.7591 (0.0241)
.85 0.7626 (0.0241) 0.7620 (0.0242)  0.7623 (0.0229)  0.7628 (0.0243)
.90 0.7645% (0.02345) 0.7649° (0.02265) 0.7626 (0.0232;)  0.7590 (0.0263)
95 0.75881 (0.0276)  0.7361 (0.0354)  0.7015 (0.0410)  0.66975 (0.0489°)
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However, considering novelty 1 z

1Q] | | | | |
helps the search visit better Random Novelty Novelty &  Approp. Hill

gOlntS < maxtol) st e —S?lcy} %p. S—r{]l;y} simeing This rule improves performance, though it is important to choose the right adjustment schedule --
oesn't converge. max(Gl = maxiGl=  max(G} =

685 777 706 this cannot be known ex ante, which is a vulnerability of this definition.

Exp. 3: Can "novel, so long as appropriate" overcome the need for a cooling schedule? Exp. 4: Is considering novelty any better than just making random choices?

Attempt to reduce the need for ex Replace novelty in the temperature-based rule
ante knowledge and change over time with a random number generator, simulating
by accepting the most novel point, so T the effect of making quasi-random selections.
long as it is as appropriate as the de- [ :
caying average of recent points.

Landscape Testing several different parameters for the

B N=20,K=5 random number generator, the novelty-based

Though this simpler rule does outper- A N=20,K=10 temperature rule is still better, though the dif-

form hill-climbing, it is both worse 1 ® N=20,K=15 ference is negligible.

and less consistent than the tempera- { 1 1

ture-based rule. - This suggests that novelty is uncorrelated with '_ Ueng Usrg Liie |

Hil Y Torboomtire-. | goodness, and that one adaptive pur- ibing Fandom Random Random /78

o | Climbing  Threshold Temperature eventua 8000 S5 . P P | Climbing 533 5 (2) 3 (1) Novelty

This difference is more pronounced as Approp. . Varying Nov. pose of considering novelty for its own sake is

the problem becomes more COmpleX, to introduce ”judicious randomneSS.” This experiment was conducted after the Proceedings submission

deadline, and so is not reported in the paper.
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