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“Lab Test”:
Performance 
evaluation 

�R[MR(�R, A), A]
in confined and 

controlled 
environment 
at cost clab .

“Market Test”:
Performance 
evaluation 

� [M (�, A), A]
in full user 

environment 
at cost cmarket .









Source: Gavetti and Levinthal, 2000
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Average probability (over 100 landscapes) that the maximum 
value found in a given number of parallel searches (from 
random starting points) is within 1 % of the global maximum.
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Action Ambiguity
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Learning Selectionism

Parallel search costs have been taken out of the performance comparison - it is “net of costs”. 
However, costs still play an indirect role by influencing the optimal number of selectionist
runs. We have assumed the lowest cost in our range (c=0.0005) to make the comparison most 
favorable to selectionism (more runs increase the expected performance of the best run; 
because of concavity, an even lower cost ceases to improve the selectionist performance).
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Selectionism with
Lab Evaluation

Selectionism with
Market Evaluation

As complexity is varied via network size, the performance (cost of the tour) is 
not comparable in absolute terms across different complexity levels.  Thus, 
we normalize the performance (average over 100 runs in 100 networks) of the 
learning approach, and compare selectionism in relative terms.
(The differences in tour costs from 25 to 40 cities for both selectionist curves are not statistically 
significant.)







Structured causal 
mapping available
from actions to 
performance (TSP)

No structured 
causal mapping 
available from 
actions to perform-
ance (NK-Model)

Trial evaluation of 
true performance 
available (market 
tests, action 
ambiguity)

Trial evaluation 
available only in 
projected landscape 
(lab tests)

(All comparisons between learning and selectionism are net of search cost)

• Learning performs better 
than selectionism

• Advantage increases with 
complexity

• Optimal number of 
selectionist trials may 
decrease with complexity

• Learning performs 
better than selectionism

• Advantage diminishes 
with increasing 
complexity but does not 
disappear

• Learning performs 
better in the case of 
low complexity

• Advantage vanishes 
with increasing 
complexity levels

• Learning performs as 
well as selectionism 
for unk unks

• Learning performs 
worse for action 
ambiguity








