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Abstract While many important insights have been gained by these
perspectives, it does not necessarily provide a descriptively
correct model of human decision-making. Indeed, previous
research in experimental economics and cognitive psychol-
ogy has shown that human decision makers often do not ad-
here to fully rational behavior. For example, Kahneman and
Tversky[Kahneman and Tversky, 197Bave shown that in-
dividuals often deviate from optimal behavior as prescribed
by Expected Utility Theory. Furthermore, decision makers
often do not know the quantitative structure of the environ-
ment in which they act. But even if the quantitative struc-
ture of the environment is known to the decision maker, find-
ing the optimal sequence of actions is often a problem with
intractable computational complexitPynadath and Tambe,
2004d. Thus, even in the best of circumstances, modeling be-
havior based on full rationality may be impractical.

1 Introduction A research direction called Bounded Rationality initiated
by Simon[Simon, 1957 focuses on investigating the ratio-
nality of individuals in decision making and problem solving.

Effectively modeling an agent’s cognitive model is
an important problem in many domains. In this pa-
per, we explore the agents people wrote to operate
within optimization problems. We claim that the
overwhelming majority of these agents used strate-
gies based on bounded rationality, even when op-
timal solutions could have been implemented. Par-
ticularly, we believe that many elements from Aspi-
ration Adaptation Theory (AAT) are useful in quan-
tifying these strategies. To support these claims,
we present extensive empirical results from over
a hundred agents programmed to perform in opti-
mization problems involving solving for one and
two variables.

Realistic modeling of individual reasoning and decision mak
ing is essential for economics and artificial intelligence re—S. that | tin th t simole sit
searcher§Chalamistet al, 2008; Gigerenzer and Goldstein, >'MON Présumes hat peopie — except In the most simple sit-
1996: Maes, 1995: Manisterskit al, 2008: Murakamiet uations — lack the cognitive and computational capabilities to

al., 2002; 2005; Sauermann and Selten, 1962; Selten, 199§1d Optimal solutions. Instead they proceed by searching for
Se,ltenet’al 1égj In economics vali’dly en’capsula'ting non-optimal alternatives to fulfill their goals. Simon proposes
human dec.i1sion-m.aking is critical for instance in predict_that real-world decision makers satisfice rather than optimize

ing policy effects. Within the field of computer science, and seek “good enough” solutions instead of optimal ones.

it is critical for mixed human-computer systems such asInthls tradition, Sauermann and Selten propose a framework

: : : ; called Aspiration Adaptation Theory (AATBauermann and
ggﬁgﬁ:g{&i?;l?aorm aeltng\l/lag(s)balggﬁd lm&gg talsm;lﬁ?arénegnt Selten, 1962; Selten, 19P8s a boundedly rational model of
trading environment§Manisterskiet al, 2004. In these decision man(;wg. ; . | . i
and similar domains, creating agents that effectively under- R€C€Nt evidence from experimental economics provides
stand and/or simulate people’s logic is particularly impor-SUpﬁOrt that people apply _boun(:]edly rational procedures,
tant. In both economics and computer science the perspe€Ch as Aspiration Adaptation Theory (AATBauermann

tives of unbounded rationality based on notions such as exad Selten, 1962; Seiten, 1998 real-world domain$Sel-
pected utility, game theory, Bayesian models, or Markov Detenetal, 2008. In this paper, we provide empirical evidence
cision Processes (MDRNeumann and Morgenstern, 1944; that the computer agents people write to act within optimiza-

Russell and Norvig, 20Q3have traditionally been the foun- tion prOblemS also_ co_ntain several key elements from these
dation for modeling agent's behavior. models. This realization allows us to effectively model the

- _ decisions by these agents. Additionally, we present several
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nal behavior[Sauermann and Selten, 1962; Selten, 1998 optimal values of all variables simultaneougRussell and
We frame this theory within the specifics of the optimization Norvig, 2003.

problems presented in the next section. We refer the reader While this theory has existed since the early 19¢685uer-
to the full paperfSelten, 199Bfor a complete and general mann and Selten, 1952there are few empirical studies of
presentation of this theory. how well it explains observed behavi®eltenet al, 2009.

AAT is an approach by which bounded agents address As Selten’s paper states, “AAT was meant as a useful point of
complex problemgG. The complexity withinG prevents the departure for theory construction. The theory as it stands can-
problem from being directly solved, and instead an agent crenot claim to be a definite answer to the problem of modelling
atesm goal variablesG; , ..., G,,, as means for solving bounded rationality. Probably, one would need extensive ex-
G. These goals are assumed to be incomparable, and no goerimental research in order to modify it in a way which fits
gregate utility function, known as a substitution rate in eco-observed behavior[Selten, 1998
nomics, can be constructed for combining thgoals intog. In this paper, we study how AAT provides such a point of
The lack of a utility function may be because the problem isdeparture for studying optimizing search agents. To the best
simply too complex to quantify such a function, or becauseof our knowledge, this paper represents the first study that
the agent lacks the resources to properly calculate the aggrbridges between the fields of experimental economics and
gate utility function forG. In attempting a solution, the agent computer science to demonstrate the applicability of bounded
has a group of instrument variables which represent base acrationality theory in modeling these agents. While several
tions that can be used to pursue the goal variables. We defintifferences do exist between AAT and the cognitive model of
a strategyz = (z1, ..., zs) as a combination of instrument the search agents we study, we overall find many key sim-
values for the goal variables, , ..., G,,. These values can ilarities between these agents and elements of this bounded
and do typically change over the life of the agent. For ex-rationality theory. Additionally, we compare these agents to
ample, assume a company has a gp#d be optimally prof-  other bounded rationality models and optimal methods, and
itable. Goal variable examples might be to create more saleslemonstrate that AAT is descriptively more correct than the
create higher brand awareness or to invest in the companytsther possibilities. The next section details the exact method-
production infrastructure. Here, the instrument variables maylogy used in this study.
include lowering the product’s price, investing more money in
marketing, or hiring more skilled workers. The agent might3 ~Research Methodology
have one strategy at the beginning of its operation (e.g. aGentral to our methodology is the strategy-mettiSelten
opening sale to entice buyers) and then use a different strate@y al, 1997 from experimental economics. The assumption
after the business matures. An actidis a rule for changing  pehind this method is that people can effectively implement
the strategy. Examples of actions in this context include:  their own strategies within a certain period of time, without

+ Raising the product’s price by 5%. additional aids s_uch as handbool_<s or other sources _of infor-

« Lowering product’s price by 10% in conjunction with Mation. Underlying this assumption is that people will exe-

raising the marketing expenditure by 15% cute a task to the pest of their a}bllmes if they are properly

« Making no chanae to the strate motwqt_ed, monetarily or otherwise. In our study, all peo-

axing 9 9y ple writing agents were upper level undergraduates (seniors),

A finite number ofn actions, A, ...A,, are considered. masters and PhD computer science students and were given a
The agent can only choose one action per time frame. firm deadline of 2 weeks to complete their agents. As motiva-

Despite its lack of utility to quantify rational behavior, the tion, we told the students that their grade was based on their
model provides several guidelines for how bounded agentagent’s performance. Once these programs were written, the
will behave. Agents decide about goal variables as followsmental model of the person’s agent can be directly evaluated
The m goal variables are sorted in order of priority, or the from its decisions. This approach is well accepted in exper-
variables’urgency Each of the goal variables has a desiredimental economics and it has also begun to be used within
value, or theaspiration level that the agent sets for the cur- artificial intelligence researdiChalamisket al, 2009.
rent period. The agent’s search starts with an initial aspiration In order to ensure that people were able to effectively en-
level and is governed by itscal procedural preferencehe  capsulate their own strategies, several steps were taken. First,
local procedural preferences prescribe which aspiration leveke took care to provide students a well designed Java frame-
is most urgently adapted upward if possible, second most uwork in which methods were included for most computations
gently adapted upward if possible, etc. and which partial asfe.g. finding the average of the agent’s past performance).
piration level isretreated fromor adapted downward if the Thus, full knowledge of Java was not necessary, as the pro-
current aspiration level is not feasible. Here, all variables exvided framework enabled people to encode their strategies in
cept for the goal variable being addressed are assigned valuesly a few lines of code. This approach mimics the strategy-
based on ceteris paribus, or all other goals being equal, a berethod variant previously used in economi&gltenet al.,
ter value is preferred to a worse one. Borrowing from Simon’s1997 where people program their own strategies. The Java
terminology[Simon, 1957 there is only an attempt to “satis- language was chosen as all students had experience using this
fice” the goal values, or achieve “good enough” values insteagrogramming language in multiple previous courses and thus
of trying to optimize them. Note that this search approach isvere fluent in this language. Finally, after the first two week
in contrast to traditional A.l. methods such as Hill-climbing deadline, we required all students to submit a “draft” agent
or Gradient Descent learning techniques which can search fafter which we reported back to all students with the rela-



tive performance of their agents to others in the group. Theegardless of the time step, are drawn from the same distribu-
students were then allowed an additional week to fix bugs iion. We denote:; as the lowest price the agent observed up
their agents, or to improve their implementation without anyto and including the time period(i.e., ¢; < ¢;_1). At the
penalty. end of the game the agent’s costisst(t,c;) = ¢; + A x t,

We used two tools to study the agents’ design. First, we\ > 0. The agent’s goal is to minimize this cost. As has been
ran the agents and studied the agents’ decisions. By analypreviously proven, the optimal strategy in such domains is as
ing the agents’ logic and comments, one can often understarfdllows: existsc such that ife; < ¢ the agent should stop the
the search process used. Additionally, after an assignmestarcHWeitzman, 197R
had been completed, we distributed questionnaires to the stu- Intuitively, it seems strange that the decision as to whether
dents themselves asking them directed questions about thiee agent should stop the search does not depend on how
strategy their agent used, confirming particulars of their apmuch time is left, i.e.¢ does not depend dn— ¢. However,
proach. This allowed us to confirm what search mechanism#he reason for this is as follows. If the agent's overall ex-
were used by each of the agents. pected benefit from continuing the search (i.e., the reduction

Our long-term research methodology is as follows. We firstin price that it will obtain) is lower than the overall cost due to
study a relatively simple optimization problem, to understandhe added search time, the agent clearly should not continue
the model used by agents to solve this problem. Next, wehe search. Furthermore, it was proven that it is enough for
study progressively more difficult problems. Eventually, wethe agent to consider only the next time period, i.e., it should
hope to reach real-world types of optimization problems. Bystop the search if and only if the expected reduction in the
studying progressively less difficult problems first, we believeprice in the next time period is less than the cost of contin-
it will be easier to understand the general behavior of theseing one time periodX) [Weitzman, 197R To understand
agents and the applicability of our results. In this paper, wavhy, consider the following sketch of the proof: Suppose, to
report on the first stages of this research. the contrary, that the agent is in time stethe expected ben-

Specifically, in this paper we report on the results fromefit from continuing ta: + 1 is less tham, but it will still be
two optimization problems — a commodity search problembeneficial for the agent to continue until tintfe> ¢ + 1. The
where the optimal solution could be found based on solvingagent should then continue the search to tifrel. However,
for one cost instrument variable, and a more complicated doi is given thatc;—; < ¢;. Thus, given that the price in each
main where the optimal solution requires solving for pricetime period is drawn from the same probability, the relative
and quality instrument variables. In both domains an opti-expected reduction of the price when moving frdm- 1 to
mal solution can be constructed, and thus bounded rationai is smaller than the expected reduction when moving from
ity theories such as AAT are potentially unnecessary. How+ to ¢ + 1. Nonetheless, the cost per time steps the same.
ever, the optimal solution is far from trivial in these domains. Thus, we demonstrate that if it is not beneficial for the agent
Thus, these problems allow us to explore issues surroundintyp continue fromt to ¢ + 1, it is also not beneficial to con-
the strategies and heuristics implemented by people’s agentimue fromt’ — 1 to ¢’; contradicting our assumption that it is
and questions of performance and optimality of these agent&eneficial to the agent to continue until time peritd

) ) o In our implementation, the prices are distributed normally
3.1 Commodity Price Optimization with a meany and a standard deviatian We denote by:

In the first optimization problem, we consider a problemthe price for which the expected reduction in the price for
where a person must minimize the price in buying a com-One time period is equal ta. For a given price the benefit
modity (a television) given the following constraints. In this iS = — p and the probabilityfor p is
problem, a person must personally visit stores in order to ob- 1
serve the posted price of the commodity. However, some cost 7\/2—6
exists from visiting additional stores. We assume this cost avem
is due to factors such as an opportunity cost with continuingsiven these definitions we must generally solve:
the search instead of working at a job with a known hourly "
wage. For any given discrete time period, the person must _ L 1qeomy2,
= 4 X oo (x—p e 2% Vdp =\
decide if she wishes to terminate the search. At this point, we 0 oV 2r
assume she can buy the commodity from any of the visited |n our specific implementationy = 1000, & = 200 and
stores without incurring an additional cost. The goal of the) — 15, Thus we specifically solve,
agent is to minimize the overall cost of the process which is
the sum of the product cost and the aggregated search cost. r 1 1
; ; ; ; (x —p)—————e"2"Z0 ) dp=15

From a strategic point of view, the game is played under a 0 200271

time constraint rather than against an opponent. An optimal Solving this equations yields a solution:of= 789,

solution to this optimization problem can be found as an in- Note that as an optimal solution exists, ostensibly there is

stance of Pandora’s problefweitzman, 197Presulting in a ; , )
stationary threshold below which the search should be termigeer:esvdefg;ﬁgyg Ctiﬁgtrﬁg?gil;ty tggogfsbsuﬂcgvﬁ '?r'g ' aH(()avr\:{s
nated. Formally, we can describe this problem as follows: ' y peopie, 9

We assume that there is a finite timelifie= {1, 2, ..., k}. In the domain, when a negative price was drawn, we drew a new
In each time step, ¢ < k the agent observes a cost and needsprice. Since the probability of such an event is extremely small, we
to decide whether to end the search. All of the observed costsid not take it into consideration in our analysis.

- 2
—h(5)

p—1000\2




they write on their behalf, do not necessarily effectively har-be 50 (as pek) times 50 (as per as possible values fr
ness a computer’'s computational power to find optimal stratetimes 20 (as per as possible values{arOnce this table has
gies. Thus, we predict that agents will use non-optimal searcheen constructed, the online agent only needs to identify what
strategies involving instrument variables such as the currerthe values fop: andy are so it may use the optimal prelearned
price of the commodityx;) and the elapsed time{) as mea- values. As such, an optimal solution is as follows: In the first

sured by the number of visited stores. time period, the agent uses a predetermined value that
. . o will yield the highest average profit. Once the agent observes
3.2 Price and Quality Optimization the company’s profit after the first iteration, it is able to solve

In the second problem, we consider an environment of a confor the unknown value of:. In the second iteration it can
pany with a monopoly for a certain product. The owners ofsimilarly solve for+ as it is known to be the only remaining
the company must set several important variables that willariable. After this point, the agent sets the price and quality
impact how much money the company will make. In this en-for every remaining time step as per the prelearned optimal
vironment, there are no external factors to these decisionyalues for these values pfand~. Alternatively, another op-
Thus, the outcome of these decisions is not influenced by fadimal solution involves first solving for the unknown value for
tors such as how other companies perform, what are othey in the first iteration, fog in the second iteration, and using
people’s decisions, or random effects. the prelearned optimal values after this point.

We formally present this problem as follows: We assume As an optimal solution is again possible in this domain,
that there is a finite timelind = {1,2,...,k}. The agent bounded rationality theories such as AAT seem irrelevant.
needs to set two instrument variables, the price and quality dflowever, we generally believe that two significant factors
the product for any € 7, denotedp, andg;, respectively. contributed to the student’s inability to optimally solve these
The values op, andg; can be set to any positive integer. The problems. First, both problems were verbally presented and
profit of the agent at a given timedepends on its choice for thus students needed to properly model the problems before
the price and quality until the current time. We denote bysolving them. Second, even after these problems were prop-
p' = (p1,...,pt) andq’ = (q1, ..., q:), the price and qualities erly modeled, correctly solving for these problem parameters
determined by the agent until tinte The profit of the agent was far from trivial and required significant algebraic knowl-
atagiven timePT(pt, ¢') consists of the gross profit and the edge. As a result, we again hypothesize that people will use
expenses due to the quality. non-optimal strategies, here involving search within instru-

The portion of the profit that is influenced by the price is: ment variables of the company’s price, § and quality {-).

P Al ~ While the commodity search and the monopoly optimiza-

PG(p") = pre” P tion problems are relatively simple, the similarities and dif-
The portion of the profit that is influenced by the quality is: férences between them allows us to generalize our findings.
First, the commodity search problem is a basic problem all

people encounter — we all purchase items in stores with dif-

QG(7") = A;QG(t 1)+ AgQG(t —2)+ A;j’\/% ferent price distributions. In contrast, the monopoly prob-
_ _ _ lem is one that business managers, and not computer sci-
The profit at timet is ence students, may have experience solving. Other techni-
N _t Nt cal differences exist as well. The commodity search problem

P, @) = PG() « QG(T) =74 is characterized by complete information, but a certain level

The profit of the entire time period i, - PT(p',q") of randomness (non-deterministic behavior) exists in what

All of the constants but and~y are known to the agent. In the price of the commaodity is in a given store. Also note
our experiments we set the constahﬁs: 100Q )‘31 = 0.7,  that the optimal solution involves making a decision based
)\3 = 0.3, and )\2 = 0.4. For initialization purposesy_; on the current price alone. In the first domain, other instru-
andq are set to 0. The value for is a randomly selected ment variables, such as the number of visited stores or the

integer from a uniform distribution between 25 and 75, andength of the time horizon, are not part of the optimal so-
~ is a randomly selected integer from a uniform distributionlution. In contrast, the monopoly game is characterized by
between 40 and 60. Finally, we set k=50 indicating that thedeterministic functions with two unknown parametersad
company will only exist for 50 time periods. ~). While this problem is more straightforward, the intro-
The goal of the agent is to maximize the company’s proﬁtdl.lCtiOI”l of a second variable makes the problem seemingly
over the course of one trial. The agent operates within a ongnore complex. Furthermore, the optimal value for quality
shot environment which resets the valuesuoéindy after ~ changes over time, and can only be found by solvingyfor
every trial. Thus, no learning could be performed betweerPespite these differences, both domains are generalized rep-
these trials to learn the values @find~. However, through- ~ resentations of real-world problerbGhalamishet al, 2008;
out one trial, for every time period the agent was given theSeltenet al, 2004 and thus serve as good domains for study-
values of PT (¢!, ¢*), PG(c"), QG(q) ing the models of search agents.
Note that in this environment as well, an optimal solution :
can be found. Here, the only problem parameters with un-4 Results and Analysis
known values arg: and~. It is possible to construct a table We studied how people’s agents performed in the above com-
offline with the optimal values of price and quality given all modity search and monopoly domains. Within the commod-
possible permutations fgr and~. The size of this table will ity search domain, we studied the agents from 41 senior un-



dergraduate and graduate students. Within the monopoly dalifferent evaluation approaches. Within tRall evaluation,
main, we studied the agents from a different group of 57 sewe studied the average performance of the agent across all
nior undergraduate and graduate computer science studentpossible permutations of price and quality. In ampling

) evaluation, we studied the average performance of the agents
4.1 Non-Optimal Performance across six randomly selected value pairs of these values. Re-
In both domains, a minority of the agents did in fact exhibit alistically, the second type of evaluation seems more appro-
performance near or close to that of the optimal agent. Howpriate as people typically build small numbers of companies.
ever, the vast majority of these the agents deviated signifiHowever, the fuller evaluation in theull group is useful for
cantly from optimal behavior. statistical testing.

As per previous work by Chalamish et diChalamishet Table 2 displays the performance of the agents from the
al., 2009, the 41 agents from the commodity search domairmonopoly domain. Note that in this domain as well, the
were divided into 14 “maximizing” agents and 27 “cloning” performance of the best agents (third column) in both the
agents. The “maximizing” agents were written by studentg~ull and Samplingevaluation methods reached near optimal
who were asked to create agents with as high performandevels. However, the agents’ average performance (first col-
as possible (optimal). The “cloning” agents were writtenumn) again fell well short of the optimal (p-values between
by people who were instructed to mimic their own personalthe optimal performance and the Full and Sampling eval-
strategies. As one focus of the experiment was how effecuation groups were both well below 0.0001). This again
tively people could clone their own strategies, the maximizestrongly supports the claim that people’s agents typically fall
group served as the control group with a ratio of 1:2. As ranfar short of optimal values. Note that in the more complex
dom effects do exist in this environment, we ran each of thesenonopoly domain, the average agent’s performance was over
agents 50 times, and averaged the agent’s performance. V88% less than the optimal value, while in the simpler com-
then compared the average performance from the “cloningtnodity search problem, this difference was closer to only 5%.
and “maximizing” groups, the best performing agent fromThis seems to imply that as problems become progressively
each of these groups, and the worst performing agent frorharder, the performance of bounded agents deviates further
each of these groups. Finally, we compared the performandeom the optimal values.
of the optimal agent to the agents the students wrote.

Average Worst Best| Optimal

Average| Worst | Best| Optimal Full | 41878.48| 10145.13| 58736.37| 61597.87

Maximizing | 828.03| 875.36| 790.92| 789.20 Sampling| 35961.03| -5578.89| 55485.08 58150.61
Cloning | 834.98] 895.21| 790.13| 789.20

Table 2: Comparing the Average, Worst, and Best Utility

Table 1: Comparing the Average, Worst, and Best Utility Value of People’s Two-Parameter Monopoly Agents to Op-
Value of “Maximizing” and “Cloning” Commodity Search timal Values. Higher Utilities are Better.

A imal Val .L . . .
gents to Optimal Values. Lower Costs are Better 42 Elements of AAT to Quantify Behavior

Table 1 shows the performance of these agents. Note th&ur goal was not just to verify the non-optimality of people’s
the goal of this domain was to minimize the search price. Asagents, but to generalize what non-optimal strategies are in
such, the low search cost of the best agent (column 3) closelfact being used. To the best of our knowledge, this paper rep-
approximated the performance of the optimal agent (colummesents the first of its kind to demonstrate that many agents
4). It is important to also note that the average cost of bothlesigned to solve optimizing problems in fact implemented
the “cloning” and “maximizing” agents (approximately 830 strategies consistent with bounded rationality, and specifi-
units) were quite far from the optimal agent (approximatelycally key elements of AAT.

790) with p-values testing for significance being much less Other than AAT, several different types of strategies were
than 0.0001. However, the differences between the “cloningpossible in these domains. First, the optimal methods de-
and “maximizing” agents were not significant (p-value 0.48).scribed in Section 3 could have been used. Within the fam-
These results imply that most people asked to write optimaily of bounded methods, several possibilities other than AAT
agents fall well short of this amount, and do in fact, closelywere possible. Psychological models of bounded rational-
replicate their own non-optimal strategies. This result vali-ity have suggested that people use domain specific biases or
dates the use of the strategy meth8éltenet al, 1997 from  heuristics to solve problems sub-optimall@igerenzer and
experimental economics as people were typically successfuboldstein, 1996; Kahneman and Tversky, 107hese meth-

in implementing their own strategies. ods are different from bounded economic approaches such as

Once we verified that the strategy method could be appliedAT which present a general, non-domain specific method
to agents written to act within optimizing problems, we stud-for searching for a satisficing solution. Following the psycho-
ied a second group of 57 maximizing agents written for thdogical approaches, simple predefined heuristics could have
monopoly domain. We again studied the average, highesheen used to set values for the unknown parameters. This ap-
and lowest performance across the agents, and compared tipioach is consistent with a basic implementation of Gigeren-
performance to that of the optimal agent. In this domain,zer and Goldstein’s fast and frugal heuris{i@Ggerenzer and
many different values were possible for the previously de-Goldstein, 199Fand involves using simplistic preset values
scribed price and quality functions. As such, we applied twathat are seen as “good enough”. Other non-AAT search ap-



proaches may involve simultaneously searching for all unample, we would expect an agent in the monopoly domain to
known values. More traditional A.l. methods search as Hill-focus on variables such as price and quality instead of higher
climbing or Gradient DescerfRussell and Norvig, 2043 level abstract goals such as “brand awareness” or “company
can simultaneous search for multiple variables, something nanfrastructure”. Again, we believe that this difference is due
consistent for AAT’s concept of urgency. to the fact that we consider optimization problems with clear

To study this point we constructed a short list of severalutility functions, and represent a generalization of AAT.
guestions by which we determined the model of the agents.

These questions included: How many variables did the agents Goal Variable | Judge 1| Judge 2| Judge 3| Average
attempt to solve for? What were they? Was a search process Price 6 6 7 6.33
used to set these instrument variables, or was a predefinédStores Visited 5 5 5 5
strategy (independent of actual performance) used insteadBoth w/ Retreat] 30 30 29 29.67

If search was used, were the variables searched for simulta- ] _ ] )
neously, or sequentially? If sequential search was used, didlable 3: Goal Variables in the Commodity Search Domain

the_agent revisit variables after_ it had originally set a _value Table 3 presents the number of agents categorized by each
for it (such as to retreat, or revise downward. the previouslyyf these judges in the commodity search problem. This table
set threshold value). We recognize that despite the wealth Qfepicts how the 3 judges categorized the number and search
log files and strategy descriptions provided by the agents’ alzarigbles of the agents. The optimal solution within this prob-
thors, at times some ambiguity may exist in an agent's modaby jnvolves search within only one variable, the current price
as how to answer these questions. To overcome this ISSUBf the commodity. Nonetheless, the judges found that on
we had a total of three people judge each of the agents in OWyerage 6.33 of the 41 agents made decisions based on this
results. Of these three p_eople, two were not authors on thig,riaple alone (see row 1, column 4). While none of these
paper, and thus had no bias. _ students actually used the optimal strategy (buy if the price
_ Overall, we found that search agents not only didn’t use opin the current store is less than 789 — as generally dictated by
timal methods, but additionally exhibited three key elementg\yeitzman, 197Pwithin our implementation), several of the
specific to AAT. First, we found that agents prioritized certainstydents did have similar strategies such as buy if the price
instrument variables to be solved first. This concept paralis |ess than 800. Another 5 students actually used another
lel's AAT's concept of urgency between its goal variables.  search variable, the number of stores visited, to make deci-
Second, we found that agents generally stopped their seargfipns (see row 2). For these students, the strategy was to visit
W|th|n a g|Ven Instrument Va.“a.ble once It had SatISflced th|Sa predetermined number h’fstores and to buy the Commod_
value. Finally, we found that agents often changed its satisficity in the cheapest store from the groupf Both of these
ing threshold during the search process. This parallels AAT'strategies only contained one instrument variable. As such,
concept of retreat and should be expected if the agent deemegey can be viewed as basic search strategies involving only
its original goal was no longer realistic. For example, withingne variable (e.g. search until priee X, or visit Y stores
the commodity search domain an agent may begin by first aigng buy in the cheapest store).
tempting to find a commodity below a certain threshold price. Surprisingly, approximately 73% of the agents (see row 3
However, assuming a certain time elapses (or a number Qfolumn 4, average 29.67 of 41) use combination strategies.
stores haye been visited), it may revise downward this threshzqr these students, the strategy was to immediately buy the
old as being a “good enough” solution. In the monopoly do-commodity if the price was less than, otherwise, they visit
main, the agent might set a priority as to which variable, price; maximum ofY” stores and buy in the store with the cheap-
or quallty, will be searched for first. After this vanab}e Was est found price. While non-optimal, this strategy has key ele-
satisficed, the agent then proceeded to the other variable. ents of AAT. Originally, agents search based on price alone.
It is important to note that two key differences exist be-However, if the desired price is not found, the agent down-
tween classic AAT, and the behavior exhibited by the searchyard revises its aspiration. This can be seen as being similar
agents in the domains we studied. First, AAT assumes thap the retreat process within AAT’s goal variables. Note that
them goal variables used to sol¢are incomparable as no the use ofurgencyhere is not even justified based on optimal
utility function was possible to connect goal variables. Here pehavior as the second goal variable (Stores Visited) is not
we consider optimization problems where a concrete functioRyen part of the optimal solution! Furthermore, the combina-
betweeng and them goal variables clearly exists. Nonethe- tion strategy of settling on a price after visitiigstores if the
|ess, we hypOthESIze that the agent will not attempt to CalCUno Commodity is found with a price less thahis a good ex-
lateg due to its bounded nature. This represents a significartdmple ofretreatvalues. Here, the price less thanis aspired
generalization to AAT's theory and its relevance even withinfor. However, assuming this cannot be found after visifing

domains that contain concrete, albeit difficult to quantify, util- stores, the satisficing threshold within this variable is revised
ity functions. Second, AAT is based on the premise that theynd a lower value is accepted.

agent's search will be based on aapiration scalewhich

sorts them goal variables and attempts to satisfice values Similarly, the results in Table 4 present the analysis of the
for these goals. As we consider concrete optimization probthree judges of the monopoly agents’ cognitive models. None
lems, it is more natural for agents to consider optimizing theof the students used the optimal strategy to solve for both
instrument variables that constitute the basis of these goalwice and quality variables (line 1). A number of agents did

rather than the more abstract general goal variables. For esimultaneously search for both the price and quality variables



Case| Parameter 1 Parameter 2 Judge 1| Judge 2| Judge 3| Average AAT?

1 Optimal Optimal 0 0 0 0 No

2 Simultaneous Search Simultaneous Search 9 13 8 10 No

3 Predetermined Predetermined 3 3 4 3.33 No

4 Search Price Search Quality 9 14 23 15.33 Yes

5 Search Quality Search Price 4 0 1 1.67 Yes

6 Search Price Predetermined Quality 27 22 15 21.33 | Yes (Trivial)
7 Search Quality Predetermined Price 0 1 0 0.33 Yes (Trivial)
8 Alternating Alternating 5 4 6 5 Yes

Table 4: Comparing the Agent Strategies within the Monopoly (Price and Quality) Domain

(line 2), and a smaller number of students did use predeteif it changed or retreated from its goal because of previous
mined heuristics for setting both variables (e.g. price alwayperformance, but did not use search if it changed its goal be-
equals 10 and quality equals time elapsed). Both of theseause of some predefined value. For example, if an agent
strategies do not contain elements of AAT as no urgency experceived that its performance dropped because it raised its
ists between variables (in line 2), or no search for goal vari-quality value, and then decided to lower its quality value,
ables is performed (in the predefined case) and instead caearch was used. However, if the agent decided to lower its
be consistent for other methods — such as more classic sjuality value, even by the same amount but by using a prede-
multaneous search approachsssell and Norvig, 2043in fined constant function, they were instructed to categorize the
line 2) or fast and frugal heuristi¢&igerenzer and Goldstein, agent as having a predefined strategy without search. This de-
1994 (in line 3). finition is based on Learning Directional Theory (LD[Bel-

In the vast majority of the agents (approximately 77%)ten and Stoecker, 1986vhereby agents change the search
search was conducted with elements of AAT. For most agentBrocess for goals based on previous performance. However,
(lines 4 & 6) the price variable was searched for first (e.g. hagluestions arose in cases where goal variables seemed to be
the highest urgency), after which quality was either searchettértwined (e.g. an agent set its quality as a function of the
for (in line 4) or set by a predetermined function (in line 6). Price vaIu_e it was'searchlng for). Additionally, this defin-
A very small number of agents had the opposigmiration ~ ition _reqwred the _Judge to rea_d the agent’'s code and strat-
scalewith quality being searched for first (in lines 5 & 7). €9Y files, and not just observg its performance. Furthermore,
Similarly, only a relative small number of agents (line 8) con-Many monopoly agents that simultaneously searched for both
sistently alternated between searching for price and qualityg©al variables (line 2 of Table 4) and thus were not classi-
In this approach, an agent would set one value (say price), ifled as using AAT often instead used the boundedly rational
the next time frame search for the optimal value of the secmodel of LDT to search for these values. Consequently, we
ond goal (quality), only to return back to the first goal vari- @€ currently studying if LDT can be extended to better de-
able (price) and adjust downward (retreat from) its originalSCribe why and how goal variables are satisficed, and when
value. The reason why fewer agents made use of retreat in th) agent will reorder itsispiration scaleto revisit previous
domain seems as follows. According to AAT, retreat occursgoal variables during search.
once an agent realizes it must Change its aspiration based onOveraII, several conclusions can be drawn from the results
the infeasibility of satisfying multiple goals. In the monopoly in both of these domains. First, nearly all agents written to
game students typically did not see any infeasibility elementmaximize” performance fell far short of doing so. Within the
and therefore did not retreat between variables. Howevegommodity search domain 30 of 41 agents of all agents used
in the commodity search problem, students (albeit wrongly)strategies consistent with elements of AATiigencyandre-
saw infeasibility and therefore retreated back on their valuegreatconcepts, while the remaining agents considered a trivial

Thus they made use otreatvariables to refine their aspira- Search instance where only one goal variable was searched
tions. for. Within the monopoly domain, the vast majority of the

We hope to further study what specific mechanisms Wer%gents, or specifically an average of approximately 44 of the

used by agents to determine when it had satisficed a give 7 agents, used AAT based strategies. Only a minority of

goal variable. This direction is motivated by several pointsi'€ 3€nts, or the remaining 13 agents, used models consis-
tent with classic simultaneous search approabRassell and

in Tables 3 & 4. For example, note that in the simpler cos rvig, 2003 or fast and frugal heuristickGigerenzer and
search domain agents revisited previous values (and revis 9 or fast and frugal heuristiciGigerenzer a
oldstein, 1995 Thus, we conclude that optimal approaches

the other goal variable downwards through retreat), but in th e annot properly model most people’s agents. and that AAT is
more complicated domain they typically did not (except for properiy I peop 9 ' :
gwe best alternative to be used instead.

the agents in line 8 of Table 4). Instead, most agents in th
monopoly domain first satisficed the price value (albeit typi—5 Conclusions and Future Work

cally with a non-optimal value), and then tried to satisfice the

quality goal, never to return to the price goal. Second, notén this paper we report our findings about the model used by
that most differences between the judges in Table 4 revolvegeople’s agents to operate in two general optimization prob-
around differences in classifying an agent’s model as one tha¢ms. These problems can be generalized to many real-world
is predefined or based on search (see differences in lines 4 &omaind Chalamistet al, 2008; Selteret al., 2004 and thus

6). We instructed the judges to assume an agent used searotr findings contribute two significant findings for Artificial



Intelligence researchers. First, we empirically demonstrate of bounded rationalityPsychology Revi03(4):650-669,
that people, or even the agents they write on their behalf, 1996.

are poor optimizers. Even when we explicitly asked two dif'[Kahneman and Tversky, 197®. Kahneman and A. Tver-
ferent groups of over 70 people to write agents to optimally’ gy~ prospect theory: An analysis of decision under risk.
solve a problem, and an optimal solution existed, they instead Econometricad7:263—291, 1979.

chose to use approaches that fell well short of optimal be- _ e .
havior. Thus, one must conclude that encapsulating humakMaes, 1995 Pattie Maes. Avtificial life meets entertain-
behavior based on optimal strategies is not effective for cer- ment:  lifelike autonomous agents. Commun. ACM
tain domains. Second, we find that key elements of Aspi- 38(11):108-114, 1995.
ration Adaptation Theory (AAT) do effectively encapsulate [Manisterskiet al., 2009 Efrat Manisterski, Raz Lin, and
many people’s search strategies above other bounded ratio- Sarit Kraus. Understanding how people design trading
nality theori'es[Gigerenzer and Goldstein, 19]96Hoyvgver, agents over time. INMAMAS 08 pages 1593-1596, 2008.
AAT s ol formulated for domains where ity can.urakarmet . 2003 Yot Murakami, Kazufisa. M-

s > any guar S u nami, Tomoyuki Kawasoe, and Toru Ishida. Multi-agent
performance, or how close to optimal this behavidSslten, simulation for crisis management. IEEE Workshop on

1999. Thus, the results in this paper is particularly impor- : :
tant, and indicates the importance and greater generality of Knowledge Media Networking (KMNQZ002.

AAT, even in problems where optimal solutions exist. [Murakamiet al, 2009 Yohei Murakami, Yuki Sugimoto,
While the focus of this paper is quantifying the cognitive an(_JI Toru Ishida. Modeling human behavior for virtual

model of agents, our results lead us to the following conclu-  training systems. IAAAI, pages 127-132, 2005.

sions about how to write agents that better interact with peofNeumann and Morgenstern, 194dohn Von Neumann and

ple or simulate human performance. First, optimal methods Oskar MorgensternTheory of Games and Economic Be-
should not be used as they do not realistically encapsulate havior. Princeton University Press, 1944.

most human’s behavior. Instead, bounded methods shou . o
be created such as those based on AAT. In understandirkv%iyyn""d"’Ith and Tambe, 2(](?2)ay@ V. Pynadath and Milind
Tambe. The communicative multiagent team decision

the strategies used by people, we propose that a small pilot i ; X

be used bgased on thg Strafegy me?[ﬁgltenet al, 1997. P problem: Analyzing teamwork theories and moddiIR
This should identify the ordering (urgency) for search vari- 16:389-423, 20_02' o
ables and a range of aspiration values within these variablefRussell and Norvig, 20Q3S. J. Russell and NorvigArtifi-
For example, in the domains we studied, such a pilot would ~cial Ir_ltelllgence: A Modern Approach (Second Edition)
clearly identify price as the variable first searched for in both  Prentice Hall, 2003.

domains. Finally, any pilot should be focused on the range 0[Sauermann and Selten, 196Beinz Sauermann and Rein-

aspired for values in each goal variables such that some dis- nhard Selten. Anspruchsanpassungstheorie der un-
tribution can be constructed to realistically model the range ternehmung.  Zeitschrift fr die Gesamte Staatswis-
of problem solving approaches. senschaft118:577-597, 1962.

For future work, several directions are possible. First,
while we found that people’s strategies fell short of optimal
behavior in both optimization problems we studied, we as- . ; :
sume that people will write rational and optimal agents in d"em”."'a _supe-rgames. J. of Economic Behavior and
simpler problems. We hope to study the level of problem Organization 7:47-70, 1986.
complexity that motivates people to abandon optimal solu{Seltenet al, 1997 Reinhard Selten, Michael Mitzkewitz,
tions for those based on bounded rationality. Second, we hope and Gerald R. Uhlich. Duopoly strategies programmed by
to study how effective the above general conclusions are in experienced player&conometrica65(3):517-556, 1997.
simulating human behavior in these and other domains. FifSeItenet al, 2004 R. Selten, S. Pittnauer, and

nally, we also hope to study how people interact with agents 1 Hohnisch. Experimental results on the process
based on AAT versus those based on optimal or other pre- ot goa formation and aspiration adaptation. Technical

defined heuristic strategies. Specifically, we hope to study Report — Bonn Laboratory for Experimental Economics
agent-human interactions in an emergency response domain. ogog.

We are hopeful that AAT and other theories of bounded ratio- . o .
nality can be applied to these and other agent-based domalge/ten, 199B Reinhard Selten. Aspiration adaptation the-

[Selten and Stoecker, 198®Reinhard Selten and Rolf
Stoecker. End behavior in sequences of finite prisoner’s

problems. ory. Journal of Mathematical Psycholog$2:1910-214,
1998.
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