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Abstract. Reference points form an essential element of organizations’ problemistic search 
and adaptation behavior. Yet, if search is triggered by shortfalls compared with peers but 
alternatives are discovered on the fly, it is not clear whether and when peer comparison 
leads to better search outcomes. We contribute to the literature by studying how reference 
points guide search and which outcomes they allow organizations to achieve. Specifically, 
we develop a model of search in complex landscapes in which agents’ search behavior is 
guided by an upper (aspiration-level) social reference point and a lower (survival-point) 
social reference point. In our model, agents move across a subjective “terraced” landscape 
that is a simplified transformation of the “real” one. The vertical positions and shapes of 
these terraces are determined by the agents’ reference points and change over time as a 
result of their own and their peers’ performance evolution. In turn, these terraces define 
the search space that is navigated and the outcomes that can be reached. We show that the 
upper and lower bounds play fundamentally different roles in the search process, with the 
upper bound being more important in the short run and the lower bound more important 
in the long run. Studying heterogeneous populations, we find that reference points drive 
dynamic trade-offs between how easily decision makers can reach their aspiration level 
and how much they benefit from doing so. We highlight the importance of both internal fit 
between reference points and external fit with environmental factors.
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Introduction
A fundamental insight from the behavioral theory of 
the firm is that decision making cannot be reduced to 
simply choosing among given alternatives: “A theory 
of bounded rationality must incorporate a theory of 
search” (Simon 1979, p. 502). One important conse
quence is that a decision maker must always choose 
between picking among known alternatives or search
ing for a new, possibly better one (March 1991). Behav
ioral theory postulates that decision makers solve this 
problem by referring to reference points: subjectively 
defined levels of performance that guide search behav
ior (Cyert and March 1963, Gavetti et al. 2012). Notably, 
two pivotal reference points have been highlighted: 
aspiration levels and survival points. The former reflects 
Simon’s idea of satisficing and the objective of proble
mistic search (Posen et al. 2018); organizations keep 

searching until they find outcomes that deliver perfor
mance corresponding to aspirations. Survival points, 
meanwhile, are minimum performance levels below 
which agents will not accept a fall and where organiza
tional survival is deemed at risk (March and Shapira 
1992, Audia and Greve 2006).

Recent decades have seen much progress in our 
understanding of how organizations set these reference 
points as a function of past and peer performance (Bro
miley 1991, Bromiley and Harris 2014) and how com
parisons of performance to both aspiration levels and 
survival points drive search and risk-taking (March and 
Shapira 1987, 1992; Audia and Greve 2006, 2021; Hu 
et al. 2011; Tarakci et al. 2018). However, we know less 
about the constraints that reference points impose on 
search, about the portions of the search space that are 
made accessible, and finally, about the possible outcomes 
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to which such search may lead. As Posen et al. (2018, 
p. 219) put it, “research on problemistic search has 
largely blackboxed the search process itself.” A first rea
son for this, as Posen et al. (2018) also note, is the lack of 
counterfactual outcomes in observational studies and 
such studies’ variance-driven approach. A second is 
that modeling work on this topic has thus far em
ployed a stylized view of search that neglects impor
tant aspects highlighted even within behavioral 
theory: that search is local (Cyert and March 1963), 
path dependent (Simon 1955, Nelson and Winter 1982), 
and subject to complex interdependencies (Levinthal 
1997, Rahmandad 2019).

This issue is particularly salient when it comes to 
social reference points. If search is triggered by short
falls compared with peers, it is not clear whether and 
when peer comparison leads to better search out
comes. This issue reflects an inherent tension in our 
view of search with reference points that has yet to be 
addressed. Firms search until desired performance is 
restored, but alternatives must be discovered on the 
fly. If search is local and path dependent, comparison 
with peers may spur search without necessarily guid
ing organizations to better outcomes, especially if 
those peers are on different trajectories. In this paper, 
we address this tension by modeling reference-point- 
guided search in a complex search space and by asking 
the following question. How do reference points shape 
the constraints and outcomes of problemistic search? 
We focus primarily on social reference points and 

address past-based performance evaluation and abso
lute performance targets in alternative specifications.

Specifically, we develop an extension of the NK 
framework (Kauffman 1993, Levinthal 1997) that cap
tures the fundamental postulations of the aspirations 
literature (Simon 1955, 1979; Audia and Greve 2021). 
First, agents choose whether to search based on their 
evaluation of current performance against an aspira
tion level. Second, they evaluate potential outcomes 
against both their aspiration level—which they seek to 
attain—and a survival point—a threshold that they 
seek to stay above. Both aspiration levels and survival 
points are defined in our model in relative (or social) 
terms. For example, an agent may aspire to be among 
the top 10% of performers while refusing to take any 
action that would land her in the bottom 15%.

The intuition behind our extension is that a complex 
landscape is transformed if outcomes are evaluated 
against reference points rather than against current 
performance. Instead of a “rugged landscape” with 
peaks and valleys, decision makers face a subjective 
“terraced” landscape. These terraces reflect how out
comes are evaluated, and because they are defined in 
relative terms, their size and shape change as the popu
lation progresses in its search. In turn, these terraces 
capture how decision makers’ reference points affect 
the search space that can be navigated and the out
comes that can be reached.

Figure 1 illustrates this transformation. The upper 
panels of Figure 1 show a rugged landscape intersected 

Figure 1. (Color online) Rugged Landscapes Transformed by Reference Points into Terraced Landscapes 

Notes. (Upper panels) Landscapes representing a two-dimensional search space, with height representing fitness values. Horizontal planes dis
play the fitness values associated with upper bounds (UBs; upper terrace) and lower bounds (LBs; lower terrace) and separate coordinates into 
different zones (above UB, below LB, and in between). (Lower panels) The corresponding partition of locations in the landscape into desirable 
(upper terrace), acceptable (middle terrace), and unacceptable (lower terrace).
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by reference points, resulting in each position being 
evaluated as above, below, or in between reference 
points (lower panels of Figure 1). We will call the 
aspiration threshold the “upper bound” (UB) and the 
survival threshold the “lower bound” (LB). These 
thresholds are associated with absolute fitness values, 
forming the horizontal planes in Figure 1. As the fitness 
values associated with the reference points increase 
(from left to right in Figure 1), and the horizontal planes 
“rise” in the landscape, most peaks shrink and disap
pear, the space available to navigate (in between peaks 
and valleys) becomes smaller, and it may become 
impossible to reach the remaining peaks.

Figure 1 captures stylized accounts of how reference 
points may aid or constrain firms’ search and adapta
tion efforts. Consider, for example, the adaptation 
challenge of Research In Motion (RIM) (BlackBerry) in 
the late 2000s as it faced the rise of iPhone and 
Android smartphones.1 RIM was situated on a differ
ent “local peak” than Apple and Google,2 with its 
focus on physical keyboards, hardware more gener
ally, and professional clients (as opposed to leveraging 
multitouch screens and external app developers for 
mass audiences). As it turned out, the peak of Apple 
and Google was higher (the plane associated with the 
upper bound had risen). This performance shortfall 
induced RIM to introduce a clickable screen and an 
app store and to focus on software improvements. 
However, it was reluctant to make other changes that 
it perceived as too detrimental for performance, such 
as fully relinquishing its keyboard, even as multiple 
competing phone makers, such as Samsung and HTC, 
joined the Android ecosystem and gained ground (the 
plane associated with the lower bound was also ris
ing). This left RIM “trapped” in the wrong part of the 
landscape by its lower bound, and it never restored 
aspirational performance.

We analyze how reference points affect search 
through three sets of simulation experiments. First, 
documenting the search process in a single population 
of homogeneous agents, we show that the boundaries 
separating the terrace levels shift upward as better out
comes are found, guiding many agents to better out
comes but trapping some in inferior parts of the search 
space. The terraced landscape thus provides signals 
about attainable and desirable outcomes but has lim
ited value for locating better ones. Second, exploring 
all combinations of reference points, we show that the 
upper and lower bounds play fundamentally different 
roles in the search process. The upper bound is more 
important in the short run, and the lower bound is 
more important in the long run. Notably, search with 
sufficiently low lower bounds can result in entire 
populations finding the best-possible outcomes in the 
long run, even in the face of complexity. Third, we 
examine the strategic aspect of search with reference 

points. Is there an optimal set of reference points, and 
what does it depend on? Decision makers face a 
dynamic trade-off between being able to achieve desir
able performance in the short run and this desirable 
performance being sufficient to compete in the long 
run. We find that there are distinct ways that a search 
strategy can fail. Specifically, we find inverse U-shape 
relationships over the levels of individual reference 
points as well as over the distance between the lower 
and upper bounds (the “width” of the central terrace).

Beyond our specific findings, we aim to contribute 
to existing lines of work studying reference points, 
problemistic search, and search in complex land
scapes. First, our modeling approach allows us to eval
uate the normative (performance) implications of the 
predominantly descriptive accounts of problemistic 
search offered by extant theory to date. Second, we 
contribute to modeling work on aspirations and search 
by incorporating the notion of space into the search 
process. This allows us to disentangle the performance 
implications of aspiration levels from those of survival 
points (March and Shapira 1992, Hu et al. 2011). Addi
tionally, we go beyond analyzing only long-run per
formance by characterizing performance evolution— 
and the impact of search strategies—over time. Third, 
our model contributes to the literature on adaptive 
search in complex environments (Baumann et al. 2019) 
by connecting it to another fundamental pillar of the 
Carnegie tradition: research on aspirations and proble
mistic search. We show how a search strategy with ref
erence points interacts with the underlying problem 
space in the same way as the metaphorical scissors of 
Simon (1990), producing what we call “terraced” land
scapes. Our perspective contrasts with existing work 
focusing on cognitive limitations and heuristics (e.g., 
Gavetti and Levinthal 2000, Knudsen and Levinthal 2007) 
and instead, focuses on search rules, thus granting a 
larger role to the organization’s own strategic choice.

Theory
Our study is founded in two streams of research, both 
originating directly or indirectly from the behavioral 
theory of the firm (March and Simon 1958, Cyert and 
March 1963) and its foundational notion of bounded 
rationality (Simon 1955). The first focuses on the role 
of reference points in driving search, whereas the sec
ond studies the properties of search in complex spaces. 
Both rely on the idea that organizations do not know 
ex ante the whole set of possible strategies at their dis
posal but rather, discover eligible candidates while 
searching for them in the neighborhood of their cur
rent status quo. In other words, to improve their per
formance, firms search locally (Cyert and March 1963) 
and only consider changes to some aspects of their cur
rent strategy. For extensive reviews of both literatures, 
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see, for instance, Shinkle (2012), Posen et al. (2018), and 
Audia and Greve (2021) for reference points and Bau
mann et al. (2019) for search on complex landscapes. 
In this section, we focus on each literature in turn 
and consider the connections and complementarities 
between them, which inform our modeling strategy.

Search, Satisficing, and Reference Points
Because search is costly and risky, individuals and orga
nizations do not keep searching endlessly but “satisfice” 
with respect to some aspiration level (Simon 1979). 
Aspiration levels have acquired a central position in the 
behavioral theory of decision making as a key “upper” 
reference point for determining when search is trig
gered and paused. March and Shapira (1987, 1992) 
further extended this perspective by arguing that man
agers also attend to a lower reference point called the 
“survival point,” which is perceived as the lowest per
formance level below which the organization will exit. 
Audia and Greve (2006) show that the extent to which 
firms pay attention to either reference point determines 
the extent of risk-taking in adaptive search. On a similar 
theme, Gimeno et al. (1997) study individual entrepre
neurs’ minimum performance thresholds as critical 
levels of opportunity cost that govern their decisions to 
remain in the market. The existence and influence of 
reference points can also be found in adjacent litera
tures (e.g., Wallace and Etkin 2024), most notably in 
psychology through prospect theory (Kahneman and 
Tversky 1979).

The relationship between reference points and 
organizational search has attracted considerable inter
est, generating a stream of theoretical and empirical 
research. Organizations evaluate and interpret current 
and potential performance based on reference points 
(Lant et al. 1992, Fiegenbaum et al. 1996, Moliterno 
et al. 2014). In turn, these reference points determine 
whether organizations engage in risky actions (Miller 
and Bromiley 1990; Greve 1998, 2003b; Posen et al. 
2018) or stop searching because their satisficing targets 
have been met (March and Simon 1958, Cyert and 
March 1963). Adaptation is thus the outcome of a two- 
step process in which the risk-seeking choice follows 
from the recognition that current performance is below 
aspirations.

Aspiration levels are not exogenously given but 
endogenously modified in the search process. They 
depend on experience with the environment. If the 
decision maker can easily find many good alternatives, 
aspirations tend to rise (Simon 1979). In addition to 
individual experience (Greve 2003a, Argote 2013), 
aspiration levels also depend on the social context and 
in particular, on the performance of a relevant compar
ison group: competitors (e.g., Baum and Dahlin 2007, 
Boyle and Shapira 2012, Moliterno et al. 2014, Kac
perczyk et al. 2015). Thus, firms set an aspiration level 

based on a weighted function of past and peer perfor
mance (Cyert and March 1963, Greve 1998). More 
recent research has investigated how aspirations are 
regulated by attention rules (i.e., the rules that govern 
the changes in the relative weights of the different 
components) (Bromiley and Harris 2014, Blettner et al. 
2015, Berchicci and Tarakci 2022).

Since the stylized formulation of social comparison 
as driving aspirations by Cyert and March (1963), 
empirical and modeling research has sought to clarify 
the role of social comparison in driving problemistic 
search—with mixed perspectives, specifications, and 
results (Bromiley and Harris 2014, Posen et al. 2018). 
These mixed findings are arguably because of an 
implicit conflation of two signals provided by peer 
comparison: that the focal organization is not doing 
well enough (a risk-taking signal) and that it could do 
better (a guidance or learning signal). Both are encap
sulated in the view of social comparison of Cyert and 
March (1963, p. 123) as the vicarious counterpart to 
direct experience.

The risk-taking line is developed in March and Sha
pira (1987) and has been followed by much empirical 
research (e.g., Kacperczyk et al. 2015). Because of data 
limitations, however, such work reveals relatively little 
about what exactly can be learned from peer compari
son. Usually, external performance feedback is mea
sured as average or median industry performance 
levels (Greve 1998, Baum et al. 2005, Massini et al. 
2005, Iyer and Miller 2008; see also Bromiley and Har
ris 2014 on measurement and operationalization of 
performance signals).

The guidance line is explicitly developed in the 
study of Baum and Dahlin (2007), which combines 
performance feedback with learning from organiza
tions’ own and others’ experience (e.g., Thornton and 
Thompson 2001). This line of work considers more 
explicitly how comparisons with reference groups pro
vide organizations with potentially useful informa
tion. Importantly, it has informed modeling studies 
starting from the model in March (1988) that seek to tie 
reference points to risky search and performance 
(March and Shapira 1992). Knudsen (2008) shows that 
the performance of the reference group guides risk- 
taking and that peer comparisons thus lead to higher 
performance than past-based reference points do. This 
argument is also echoed in later work (e.g., Dong 
2021). Hu et al. (2011) explicitly consider strategies for 
setting reference groups and link social comparison 
with variance in search outcomes.

An additional value of the modeling approach lies 
in its normative contribution; despite the focus on 
performance evaluation against reference points in 
observational studies, it is hard to establish, without 
counterfactual outcomes, whether a performance level 
considered good enough for the organization is 
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appropriate for the external selection environment. It 
is not obvious whether and when higher reference 
points or targets ultimately result in higher perfor
mance (Posen and Levinthal 2012, Denrell et al. 2023); 
to preview our results, we find that often they do not.

This tradition of search models, however, views 
search as random draws and in doing so, falls short of 
accounting for two additional features of search that 
behavioral theory has emphasized: locality and path 
dependency. Locality means that decision makers typ
ically can only access alternatives in the vicinity of 
what they already know and have mastered; radical 
changes are rare. Path dependency follows from the 
observation that search is subject to constraints, and a 
decision maker cannot readily access the entire space 
of alternatives. As search proceeds, these constraints 
typically become narrower, and large portions of the 
search space become inaccessible.

Search in Complex Landscapes
Locality and path dependency are captured most natu
rally by models of search in complex landscapes and 
in particular, by NK fitness landscape models (Kauff
man 1993, Levinthal 1997; see Csaszar 2018 for a read
ing guide for a general audience and Baumann et al. 
2019 for a recent survey). In these models, search 
unfolds in a space with a notion of adjacency or dis
tance (allowing for the study of locality). In fitness 
landscape models, path dependence is a product of 
complexity (Simon 1996). If the performance implica
tions of different choice dimensions interact, a fitness 
landscape becomes “rugged,” and local search will 
only lead to a “local peak.” Moreover, once an agent 
adopts a new alternative, she can access all of its neigh
bors but loses access to foregone alternatives.

Much of the NK literature in management since 
Levinthal (1997) studies organizations’ search strate
gies on rugged landscapes to investigate the implica
tions of how the search strategies of boundedly 
rational decision makers interact with complex pro
blems to produce search patterns and outcomes—the 
Simon (1990) “scissors” argument. These strategies are 
related to our study in that they have the effect of 
“simplifying” the complex search problem. Gavetti 
and Levinthal (2000), Knudsen and Levinthal (2007), 
and Yi et al. (2016) study search with coarse evaluation 
of the impact of choices. Csaszar and Levinthal (2016) 
directly study mental representations as simplified fit
ness landscapes. Podolny (2018), with the twist of explor
ing exceptional rather than bounded search capabilities, 
studies a form of “discerning” search with performance 
thresholds of strategy elements.

The integration of reference points in a search 
strategy also transforms the search problem but in a 
different way. Although the approaches listed above 
consider evaluation against current outcomes, they 

contain no notion of aspirations or the problemistic 
search generated by subaspirational performance. (A 
notable exception is found in the NK-based experi
ment in Billinger et al. (2021), which considers whether 
decision makers search in the first place.) Search with 
reference points does not directly affect the search 
space but rather, the decision maker’s evaluation crite
ria or performance metric. To illustrate, a decision 
maker may be perfectly aware that two options are 
distinct and associated with different actual perfor
mance outcomes, but nevertheless, the decision maker 
evaluates them as equally valuable if neither provides 
aspirational performance. If because of myopia-based 
search limitations (Cyert and March 1963, Levinthal 
and March 1993), she cannot determine which outcome 
is more likely to lead to above-aspirational perfor
mance in the future, she would be indifferent between 
the options despite their (known and observed) perfor
mance difference.

In this paper, we examine indifference as produced 
by evaluation against relative or social reference 
points. Indifference between outcomes has been stud
ied previously as a result of other mechanisms. Lobo 
et al. (2004) and Jain and Kogut (2014) study true 
fitness neutrality between outcomes; that is, if sets 
of outcomes are equivalent in a selection environ
ment, organizations can leverage this neutral space to 
resolve the exploration-exploitation dilemma (March 
1991) as they can introduce changes while maintain
ing performance. Multiarmed bandit models analyz
ing the exploration-exploitation problem also have 
some connection to our approach as the search strate
gies that they employ (e.g., a SoftMax algorithm as 
in Posen and Levinthal 2012) may produce neutral 
selection—although bandits, similar to random-draw 
models, contain no notion of space. In our model, 
neutrality derives from the behavioral implications of 
reference points. When reference points are defined 
in relative terms, our neutral spaces are not given 
exogenously but endogenously modified as agents 
search for locations with higher performance.

Our modeling strategy aims to reconnect the above
mentioned strands and analyze how reference points 
shape adaptive search behavior in complex settings. 
We do so by integrating specifications regarding ref
erence points as drivers of action and filters for perfor
mance evaluation into the NK framework. Exploiting 
the benefits of agent-based models in theory develop
ment (Lave and March 1975, Levinthal and Marengo 
2016), we seek to derive both descriptive and pre
scriptive findings regarding how reference points 
shape adaptive search processes and outcomes and 
how organizations with certain reference points fare 
in different environments and in competition with 
each other. We describe our model in more detail 
below.
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Model
We take as our starting point the standard NK model, 
wherein agents navigate a fitness landscape in search 
of high-performance outcomes. There are N binary 
choice dimensions or components, leading to 2N possi
ble configurations or locations that individually map 
onto a fitness value and collectively form a fitness 
landscape. The correlation between fitness values of 
adjacent configurations (i.e., those differing by only 
one bit) is determined by the second model parame
ter K, which represents the extent of interdependen
cies among choice dimensions and thus, governs 
the complexity of the system. Parameter K can range 
from zero (each component’s contribution to perfor
mance depends solely on its own value) to N�1 
(such a contribution also depends on the value taken 
by all of the other N�1 components). “Simple” 
(K�0) landscapes are single peaked and “smooth,” 
and a simple adaptive local search process will 
quickly converge on the unique optimal configura
tion. As K increases, the landscape becomes increas
ingly “complex” and “rugged,” with an increasing 
number of local optima. A local search process per
forms poorly in complex landscapes as it quickly 
reaches the closest local optimum and gets stuck 
there.

The search patterns and outcomes in NK models fol
low from the assumptions about the search process. 
One common assumption, which we follow, is that fit
ness values can be observed without errors and before 
the configuration is adopted. The assumption from 
which we depart is the agents’ acceptability criterion, 
which indicates whether, given its value, a new config
uration would be acceptable and is adopted. The typical 
assumption is that agents search perpetually for new 
configurations as they are never “satisfied” with their 
current performance and always seek improvement, 
whereas they never accept a performance decline. Thus, 
standard NK models implicitly assume that (1) refer
ence points are defined in absolute rather than social 
terms (i.e., agents only look at their own past perfor
mance without comparing it with others’ performance) 
and that (2) decision makers consider an infinitely high 
aspiration level and a survival point equal to current 
performance.

We modify the acceptability criterion by explicitly 
specifying an upper bound (above which a decision 
maker is satisfied and explores no further) and a 
lower bound (below which she regards any outcome 
as unacceptable). We also assume that these two 
bounds are defined “socially” as shares of the popula
tion. For instance, UB� 0.9 and LB� 0.05 indicate that 
the agent is satisfied only when her performance is in 
the top 10% of the population and will not consider 
any action that would leave her among the 5% worst 
performers. In general, a higher upper bound means 

that the decision maker is more ambitious; a higher 
lower bound means that she is less tolerant of poor 
performance.

In our model, these reference points govern the 
salience of potential outcome changes; the decision 
maker is sensible only to those outcome differences 
that reach or cross reference points (i.e., those that 
would take her organization from below a reference 
point to above it or vice versa) and is indifferent to dif
ferences that do not (e.g., March 1988, Lant and Sha
pira 2008, Audia and Greve 2021).3 Thus, reference 
points shape two search heuristics; they determine 
whether the organization will engage in search in the 
first place (Posen et al. 2018) and if so, which changes 
it will adopt.

This specification implies that the objective function 
of the searching agent is transformed from trying to 
achieve higher fitness values to achieving a certain 
ranking among all agents. As a result, the two reference 
points jointly divide the underlying fitness landscape 
into three subspaces to form a “terraced” ranking land
scape. The three levels consist of locations whose fit
ness is equal to or above the aspiration level (the set 
of desirable and search-halting locations), locations 
whose fitness is below the survival point (the set of 
unacceptable locations), and locations whose fitness 
lies between survival and aspiration (the set of accept
able but not satisficing locations). Figure 1, introduced 
above, visualizes this transformation; in the upper 
panels of Figure 1, rugged landscapes are shown with 
the two reference points as horizontal planes; the lower 
panels of Figure 1 display the corresponding terraced 
landscape.4

The search process is modeled as follows.5 In every 
simulation run, a population of agents is seeded in ran
dom positions in a randomly generated landscape, 
and all act simultaneously. In each time period, every 
agent compares her current performance with her 
reference points. If (and only if) the agent finds herself 
below the fitness level associated with her UB, she 
observes all local search options. If any of these 
would take her to or above the UB, she selects one of 
these at random. If not but any would take her to or 
above the LB, she selects one of these at random. If all 
search options are below the LB, she keeps the current 
configuration.

Our modeling assumptions are by no means the 
only ones possible, but in our view, they reflect 
the fundamental features of problemistic search. Our 
assumption that search stops when performance is 
greater than or equal to UB is in line with the theory 
of satisficing behavior by Simon (1955), although 
others have argued that when aspiration levels are 
met, the probability of change decreases but does not 
vanish altogether (e.g., Greve 1998). The assumption 
that agents keep searching as long as performance is 
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below the UB (i.e., until aspirational performance is 
achieved) also corresponds to a stylized account of 
problemistic search (Posen et al. 2018).

This search process produces indifference between 
outcomes on the same performance “terrace” and 
implies a form of drift of an agent located on the mid
dle terrace (i.e., between the upper and lower bounds). 
That is, when an agent in our model cannot attain aspi
rational performance with any local search option, she 
will choose to switch to a new configuration that may 
make aspirational outcomes available in future search 
steps. For example, a firm unable to match competi
tors’ performance benchmarks may adopt a new busi
ness process that does not increase performance in the 
short run but may eventually deliver aspirational per
formance if further changes are made that leverage the 
new process. The survival point then governs the 
decrease in performance that such a firm is willing to 
incur. This specification reflects the idea that the merits 
of an organizational change are not limited to its 
immediate performance implications but also, include 
the new opportunities that it opens up.

By combining features of problemistic search with 
locality and path dependence, our model complements 
existing modeling research on reference points and 
search, which operationalizes search as random draws 
(March 1988, March and Shapira 1992, Hu et al. 2011, 
Dong 2021, Denrell et al. 2023). Such random-draw pro
cesses also imply indifference between outcomes below 
the aspiration level but lack any notion of path depen
dence as core to understanding adaptation (Simon 
1955, Nelson and Winter 1982, Levinthal 2021).

Finally, it is important to note that this transforma
tion only affects the landscape “as searched by” the 
agents. This captures the essence of the performance- 
feedback perspective in that “it is not performance per 
se that influences behavior but rather how perfor
mance is assessed” (Audia and Greve 2021, p. 5). 
The actual landscape and its contours remain unaf
fected, and we consider and report performance on this 
actual fitness landscape; hazard rates in the external 
environment are not dependent on how performance is 
assessed internally but rather on performance per se.

Results
We subject our models to three sets of simulation 
experiments.6 The first aims to characterize search 
with social reference points. It is well known that in 
landscape models, agents remain on the first local 
peak that they encounter (local optimum). Population- 
wide search quickly ceases, and any initial heterogene
ity among agents is only partly diminished as agents 
remain scattered across the numerous local peaks of 
the landscape. With social reference points, in contrast, 
we find that agents can access and explore much larger 

portions of the landscape (i.e., the central terrace of 
locations that deliver performance between the sur
vival point and the aspiration level). Agents ultimately 
converge on the locations with highest performance 
because the performance levels associated with both 
reference points keep rising as agents search. The final 
outcome is a higher rate of convergence of agents on 
locations with the highest performance.

Second, we analyze how different sets of reference 
points lead to different search outcomes. To this end, 
we generate different (homogeneous) populations, 
each endowed with a set of reference points, and 
study which sets lead to the highest collective perfor
mance. We find that although aspiration levels matter 
most in the short run, long-run performance is only 
determined by the survival point. Notably, the highest 
collective (and individual) performance in the long 
run is achieved by populations with very low survival 
points and any aspiration level above approximately 
0.4. This counterintuitive result is explained by the 
fact that an agent will search for higher performance 
even when her own aspiration level is fairly low 
because the rest of the population also improves. This 
search effort is frustrated when agents are “trapped” 
on local optima. If agents’ survival point is low and 
their aspiration level is sufficiently high, the “neutral” 
space on the central terrace will be relatively large, 
making it unlikely that agents will remain trapped.

In our final set of experiments, we consider hetero
geneity in reference points within the population. 
Organizations may differ in terms of reference points, 
and these differences may drive heterogeneity in 
performance in competitive environments. In these 
simulation experiments, we additionally introduce a 
selection mechanism of competitive pressure, so badly 
performing agents are at risk for exiting the industry. 
We show that when agents differ in reference points 
and in the presence of competitive pressure, the high
est performance is achieved by agents with moderate 
aspiration levels (UB� 0.75) and moderate survival 
points (LB� 0.25). The benefit of moderate reference 
points follows from the trade-off between adopting tar
gets associated with high performance and these targets 
being easily attained. Moreover, we show that the rela
tionship between performance and the distance between 
reference points follows an inverted U-shape. Finally, 
we show that the effects of social reference points 
depend on both the characteristics of the rest of the pop
ulation and competitive pressure; those reference points 
that do well in competitive settings lead to considerably 
worse outcomes in homogeneous populations.

All results shown below are averages of 10,000 simu
lations, each generating a new landscape, with land
scape fitness values rescaled to the zero-one interval. 
Time is displayed on a logarithmic scale to highlight 
dynamics in the short and medium runs.
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Search with Reference Points
We simulate a population of agents that all have the 
same reference points. These agents evaluate their per
formance (and that of search options) in relation to 
their reference points and accept outcomes according 
to their acceptability criteria. To characterize the search 
process, Figure 2 displays four time trends for a popu
lation with UB� 0.75 and LB� 0.25. Panel (a) of Figure 
2 displays average performance (black line with dia
mond markers) and average performance conditional 
on being located above (green line with round mar
kers), in between (yellow line with triangular mar
kers), or below (red line with square markers) the two 
bounds. Panel (b) of Figure 2 displays the fitness 
values associated with the population’s upper (green 
line with round markers) and lower (red line with 
square markers) bounds. Panel (c) of Figure 2 displays 
how many agents are above (green dotted area), in 
between (yellow striped area), or below (red cross
hatched area) the bounds. Finally, panel (d) of Figure 2
displays how searching agents (i.e., those in between 
bounds) view the landscape. We consider all locations 
in the landscape and determine the share of locations 
that are desirable (green dotted area in Figure 2(d)), 
acceptable (yellow striped area in Figure 2(d)), unac
ceptable (red crosshatched area in Figure 2(d)), and 
inaccessible (blue area in Figure 2(d)). Figure 1 serves 
as an illustrative guide to the search process described 
here; Online Appendix A presents a corresponding 
small-world example in an actual NK landscape.

The search process unfolds as follows. At the start of 
the simulation, a quarter of the agents are satisfied and 
will not search (because UB� 0.75). The other agents 
do search; some discover search options that are desir
able (at or above UB) and cease search, whereas others 
move to acceptable but not desirable positions (above 
LB but below UB) and continue searching. Still others 
cannot find any positions above the LB and remain in 

place. During this search process, the fitness levels 
associated with both the reference points shift up over 
time. The absolute performance needed to perform 
well compared with others increases. As a result, the 
“terraced landscape” that agents navigate shifts over 
time; the part of the landscape that is considered unac
ceptable (below LB) grows, whereas the part that is 
considered desirable (at or above UB) shrinks until it 
consists only of the highest few “peaks” of the land
scape (see the right panels of Figure 1).

The search process at play here is markedly different 
than how search under complexity is usually consid
ered. Search guided by reference points does not result 
in agents scattered among local peaks, getting stuck in 
the contours of the landscape. Rather, it results in 
agents racing to find a dwindling set of good outcomes 
and getting stranded along the way by a “rising tide” of 
competition. During their search for good outcomes, 
agents can make use of the distance between their refer
ence points and the space in the landscape correspond
ing to this “span of indifference.” For this population, 
all outcomes between the 25th and 75th percentiles of 
population performance can be accessed; they form the 
middle “terrace” in Figure 1 that connects much of the 
landscape. Panel (d) of Figure 2 displays the portion of 
the landscape that can be observed from this middle ter
race on which the agent is located. It shows that the 
middle terrace quickly shrinks, even though the differ
ence between the fitness levels associated with the refer
ence points remains substantial. Panel (d) of Figure 2
shows that initially, the entire landscape can be 
accessed, with half of the locations considered accept
able (as in the left panels of Figure 1, the middle terrace 
connects most of the search space). After only a few per
iods, however, most of the landscape becomes inacces
sible; search ceases when the search space runs out.

Finally, consider the search outcomes. In the first 
periods, all searching agents have ample opportunities 

Figure 2. (Color online) Search with Reference Points 

Notes. UB� 0.75, LB� 0.25, and there are 100 agents; the horizontal time axis is logarithmic. (a) Average fitness conditional on whether agents 
are located above, below, or in between the upper and lower bounds. (b) Absolute fitness values associated with upper and lower bounds. (c) 
The proportion of the population located above, in between, or below upper and lower bounds. (d) The fitness landscape as perceived by agents 
in between bounds (the proportion of the search space accessible from the current location).
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to find high-ranking outcomes, and overall fitness 
increases as agents overtake each other. After just 10 
periods, however, those agents that have found the 
highest-performing outcomes set a fitness benchmark 
for all of the others (that is already close to the global 
peak). Whether others can also achieve such high- 
performance outcomes now depends on whether agents 
searching in the indifference space can reach aspira
tional outcomes or whether they are stuck. This can be 
seen in the colored lines in panel (a) of Figure 2. The fit
ness of agents conditional on their terrace is stable; 
aggregate fitness increases are driven by agents shifting 
from the middle to the top terrace (i.e., from perfor
mance below the upper bound to above it). This can 
also be seen in panel (c) of Figure 2; gradually, agents on 
the middle terrace find the few highest peaks and join 
the agents already there.7

It is worth re-emphasizing that search with reference 
points means that agents satisfice—and the agents that 
we study aim no higher than to be in the top 25% of the 
population. Yet, this search strategy implies that even
tually only top performance satisfies aspirations and 
that many agents achieve it. This result is because of 
the cues that are provided by the perceived landscape. 
It informs the decision maker about the range of possi
ble outcomes and how well she needs to perform to 
exceed benchmarks. Importantly, however, it does not 
tell her how to achieve desirable performance outcomes 
and thus, does not help her improve performance 
directly. The decision maker’s subjective terraced land
scape, generated by her reference points and collective 
performance scores, forms a sort of “signpost” for pro
blemistic search; it determines where search can unfold 
and the extent of exploration.

Reference Points and Collective Outcomes
In the following analyses, we study how different ref
erence points lead to different collective outcomes. 
Figure 3 displays performance outcomes of the same 
simulation experiment for all combinations of upper 

and lower bounds. Each combination of reference 
points is plotted as coordinates on a grid in Figure 3, 
with colors representing the height of average perfor
mance (that is, the average performance reported 
in panel (a) of Figure 2 is one “pixel” in each panel 
of Figure 3). We limit the analysis to cases where 
UB>LB, leading to a triangle of data points, and for 
comparison, we plot results of the standard NK model 
in circles in the blank space in the plots in Figure 3. In 
Figure 3, the panels from left to right display snapshots 
of the same simulation. Online Appendix B presents 
more detailed results for selected combinations of ref
erence points as well as for the standard NK model.

Figure 3 shows two main findings. First, there is a 
large range of outcomes, with some reference-point 
combinations not aiding search at all, even in the long 
run, but also, many combinations resulting in the 
entire population finding the maximum performance 
(i.e., the highest peak(s) of the landscape). Agents 
who aim for only the highest performance but are also 
unwilling to tolerate bad performance during the 
search process do the worst; for these agents, refer
ence points constrain search more than they aid it. 
Highest performance is instead achieved by popula
tions of agents characterized by a very low LB for any 
UB equal to or greater than approximately 0.4. It 
requires only a very low benchmark for all agents to 
perform very well.8

Second, the difference in performance between 
reference-point combinations varies over time, and the 
UB and the LB play different roles over time. In the 
short run, the horizontal stripes in Figure 3 are a sign 
that the upper bound (vertical axis) is the main deter
minant of performance, although the circular core of 
higher performance indicates that a medium-low (and 
decreasing) value of LB is required to maximize per
formance. Even after 10 periods, the stripes already 
tend to turn vertical, and highest performance moves 
toward low values of LB. Finally, in the long run, the 
pattern becomes markedly characterized by vertical 

Figure 3. (Color online) Reference Points and Performance over Time 

Notes. Panels indicate snapshots over time. Coordinates within panels (pixels) reflect reference point combinations for homogeneous popula
tions of 100 agents each; shade reflects average population performance. Circles placed in the blank space represent performance in the standard 
NK model.
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stripes in Figure 3, implying that LB is the main deter
minant of performance.

This analysis thus sheds more light on how search 
outcomes are shaped by reference points, particularly 
by the distance between reference points and the 
“width” of the central terrace that this distance gener
ates. Treating more outcomes as acceptable (lower LB) 
enlarges the search space and allows agents to con
verge on the global peak. However, this comes at a 
cost in terms of speed. Increasing the UB provides 
guidance mainly in the short run.

Our next analysis relates the importance of the 
search space width to complexity. A well-known find
ing from the organizational search literature is that 
complexity severely hinders adaptability; the fitness 
landscape becomes more “rugged,” with more local 
peaks, and local search leaves organizations stuck in 
suboptimal solutions. This problem can be mitigated 
by being more tolerant of short-run fitness loss in order 
to achieve superior outcomes in the medium-long run 
(Knudsen and Levinthal 2007, Jain and Kogut 2014).

Figure 4 extends our baseline experiment for environ
ments with varying levels of complexity and different 
levels of LB. We plot the development of average perfor
mance over time, organized by LB, for low (K� 1, left 
panel), medium (K� 3, central panel), and high (K� 7, 
right panel) complexity. As expected, complexity hinders 
the discovery of high-performance outcomes, but a large 
distance between reference points (i.e., with LB� 0.01, 
solid lines with dotted markers) helps organizations over
come competency traps, albeit at the expense of speed.

Competition on Reference Points
Thus far, we have simulated populations of agents 
with homogeneous reference points. We now turn to 
an investigation of heterogeneous agents to explore 
the interaction between decision makers with different 
upper and lower bounds. This type of analysis is infor
mative for multiple reasons. First, it allows us to 
understand the implications of reference-point-guided 
search strategies more generally. Rather than studying 

such strategies in an environment where all decision 
makers have the same strategies, we can observe 
whether the results hold when others follow different 
strategies. For example, we find above that given 
enough time, even decision makers with low upper 
and lower bounds are all able to collectively find the 
best outcomes. Yet, is such a search strategy also 
appropriate if the organization is surrounded by com
petitors pursuing higher targets and may not have the 
luxury of time to achieve the best outcomes? Similarly, 
we observed that the width of the search space is 
a function of others’ performance. If these relevant 
others follow different search strategies, this likely 
affects focal decision makers’ search opportunities.

Second, this analysis allows us to derive normative 
implications. In a large population of heterogeneous 
agents, simulation experiments are able to identify 
which agents perform best—and consequently, which 
search strategies would have led any one agent to 
superior outcomes. This aspect is particularly instruc
tive given the lack of counterfactual outcomes in obser
vational studies. Revisiting an earlier example, if we 
interpret RIM’s difficulty in adapting to the iPhone’s 
success as because of its too-high lower bound, would it 
have been better off with a lower LB? Our results below 
suggest that indeed it would have been but only if 
this change were also coupled with the adoption of a 
low(-er) UB (i.e., no longer aiming to be the dominant 
smartphone manufacturer).

To undertake this analysis, we divide the total set of 
agents (here, 90) into groups of 10 and assign each 
group a unique set of upper and lower bounds. We 
employ a three-by-three factorial design, with lower 
bounds of 0.01, 0.25, or 0.5 and upper bounds of 0.51, 
0.75, or 1, and we present results including the very 
long run (1,000 periods). Our simulation experiment 
proceeds as described above. However, given that 
agents differ in their reference points, the same rank
ing position in the population may be desirable for 
some agents but merely acceptable or even unaccept
able for others, and therefore, it may produce different 

Figure 4. (Color online) Performance by Reference Point Distance and Environmental Complexity 
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search behavior for different agents. In this simulation 
experiment, we are interested in comparative perfor
mance implications. To this end, five agents per period 
exit and are replaced by new entrants using a roulette- 
wheel algorithm. Note that performance outcomes 
under competitive pressure are of course conditional 
on performing well enough to survive (see also the 
related discussion in Levinthal and Posen 2007). For 
this reason, we only display survival; average perfor
mance is reported along with corresponding results 
in the absence of competitive pressure in Online 
Appendix B.

Intuitively and based on the preceding analysis, 
when agents compete with different reference points, 
they face a trade-off when setting their aspiration level. 
If it is set too low, the agent will be too easily satisfied, 
stop searching, and may be overtaken by agents with 
higher aspirations. Indeed, in the short run, the perfor
mance associated with low-to-moderate aspiration 
levels does not exceed average performance, putting 
these agents at risk for exit.9 On the other hand, if an 
agent’s aspiration level is set too high, she is unlikely 
to find such high-performing alternatives. We showed 
above that, in the long run, the probability of reaching 
high-performance locations mainly depends on hav
ing a low survival point. However, in the presence of 
competitive pressure, such agents are at risk for exit 
during search. The agents with the highest probability 

of survival are those who strike a balance between 
moderate aspiration levels (UB� 0.75) and moderate 
survival points (LB� 0.25).

In Figure 5, we show how different combinations of 
reference points help decision makers reach desired 
outcomes and the implications for survival. Figure 5
shows snapshots of the state of the population at dif
ferent points in time. Figure 5(a) shows the proportion 
of agents who have achieved their UB; Figure 5(b)
shows the count of surviving agents.

Figure 5 shows two outcomes. First, there is indeed a 
trade-off between the UB serving as a suitable target 
and reference points jointly serving as a guide to reach 
this target. Moreover, this trade-off is dynamic over 
time. Initially, firms are mostly guided by the UB; a high 
UB provides better performance if reached, whereas a 
low UB is easier to reach. After a while, however, it is 
the LB that determines whether agents are able to reach 
the UB.

Figure 5(b) additionally shows that agents with mod
erate UBs and LBs (UB� 0.75, LB� 0.25) perform best. 
This specific result as well the overall pattern is robust to 
a wide range of exit and entry rates. Only when competi
tive pressure is very low (one agent exiting per period) 
do agents with very low UBs and LBs (UB� 0.51, LB�
0.01) eventually dominate: from around period 500.10

Note that this best-performing cohort is precisely 
the type analyzed in our initial simulation experiments 

Figure 5. (Color online) Upper-Bound Achievement and Survival 

Notes. (a) Proportion of agents at the upper bound by group. (b) Survival by group. Nine groups of 10 agents with roulette-wheel replacement of 
5 agents per period. Panels indicate snapshots over time. Upper bounds are plotted on the horizontal axis, and lower bounds are indicated by 
lines and markers.
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(Figure 2) and that it does not perform as well as 
groups with other reference points in homogeneous 
populations (see Figure 3). The mechanism explaining 
this difference is the interaction between agents’ refer
ence points and the performance of all agents. This is 
further demonstrated by Figure 6, which displays the 
performance of agents with the same reference points 
(UB� 0.75, LB� 0.25) in different populations. The 
solid green line with dotted markers in Figure 6 dis
plays homogeneous populations (this line corresponds 
to the agents displayed in Figure 2). The dotted blue 
line with triangle markers in Figure 6 displays agents 
with UB� 0.75 and LB� 0.25 in a heterogeneous popu
lation with other worse-performing agents.11 These 
worse-performing peers effectively maintain a wide 
distance between fitness levels associated with the ref
erence points, which guides search for longer. Finally, 
the dashed red line with diamond markers in Figure 6
(corresponding to the agents displayed in Figure 5(b)) 
displays the additional effect of competition in driving 
performance up.

These results show that the appropriateness of refer
ence points (their external fit) is contingent not only on 
complexity but also, on the degree of competitive pres
sure and on the performance of others (which are, in 
turn, shaped by their reference points).

Second, Figure 5 shows that there is an element of 
internal fit (Siggelkow 2002); the panels in Figure 5
display an inverted U-shape effect of the distance 
between the upper and lower bounds on performance 
outcomes. Figure 5(a) shows that those agents with a 
high LB (yellow lines with diamond markers) are more 
likely to eventually achieve their UB if the UB is higher 
(points on the right side in each panel)—in contrast to 
intuition and short-run results. Conversely, agents 

with a low LB (blue lines with dotted markers in 
Figure 5(a)) are consistently less likely to achieve their 
UB if they have a high UB. To understand why, recall 
from the previous analysis how the reference points 
jointly guide search; if the LB is very low and the UB is 
very high, agents regard many options as acceptable 
but not desirable and hence, search too much. Con
versely, agents with less distance between reference 
points consider only a few search options as acceptable 
and thus, search too little. This inverted U-shape pat
tern is even more evident when we evaluate survival 
outcomes in Figure 5(b). Agents with the smallest and 
largest search spans (UB� 0.51, LB� 0.5 and UB� 1, 
LB� 0.01, respectively) perform worst.

Robustness and Alternative Specifications
We have minimized our adaptations to the standard 
NK model to isolate the core tensions of interest 
(Knudsen et al. 2019) and only investigated social ref
erence points with coarse decision rules. One can, of 
course, consider different assumptions about how ref
erence points are formed and expressed, how accu
rately they are perceived, and how strictly they guide 
the search process. Online Appendix D contains 
results with different specifications and generally sup
ports our central result that decision makers require a 
moderate “middle terrace” to navigate the landscape. 
Furthermore, these additional results serve to make 
more connections between our simplified model and 
the existing approaches and results in the literature.

Specifically, we modify how reference points are 
formed and influence search strategy using five alter
native specifications. First, we loosen the assumption 
that decision makers are truly indifferent between out
comes in between the two bounds by employing a 
SoftMax decision rule anchored on the two reference 
points (Luce 1959). This rule is common in the bandits 
literature (see, for example, Posen and Levinthal 2012
and Puranam et al. 2015). This extension generates 
“relative indifference” and effectively reduces the span 
of indifference; outcomes close to the UB are likely to 
be considered preferable, whereas outcomes close to 
the LB are unlikely to be selected. As a result, search 
outcomes are better in the short run but worse in the 
long run.

Second, we investigate absolute rather than rank- 
based reference points (see also Denrell et al. 2023 on 
this contrast). As noted above, this analysis is similar 
to earlier work on neutrality in NK landscapes (Lobo 
et al. 2004, Jain and Kogut 2014) and largely replicates 
its findings. Third, we investigate reference points that 
are a weighted function of past and peer performance 
(Cyert and March 1963, Greve 2003a, Argote 2013, 
Bromiley and Harris 2014). This specification tunes 
the degree to which indifference between outcomes 
shapes the search process. Indeed, as past performance 

Figure 6. (Color online) Performance of Agents with 
UB� 0.75 and LB� 0.25 in Different Populations 
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drives the reference points more dominantly, the 
model becomes equivalent to the standard NK analy
sis (Levinthal 1997). However, performance increases 
for all types of agents if past performance is consid
ered; by basing search strategies on both social and 
historical reference points, agents are guided in a com
plementary way by cues about potential outcomes 
globally (information from peers) and locally (infor
mation from the past). This finding recalls the insights 
in Gavetti and Levinthal (2000) regarding the value 
of employing both forward- and backward-looking 
search and the interaction between memory and neu
trality discussed in Jain and Kogut (2014).

Fourth, we follow the approach in Knudsen and 
Levinthal (2007) and investigate imperfect evaluation. 
Specifically, we introduce noise into the evaluation 
of current performance and of search options in rela
tion to reference points. The basic results remain 
unchanged. Finally, we loosen the assumption that 
agents remain in place when they cannot find out
comes above the LB and do not move from one unac
ceptable location to another equally unacceptable one. 
Specifically, we assume that in this case, agents choose 
a local adaptation at random. In the long run, this 
change ensures that all agents reach the best outcomes; 
in competitive environments, it gives an edge to agents 
with a high LB who are less at risk for getting trapped, 
but it does not change the overall pattern of results.

Discussion
Reference points continue to occupy a central place in 
behavioral explanations of search and adaptation. In 
this paper, we advance theory that has mostly focused 
on search triggers and risk-taking by analyzing how 
social reference points shape the search space and 
possible outcomes. We do so by explicitly modeling 
space and complexity in problemistic search—which 
entails locality and path dependency. So-called 
“rugged search landscapes” are transformed into sub
jective and endogenously changing “terraced” land
scapes when agents evaluate outcomes against social 
reference points instead of their own current perfor
mance. We show that the shape of these terraces and 
in particular, the “width” of the central terrace deter
mine where and how much decision makers search 
and which outcomes they can eventually reach. Speci
fically, we show that the upper and lower bounds 
play different roles in shaping search over time and 
that the lower bound is the main driver of long-term 
performance. Furthermore, we show that the suitabil
ity of reference-point combinations is contingent on 
external factors (complexity of the search problem, 
competitors’ reference points, and competitive pres
sure) and that there are downsides to employing a 
search space that is either too wide or too narrow. In 

the following sections, we outline our contributions to 
the literatures on search and strategy.

Contribution to the Literature on Search
Our main contribution to the literature on problemistic 
search is that we unpack the search process as guided 
by reference points in greater detail. Our perspective 
considers that the choice set available to organizations 
is shaped by their reference points, their current activ
ity profile (and its current performance), and the per
formance of others. Moreover, it links these choice sets 
to performance outcomes: the likelihood that proble
mistic search will result in above-aspirational perfor
mance in the short and long runs and the likelihood 
that above-aspirational outcomes will be sufficient to 
survive in competitive environments. This connection 
has been recognized as important in the literature 
(Lant and Shapira 2008, Posen et al. 2018) but has been 
hard to establish with observational data (lacking coun
terfactuals that allow nonavailable and nonpursued 
opportunities to be studied) or with search models 
based on random-draw performance outcomes. By link
ing opportunities to outcomes, our approach allows us 
to append normative implications to the mostly descrip
tive account of problemistic search offered by extant 
theory.

A central finding in the literature considering both 
aspiration levels and survival points is that firms 
attend to both, with relative salience based on which 
reference point is closer to current performance (Audia 
and Greve 2006). Our model, with agents navigating a 
space bounded by desirable and unacceptable out
comes (see again Figure 1), produces a compatible per
spective; agents close to either “terrace boundary” are 
more likely to encounter outcomes that traverse that 
boundary. Our perspective complements the existing 
literature in that it connects the height of and distance 
between reference points to space in the landscape and 
shows how reference points shape the portion of the 
search space that is accessible.

Our results suggest a much more important role for 
the lower bound or survival point than previous litera
ture has assigned it. In the literature, however, the 
lower bound often has a qualitatively different inter
pretation; the setting of a survival point is often consid
ered an assessment of the organization’s available 
stock of resources (although it can also have other 
antecedents—see, e.g., Gimeno et al. 1997). Our model 
incorporates the downside of low performance by 
making hazard a function of comparative performance, 
but future work could examine organizational-level 
differences in available resources, potentially also link
ing our findings to slack search (Chen and Miller 2007).

Past research on reference-group selection has focused 
on performance levels (Knudsen 2008, Moliterno et al. 
2014)—different-sized “ponds” that organizations choose 
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to swim in (Frank 1985). Our model suggests that distance 
(in technology, practices, or policies) is an important sec
ond dimension of comparison. Performance signals from 
peers on a distant “peak” may hinder organizations more 
than they help. Recent advances in topic modeling (e.g., 
Arts et al. 2023) may allow future work to incorporate this 
dimension in work on social aspirations (see, for example, 
Lechler et al. 2023).

We show that reference points, far from necessarily 
being a source of suboptimal choices, allow for more 
exploration and reduce lock-in into local peaks. This 
insight relates aspiration levels to the evolvability of 
organizations (Ethiraj and Levinthal 2004). The impor
tance of indifference has already been highlighted 
by prior work on neutrality in complex landscapes 
(Kimura 1983, Wagner and Altenberg 1996, Wagner 
2005) and has been studied in the management litera
ture of Lobo et al. (2004) and Jain and Kogut (2014). 
This paper contributes to that line of work as it consid
ers neutrality not as a given and stable feature of the 
external selection environment but rather, as an emer
gent and endogenous feature of the internal selection 
environment (Burgelman 1994, Levinthal 2021). This 
means that neutrality is a function not merely of coarse 
evaluation but also, of the decision maker’s choices 
and those of the rest of the population. A terraced fit
ness landscape is derived from an agent’s search strat
egy, and its shape is endogenously modified as the 
focal agent and the rest of the population keep search
ing. The contours of the fitness landscape and its 
degree of neutrality will differ between organizations 
at any point in time and will differ over time for the 
same organization.

Our perspective of reference-point-guided search 
complements existing perspectives of adaptive search 
in complex environments both within the NK litera
ture and more generally. To the literature on search 
using NK models, we contribute by developing an 
extension of the canonical NK model (e.g., Levinthal 
1997). This extension relies on heuristics for whether to 
search and how to evaluate results. It reveals that the 
canonical model is a rather peculiar special case where 
agents focus only on their own past performance, 
have infinitely high ambition, and will not tolerate any 
performance decrease. Our model embeds a richer 
set of elements from the Carnegie tradition to show 
that social reference points are important drivers of 
organization-level search and adaptation patterns as 
well as population-level outcomes. We hope that our 
model adds to the value of the NK model as a tool for 
developing theory in the behavioral tradition (Bau
mann et al. 2019). Beyond its focus on reference points, 
it contributes to a small but growing line of work using 
the NK model that considers agents’ choices and per
formance outcomes as dependent on others’ choices 
(Lenox et al. 2006, Giustiziero et al. 2022).

More specifically, our perspective on search comple
ments existing models that incorporate ideas from the 
Carnegie tradition. Such models, often under the head
ing of “mental representations” (Csaszar and Levinthal 
2016), consider how searching agents act upon a (typi
cally simplified or coarse) representation rather than 
the actual fitness landscape (Gavetti and Levinthal 
2000, Knudsen and Levinthal 2007). In contrast to this 
line of work, we consider a mechanism that does not 
necessarily rest on cognitive limitations but rather, 
rests on search rules, implying a larger role for strategic 
choice by the organization.

Beyond the NK model, our findings can be useful 
for the broader literature on adaptation and inertia 
(e.g., Eggers and Park 2018). Our illustrative case of 
RIM’s (BlackBerry) adaptation problem has been pre
viously explained (in Argyres et al. 2019) as (because 
of prohibitive comparative adjustment costs) an expla
nation focused on the contours of the fitness land
scape. Other accounts of inertia have focused on firms’ 
search strategies (e.g., Tripsas and Gavetti 2000). 
Our perspective links these explanations by studying 
search strategies in tandem with the nature of the 
search problem (Simon 1990).

Empirical implications may be drawn in relation to 
different (inter-)organizational settings and serve as 
the basis for observational studies. For example, our 
homogenous populations could be interpreted as exem
plifying organizations’ expectation setting (e.g., our set
ting UB� 1, LB� 0.5 is one where top performance is 
rewarded but deviation from best practices is discour
aged) or industrial environments (e.g., setting UB� 1, 
LB� 0.01 characterizes a more entrepreneurial culture 
where decision makers aim for exceptional perfor
mance and risk-taking is encouraged; populations with 
UB� 0.51, LB� 0.5, on the other hand, may represent 
mature industries with clear benchmarks and no upside 
to surpassing them). Our results may help future work 
understand, for example, how individuals’ or firms’ ref
erence points translate into collective outcomes or how 
organizations fare if environmental conditions change 
while aspirations remain constant. Our analysis of het
erogeneous populations can be used to study industries 
in which firms have different approaches to (problemis
tic) search.

Contribution to the Strategy Literature
Our model complements insights from related modeling 
work in the strategy literature. Consider, for instance, 
the long-standing topic of firm heterogeneity. Previous 
literature adopting the NK model has emphasized the 
structural factors underpinning the emergence and per
sistence of such heterogeneity. Notably, past research 
has seen heterogeneity as a function of landscape com
plexity (Levinthal 1997) or of interdependencies between 
a firm’s strategy and positioning (Adner et al. 2014). Our 
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model complements these insights by showing how 
firms’ decisions are the outcome of the interaction 
between environmental characteristics and the decision 
maker’s evaluation of those characteristics. We show 
that the evolution of heterogeneity depends not only on 
external factors but also, on the criteria that managers 
adopt to orientate themselves within the landscape.

Our study also connects with work on the behav
ioral implications of incentives for firm performance. 
For example, our model can be seen as a continuation 
of the behavioral analysis of industrial policies (Li and 
Csaszar 2021), in which social reference points are 
interpreted as regulations anchoring targets to popula
tion dynamics (for example, to achieve certain bench
marks for reducing emissions rather than constraining 
organizations’ decisions). In our approach, the policy
maker does not need to know the precise structure of 
the landscape.

Our results have normative implications for the suit
ability of performance targets (to the extent that they 
can be controlled). At the industry level (e.g., for pol
icymakers), our work has implications for the design 
of incentives and selection mechanisms in circum
stances where what matters is the collective perfor
mance of a population of organizations. We show that 
conditional on the complexity of the task environment 
and competitive pressure, high relative targets may be 
unnecessary in the long run. At the organizational level, 
our work points at distinct ways that a search strategy 
may fail; organizations may search too broadly or too 
narrowly depending on the distance between reference 
points, and reference-point sets that deliver temporary 
advantage in the short run may hinder adaptation in 
the long run. Furthermore, we show that the suitability 
of reference-point sets for focal organizations depends 
on environmental complexity, competitive pressure, 
and the reference points adopted by competitors as 
external contingencies.

Limitations and Future Research Opportunities
Our model embodies a simplified operationalization of 
search with reference points. We have explored exten
sions that incorporate other findings in the aspirations 
and search literature but only to the extent that they 
influence search with aspirations and reference points. 
Future work could expand our model in different 
ways—for example, by incorporating the problemati
zation of reference groups (Hu et al. 2011, Moliterno 
et al. 2014). It could also broaden our perspective—for 
example, by also considering belief-based search rather 
than aspiration-based search as outlined in Keil et al. 
(2023). The NK model as an adaptive search model 
faces inherent limitations in studying forward-looking 
strategies. Other approaches beyond NK could inte
grate our perspective into the growing line of work 
that considers how decision makers adjust their choices 

to assumptions about peer actions and outcomes 
(Menon 2018, Menon and Yao 2024).

Conclusion
In this paper, we have developed a model that inte
grates problemistic search with social reference points 
and adaptation in complex environments. We study 
how peer comparison endogenously transforms the 
search space, with implications for search opportuni
ties and outcomes. Our results show that upper and 
lower reference points shape population search pro
cesses differently, and they highlight the importance of 
internal and external fits of reference points for organi
zational adaptability. We contribute to the understand
ing of organizational search processes—specifically, by 
providing a model that can inform future research on 
the connections between organizational adaptation 
and population dynamics.
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Endnotes
1 See McNish and Silcoff (2015) as well as coverage in news outlets: 
https://www.ft.com/content/184d536a-856a-11e6-a29c-6e7d9515ad15 
and https://www.theguardian.com/commentisfree/2013/nov/05/why- 
blackberry-failed. As summarized in The Guardian in 2013, RIM had 
opportunities to adapt but “took the wrong direction.” Note that as 
we will discuss later, RIM’s failure to adapt has been explained 
previously in “landscape terms” (Argyres et al. 2019). Our interpre
tation complements this explanation by explaining both the trigger 
for change and the tolerance for performance decrease as shaped 
by social comparisons. Note also that a standard “NK” explanation 
would not account for RIM trying to adapt in the first place.
2 Google provided Android as an open-source operating system to 
device makers via its Open Handset Alliance.
3 We tune this salience in alternative specifications.
4 Of course, this representation does not accurately capture the N- 
dimensional task environment that we model; in Online Appendix 
A, we present the same transformation and an example search pro
cess in an N� 3 environment with terraced landscapes.
5 A pseudocode, a decision tree, and an example of the search crite
rion are provided in Online Appendix C. A replication package is 
available at https://doi.org/20.500.11850/725148.
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https://www.ft.com/content/184d536a-856a-11e6-a29c-6e7d9515ad15
https://www.theguardian.com/commentisfree/2013/nov/05/why-blackberry-failed
https://www.theguardian.com/commentisfree/2013/nov/05/why-blackberry-failed
https://doi.org/20.500.11850/725148


6 For simplicity and comparability, we keep all model parameters 
constant and equal to what we call the “standard NK” model from 
Levinthal (1997) where possible.
7 Agents aim to rank at least as high as their upper reference point, 
which allows for ties. Prohibiting ties is possible as an alternative 
specification but has rather peculiar implications. For example, if all 
agents aim for best performance (UB� 1), this will lead to one agent 
occupying the global peak (the first to find it) and all others perpet
ually searching for a nonexistent better outcome. Moreover, if a sec
ond agent was to traverse the global peak as an “acceptable but not 
desirable” location, both agents would immediately consider the 
global peak to be below aspirations and move away from it. With 
few agents, the idea that peaks can be “occupied” is interesting (see, 
for example, Giustiziero et al. 2022). Implications of firms overtak
ing each other in a random-draw model (i.e., one without any 
peaks) have been analyzed in Denrell et al. (2023).
8 A similar result can be found in the model developed by Denrell 
et al. (2023). In a model focused on aspirations and performance- 
perturbing shocks, the highest long-term collective performance is 
reached when agents have very low aspirations. This is because 
only the worst-performing few agents search, and aggregate perfor
mance slowly “ratchets up” over time.
9 This can occur because reference points are expressed as popula
tion shares. See Online Appendix B for these results.
10 These results are shown in Online Appendix B.
11 The analysis of heterogeneous populations without competition 
can be found in Online Appendix B.
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