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We used computer simulations to examine the role and 
interrelationship between search processes that are for- 
ward-looking, based on actors' cognitive map of action- 
outcome linkages, and those that are backward-looking, 
or experience based. Cognition was modeled as a simple, 
low-dimensional representation of a more complex, high- 
er dimensional fitness landscape. Results show that, 
although crude, these representations still act as a power- 
ful guide to initial search efforts and usefully constrain 
the direction of subsequent experiential search. Changing 
a cognitive representation itself can act as an important 
mode of adaptation, effectively resulting in the sequential 
allocation of attention to different facets of the environ- 
ment. This virtue of shifting cognitive representation, 
however, may be offset by the loss of tacit knowledge 
associated with the prior cognitional 

The notion of bounded rationality (Simon, 1955) has been a 
cornerstone of organizational research (March and Simon, 
1958; Cyert and March, 1963) and a basis for two distinct 
intellectual lineages. One is a perspective focusing on organi- 
zational learning (Levitt and March, 1988), especially ideas of 
local search (Cyert and March, 1963) and the evolution of rel- 
atively stable organizational routines (Nelson and Winter, 
1982). Such routines reflect experiential wisdom in that they 
are the outcome of trial and error learning and the selection 
and retention of prior behaviors. Although bounded rationality 
highlights the importance of information-processing con- 
straints, as reflected in the role of organizational routines and 
standard operating procedures (March and Simon, 1958; 
Cyert and March, 1963), it does not negate the possibility of 
action based on a logic of consequences (March, 1994). 
Indeed, the notion of bounded rationality has helped spawn a 
second research tradition that focuses on individuals as 
explicitly considering the possible consequences of the choic- 
es they make (March and Simon, 1958; Simon, 1991). In this 
tradition, bounded rationality is manifest primarily in the limit- 
ed or imperfect cognitive representations that actors use to 
form mental models of their environment (Thagard, 1996). 
Such representations both simplify the complexity of spatial 
relationships (Porac, Thomas, and Baden-Fuller, 1989), the 
interaction among choices and actors at a point in time, and 
temporal or causal relationships (Weick, 1979). Cognitive rep- 
resentations have been shown to be a critical determinant of 
managerial choice and action (Tversky and Kahneman, 1986; 
Huff, 1990; Fiol and Huff, 1992; Walsh, 1995); in particular, a 
firm's choice of strategy is often a by-product of actors' rep- 
resentation of their problem space (Simon, 1991). 

In terms of figure 1, cognitive and experiential based logics 
of choice can be distinguished as follows. Cognition is a for- 
ward-looking form of intelligence that is premised on an 
actor's beliefs about the linkage between the choice of 
actions and the subsequent impact of those actions on out- 
comes. Such beliefs derive from the actor's mental model of 
the world (Holland et al., 1986). Greater fidelity between the 
mental model of action-outcome linkages presumably leads 
to more efficacious choices of action. 
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Figure 1. Intelligence of action. 
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In contrast, experiential wisdom accumulates as a result of 
positive and negative reinforcement of prior choices (Levitt 
and March, 1988). Choices that have led to what are encod- 
ed as positive outcomes are reinforced, while the propensity 
to engage in actions that have led to negative outcomes is 
diminished. In this sense, experiential learning offers a form 
of backward-looking wisdom. In addition, the cognition-the 
belief about action-outcome linkages-itself may change as a 
result of prior experiences (Louis and Sutton, 1991). Thus, 
efforts at sensemaking (Weick, 1995) can be interpreted as a 
higher-order form of experiential learning. 

Although prior work has addressed how experience may lead 
to changes in cognitive representations (Louis and Sutton, 
1991; Weick, 1995), few scholars have addressed the oppo- 
site, how cognition influences subsequent processes of 
experiential learning. Understanding this linkage is important 
not only for addressing the general question of how cognitive 
representations affect choice processes but also for exploring 
the consequences of cognitive change on the cumulated tacit 
knowledge that has built up through experiential learning. We 
provide a formal basis for addressing such issues by develop- 
ing a simulation model that jointly examines a forward-look- 
ing logic premised on simplified representations of the 
actors' world and a backward-looking logic premised on expe- 
riential wisdom. In doing so, we address some important 
substantive questions, as well as link two formerly disparate 
literatures that have stemmed from the notion of bounded 
rationality. 

COGNITIVE AND EXPERIENCE-BASED CHOICE 

Three basic properties distinguish cognitive from experiential- 
based choice: the mode of evaluation of alternatives, the 
extensiveness of alternatives considered, and the location of 
these alternatives relative to current behavior. Perhaps the 
most central element of these three dimensions is the 
process by which possible alternatives are evaluated. Cogni- 
tion permits the assessment of alternatives "off-line" (Lipp- 
man and McCall, 1976), that is, actors need not engage in an 
activity in order to evaluate it. Actors evaluate alternatives 
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1 
For the moment, we are ignoring issues 
of population-level learning (Miner and 
Haunschild, 1995) and vicarious learning 
(March, Sproull, and Tamuz, 1991), 
though we return to these issues later. 

2 
Thus, for our purposes, the terms for- 
ward-looking, cognitive-based choice, and 
off-line evaluation are equivalent. They all 
indicate that choice is based on some 
mental model or cognitive representation 
that suggests the outcomes associated 
with a proposed action. The terms experi- 
ential, backward-looking, and on-line eval- 
uation are similarly equivalent. They all 
refer to choice processes in which knowl- 
edge of the linkage between actions and 
outcomes is derived on the basis of 
actions taken. 

Cognitive and Experiential Search 

based on their understanding of the world and the probable 
consequences of engaging in the proposed behaviors. The 
standard image of business planning corresponds to notions 
of off-line search-analysts with yellow pads and spread- 
sheets comparing a set of alternatives for their financial impli- 
cations. Conversely, experiential processes inherently require 
at least partial implementation of an alternative in order to 
evaluate its efficacy, making them "on-line" evaluation mech- 
anisms (Lippman and McCall, 1976).1 Actions are tried, their 
outcomes experienced, and subsequent revisions to the prior 
actions may occur (Levitt and March, 1988). 

Forward-looking cognitive-based choice processes also tend 
to differ from feedback-based, experiential processes in the 
extensiveness of the set of alternatives considered. At the 
extreme, an experiential process implies that only one alter- 
native at a time may be explored, such that alternatives are 
explored sequentially. In contrast, an off-line, cognitive 
process may invoke a broad set of alternative actions. Finally, 
independent of the extensiveness of the set of alternatives 
that is considered is the question of the degree to which 
these alternatives differ both from the organization's current 
behavior and from each other. The risk of experimentation 
with alternatives that differ substantially from current behav- 
ior may be intimately tied to the way possible alternatives are 
evaluated. 

Figure 2 provides a pictorial representation of different choice 
processes. The classic model of rational decision making can 
be positioned in this space as corresponding to the off-line 
evaluation of the whole set of alternatives, both local and dis- 
tant. A simplified cognitive representation also permits the 
off-line evaluation of alternatives both local and distant; how- 
ever, due to the simplification inherent in such a representa- 
tion, the set of alternatives considered is likely to be less 
extensive than in the rational model and to be less precisely 
characterized. In contrast, processes of local experimentation 
(Cyert and March, 1963; Nelson and Winter, 1982) are exam- 
ples of on-line evaluation. The alternative is explored through 
actual experience, rather than putatively in the form of a 
mental model (Johnson-Laird, 1983; Holland et al., 1986). 
Typically, experiential search (i.e., a process of on-line experi- 
mentation with a modest set of alternatives) is viewed as 
being focused on the neighborhood of current activity (March 
and Simon, 1958; Cyert and March, 1963). The process of 
logical incrementalism (Quinn, 1980), while also focused on a 
small set of alternatives in the near-neighborhood of current 
action, involves the off-line evaluation of these alternatives. 

The impact of alternative sampling strategies varies dramati- 
cally depending on whether the evaluation mechanism is one 
of on-line experimentation or off-line cognition. If the evalua- 
tion of alternatives is off-line, then variation in the sample is 
generally an attractive property. If low-outcome draws can be 
costlessly discarded, then greater variance in the sample, 
holding the mean constant, increases the expected value of 
those draws that are adopted. This is the basic intuition 
behind the recent interest in the idea of "real options" in the 
business strategy literature (Bowman and Hurry, 1993). In a 
process of on-line experimentation, however, such variation 
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Figure 2. Choice processes. 
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may prove fatal because the actor experiences the conse- 
quences of each experimental draw. Consequently, neighbor- 
hood search, searching among alternative actions in close 
proximity to current behavior (March and Simon, 1958), is an 
important mechanism of on-line search. Alternative actions in 
the immediate neighborhood of the current behaviors are not 
likely to vary greatly in their efficacy from the current perfor- 
mance. As a result, there is typically not tremendous risk 
associated with experimenting with such alternatives, even 
though these alternatives represent some variation in action 
and, consequently, in performance. Therefore, neighborhood 
search represents a balance of the need to exploit the cur- 
rent wisdom associated with existing actions while, at the 
same time, engaging in some degree of search (i.e., explo- 
ration) for superior alternatives. 

Of course, the clear distinction made in the theoretical litera- 
ture between on-line and off-line search (Lippman and 
McCall, 1976) is often blurred in actual practice. Manufactur- 
ers of new airframes not only engage in ex-ante, off-line eval- 
uation of possible new alternatives in the form of computer 
simulations of the aerodynamic properties of the proposed 
forms but also test prototypes in wind tunnels. Wind tunnels, 
test marketing, and experimental plants represent partial, on- 
line experimentation. Real economic activity is at stake in 
these trials. A full commitment of resources, however, is not 
at stake-no airline passengers are at risk in the wind tunnel, 
nor are overall sales in danger as an outcome of a marketing 
experiment with couponing in a particular region. Neverthe- 
less, this distinction between on-line and off-line experimen- 
tation is a powerful one, and for simplicity in modeling, we 
treat it as being dichotomous. We model an off-line, or cogni- 
tive, choice process based on a simplified representation of 
the problem space. We also model experiential search as a 
process in which alternatives are evaluated as the result of 
on-line experimentation; furthermore, we postulate a sam- 
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pling strategy of neighborhood search consistent with such 
an evaluation mechanism. 

Cognitive Representations 
As boundedly rational actors, we cannot envision the full set 
of alternatives available to us, nor can we completely specify 
the causal linkages between possible alternative actions and 
possible outcomes. Our attempts to do so are limited by 
both the vast number of potentially relevant policy variables 
and the complex set of interrelationships among these vari- 
ables. Halford et al. (1994) found that the most complex sta- 
tistical relation that individuals can process in working memo- 
ry is a three-way interaction (i.e., three independent variables 
and one dependent variable, for a total of four dimensions). 
As a result, behavior is often driven by simplified representa- 
tions based on implicit theories of the world (Kelley, 1971; 
Argyris and Schon, 1978). A critical element of expertise is 
the divergence in experts' representation of a problem (or 
solution) space from that of novices (Chi, Feltovich, and 
Glaser, 1981). 

The intelligence of choice processes is driven not only by the 
intelligence of the representation that actors use but also by 
the computational procedures or algorithms used to identify 
an action, given a representation (Thagard, 1996). Models of 
rational choice focus on a particular computational algorithm 
of choosing the action that maximizes one's payoff. The 
behavioral inaccuracy of rational choice models, however, 
may have less to do with the inappropriateness of the algo- 
rithm-choose the best alternative-than with the assump- 
tion that actors apply that algorithm to the actual problem 
representation (Camerer, 1997). Therefore, we assume that, 
given a representation of their environment, actors are able 
to identify the most attractive action in their simplified cogni- 
tive space. 

Translating cognition into behavior. The choice of action 
based on a given representation, however, does not fully 
characterize behavior. As a result, it is necessary to specify 
how an incomplete cognition is expressed in terms of actual 
behaviors. For instance, a management construct such as 
lean production does not fully specify the particular actions 
that should be taken on the shop floor or in dealing with sup- 
pliers, although it does offer some guiding principles for 
these issues. As a result, as such concepts diffuse, they may 
play out rather differently in different contexts (Zbaracki, 
1998). As characterized by the cognitive representation, an 
alternative may be considered to be a template, or outline, of 
a possible action. Conceptually, there seem to be two basic 
mechanisms that flesh out such a template. One is the exist- 
ing set of routines and behaviors of the organization. These 
actions may serve as defaults for choices that are not speci- 
fied by the template. Alternatively, the template, and possibly 
past practices, may serve as a starting point for a process of 
experiential learning. 

Those two processes, the imposition of a set of historical, 
default routines and experiential search, may be combined in 
the following manner. The organization chooses a policy with- 
in the context of its explicit cognitive representation. An inde- 
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terminacy results from the fact that the mapping from the 
cognitive representation to an actual set of behaviors is a 
one-to-many mapping. This indeterminacy is resolved by the 
use of existing practices as defaults for the elements not 
specified by the cognitive representation. With these defaults 
as a starting point, the organization may subsequently experi- 
ment over the set of behaviors that is consistent with the 
template. As a result, actors with the same cognition may 
find themselves engaged in distinct sets of behaviors. Cogni- 
tion provides a guide to choice but does not strictly deter- 
mine the actual set of behaviors that emerge. 

MODEL 
Fitness Landscape 
A critical factor influencing the intelligence of alternative 
search processes is the degree to which neighboring alterna- 
tives are related to each other in their values. Because it is 
the correlated nature of the space of alternatives that gives 
local search processes their power, if adjacent locations in 
the solution space do not have similar payoffs, then a 
process of neighborhood search would have no more intelli- 
gence than the random selection of alternatives. Kauffman's 
(1993) NK landscape is well suited to model the degree to 
which alternative actions are correlated with one another. 
This framework builds on Wright's (1931, 1932) notion of a 
fitness landscape. Wright, a biologist interested in the evolu- 
tion of organisms, considered the mapping of the attributes 
of organisms (genes) to the fitness level of the overall organ- 
ism (i.e., the phenotype). Kauffman's representation of a fit- 
ness landscape is a simple but powerful framework for con- 
sidering questions of adaptive learning (Levinthal, 1997). The 
variable N refers to the number of distinct attributes in an 
overall policy choice. For instance, in a choice of a firm's busi- 
ness strategy, a number of decisions must be made, includ- 
ing decisions about how the product or service is to be mar- 
keted, such as issues of brand name and distribution 
channels, and how it is to be produced, such as the degree 
to which activities will be done within the firm or outsourced. 
The variable K refers to the extent to which the payoff asso- 
ciated with one policy choice depends on other policy 
choices. 

The issue of interdependence among policy variables has 
been highlighted in recent empirical work in the human 
resource literature (Ichniowski, Shaw, and Prennushi, 1997) 
and analyses of lean production (MacDuffie, 1995). 
Researchers now speak of systems of human resource prac- 
tices, premised on the belief that the returns to a particular 
practice, such as selection policies, depends on other poli- 
cies, such as training and compensation. Porter (1996) used 
the tool of activity maps to consider the broad set of interre- 
lationships among a firm's policy choices. 

The degree of interrelationship among policy choices has a 
somewhat counterintuitive implication for the topography of a 
fitness landscape. The fitness landscape is the mapping from 
the N policy choices to a payoff value. When the value of K is 
low and there is little interaction among policy choices, then 
the fitness landscape is smooth or highly correlated. With a 
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3 
The model can be extended to an arbi- 
trary finite number of possible values of 
an attribute, and the qualitative properties 
of the model are robust to such a general- 
ization (Kauffman, 1989). 

Cognitive and Experiential Search 

low value of K, a change in one policy has little impact on the 
fitness contribution of other choices. As a result, incremental 
changes in the vector of N policy variables have a relatively 
modest impact on overall performance. In contrast, with a 
high K value, a change in one policy, such as distribution 
strategy, has implications for the payoff contribution of a 
large number (K) of other policy choices. In such a setting, 
even an incremental change in the vector of N policy vari- 
ables may substantially change the overall payoff level. As a 
result, the fitness landscape becomes less correlated, or 
equivalently, more rugged, with a higher K value. 

Figure 3 depicts a smooth fitness landscape. Adjacent loca- 
tions within the landscape tend to have similar fitness values. 
This landscape has another, related property in that there is 
only one peak in the landscape. The term peak is defined as 
a point within the landscape such that any incremental move- 
ment from that location will diminish performance. 

Figure 3. Smooth fitness landscape. 

When there are significant interaction effects among policy 
variables, there may be a number of local peaks. Figure 4 
depicts a landscape with considerable interaction effects in 
the fitness contribution of policy variables and, as a result, 
the landscape has a number of local peaks, forming a rugged 
fitness landscape. Each peak can be viewed as comprising a 
consistent set of practices-a configuration, in the language 
of Miller and Friesen (1984). With no interaction effects, the 
landscape has a single peak and one can identify superior 
policies or best practices whose superiority is independent of 
the other characteristics of the firm. With substantial interac- 
tion effects, the notion of universal best practice is not valid. 

More formally, the fitness landscape is modeled as follows. A 
policy is characterized as consisting of N attributes where 
each attribute can take on two possible values.3 Thus, the fit- 
ness landscape consists of 2N possible policy choices, with 
the overall behavior of the organization characterized by a 
vector N{x1, x2, ... I XN}, where each xi takes on the value of 0 
or 1. The contribution of a given attribute, x;, of the policy 
vector to the overall payoff is influenced by K other attributes. 
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4 
The vector is treated as circular for the 
purposes of determining fitness values. 
For instance, if N = 10 and K = 3, then 
the fitness contribution of the ninth ele- 
ment in the vector will depend on the 
value of the tenth, first, and second ele- 
ments in the vector. An alternative formu- 
lation of the model is to postulate that the 
interaction effects are with K randomly 
chosen other elements of the vector. This 
alternative formulation results in a similar 
fitness landscape (Kauffman, 1989). 

Figure 4. Rugged Landscape. 
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As a result, the payoff to a particular choice, xof can be repre- 
sented by the following expression: f(xcie Xw1t Xh2 . . . v Xid The 
K variables with which a given element xi interacts is speci- 
fied as being the K adjacent elements (x. 1, x i+2 .. ., Ix+K ).4 
Therefore, each attribute can take on 2 1t different values, 
depending on the value of the attribute itself (either 1 or 0) 
and the value of the K other attributes with which it interacts 
(each of these K values also taking on a value of 1 or 0). 
A random number drawn from the uniform distribution from 
zero to one is assigned to each of the possible fa(xir Xi1ra X2 . . 
.(, XK) combination. Thus, the framework specifies the intensi- 
ty of interaction effects via the parameter K but provides no 
restrictions on the particular functional form of the interaction 
effect. The overall fitness value associated with the full vec- 
tor of N values, F(x1, x2i ... fXN)i is simply the sum of these 
individual contributions divided by N: F(xj, x2, ..., IXN)= 

Ii=1 to Nf (xiIXil Ij Xi2, .. ., Xid) / N. 
To illustrate how the fitness landscape is formed, we can 
consider how payoffs are determined for a policy space 
where Nf the number of dimensions, equals 1 0 and K equals 
3. Suppose that a policy is specified by the array 
(1,0,0,1,1,1,0,1,0,0). The value of the first element of this 
array depends on the K successive elements in the array. 
Thus, the value of 1 in the first element of the array depends 
on the value of the second through fourth elements of the 
array. A random number, generated from a uniform distribu- 
tion ranging from 0 to 1, is assigned to constitute the fitness 
contribution of a 1 in the first element of the array when 
there is a 0, 0, and 1 in the second, third, and fourth ele- 
ments of the array, respectively. A distinct random number is 
assigned for the case in which there is a 1 as the second ele- 
ment of the array rather than a 0, or any change in the third 
or fourth elements. This assignment is repeated for each of 
the N attributes of the organization, and the overall fitness for 
a particular organization is simply the average for the N 
attributes. 
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Fitness landscape and cognition. We are interested in 
using the structure of a fitness landscape to model not only 
processes of experiential learning but also actors' simplified 
cognitive representation of their decision contexts. In the 
context of intelligent adaptation on a fitness landscape, the 
issue of cognition becomes the actors' representation of the 
landscape. We assume that cognitions are grounded on the 
actual landscape but that they constitute a simplified carica- 
ture of the decision context. A simple way to capture these 
two properties is to assume that cognitive representations 
are of lower dimensionality than the actual landscape. This 
assumption of low-dimensional cognitive representations is 
consistent with arguments in the cognitive psychology litera- 
ture (Johnson-Laird, 1983; Halford et al., 1994) and work on 
managerial cognition (Weick, 1990). It is also consistent with 
the normative traditions in the management literature that 
offer low-dimensional typologies such as the Boston Consult- 
ing Group matrix (Hax and Majluf, 1984) and generic strate- 
gies (Porter, 1980) to help structure the choice of firm 
strategy. 

To capture the notion that cognitive representations of the fit- 
ness landscape are a simplification of the actual landscape, 
actors are assumed to have a representation that consists of 
N1 dimensions, where N1 < N. The question remains as to 
what constitutes the mapping between this simplified repre- 
sentation and the actual landscape. We assume that the cog- 
nitive representation, while a simplification, is nonetheless 
grounded in the actual landscape. More precisely, each point 
in the cognitive representation is assigned a fitness value 
equal to the average fitness value of the set of points in the 
actual fitness landscape that are consistent with this point. 
For a point in the N1 dimensional space, there are 2N-N1 
points in the actual fitness landscape that are consistent with 
it. As a result, as N1 decreases, the cognitive representation 
becomes increasingly crude. While this representation is an 
unbiased estimate of the payoff associated with the actual 
landscape, it is not a particularly good predictor of any given 
point in the landscape. One could readily imagine a more 
sophisticated structure, such as a factor analysis of the actual 
payoff surface that provides a low-dimension representation 
that maximizes the informativeness of the representation. 
Thus, we are postulating a representation that poses relative- 
ly modest assumptions about actors' cognitive sophistication, 
while at the same time yielding a representation consistent 
with the underlying fitness surface. 

One summary indicator of the complexity of a fitness land- 
scape is the number of local peaks within the landscape. A 
point within the landscape is a local peak if any incremental 
movement in the policy space from that position degrades 
performance. Local peaks limit the effectiveness of process- 
es of incremental experiential search and result in competen- 
cy traps (Levitt and March, 1988) in which local evaluation of 
the landscape suggests that the organization cannot improve 
its performance when a more global evaluation of possibili- 
ties might suggest superior alternatives. 

Figure 5, which is based on the average number of local 
peaks over a sample of 100 independent landscapes, mndi- 
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Figure 5. Ruggedness of real and cognitive landscape (N = 10). 
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cates the number of local peaks for a set of representations 
that vary in their dimensionality (i.e., N1) for varying levels of 
K. With K = 0, the actual landscape contains a single peak 
and, as a result, so do all simplifications of the true land- 
scape. As K increases, however, the number of local peaks 
on the actual fitness landscape rapidly proliferates. In con- 
trast, cognitive representations, even those with fairly high 
dimensionality (i.e., N1 values close to N), are rather insensi- 
tive to increases in K. 

Cognitive representations offer a small set of focal alterna- 
tives corresponding to the relatively few local peaks on the 
cognitive landscape and thereby provide a powerful direction 
for individual choice processes. The cognitive representation 
tends to be less rugged, or multi-peaked, than the actual 
underlying fitness landscape as the result of two by-products 
of the simplification process. First, the sensitivity in payoffs 
to movement within the Ni-dimensional cognitive landscape 
is reduced by averaging payoffs across the actual set of poli- 
cy choices in the N-dimensional landscape. Second, while the 
cognitive simplification is specified as a reduction in the per- 
ceived dimensionality of the landscape, it implicitly results in 
a reduction in the apparent K value, or perceived degree of 
interaction among the policy variables. Some interaction 
effects lie outside the cognitive representation-interactions 
among the N-N1 variables of which the actor is not cognizant 
are not reflected in the landscape. 

Organizations are assumed to choose a policy that their cog- 
nitive representation suggests maximizes their payoff. As 
noted earlier, however, the mapping from the cognitive repre- 
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sentation to an actual set of behaviors is a one-to-many map- 
ping. More precisely, there are 2N-N1 actual policy arrays cor- 
responding to each point within the cognitive representation. 
Thus, the organization in choosing a point within its represen- 
tation is really choosing a region of the landscape-the region 
of 2N-N1 possible behaviors that have the highest average pay- 
off. How broad this region is corresponds to the crudeness 
or precision of the cognition. This indeterminacy may be 
resolved by the use of existing practices as defaults for the 
N-N1 elements not specified by the cognitive representation. 
With these defaults as a starting point, the organization may 
subsequently experiment over the set of 2N-N1 behaviors that 
are consistent with the N1 policy choices determined by the 
cognitive representation. As a result, actors with the same 
cognition may find themselves engaged in distinct sets of 
behaviors. Cognition provides a guide to choice but does not 
determine the actual set of behaviors that emerge. 

Experiential search is characterized as a process of local 
search. Search is local in that only one element of the N 
dimensional array is varied at a time. The particular policy 
variable that is experimented with is chosen at random. If the 
new array of policy choices increases performances, it 
becomes the basis for subsequent efforts at local search. 
Alternatively, if the organization's performance declines, then 
the organization returns to its prior starting point for its sub- 
sequent efforts at local search. The organization is assumed 
to remember which of the local experiments were unsuc- 
cessful. As a result, the organization either identifies a new 
superior alternative or, after N trials, stops engaging in experi- 
ential search and persists in what is a local peak. 

ANALYSIS 
We use this analytical structure of fitness landscapes and 
cognitive representations of these landscapes to engage in 
two sets of analyses. The first examines the interrelationship 
between cognition and experiential learning processes, while 
the second set extends this comparison to a setting in which 
actors' cognitive representations may themselves shift over 
time. In exploring the basic interrelationship between the role 
of cognition and experiential search, we carry out three simu- 
lations. In the first, we examine how a joint process of expe- 
riential and cognitive choice compares with pure experiential 
search. This analysis illustrates how a cognitive representa- 
tion may usefully "seed" a subsequent process of experien- 
tial learning. In the second simulation, we show that holding 
to this cognitive frame may have the further virtue of pre- 
venting the process of experiential search from wandering 
off in potentially dysfunctional directions. In the third simula- 
tion, we consider how the process of joint cognitive and 
experiential search competes with a purely experiential 
process when they are examined in the context of a selec- 
tion process. Selection pressures exacerbate the advantages 
of cognition by making more critical the speed at which supe- 
rior alternatives are identified. 

A higher-level form of experiential learning occurs if one 
shifts one's cognitive representation, rather than shifting the 
choice of individual policy variables. We examine the effect 
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5 
This analysis does not consider issues of 
the deformation of the landscape as a 
result of the density of organizations in a 
particular location, although the analysis 
of selection pressure does consider dif- 
fuse competitive interaction in the form 
of the effect of relative fitness values on 
survival rates. 

6 
A third possibility, a population whose 
choice is based purely on cognitive 
search is embedded in the results for the 
subpopulation engaged in joint cognitive 
and experiential search. The performance 
reached in period 1 is the result of cogni- 
tive search. In the absence of subsequent 
experiential search, this same perfor- 
mance value would hold across the sub- 
sequent time periods. 

of shifting cognitive representation first in a purely cognitive 
choice process. We then consider the impact of changing 
cognitive representations in conjunction with experiential 
learning. The final simulation of these choice processes, in a 
setting in which the landscape itself changes, illustrates how 
the trade-off between cognitive adaptation and local search is 
influenced by the rate of change in the environment. 

To ensure that the results reflect the underlying structure of 
the model and not merely particular realizations of a highly 
stochastic process, the results are based on the average 
behavior of organizations over 100 independent runs of the 
simulation model. For each of these runs, a distinct land- 
scape is specified. Each of these landscapes has the same 
structure in terms of K and N but is seeded independently. 
The analysis examines the search behavior and performance 
of a population of organizations with distinct search strate- 
gies operating on the same fitness landscape.5 

When two search modes are being contrasted, the total 
number of organizations in the population is set at 90, with 
45 organizations in each subgroup. The 45 organizations with- 
in one subgroup are assigned a location at random within the 
actual fitness landscape. If these organizations act, in part, on 
the basis of a cognitive representation of the landscape, they 
are seeded with a randomly assigned set of N1 dimensions 
that form the basis of their representation. To make the 
analysis as controlled as possible, the other set of 45 organi- 
zations within the population differ in their search mechanism 
but are clones of the initial set of 45 in their initial position in 
the actual landscape. In addition, if applicable, the other 45 
organizations share the same initial cognitive representation 
(i.e., the set of N1 dimensions are the same). An analogous 
setup is implemented for three contrasting subpopulations, 
with the only difference being that the number of organiza- 
tions in each subpopulation is set at 30 organizations. 

Cognitive and Experiential Search 
We compared processes of forward-looking, cognitive search 
with the backward-looking intelligence of experiential search 
and examined how the joint processes of cognitive and expe- 
riential search interact. Figure 6 indicates the average perfor- 
mance of a subpopulation of organizations that engage in 
both cognitive and experiential search. In addition, to isolate 
the effect of joint cognitive and experiential search, a subpop- 
ulation is included that engages exclusively in experiential 
search.6 

The addition of cognition, or forward-looking intelligence, dra- 
matically enhances the initial adaptive behavior. Organizations 
immediately identify the peak with respect to their cognitive 
representation. While this cognitive peak yields, on average, 
an actual payoff that is superior to the randomly specified ini- 
tial location on the landscape, this payoff is still relatively 
modest when contrasted with the potential payoffs that can 
be realized on the actual payoff landscape. Having identified 
the optimal choice of N1 attributes as suggested by their 
cognitive representation of the fitness landscape, organiza- 
tions then explore the remaining N-N1 policy variables experi- 
entially. 
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Figure 6. Joint cognitive and experiential versus experiential search (N = 10, K = 3, N1 =3).* 
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7 
One could think of this as a valley that cir- 
cumscribes a mountain. Starting from any 
point in this valley, an upward climb leads 
to a common point, the peak of the 
mountain. 

Most of the performance enhancement that arises with joint 
cognitive and experiential search comes from the subsequent 
slow but steady improvement associated with the experien- 
tial search effort. This result stems from the complexity of 
the actual payoff landscape and the relative crudeness of the 
cognitive representation. As the number of dimensions of the 
cognitive representation (N1) increases towards N, the role of 
experiential search is reduced. Even though much of the per- 
formance improvement is associated with experiential 
search, however, the initial period of cognitive search has a 
persistent effect on performance. Experiential search draws 
an organization toward a local peak in the payoff landscape. 
The particular local peak that is reached via experiential 
search is a function of the organization's starting position in 
the fitness landscape. 

Those points within the landscape that lead to a common 
peak via a process of local search are said to belong to the 
same "basin of attraction" (Kauffman, 1993).7 The extent of 
a basin of attraction is positively correlated with the height of 
the local peak with which it is associated (Kauffman, 1993). 
Thus, local experiential search is intelligent not only in that it 
leads an organization to a local peak in the landscape but, if 
organizations are dispersed randomly over the landscape, 
local experiential search tends to lead organizations to rela- 
tively higher local peaks. Despite the intelligence of local 
experiential search, cognition helps an organization to identi- 
fy, on average, superior basins of attraction. The set of policy 
choices suggested by the cognitive representation need not 
correspond to a local peak in the actual fitness landscape, let 
alone a global peak, but the global peak of the organization's 
cognitive landscape generally corresponds to an attractive 
region of the actual landscape. While the cognitive represen- 
tation is crude, cognitive peaks nonetheless tend to lie in 
superior basins of attraction with respect to the actual fitness 
landscape. 
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The cognitive representation provides not only a powerful 
suggestion for an initial choice of organizational form but also 
a useful discipline on subsequent efforts at experiential 
search. Figure 7 indicates the performance over time of two 
subpopulations that engage in both cognitive and experiential 
search. Both subpopulations in the initial period choose the 
N1 policies suggested by their cognitive representations and 
subsequently engage in experiential search. The difference in 
their behavior lies in the fact that one of the subpopulations 
is restricted to sustain this choice of N1 policies, while the 
other subpopulation engages in experiential search over the 
whole set of N variables. Those organizations not constrained 
by their cognitive template wander much more broadly over 
the landscape than is desirable, some of them sufficiently far 
from the initial point in the landscape suggested by their rep- 
resentation that they end up in an inferior basin of attraction. 

Effects of selection pressure. Although pure experiential 
learning approaches the performance of the joint cognitive 
and experiential search process, there is a considerable peri- 
od of time during which performance under the two process- 
es substantially differs. As a result, the efficacy of cognition 
is seen more strongly if we consider a competitive ecology 
within the population of organizations, with organizations exit- 
ing and entering the population, and relatively poorly perform- 
ing organizations (i.e., those with low fitness values) tending 
to be selected out of the population. The standard represen- 
tation of such a selection mechanism in the mathematical 
biology literature is to assume that the probability of mortality 
is 1 - F/FMax, where F is the focal organism's fitness level, 

Figure 7. Cognitions and basins of attraction (N = 10, K = 3, N1 =3).* 
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8 
The characterization of complexity by the 
intensity of interaction effects was intro- 
duced by Simon (1969). 

Cognitive and Experiential Search 

and FMax is the fitness value of the maximally fit organism in 
the population (Wilson and Bossert, 1971). This FMax value 
need not be the highest possible fitness value in the land- 
scape but, rather, corresponds to the maximal fitness value 
obtained by an organization within the population. Organiza- 
tions that exit are replaced by replicating a randomly chosen 
organization from the population of surviving organizations in 
that period. 

Figure 6 indicated that the average performance of the sub- 
population of organizations engaged in experiential search 
and the subpopulation engaged in both cognitive and experi- 
ential search becomes similar in the absence of any selection 
pressure. When selection pressure is introduced, however, 
organizations engaged in cognitive search tend to dominate 
the population of organizations. Figure 8 indicates the chang- 
ing mix of cognitive and non-cognitive organizations when 
the initial population is seeded with equal numbers of the 
two types of organizations. 

The superiority of joint cognitive and experiential search 
reflected in figure 8 is compounded when this analysis is car- 
ried out in a landscape with a greater degree of interdepen- 
dence among the policy variables (K) and, in turn, the com- 
plexity of the landscape.8 Although a higher value of K 
degrades the fidelity of the cognitive representation for a 
given value of N1, a higher K increases the dispersion of per- 
formance realized by a population of purely experiential orga- 
nizations. Increases in K increase the ruggedness of the actu- 
al landscape and cause purely experiential organizations to be 
trapped by poor local peaks. As a result, the superiority of the 
joint cognitive and experiential search over purely experiential 
search indicated in figures 6 and 8, generated with a land- 
scape with a K value of 3, is enhanced for landscapes with a 
higher K value. 

Shifting Cognitive Representations 
An important form of adaptation is the shift in cognitive rep- 
resentations themselves (Louis and Sutton, 1991; Weick, 
1995). Different representations may have more or less fideli- 
ty to the actual environment in which an organization oper- 
ates. In addition, by shifting representations, organizations 
may also enhance their performance by sequentially allocat- 
ing attention to elements of the choice problem. Yet such 
shifts also pose risks. Most obviously, there is the risk that 
the new representation is an inferior characterization of the 
environment. Even with a shift to a superior cognitive repre- 
sentation, however, there is the risk of reorganization itself 
(Hannan and Freeman, 1989; Amburgey, Kelly, and Barnett, 
1993). The shift in policies prompted by the new representa- 
tion may result in the loss of the experiential wisdom accu- 
mulated in the context of the prior representation. To under- 
stand the possibly adaptive role of shifting a representation 
and how its adaptiveness may depend on the role of experi- 
ential knowledge, we undertook two sets of analyses. We 
first examined the effect of shifting cognitions in the absence 
of experiential search and then considered the implications of 
shifting cognitive representations in the context of joint cog- 
nitive and experiential search. Lastly, we examine the imphi- 
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Figure 8. Survival rates of cognitive and experiential organizations (N = 10, K = 3, N1 = 3). 
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cations of shifting cognitive representations in the context of 
a fitness landscape that itself changes over time. 

Under a process of cognitive search, the organization first 
makes a policy choice based on its understanding of payoffs 
as characterized by a set of N1 attributes. The remaining N- 
N1 policy variables are left fixed. With a shift of representa- 
tion to a new set of dimensions, a new set of variables 
becomes subject to conscious choice. Whether such shifts in 
representation facilitate intelligent adaptation depends on the 
degree to which the fitness landscape is correlated, or the 
value of K. In the limit, with an uncorrelated fitness land- 
scape, there is no carryover in the intelligence of choices 
made on the basis of one representation to another represen- 
tation. With a correlated fitness landscape, however, shifting 
representations and the associated sequential attention to 
the set of policy variables is an effective mechanism for deal- 
ing with the inevitable simplification of any given representa- 
tion. 

If representations change over time, what determines the 
frequency of change and how is the new representation cho- 
sen? Clearly, there is a wide range of possibilities. To provide 
some sense of the range of behaviors, consider an extreme 
setting in which the frequency and the choice of representa- 
tion are randomly determined, as well as a setting in which 
there is some intelligence in both the timing of a shift to a 
new representation and the choice of the new representation 
itself. Random shifting of representations implies no instru- 
mental logic as to when a shift occurs, nor an informed 
choice of representation when the organization does shift. As 
a result, such a process serves as a useful baseline against 
which to compare more contingent choice processes. 
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Intelligence in the shift to a new representation should pre- 
sumably reflect some insight about the possibility for perfor- 
mance improvement latent in a shift to an alternative repre- 
sentation. Relative performance, or fitness value, is a simple 
way to reflect this potential for performance improvement. 
The worse an organization's relative performance, the more 
likely it is that exploring alternative representations may lead 
to a higher fitness level. Population-level learning (Miner and 
Haunschild, 1995), or vicarious learning (March, Sproull, and 
Tamuz, 1991) from the cognitions of other, successful organi- 
zations in the population, is used as a basis for intelligence in 
the choice of a new representation. Imitating another organi- 
zation's fully articulated set of behaviors is quite challenging 
(Szulanski, 1996), if not impossible (Rivkin, 2000), but imita- 
tion of what the key factors are by which to dimensionalize 
an environment is much more readily diffused. There is con- 
siderable evidence in the social psychological literature that 
concepts diffuse through social learning processes (Bandura, 
1977). Management consultants and the business press are 
important facilitators of the diffusion of such concepts among 
business organizations (Abrahamson, 1996). 

Figure 9 explores the effect of these processes of population 
level learning with respect to cognitive representations. The 
figure indicates the average fitness level over time for three 
subpopulations of organizations. The first retains a fixed rep- 
resentation over the course of the simulation. Organizations 
in this subpopulation may differ in their individual representa- 
tion (i.e., their set of N1 values), but the representations 
themselves remain fixed over time. The second curve 

Figure 9. Search via shifting representations (N = 10, K = 3, N1 =3).* 
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9 
These results were rather insensitive to 
the precise parameter values chosen to 
characterize the processes of population 
learning. For instance, refining the set of 
leading organizations to a smaller set, 
such as restricting the definition of lead- 
ing organizations to be the top 10 organi- 
zations rather than the top 30, does not 
have a significant impact on performance. 
Similarly, decreasing the performance 
threshold that induces search for a new 
cognition from 75 percent of the most 
maximally fit organizations to 50 percent, 
or increasing the stringency of the thresh- 
old by setting it at 85 percent, has a negli- 
gible impact on performance. 

reflects the behavior of a subpopulation of organizations that 
engage in random shifts of their cognitive representations. 
Their behavior is random in two respects. First, the probabili- 
ty of a shift in cognition is unconnected to the organization's 
performance but is specified as a fixed probability each peri- 
od. Second, the choice of a new cognition is not premised on 
any evidence of the power of the alternative cognition. One 
of the N1 dimensions is simply replaced at random by one of 
the N-N1 other dimensions. 

The third curve reflects some modest degree of intelligent or 
at least contingent action. The intelligence is driven by com- 
parisons between the organization and the overall population 
of organizations. The probability of a shift in cognition is a 
function of relative fitness, a comparison of the organization's 
fitness level with the maximally fit organization in the overall 
population. This sensitivity to relative performance is treated 
in a highly simplified manner as a performance threshold. If 
the organization's relative performance falls below a fixed 
percentage of the maximally fit organization, then it engages 
in a shift to a new cognitive representation. 

The choice of a new cognitive representation is assumed to 
reflect some degree of intelligence as well. The organization 
imitates the cognition of one of the leading organizations in 
the overall population. As argued earlier, the replication of the 
choice of critical dimensions by which to evaluate one's envi- 
ronment seems much more plausible than the replication of a 
fully articulated set of behaviors. For the purposes of figure 
9, the set of leading organizations was defined as those orga- 
nizations whose fitness value lies in the top third of the popu- 
lation, and the performance threshold that provides an impe- 
tus to recategorization was set at 25 percent below the 
performance of the maximally fit organizations Shifting cogni- 
tions, whether at random or on a somewhat informed basis, 
enhances performance over time. With a fixed cognition, the 
organization immediately identifies the global peak with 
respect to its cognitive representation. Associated with this 
point is a set of N1 policy variables. Without experiential 
learning on the remaining N-N1 variables or a shift to a new 
cognitive representation, there is no basis for moving from 
the position identified in the initial period. What underlies the 
systematic increase in performance when cognitions shift, 
even randomly, is that with a fixed or inert cognition, actors 
immediately identify the global peak as defined by their cog- 
nitive representation. If a new cognitive representation is 
adopted, then a distinct set of N1 policy parameters will be 
identified on the basis of this new cognitive representation, 
but since the fitness landscape is correlated, there is still 
some intelligence associated with the choice of policies 
under the prior cognition. These policies are unlikely to be 
the ideal choices based on the policies suggested by the 
new cognition; however, they are likely to be superior to a 
random specification of the N-N1 variables that lie outside a 
given cognitive representation. In this manner, shifting cogni- 
tive frameworks effectively results in a sequential allocation 
of attention to different facets of the true landscape. 

Chasing cognitive rainbows. The analysis of the adaptive 
implications of changing cognitive representations was car- 
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ried out in a setting in which experiential learning was 
absent. If search is driven both by cognition and experiential 
learning, then changing one's cognitive representation poses 
an additional risk. Not only may one shift to a new represen- 
tation that is inferior to the prior one, but the shift to a new 
policy array based on the new cognitive representation may 
cause the organization to negate the experiential wisdom 
that it has accumulated. The new representation motivates 
the organization to shift some of the policy variables that had 
emerged over time through the process of experiential 
search. The intelligence associated with this history of experi- 
ential learning over the space of the N-N1 parameters not 
reflected in the cognitive representation is negated in the 
cognitive evaluation of alternatives. This is akin to the risk of 
organizational change identified by Hannan and Freeman 
(1989) and empirically examined by Amburgey, Kelly, and Bar- 
nett (1993) in their analysis of organizational adaptation and 
mortality. Amburgey, Kelly, and Barnett found that organiza- 
tional change substantially increases the immediate risk of 
mortality, even though these changes may lower the long-run 
hazard rate. 

Figure 10 indicates the average performance over time for 
three subpopulations of organizations that vary with respect 
to whether they shift their cognitive representation. If organi- 
zations shift their representation, they are modeled as doing 
so in the same manner as in the prior analysis of pure cogni- 
tive adaptation in figure 9. The critical difference between 
this and the prior analysis is that the organizations are 
engaged in both cognitive-based search and experiential 
search processes. Contrary to the prior analysis of shifting 
cognitive representations in the absence of experiential learn- 

Figure 10. Change in cognitive representation and experiential search (N = 10, K = 3, N1 = 3).* 
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Figure 11. Cognitive dynamics in changing environments (N = 10, K = 3, N1 = 3). 
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ing, the subpopulation of organizations with a fixed cognitive 
representation now has substantially superior performance. 
While the sequential allocation of attention to different ele- 
ments of the policy space facilitated adaptation in a setting of 
purely cognitive search, this process of sequential attention 
leads to the organization foregoing considerable experiential 
wisdom that more than offsets such gains. 

Shifts in cognition, however, may prove valuable in the con- 
text of changes in the fitness landscape. A new cognitive 
representation may more effectively capture the new land- 
scape than a prior representation. For instance, there have 
been fundamental shifts in technology and the basis of com- 
petition in the computer industry. Different cognitive repre- 
sentations are suggested by these shifts, from the vertically 
integrated business model of mainframes and minicomput- 
ers, to a PC-based computing platform, to the current net- 
work-oriented views of computing (Moschella, 1997). In addi- 
tion, with dramatic changes in the fitness landscape, prior 
experiential wisdom is rendered largely obsolete. As a result, 
the virtue of rapidly identifying attractive regions of the land- 
scape, via a cognitive process as a result of a shift in cogni- 
tive representation, can compensate for the loss associated 
with foregone experiential wisdom. Such a situation is 
reflected in figure 11, which depicts the performance of orga- 
nizations that shift their representations relative to those with 
a fixed representation in the context of a dynamic fitness 
landscape. Every five periods, the landscape is perturbed by 
respecifying a new random draw for the fitness contribution 
of eight of the ten policy choices. At the point of environmen- 
tal change, the relative performance of organizations that 
shift their cognitive representation improves, but only 
informed shifts in representations are sufficiently useful to 
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compensate for the loss of experiential wisdom. Subsequent 
to such a shift in the fitness landscape, the fitness level of 
organizations with fixed cognitive representations and those 
with shifting representations converge. 

DISCUSSION AND CONCLUSION 
The notion of bounded rationality offers us two different log- 
ics of choice and action: a backward-looking logic of stimulus- 
response learning and a forward-looking logic of conse- 
quences. Organizational behavior comprises both forms of 
intelligence. Our results indicate that some central phenome- 
na lie at the interface of these two logics and can be 
explained only by considering them jointly. Although prior 
research has addressed how experience influences the for- 
mation of cognitive frameworks (Weick, 1995), little attention 
has been devoted to how cognition affects the accumulation 
of experiential wisdom. By focusing on this linkage and ana- 
lyzing the consequences of cognitive change on accumulated 
experiential knowledge, we derived three sets of results. 

First, cognitive representations play an important role in 
seeding and constraining the process of experiential learning. 
Even the crude cognitive representations modeled here pro- 
vide a powerful starting point for subsequent efforts at expe- 
riential learning. This advantage is reflected in both asymptot- 
ic performance levels (figure 6) and, more strongly, survival 
rates in a competitive context (figure 8). This role of cognition 
is accentuated when the fitness landscape is more complex, 
or rugged. Cognition is useful not only in seeding the process 
of experiential search on a particular location in the fitness 
landscape but also in constraining the process of experiential 
search from wandering to less attractive regions of the land- 
scape (figure 7). Experiential learning tends to consist of 
local, hill-climbing processes, the search over the space of 
alternatives in the neighborhood of current practices. 
Although such mechanisms are a powerful means to explore 
a complex problem space, they are inherently constrained by 
the local topography in which the actor lies. The standard 
pathology that results from this constraint is a competency 
trap (Levitt and March, 1988), in which incremental change 
efforts degrade performance but more substantial change 
efforts may identify a superior point on a fitness surface. 

In contrast, cognitive processes allow a broader examination 
of the fitness surface, but unless an actor is endowed with 
the omniscience assumed in economic analyses (Milgrom 
and Roberts, 1990), there is no reason to presume that the 
global peak will be identified. We have created a structure 
that allows us to explore a middle ground between the 
myopia of local hill climbing and such omniscience. Imperfect 
cognitive representations of the fitness space help identify 
promising regions of the landscape. The incomplete template 
suggested by these representations is then fleshed out 
through a process of local experiential search. 

Our second set of results highlights the effect of changing 
cognitive representations. Such changes can be an important 
form of adaptation in two different respects. First, the new 
representation may consist of a better mental model of the 
actor's environment, reflecting either weaknesses in the prior 
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representation or environmental shifts that render a previous- 
ly adequate representation less effective. Second, even in a 
stable world, a shift among equally valid, or invalid, represen- 
tations may enhance adaptation by facilitating the sequential 
attention to different facets of the actor's environment (figure 
9). As a result, even with a limited representation, it 
becomes possible over time to span the full dimensionality of 
the problem space. Meyer and Gupta (1994) made a similar 
argument in their discussion of the need to shift performance 
metrics occasionally, as did Eccles and Nohria (1992) in their 
discussion of organizational change. For these authors, the 
impetus for change is not necessarily a change in the exter- 
nal environment but that the potential for further improve- 
ment has become limited given the current structure. The set 
of performance metrics and, more broadly, an organization's 
structure importantly influence actors' perceptions of their 
problem space. Only by offering a fresh perspective with a 
shift in performance metrics (Meyer and Gupta, 1994) or 
organizational structure (Eccles and Nohria, 1992) is further 
improvement possible. 

The final set of results points to the dangers of such shifts in 
cognition and helps reconcile conflicting perspectives on 
organizational change (Tushman and Romanelli, 1985; Hannan 
and Freeman, 1989). Organizational change prompted by a 
shift in cognitive representation is costly in that prior, experi- 
ential wisdom may be largely negated (figure 10). When 
there is a high degree of interdependence among actions, 
the wholesale shift in behavior driven by a new cognitive rep- 
resentation may result in a tremendous loss of experiential 
wisdom. One is then faced with a trade-off between the ben- 
efits of a shift to a new, potentially more attractive region of 
the fitness landscape, engendered by the shift in cognitive 
representation, and the immediate performance decrement 
that stems from the loss of this experiential wisdom. The 
results thus provide further insight into the risks of reorgani- 
zation and strategic change. In a fixed fitness landscape with 
experiential learning, shifts in cognitive representations result 
in a sharp decline in fitness level and, in turn, a sharp 
increase in the risk of organizational mortality. This behavior 
is consistent with the empirical observations of Amburgey, 
Kelly, and Barnett (1993) and, more generally, with ideas of 
structural inertia (Hannan and Freeman, 1984). As suggested 
in the analysis that underlies figure 11, however, the value of 
an updated cognition is enhanced and the loss of experiential 
wisdom is attenuated by the partial obsolescence of that wis- 
dom as a result of environmental change. Consistent with 
this argument, empirical evidence suggests that strategic 
change plays a strong adaptive role in turbulent environments 
(Baum, 1990; Zajac and Kraatz, 1993; Tushman and 
Rosenkopf, 1996). 

Cognitions and experience are also linked in ways that are 
not well reflected in the current modeling effort. Cognitive 
representations themselves are clearly an outcome of efforts 
at sensemaking with respect to prior experiences (Holland et 
al., 1986; Weick, 1995). Although we allowed for the possibil- 
ity that the search for alternative cognitive representations 
may be prompted by poor performance outcomes, we did 
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not model an explicit inferential process and the testing of 
actors' representation of their environment. In addition, the 
representations modeled here are quite stylized and atheoret- 
ic. They are a simple, mechanical mapping from a high 
dimensional space to a lower dimensional space. Clearly, 
more needs to be done to characterize more accurately the 
formation of cognitive representations and their persistence, 
or adaptation, over time. At the same time, the results 
derived here suggest that even simple models of the world 
have a tremendous potential to guide search processes. 

A final limitation of the current analysis, and correspondingly 
an important opportunity for future work, is the lack of mod- 
eling of intraorganizational cognitive processes. While we 
have considered, to some degree, social learning processes 
(Bandura, 1977) across organizations, we have not explored 
such processes within organizations. Cognitive representa- 
tions are challenged not only by experiential learning and 
feedback from the environment but also by conflict and per- 
suasion within the organization. 

Intelligent action is driven both by one's understanding of the 
world and adaptive responses to prior experiences. The for- 
mer is limited by one's representation or mental model of the 
world, while the latter is constrained by the limited number 
of experiences that one may have relative to the vast set of 
possible actions that one may take. As a result, cognitive and 
experiential processes are complementary. Cognitive search 
is broad in that it considers a wide array of alternatives simul- 
taneously, but misspecified in that these alternatives are eval- 
uated on the basis of an incomplete mental model of the 
world. In contrast, experiential search is narrow because it 
enables actors to explore only a small set of alternatives at a 
given moment but lets them test these alternatives on the 
basis of the actual environment rather than a mere represen- 
tation of the environment. Models of bounded rationality 
should incorporate both forms of intelligence. 
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