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Abstract

We introduce a novel experimental environment that extends the explore–exploit prob-
lem from the canonical bandit framework to resource management. Unlike in bandit models,
where the value of exploration is informational, exploration in our setting replenishes a deplet-
ing resource: in each round, participants choose between exploiting the current stock—which
is halved in the next round—or relocating to reset it to a high or low level. This environ-
ment allows us to study systematic deviations from optimal resource management. We show
that dynamic programming and the marginal value theorem, despite their different informa-
tional and cognitive requirements, converge to the same exploitation threshold, providing a
unique benchmark for optimal behavior. In a lab-in-the-field experiment with 384 partici-
pants in Bogotá, framed as a street-vending task, participants systematically over-exploit: over-
exploitation is two to three times as frequent as under-exploitation. Street vendors over-exploit
even more than a reference sample and earn about 13% less. Among vendors, messages dis-
couraging over-exploitation increase earnings, consistent with this pattern deviating from op-
timality.
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1 Introduction1

The trade-off between exploiting a known opportunity and exploring an uncertain alternative2

pervades economic life, from a worker weighing whether to stay in her job or look for a better3

match, to a firm deciding whether to keep charging its current price or experiment with a new one4

to learn how demand responds (Miller, 1984; Rothschild, 1974). In economics, this trade-off has5

been studied predominantly through multi-armed bandit problems, in which an agent repeatedly6

chooses among alternatives with unknown reward distributions to maximize profits under uncer-7

tainty (Bergemann & Välimäki, 2018; Robbins, 1952). In this framework, the value of exploration8

is informational: sampling an option reveals its profitability, while exploitation consists of repeat-9

edly selecting the option believed to yield the highest return. The defining tension is between10

collecting immediate payoffs and acquiring information.11

In many economic environments, however, the explore–exploit trade-off goes beyond pure12

information acquisition. Consider a street vendor who must decide whether to keep selling at13

her current location, where the pool of nearby buyers thins out as the day wears on, or to move14

to a new spot where demand may be higher. For this vendor, the relevant trade-off is between15

depleting the resource she currently holds, potential buyers, and relocating to replenish it. In16

this paper, we study an explore–exploit problem of precisely this kind introducing a new task17

we call the selling-spot game. It departs from the canonical bandit problem in two substantive18

ways. First, exploitation endogenously depletes future payoffs: extracting the current stock of19

resources reduces the stock available in subsequent periods. This creates additional incentives to20

engage in exploration and depart from the current stock. Second, the main benefit of exploration is21

to replenish the resource rather than generating decision-relevant information. Relocating resets22

the stock to a new level drawn from a known, binary distribution. Unlike sampling a bandit23

arm, exploration leaves beliefs about the environment unchanged; its value is the access to new24

resources it provides.25

These two features bring our game close to the patch-foraging paradigm, a sequential decision26

problem in which an individual must decide between continuing to collect items in a deplet-27

ing patch or expending energy to move to a new patch where collectible items are replenished28

(Lloyd et al., 2023). Due to the diminishing returns of staying, the forager faces a trade-off be-29

tween exploiting the current patch and exploring future ones. Despite its clear economic structure,30

patch foraging has remained largely outside economics, flourishing instead in biology and ecol-31

ogy, where it is used to model foraging across species from bees and birds to humans and other32

primates (Krebs et al., 1974; O’Bryan et al., 2020; Stabentheiner & Kovac, 2016), and in the brain33

and decision sciences, where it illuminates how organisms trade off rewards against an uncertain34
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environment (Harhen & Bornstein, 2023; Hills et al., 2010; Lloyd et al., 2023).35

By bringing the patch-foraging problem into economics we also connect two solution concepts36

characterizing optimal behavior that, in the medium run, provide similar predictions. On the37

one hand, a backward-induction rule that was derived using dynamic programming, a familiar38

tool in macroeconomics. On the other hand, a history-based rule grounded in the marginal value39

theorem (MVT), the standard solution concept for patch-foraging problems in other disciplines40

(Charnov, 1976; Lloyd et al., 2023). The MVT prescribes leaving the current patch once the next41

reward falls below the background reward rate (BRR)—the accumulated rewards divided by the42

total number of actions taken, including both exploitation and exploration—which serves as an43

endogenous, history-dependent outside option.44

Our second adaptation of the patch-foraging problem to economics comes through framing.45

We replace the usual trees-and-apples instrument with a street-vending problem. In the selling-46

spot game, the participant operates a vending cart over a 12-hour journey with the goal of making47

as many sales as possible. Each hour she decides between selling (exploiting the current patch)48

and moving the cart to a different location (exploring a new patch). The number of buyers in49

the current location is known, and she knows that after selling this number will be halved the50

following hour. If she moves, she spends one hour traveling and arrives at a new spot with either51

16 or 64 buyers, each with equal probability.52

We conducted an incentivized version of this game with 400 participants in Bogotá, includ-53

ing street vendors (57%), undergraduate students (37%), and public officers (6%). Street vendors54

are our population of main interest: their daily activity is marked by income fluctuations, uncer-55

tainty, and a degree of mobility that parallel the exploit–explore trade-off. The vendor’s search56

for a profitable spot is continual, since locations that are sufficiently uncrowded yet busy may57

vary daily with policing, weather, and public events.1 Given the novelty of the paradigm, the58

nearly 150 students serve as a benchmark population. The public officers serve a complementary59

comparison. They are working adults—numerate professionals such as accountants, lawyers, and60

economists—with little prior exposure to laboratory-style decision tasks, and for whom, unlike61

the vendors, the selling-spot framing does not mirror any daily activity. This makes them a useful62

intermediate case: they share the vendors’ profile as non-student adults unaccustomed to such63

exercises, yet face a framing as unfamiliar as the students do.64

A key property of the selling-spot game is that suboptimal behavior can take two forms: over-65

1Between 2018 and 2022, the number of street vendors in Bogotá rose by roughly
15%, reaching at least 93 thousand (see: https://www.semana.com/nacion/articulo/
la-deuda-historica-de-bogota-en-la-formalizacion-de-vendedores-ambulantes/202214/). This growth is attributed in
the short run to the pandemic labor situation and in the medium run to a ruling of the Colombian Constitutional Court
(T-243/19) protecting the use of public space for these activities.
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exploiting (staying too long in a patch) or under-exploiting (leaving it too soon). Over-exploitation66

is associated with low motivation induced by rewards and difficulty in delaying gratification (see-67

ing exploration as too costly), whereas under-exploitation is associated with low tolerance for68

uncertainty (Lloyd et al., 2022; Lloyd et al., 2023). Within the vendor sample we added two fram-69

ing treatments. Participants in the Encourage condition were reminded that they have full rights70

to use public space according to the Constitutional Court; while those in the Discourage condition71

were reminded that local authorities may protect, reassign, and recover public space.72

Three findings emerge. First, in the pooled sample participants tend to over-exploit: once73

exploitation patterns stabilize (rounds 5–11) they exploit with probability 0.61 against the 0.5 pre-74

dicted by both optimality rules, and their background reward rate settles well below the optimal75

benchmark. About two-thirds of all decisions deviate from the optimal rules derived from dy-76

namic programming and the MVT, with over-exploitation as the dominant error. Second, street77

vendors earn roughly 13% less than our (mostly student) reference sample, a gap partly accounted78

for by the reference sample’s greater ability to profit from repeated exposure to rich patches. Third,79

among vendors, a message discouraging exploitation marginally raised earnings, whereas a mes-80

sage encouraging it did not. This extent of how our framing treatments affect behavior differen-81

tially is consistent with the prevalence of over-exploitation.82

We contribute to the literature in three ways. First, we propose a game that brings closer83

the patch-foraging problems to the literature on bandit problems.2 The canonical bandit prob-84

lem casts the explore–exploit tension as one between selecting the option believed to be most85

profitable and generating information about unknown payoff distributions. Recent work has ex-86

tended this paradigm in several directions: constraining the informational gains to exploration,87

while exogenously setting the entanglement between exploration and exploitation (Lizzeri et al.,88

2024), varying the horizon and the number of arms to study reinforcement learning and the fit89

of strategies previously suggested in the literature (Hudja & Woods, 2025), introducing forced90

experimentation when an option may become temporarily unavailable (Hudja et al., 2026), and91

characterizing the strategies and factors that govern experimentation (J. Banks et al., 1997; Hudja92

& Woods, 2024, 2026). A premise unites these environments: exploration is valuable insofar as93

it produces information. Even when exploration is disentangled from exploitation (Lizzeri et al.,94

2024), its gain remains in the informational domain.95

Our setting departs from the standard bandit framework. Exploitation depletes the stock of96

resources available in future periods at a known rate, whereas exploration replenishes the stock97

2Bandit problems have been used to study firm experimentation on pricing (Rothschild, 1974) and technology adop-
tion (J. S. Banks & Sundaram, 1992); consumer experimentation (Bergemann & Välimäki, 2018); job search and matching
(Bergemann & Välimäki, 2001); strategic learning by multiple agents (Bolton & Harris, 1999); and resource allocation
(Brezzi & Lai, 2002). See Bergemann and Välimäki (2018) for a survey.
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by moving to a new state with an uncertain resource level. Consequently, the value of exploration98

stems from gaining access to new resources rather than from reducing uncertainty about returns.99

This resource-oriented formulation changes the optimal decision problem: instead of balancing100

immediate payoffs against the value of information, agents trade off current extraction against101

the resulting resource depletion. The problem is therefore closer to patch-foraging models and102

spatial search than to the canonical bandit, while retaining the cyclical pattern of exploitation and103

relocation. By centering the exploit–explore choice on the remaining stock, we distinguish and104

quantify two types of errors—over-exploitation and under-exploitation—thereby linking bandit105

problems to resource management.106

Second, our paper relates to the economics of search, where an agent dynamically decides107

whether to accept a current opportunity or continue searching under uncertainty (McCall, 1970;108

Mortensen, 1986; Stigler, 1961). Job-search models, in particular, typically treat employment as an109

absorbing state: once a suitable job is found, search ends. For workers in the informal sector, and110

street vendors especially, this assumption is too strong, as their incomes fluctuate and their loca-111

tions are contestable. Our environment connects more closely to recent work incorporating spatial112

elements, where agents search across locations subject to mobility costs, local competition, and113

spatial correlation (Malladi et al., 2025; Manning & Petrongolo, 2017; Urgun & Yariv, 2025). We114

introduce and experimentally study a search environment with endogenous resource depletion115

and replenishment, framed around the decision environment of street vendors. The documented116

over-exploitation pattern contrasts with classical search models, in which search frictions typically117

lead agents to accept too early. In our setting, moving costs and uncertainty about the new draw118

discourage relocation even when it is optimal. Vendors exhibit this tendency more strongly than119

our reference sample, suggesting that the deviation is amplified rather than attenuated among120

those for whom the problem is most familiar.121

Finally, our paper adds to the literature on bounded rationality and procedural choice, which122

studies how individuals simplify complex decision problems and which decision rules they adopt123

when optimal behavior is cognitively demanding.3 A growing experimental literature studies124

complexity directly (de Clippel & Rozen, 2024), measuring its costs and showing that it shapes125

choice and induces reliance on heuristics (Arrieta & Nielsen, 2024; Oprea, 2020, 2024), alongside126

work on choices shaped by limited capacity to process information (Salant, 2011) and on agents127

choosing how much cognitive effort to exert (Alaoui & Penta, 2022). Closely related, Banovetz128

and Oprea (2023) provide experimental evidence that individuals often adopt simple heuristics in129

dynamic environments.130

3Theories of agents relying on simple procedures rather than exhaustive optimization date back to Simon (1955) and
were formalized in the automata literature (e.g., Abreu & Rubinstein, 1988; Neyman, 1985; Rubinstein, 1986).
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Our contribution to this strand of the literature is twofold. First, we bring together two solu-131

tion concepts originating in different disciplines—a forward-looking rule derived from dynamic132

programming, standard in economics, and a history-based rule derived from the marginal value133

theorem, the standard solution concept in behavioral ecology—and show that, despite resting134

on very different informational and cognitive requirements, they prescribe nearly identical be-135

havior, converging to a common stock threshold once the agent has experienced a sufficiently136

varied history of patches. Second, this convergence sharpens our empirical test: because the cog-137

nitively demanding forward-looking optimum and the simple history-based rule prescribe the138

same threshold once the history is sufficiently varied, the deviations we document can be mea-139

sured against a single benchmark. The observed over-exploitation is a departure from optimality140

itself, not an artifact of which solution concept we adopt as the benchmark.141

The paper is organized as follows. Section 2 presents the experimental task. Section 3 presents142

the results. Section 4 concludes.143

2 Experimental Task144

2.1 The selling-spot game145

The player, in the role of vendor, plays for T = 12 rounds, framed as working hours, to accumulate146

the largest possible profit. In each round, the player chooses between exploiting its current selling147

spot, or exploring a new spot. Exploiting the current spot in round t (xt = 1) adds the current148

stock of buyers bt = St to the total profits, and reduces the number of remaining buyers in this149

patch by half (St+1 = St/2). Exploring a new spot in round t (xt = 0) means that no buyers150

will be accumulated in that round (bt = 0), but the next round’s stock St+1 will be reset to 64 or151

16 buyers, with equal probability. Total profits π = pB are equal to the number of accumulated152

buyers B = ∑T
t=1 bt, multiplied by a piece-rate payment p.4 To lighten the notation, we normalize153

p = 1, meaning that π = ∑T
t=1 xtSt. Hence, players have an incentive to exploit the selling spot154

(xt = 1) when the current stock of buyers is high, and to explore a new spot to restart the stock155

(xt = 0)—at the cost of not accumulating buyers for one round—when this stock is low.156

The optimal decision consists of finding the critical stock level that makes the player switch157

from exploitation to exploration. We will study the backward-induction optimization using the158

Bellman Equation, and a history-based optimization using the marginal value theorem, the stan-159

dard solution concept for patch foraging problems in other behavioral sciences (Charnov, 1976).160

4In our study, we set p = 50 Colombian pesos (COP). By the time of the experiment, 50 COP were about 0.0125 USD.
Participants accumulated, on average, 242 buyers, equivalent to 3 USD.
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2.2 Theoretical predictions161

2.2.1 Dynamic programming: a recursive backward-induction optimization162

We use dynamic programming as a recursive method for solving sequential decision problems.163

By writing the problem’s Bellman equation, we can characterize the system at any round and164

guarantee that, regardless of the system’s state, the remaining decisions can constitute an optimal165

policy (Bellman & Dreyfus, 2015). In our case, and with some abuse of notation, we can write the166

Bellman’s value function that depends on the stock of buyers, Vt(St), as follows:167

Vt(St) = max
(

St + βVt

(
St

2

)
, β

(
Vt(16) + Vt(64)

2

))
(1)

The maximum of the value function has two arguments. The first one is the value of exploita-168

tion. Written recursively, this equals the contemporary exploited stock, plus the time-discounted169

value function in t + 1. However, we directly substitute St+1 for St/2, since the round’s decay in170

the stock follows this pattern. The second argument is the value of exploration. Since this deci-171

sion comes at the cost of no exploitation in the current period, the whole term is multiplied by the172

discount factor β. The parentheses indicate that the stock will be reset to 16 or 64 units with equal173

probability. Therefore, the value of exploration is the discounted average of Vt(16) and Vt(64).174

Intuitively, the left argument of the maximum function decreases when choosing to exploit.175

Since the right argument does not depend on St because the potential restart values of the stock are176

known, the solution to this dynamic programming problem yields a threshold stock level S∗
t that177

makes the left argument smaller, triggering exploration. The solution to this problem, provided in178

Appendix A.2, is S∗
t = 24 for the infinitely repeated game.179

This infinitely repeated case is more general and also helpful to gain some intuition on the180

recursive problem because the value function does not depend on how many periods are left.181

However, since our game has a known terminal round (T = 12), and the time spent playing our182

game is relatively short (less than 10 minutes), the finitely repeated solution is more informative.183

We use backward induction to find the solution in this scenario because Vt depends on β and the184

periods left before the terminal round, (T − t). In T, the remaining stock is exploited. We then185

find that, for any previous round, a pattern similar to the solution in the infinitely repeated game186

emerges: when t < T, and assuming that β → 1, it is optimal to exploit whenever St ≥ 32 and187

to explore if St ≤ 16. The fact that exploitation will occur in at most two consecutive rounds188

simplifies the backward induction problem to a rule applying for (T − t) > 0. In Appendix A.2,189

we provide the complete backward induction solution.190

The dynamic programming solution for our finitely repeated problem, which we will call the191
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DyP rule, can be summarized as follows:192

If St ≥ 32 or t = T, exploit the current patch. Otherwise, explore a new selling spot.193

We can also think about the optimal solution in terms of “cycles” defined by the number of194

exploitation rounds before exploring again. Rich spots (S = 64) generate a 3-step cycle (exploit-195

exploit-explore), while scarce spots (S = 16) generate a 1-step cycle (explore). This cycling struc-196

ture characterizes both the infinite horizon solution and the finite horizon solution for any k ≥ 2197

rounds remaining before the terminal round T.198

2.2.2 Marginal Value Theorem: a history-based optimization199

The MVT states that the current patch should be exploited as long as its instantaneous reward200

exceeds the background reward rate (Charnov, 1976; Lloyd et al., 2023), defined as the average201

reward across all past rounds (both exploitation and exploration). Recall that bt = St when ex-202

ploiting and bt = 0 when exploring. The background reward rate entering round t + 1 is:203

BRRt+1 =
∑t

s=0 bs

t + 1
, (2)

that is, the mean reward up to and including round t. The optimal decision rule, henceforth the204

MVT rule, is:205

If St ≥ BRRt, or t = T, exploit the current patch. Otherwise, explore a new patch.206

This rule implies exploitation in the first round, since BRR0 is undefined and no prior earnings207

exist. In Appendix A.3, we provide four step-by-step examples of how the MVT rule operates.208

These examples show that when the agent encounters a variety of patch types, the background209

reward rate BRRt converges toward a value close to the threshold S∗ of the DyP rule, leading210

both rules to agree on the optimal decision. Conversely, repeated exposure to the same patch type211

prevents this convergence.212

2.3 Comparative analysis of predictions213

To understand whether the observed behavior in our problem is closer to the DyP or MVT rule,214

we need to examine how and when their predictions differ. Given the randomness of the initial215

patch stock and the game’s length, we rely on simulations to compare the predictions of each216

decision rule in our setting. We conducted 5,000 simulations using the DyP rule, the MVT rule,217
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Figure 1: Exploitation decisions, background reward rates, and stock levels for three decision models:
marginal value theorem (MVT), dynamic programming (DyP), and random exploit-explore decisions. Av-
erage values from 5,000 repetitions of the simulation.

and a random decision maker that, in every period, chooses to exploit or explore with the same218

probability, regardless of the stock level.5 Figure 1 reports these results for three variables of219

interest: the decision xt, the stock of buyers St, and the background reward rate BRRt+1.220

The leftmost panel depicts the probability of an exploitation decision. The two optimality rules221

dictate oscillating and different exploitation patterns for the first 4 rounds, and then become more222

similar. The initial probability of exploitation in the DyP rule is 0.5, as it depends on whether the223

participant starts in a rich spot (S1 = 64) or a scarce spot (S1 = 16). This is followed by a 75%224

exploitation rate, 50% comes from those previously exploiting the stock that now face (S1 = 32),225

and the other 25% is half of the half that explored and landed in S2 = 64.226

By contrast, under the MVT rule, since BRR0 is undefined, the agent always exploits in round227

1, and the high initial background reward rate discourages exploitation in round 2. The larger ini-228

tial amplitude, and further convergence, of the MVT rule comes from initial 2-step cycles (exploit-229

explore) while the agent gathers environmental information about the selling spots. As the BRRt230

accumulates history and environmental information from different restarting spots, it stabilizes in231

values similar to the S∗ in the DyP rule. In fact, the central panel reports the dynamics of the back-232

ground reward rate for the three decision rules. The key insight is that the MVT and the DyP rules233

converge, from below and above, respectively, to 24. This is the same decision threshold S∗ = 24234

computed for the infinitely repeated game. Hence, an important result of our theoretical compar-235

ison is that the exploitation threshold of the two optimality rules become indistinguishable once236

5Twelve consecutive exploration rounds yield 212 = 4, 096 possible outcomes, so 5,000 simulations ensures coverage
of the full outcome space as a simple rule of thumb.
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the MVT has acquired sufficient information from the environment. Note also that, under random237

decision-making, the BRR falls below 16, getting farther from the optimality models. This helps238

us define some natural boundaries for the empirical background reward rate and check whether239

it approaches optimality.240

The rightmost panel completes the depiction of how optimality rules dictate behavior by re-241

porting the average stock level. Note again the more pronounced fluctuations in rounds 1-4242

under MVT than under the DyP rule: the short cycle under MVT, regardless of S1 ∈ {16, 64},243

resets S3 in all the simulations, with an average of (64+16)/2=40. Note that, over time, both op-244

timality rules also keep the average stock around 32. This follows from the cycling structure245

of the optimal policy. In each cycle, the agent observes stocks of 64, 32, and 16 (rich spot) or246

just 16 (scarce spot), with equal probability. The expected sum of stocks per cycle is therefore247

0.5× (64+ 32+ 16) + 0.5× 16 = 64, and the expected cycle length is 0.5× 3+ 0.5× 1 = 2 rounds,248

yielding a long-run average of 64/2 = 32. The average stock under random decision-making is249

lower, given that S ≤ 8 could be exploited.250

The dynamics of the background reward rate and the stock are helpful to see that, even if the251

probability of exploitation is around 1/2 with the three decision rules, the underlying patterns252

are different. The DyP and MVT rules, in the medium run, converge to the 3-step cycles after253

landing on a rich spot, or the 1-step cycle after landing on a scarce spot. The expected cycle length254

is therefore 2 rounds, with an expected number of exploitation rounds of 0.5 × 2 + 0.5 × 0 = 1.255

The long-run exploitation probability is thus 1/2 = 0.5, but the optimal rules are far from random256

exploitation.257

2.4 Hypotheses258

In this section, we present two types of hypotheses. First, we test some hypotheses that allow us259

to detect the empirical deviations from following the DyP and MVT rules. Second, we propose260

hypotheses to examine differences among the subgroups participating in our study.261

2.4.1 Behavior with respect to the optimality rules262

Figure 1 is helpful to make some testable predictions regarding optimal behavior, irrespective of263

the employed rule:264

H1. After some experience, participants behave as if they follow one of the optimization rules. If this is265

true, then:266

• H1A. In rounds 5-11, they exploit if St ≥ 32 and explore if St ≤ 16.267
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• H1B. The background reward rate at the end of the game is 24.268

In H1 we did not include the exploitation patterns during the first 4 rounds because these269

periods help us identify the differences between the DyP and MVT rules. For stating H2, we need270

first to define a cycle as the number of consecutive periods with exploitation, and being closed271

by an exploration decision. For instance, a vector of four decisions xt = (1, 1, 0, 0) (i.e., exploit-272

exploit-explore-explore) constitutes two cycles, one of length 3, and then one of length 1. We thus273

have H2:274

H2. Early in the game, participants behave more closely to the MVT than to the DyP rules. If this is275

true, then in rounds 1-4:276

• H2A. Participants explore with positive probability when St = 32 and exploit with positive277

probability when St = 16.278

• H2B. The average cycle length is the same, regardless of the starting stock.279

2.4.2 Between-sample and between-treatment comparisons280

We conducted the game with three populations and collected 391 observations, of which 384 were281

available for the analysis:6 a sample of street vendors (N = 223); two samples of students, from282

non-STEM and Economics (N = 87 and N = 52, respectively), and a small sample of public offi-283

cers (N = 22). Our main interest dwells in the street vendors, since this game is designed to cap-284

ture elements of the exploit-explore problems they face during their daily activities. Students, on285

the other hand, are a helpful benchmark given the novelty of the proposed game within the exper-286

imental economics domain. The sample of public officers constituted a convenient sample, part287

of a strategy course for public servants, helpful for drawing comparisons between non-student288

populations.289

In the following hypotheses, we exclude the public officers given our reduced sample size. We290

focus on the expected differences in performance, translated into earnings, because street-vendors291

are more likely to over-exploit. We propose two mechanisms explaining why this may happen.292

First, if they bring into the game their own experience, exploring new locations may encompass293

an exploration cost that includes novelty but, also, potential disputes with other vendors. Second,294

attention and numeracy may also put the street-vendors in disadvantage with respect to students,295

as they are more used to following instructions and retaining new information. To separate the296

role of attention from numeracy abilities, we included a sample of non-STEM students (including297

6The decisions failed to record for the remaining 7 participants.
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Economics and Finance) and a sample of Economics students who were visiting the university for298

a disciplinary contest between undergraduate students of Colombia’s Economics Departments.299

We thus have our third hypothesis:300

H3. Street-vendors’ earnings are lower than students’ earnings.301

Finally, given the potentially higher susceptibility of street-vendors to the framing, we added302

a variation in the instructions to encourage or discourage exploitation.303

In the Encourage treatment, we reminded street vendors that they have the right to use public304

space as part of their economic activity, and that this right was recently ratified by the Colombian305

Constitutional Court. We expect that this framing increases vendors’ over-exploitation because we306

are reminding them of their right to remain where they currently are. In the Discourage treatment,307

we reminded street vendors that local authorities must protect, recover, and reassign public space308

(which relates more to how local governments manage public space). We expect that this framing309

increases vendors’ exploration (i.e., under-exploitation), because we are reminding them that local310

authorities are entitled to relocate them to safeguard public space. We have a Control group with311

no mention of encouragement or discouragement regulations to remain in the public space, which312

was the same neutral version employed in the data collection with students and public officers. We313

assume that the control group was closer to an optimal behavior, and that, given that the optimal314

rules recommend exploration for S ≤ 16, which could be counterintuitively high considering315

that this is a starting stock in the poor patch, discouragement to exploit is more beneficial than316

encouragement. Hence, as fourth hypothesis we have:317

H4. Among street-vendors, the average earnings per treatment follow the order:318

319 Control > Discouraging message > Encouraging message.320

2.5 Implementation and payments321

We programmed the instrument, including the game and a post-experimental survey, in Qualtrics.322

This protocol was approved by the Ethics Committee at Universidad del Rosario (ID: 609-CS378).323

All the participants were paid, at the end of their interaction, in cash. For street-vendors, the324

average completion time was 7.7 minutes, and they earned on average 16,200 COP (std. dev.325

3,974). For students, the average completion time was 9 minutes, and they earned on average326

18,000 COP (std. dev. 3,633). These earnings were approximately half the daily minimum wage327

when the experiment was conducted.328
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Figure 2: Flyer with the invitation to participate, summarizing the activity and the game rules.

Sample of street vendors329

We conducted the study in a lab-in-the-field setting in the streets of Bogotá, Colombia, in May330

2022. We invited participants located in Bogotá’s Downtown by approaching them during their331

work journey, briefly explaining the game and the payment ranges and procedures, to be deliv-332

ered after completing a survey at the end of the study. We handed potential participants a flyer,333

displayed in Figure 2, that summarized the procedure. An enumerator was in charge of explaining334

the game rules to potential participants. The left side of the flyer showed the general procedure,335

length and expected payment. On the right side, the flyer summarized the game incentives: sell336

and receive 50 COP for each available buyer, knowing that the number of buyers will be halved337

the next turn (i.e., to exploit); or not sell and spend the turn finding a new selling spot, with a reset338

in the number of buyers to 64 or 16.339

Once a street vendor accepted the invitation, she was paired with an enumerator, who car-340

ried a tablet in which she shared the game instructions and decision interphases. The monitor341

read the instructions out loud, while the participant could follow the same written instructions342

(see Appendix A.4 for the translated version, and Appendix A.5 for the original instructions in343

Spanish). The treatment variation was introduced early: in the introduction page, right after the344
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objective of the research study was mentioned, participants in the Encouragement and Discourage-345

ment treatments received the relevant message. Participants provided consent to participate after346

the instructions were read. Since participants were on their work journey, we allowed them to347

briefly interrupt the activity if a buyer came during the instructions or the final survey, and then348

continue with our study. We requested them to ask another vendor to take care of any sale occur-349

ring while they were making the choices in the game. Participants were respectful of this rule.350

All the game decisions were made directly by the participants on the tablet. Afterwards, the351

monitor took the tablet to complete the post-experimental survey. The payment was automatically352

calculated in the tablet, and given to the participant at the end of the interaction.353

Samples of students and public officers354

We collected data from two samples of students with different nature. The first batch, of 87 stu-355

dents, was collected in May 2022, right after we completed the sample of street vendors. We in-356

vited students from Universidad del Rosario who were not enrolled in an Economics, Finance, or357

any STEM field degree to participate. We did not organize laboratory sessions but rather followed358

a recruitment procedure as similar as possible to the one with street vendors: we approached them359

in the campus’ hallways, invited them to the study with flyers with the summary of instructions,360

and those interested were directed to the laboratory. The invitation included a QR code, so they361

could access to the instrument from their phones or use the laboratory’s computers. The second362

batch, 52 students, was collected in October 2022, as part of an introductory activity to a National363

student contest among undergraduates from different Colombian economics departments. The364

day after our data collection, they participated in a disciplinary contest. Hence, this is a high-365

skilled group of students with preferences for competition that would be intrinsically motivated366

to make a good performance in the selling-spot game.367

We also collected data from a small sample (N = 22) of public officers during a visit they368

made to the experimental economics laboratory, as part of a 8-session course on strategic behavior369

in their roles as financial inspectors. This sample included accountants, lawyers and economists370

with intermediate to high work experience.371

3 Results372

3.1 Comparison with optimality predictions373

Figure 3 reports the observed round’s average for exploitation, the background reward rate, and374

the remaining stock (i.e., number of buyers). To ease the comparison, this figure also includes—375
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Figure 3: Observed versus predicted behavior

in a transparent layer—the predictions initially reported in Figure 1. Our main finding is the376

participants’ tendency to over-exploit their current patch. In Table 1, we report the exploitation377

rates for early (1-4) and late (5-11) rounds. In rounds 5-11, after exploitation patterns stabilize,378

the theoretical probability to exploit fluctuates around 0.5. For the same periods, we observe379

a probability of 0.61, which is statistically different from 0.5 (F(1, 383) = 87.5, p < 0.001). As380

additional evidence of over-exploitation, also reported in Table 1, cycle length is 2.7, 0.7 rounds381

longer than the theoretically expected value (F(1, 383) = 166.62, p < 0.001).382

This over-exploitation leads to a background reward rate–a measure of average earnings–that383

is lower than the level achieved under the optimality rules but higher than that generated by a384

random decision-maker. Taking again as reference the rounds 5-11, the observed BRR is 17.96.385

This value is statistically different from 24 (F(1, 383) = 325.8, p < 0.001), the expected BRR under386

optimal rules; and also different from 16 (F(1, 383) = 34.7, p < 0.001), a reference value that the387

random-decision making does not exceed after round 5. The gap in average earnings is larger with388

respect to the optimality rules because over-exploitation entails two costs: a static cost, by having389

periods with very low earnings; and a dynamic cost, because participants do not reset their stock390

often enough.391

Regarding the stock levels, the rightmost panel shows that the observed stock remains at low392

levels, even below the simulated predictions for a random decision-maker. The observed average393
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Table 1: Extraction rate, cycle lenghts, and frequency of suboptimal behavior according to the DyP and
MVT rules.

Rounds
All Early Late First Last
1-12 1-4 5-11 1 12

Exploitation rate 0.65 0.68 0.61 0.79 0.77
Cycles (cumulative) 4.22 1.27 3.99 . .
Mean cycle length 2.70 2.44 2.67 . .

Suboptimal behavior
DyP: over-exploitation 0.53 0.57 0.49 0.68 .
DyP: under-exploitation 0.15 0.14 0.17 0.08 .
MVT: over-exploitation 0.48 0.53 0.44 . .
MVT: under-exploitation 0.24 0.30 0.23 . .

earnings are larger than for a random decision-maker, but the stock remains below their levels,394

because participants are biased towards one type of error: over-exploitation. By contrast, they395

rarely forgo the earnings from a rich patch (S = 64 or S = 32) by leaving it unexploited, as could396

happen to a random decision-maker.397

The frequency of suboptimal decisions according to both models, as well as the exploitation398

rates and number of cycles and their length, are reported in Table 1. Taking the DyP rule as a399

reference, over- and under-exploitation occur 53% and 15% of the time, respectively. There seems400

to be some learning that reduces over-exploitation, as late in the game this pattern drops to 49%401

(diff. -0.08 percentage points–pp, F(1, 383) = 27.01, p < 0.001). By contrast, the difference in402

the under-exploitation rate between early and late rounds is not statistically significant (0.029 pp,403

F(1, 383) = 2.66, p = 0.103). Using the MVT rule, over- and under-exploitation occur 48% and404

24% of the time, respectively. For this rule, there is also some learning reducing both over- and405

under-exploitation (-0.097 pp, F(1, 383) = 17.20, p < 0.001; and -0.067 pp, F(1, 383) = 15.69,406

p < 0.001).407

The lower over-exploitation but higher under-exploitation under MVT relative to DyP in Table408

1 follows from the endogeneity of the MVT threshold. Since BRRt is built from each participant’s409

own decision history, and over-exploitation is the dominant bias in our sample, repeated low-410

stock exploitation progressively lowers BRRt below the DyP threshold. This downward-biased411

benchmark has two opposing effects: it reclassifies some genuinely excessive exploitation (e.g.,412

at St = 16) as MVT-consistent, thereby reducing measured over-exploitation; however, it also413

classifies exploration decisions that are optimal under the fixed DyP rule as under-exploitation414

once BRRt falls below 16.415
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Finally, note that exploitation rates are larger in the first (0.79) and last (0.77) rounds. An416

exploitation rate in round 1 above 0.5 favors the MVT over the DyP rule: it remarks that, in absence417

of any information retrieved from experience, the recommended first action is to exploit. On the418

other hand, an exploitation rate below 1.0 in the last round suggests lack of attention or confusion419

when facing the game’s terminal round.420

Coming back to the hypotheses linked to the optimality rules, we reject H1, given our evidence421

of a considerable over-exploitation rate in late rounds (H1A) and that the BRR falls below 24 at422

the end of the game (H1B).423

Result 1: Participants systematically over-exploit their selling locations, according to the DyP and424

MVT optimality rules. Over-exploitation is between 2 and 3.5 times more prevalent than under-exploitation.425

426

On the other hand, H2 aims at detecting which optimality rules, between the DyP and the MVT427

frameworks, describe early behavior (i.e., before these rules start converging) more accurately.428

H2A identifies actions that are considered mistakes under DyP but not under MVT: exploring429

with St = 32 and exploiting with St = 16, given that the game history influences the BRR. We find430

that, in rounds 1-4 and for St = 32, exploration occurs in 23% of the cases. Moreover, for the same431

rounds and St = 16, the exploitation rate is 63%. Hence, the tendency to over-exploit appears to432

favor the MVT model.433

However, H2B proposes that, if participants follow the MVT rule, regardless of the starting434

patch, 64 or 16, the first two rounds follow the pattern exploit-explore. If this is true, then the435

average cycle length should not differ early in the game (rounds 1-4), on average, for those starting436

in a rich or a poor patch. We find that the cycle length in rounds 1-4 is 0.52 rounds longer for those437

starting in S1 = 64 (t = 5.19, p < 0.001, see Table A.1 in the Appendix). Since we reject H2B, and438

the systematic tendency to over-exploit, we cannot say that participants are better described by439

the MVT than by the DyP rule, and H2 is therefore rejected.440

Result 2: The systematic over-exploitation prevents that one optimality rule outperforms the other.441

Heterogeneity in earnings and in deviations from optimality442

The left panel in Figure 4 reports the cumulative distribution of earnings for the three prediction443

models and the observed behavior. As hinted by the BRR, the distribution of observed earnings444

dwells in-between the distributions under the optimal rules and random behavior. The variation445
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in earnings does not emerge uniquely from the random variation in the landing patches, but also446

from variation in the decisions characterized as suboptimal according to the DyP and MVT rules.447

Between rounds 2 and 11 (we omit round 1 because the BRR cannot be computed), the average448

number of decisions classified as suboptimal, which we will call errors for brevity, is 3.78 (std. dev.449

2.13) under the DyP rule, and 3.42 (std. dev. 1.84) under the MVT rule.450

To explore the persistence of under- and over-exploitation decisions, the right panel in Figure451

4 displays the distributions of a signed error count computed for each participant: each under-452

exploitation decision adds -1 and each over-exploitation decision adds 1. The upper and bottom453

panels correspond to signed errors under the DyP and MVT rules, respectively. In each histogram,454

the lighter filling represents negative counts and indicates participants who under-exploited more455

often than over-exploited; whereas the darker filling corresponds to the opposite pattern of more456

over-exploitation. The histograms reveal that, although over-exploitation was already identified457

as a dominant pattern, there is substantial variation in the participants’ tendency to do this, but458

0.00

0.25

0.50

0.75

1.00

0 100 200 300 400
Earnings

DyP

MVT

Random

Exp. Data

CDF of earnings

0

20

40

60
Fr

eq
ue

nc
y

-10 -5 0 5 10
Cumulative errors - under DyP rule

0

20

40

60

Fr
eq

ue
nc

y

-10 -5 0 5 10
Cumulative errors - under MVT rule

Figure 4: Evidence of participant’s heterogeneity. Left panel: Cumulative distribution of earnings. Com-
parison of simulated versus observed outcomes. Right panels: Histogram of cumulative deviation from
optimality per player. Under-exploitation adds -1, and over-exploitation adds 1. Top-right corresponds to
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also a non-negligible proportion of participants systematically under-exploiting the patch.459

3.2 Comparisons between samples460

Figure 5 reports the differences in earnings and errors (according to the two optimality rules)461

between the samples that participated in our study.462
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Figure 5: Participants’ earnings (left panel) and frequency of total errors by participant (right panels) across
samples. Total errors computed as sum of deviations per participant according to the DyP (top right) and
MVT (bottom right) optimality rules.

Regarding earnings, street vendors accumulate, on average, 226 units (std. dev. 78.6) through-463

out the game. Non-STEM students accumulate 253 units (std. dev. 74.6), and this difference is464

statistically significant (t−test, p = 0.006). The largest earnings correspond to the selected Eco-465

nomics undergrad students who were attending a contest, with 272 units (std. dev. 69.7), also466

significantly larger than for vendors (t−test, p < 0.001). Finally, in the sample of public officers467

the average earnings are 259 units (std. dev. 69.7). However, given the small sample size (N = 22),468

this difference is also statistically significant with respect to vendors (t−test, p = 0.058). By con-469

trast, none of the differences between students and public officers is statistically significant.470
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Regarding errors, classified according to the DyP optimal rules, vendors have the largest count471

(4.33, std. dev. 2.13), followed by public officers (3.72, std. dev. 1.54), No-STEM students (3.10,472

std. dev. 2.02), and Economics students (2.62, std. dev. 1.72). The difference between vendors473

and the separate samples of students are statistically significant (p < 0.001 in both comparisons),474

and between Economics students and public officers (p = 0.011). The pattern is very similar when475

errors are defined as deviations from the MVT.476

To test H3, we complement the statistical comparisons above with OLS regressions that pool477

all non-vendors into a single category and compare them with vendors, using earnings and the478

total number of exploration decisions as the dependent variables. To investigate additional mecha-479

nisms underlying differences in earnings, we include two plausibly exogenous variables capturing480

variation in the environment: whether the participant started the game in a rich patch (S1 = 64)481

and the share of rich patches encountered during the game (i.e., the proportion of rounds in which482

the reset stock was 64, including Round 1). We are particularly interested in the interaction be-483

tween these variables, which capture exogenous variation in the returns to exploitation, and the484

vendor indicator, as this may reveal an additional mechanism besides the higher error rates re-485

ported above and in Table A.2: vendors may take less advantage of more abundant environments.486

Table 2 displays the regression outputs, with the first three columns remarking the lower ven-487

dors’ earnings. Column 1 shows that vendors’ earnings are (34/260=) 13% lower. Column 2488

shows, as expected, that landing first in a rich patch increases earnings. The interaction term489

is negative but non-significant, meaning that vendors are not profiting less (with respect to the490

rest of the sample) from an initial rich patch. In column 3 we observe that a higher share of rich491

patches increases earnings. More importantly, its interaction with the vendor categorical variable492

is negative and significant, and the vendor dummy alone is no longer significant. The lack of493

differences between samples in the first patch, followed by an increasing gap in the ability to ex-494

ploit future rich patches, suggests that non-vendors adjust and learn more rapidly to play in rich495

environments, or that they remain more attentive during the game.496

Columns 4 and 5 show that the number of exploration decisions is not statistically different497

between vendors and non-vendors, neither the interaction term. That is, vendors are equally498

likely to stay for too long in their initial patch as non-vendors. The apparent tension between this499

null result and the higher prevalence of over-exploitation documented in Table A.2 is resolved by500

the direction and magnitude of the coefficients: the negative point estimate (-0.25) is consistent501

with vendors exploring somewhat less often, but since vendors commit only between 0.7 and 0.9502

additional over-exploitation errors relative to non-vendors, this difference does not appear large503

enough to speak of genuinely different exploration patterns.504

Thus, we find support for H3 and conclude:505
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Table 2: OLS regressions for earnings and number of cycles across sample types

Earnings Exploration decisions

(1) (2) (3) (4) (5)

Vendor -34.01∗∗∗ -24.76∗∗ -13.88 -0.25 -0.20
(7.87) (10.22) (12.36) (0.17) (0.22)

First patch is rich 60.00∗∗∗ -0.50∗∗

(11.31) (0.25)

Vendor × First patch is rich -14.97 -0.16
(14.87) (0.33)

Share of rich patches 229.50∗∗∗

(17.89)

Vendor × Share of rich patches -51.31∗∗

(22.21)

Constant 260.09∗∗∗ 230.65∗∗∗ 148.92∗∗∗ 4.37∗∗∗ 4.61∗∗∗

(6.00) (7.92) (9.69) (0.13) (0.17)
Observations 384 384 384 384 384
Note: Standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.

Result 3: Street vendors earn about 13% less than a reference sample (with mostly students). These506

differences are partly explained by some learning about how to play in repeated rich patches, and not by a507

systematic difference in exploration decisions.508

3.3 Comparisons between treatments509

Recall that, in the sample of street vendors, we added two exogenous variations to the initial fram-510

ing. The Encourage treatment aims at inducing over-exploitation, whereas the Discourage treatment511

aims at inducing under-exploitation. There is a third group with neutral framing serving as con-512

trol. Table 3 reports the results of an OLS regression comparing earnings across treatments. We513

use a specification similar to the one described in Section 3.2, including the indicator of an initial514

rich patch and the share of rich patches. We are interested in their interactions with the treatment515

variables, Encourage and Discourage.516

Column 1 in Table 3 shows that the Discourage treatment increases earnings by 23.5 units.517

This coefficient is marginally significant (p = 0.072). By contrast, the coefficient for Encourage518

is positive but statistically not different from zero. One explanation for the benefits on earnings519
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Table 3: OLS regression for earnings across treatments in street vendors’ sample

Dependent variable: Earnings (1) (2) (3)

Encourage 11.86 -7.91 -7.37
(12.85) (16.32) (20.04)

Discourage 23.52∗ 11.82 -26.75
(13.02) (16.84) (21.13)

First patch is rich 22.34
(18.16)

Encourage × First patch is rich 42.05∗

(24.96)
Discourage × First patch is rich 20.48

(25.22)
Share of rich patches 143.61∗∗∗

(26.24)
Encourage × Share of rich patches 23.76

(35.22)
Discourage × Share of rich patches 76.30∗∗

(36.79)
Constant 214.13∗∗∗ 205.00∗∗∗ 146.23∗∗∗

(9.30) (11.61) (14.33)

Observations 223 223 223
R-squared 0.01 0.10 0.42
Note: Standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.

from discouragement is the reported pattern of over-exploitation. Since the most prevalent error520

is exploiting too much, a contextual message that discourages this behavior may be helpful.521

In Column 2, we interact the treatment variables with the indicator of an initial rich patch.522

Its interaction term with Encourage is positive and marginally significant (p = 0.094), suggesting523

that the messages inducing more exploitation could hint participants to do so in the first round.524

Finally, Column 3 suggests that the Discourage treatment helps participants in profiting more from525

rich patches (coefficient 76.3, p = 0.039). The interaction terms in this table should be interpreted526

cautiously, especially because we do not observe treatment effects interacting with the number of527

errors using any of the optimality rules (see Table A.3). We attribute this null result to limited528

statistical power rather than to the absence of an underlying relationship between our treatments529

and exploitation behavior.7530

7The sample of street vendors comprises only 223 participants split across three treatment arms, and the standard er-
rors on the Discourage × Share of rich patches interaction across the four error specifications (1.08–1.33) are of comparable
magnitude to the point estimates themselves (-1.39 to 0.38).
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In H4, we hypothesized that the Encourage message would yield the lowest earnings, followed531

by the Discourage treatment, and the higher earnings would be obtained in the control condition.532

This prediction was based on the assumption that treatment messages would deviate participants533

from a more optimal behavior. However, we find non-conclusive evidence that the Discourage534

treatment yields the largest earnings. We thus reject H4 and argue that this finding is explained by535

the participants’ over-exploitation pattern: messages preventing this pattern can improve earn-536

ings.537

Result 4: Messages discouraging exploitation increase earnings with respect to the control condition538

and to messages of encouragement.539

4 Concluding discussion540

We designed a new experimental game that extends the canonical bandit problem by making the541

value of exploration resource-based rather than informational. Relocating replenishes the stock542

of buyers by drawing a new location from a known distribution, leaving beliefs about the envi-543

ronment unchanged, whereas exploitation endogenously depletes future payoffs. This shifts the544

trade-off from balancing immediate rewards against the value of information to balancing current545

extraction against resource depletion, allowing us to define and quantify two distinct deviations546

from optimal behavior: over- and under-exploitation.547

By recasting the problem in this way, we connect the patch-foraging paradigm–until now548

largely confined to biology, ecology, and the decision sciences–to experimental economics. The ex-549

perimental approach is well suited to this setting because it allows us to evaluate behavior against550

clear normative benchmarks: two solution concepts with very different informational and cog-551

nitive demands nevertheless prescribe nearly identical behavior. Dynamic programming, which552

yields a forward-looking optimal policy, and the marginal value theorem, a history-based heuristic553

grounded in realized payoffs. Their convergence to a common exploitation threshold implies that554

the over-exploitation we document reflects a genuine departure from optimality rather than an ar-555

tifact of the benchmark used. In the short run, when predictions differ, we do not find conclusive556

evidence favoring one rule over the other.557

We took the game to the field using a framing close to the daily activity of our main subsample,558

street vendors: a vending cart with the choice between selling at the current spot and relocating.559

Vendors are more likely than our (mostly student) reference sample to deviate from the optimal560

rules, and these errors translate into lower earnings. The dominant deviation is over-exploitation:561

staying too long in a depleting patch is roughly two to three times more frequent than leaving it562
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too soon. Framing messages tailored to the vendor sample also appear to shape earnings. Because563

over-exploitation is the prevailing error, messages that discourage staying in a selling spot outper-564

form those that encourage it: reminding vendors that authorities may protect and reassign public565

space marginally raised earnings, whereas reminding vendors of their right to remain did not. The566

asymmetric effect of our treatments is itself consistent with the prevalence of over-exploitation.567

Introducing this paradigm into experimental economics opens at least two avenues for future568

work. First, the environment connects naturally to environmental and resource economics: this569

dynamic problem can be reframed to study intertemporal resource management–isolated from the570

social dilemma layer–to study technology adoption. Second, the simplicity of the game–despite571

its elaborated solution–makes it a useful vehicle for studying how participants transmit advice572

or recommendations to future players. This last direction speaks to the growing literature on573

complexity, by examining which rules of thumb people distill from experience and choose to pass574

on (Arrieta & Nielsen, 2024).575

Data availability statement576

The replication material for the study is available at the Open Science Framework: https://osf.io/577

p5ab4/overview?view only=530c6dcb1fa547d49531f9a725521599578
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A Appendix662

A.1 Additional Tables and Figures663
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Figure A.1: Distribution of actions in rounds 2-11 classified as suboptimal (errors) under the DyP (in purple)
and the MVT (in pink) rules.

Table A.1: Effect of lagged stock on cycle duration (Rounds 1-4).

Dep. Var: Mean cycle length Coeff. SE

Stock= 64 in Round 1 0.522∗∗∗ (0.101)
Constant 2.193∗∗∗ (0.063)
Observations 384
Note: Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

27



Table A.2: Deviations (errors) from the DyP and MVT optimality rules.

DyP Rule MVT Rule

(1) (2) (3) (4)
Total errors Over-exploit Total errors Over-exploit

Vendor 1.30∗∗∗ 0.90∗∗∗ 1.20∗∗∗ 0.69∗∗∗

(0.21) (0.22) (0.18) (0.19)

Constant 3.03∗∗∗ 2.63∗∗∗ 2.73∗∗∗ 1.61∗∗∗

(0.16) (0.17) (0.14) (0.15)

Observations 384 384 384 384
R-squared 0.09 0.04 0.10 0.03
Note: Standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.

Table A.3: OLS regressions for errors across treatments in street vendors’ sample.

DyP: Total errors DyP: Over-exploit MVT: Total errors MVT: Over-exploit

(1) (2) (3) (4) (5) (6) (7) (8)
First patch Share rich First patch Share rich First patch Share rich First patch Share rich

Encourage 0.01 -0.17 -0.01 -0.18 0.29 0.25 0.10 -0.21
(0.46) (0.67) (0.51) (0.72) (0.39) (0.59) (0.42) (0.68)

Discourage -0.64 0.21 -0.43 0.52 -0.19 0.11 -0.24 -0.31
(0.48) (0.70) (0.52) (0.76) (0.40) (0.62) (0.43) (0.72)

First patch is rich 0.41 0.38 0.86∗∗ 1.73∗∗∗

(0.52) (0.57) (0.43) (0.47)
Encourage × -0.79 -0.70 -0.92 -0.78

First patch is rich (0.71) (0.78) (0.59) (0.64)
Discourage × 0.14 0.02 -0.25 -0.10

First patch is rich (0.72) (0.79) (0.60) (0.65)
Share of rich patches -2.26∗∗ -2.56∗∗∗ -1.06 -0.77

(0.87) (0.95) (0.77) (0.89)
Encourage × -0.09 -0.02 -0.56 0.13

Share of rich patches (1.17) (1.27) (1.03) (1.20)
Discourage × -1.11 -1.39 -0.52 0.38

Share of rich patches (1.22) (1.33) (1.08) (1.25)
Constant 4.45∗∗∗ 5.69∗∗∗ 3.62∗∗∗ 4.99∗∗∗ 3.69∗∗∗ 4.54∗∗∗ 1.71∗∗∗ 2.79∗∗∗

(0.33) (0.48) (0.36) (0.52) (0.28) (0.42) (0.30) (0.49)

Observations 223 223 223 223 223 223 223 223
R-squared 0.02 0.13 0.01 0.14 0.03 0.05 0.13 0.01
Note: Standard errors in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.
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A.2 Solution to the dynamic optimization problem664

A.2.1 Solution to the Bellman equation with an infinite horizon665

Although our setting has a finite horizon of 12 rounds, the infinite-horizon solution provides use-666

ful intuition and anticipates the key result: the threshold stock level S∗ converges to 24 as β → 1.667

We begin by recalling the value function in Eq. 2 (Section 2.2), which takes the form:668

Vt(St) = max
(

St + βVt

(
St

2

)
, β

(
Vt(16) + Vt(64)

2

))
The first argument captures the value of exploitation: current payoffs (equal to the stock of669

buyers St) plus the discounted continuation value from the remaining stock St/2. The second ar-670

gument captures the value of exploration. It is multiplied by β because exploring forgoes current671

payoffs in exchange for a stochastic reset of the stock to either 64 or 16 buyers with equal prob-672

ability. We can write this equation in terms of the stock level S∗ that makes the agent indifferent673

between exploitation and exploration: any St ≥ S∗ leads to exploitation, while any St < S∗ leads674

to exploration. This condition yields:675

S∗ + βV
(

S∗

2

)
=

βV(16) + βV(64)
2

(3)

By construction, the stock follows the recursion St+1 = St/2 under exploitation, so St ∈676

{64, 32, 16, 8, ...}. Hence, we define rules on the minimum stock level required for exploitation,677

starting from the maximum value (St = 64), and verify whether each rule is internally consistent678

(i.e., if given the value functions it implies, no agent would deviate from the prescribed action at679

any stock level).680

We start with S∗ > 32, meaning that only St = 64 leads to exploitation, and any St ≤ 32681

triggers exploration. Hence, St = 32 and St = 16 share the same continuation value:682

V(32) = V(16) = β

(
V(16) + V(64)

2

)
,

and therefore V(64) = 64 + βV(32) = 64 + βV(16). Substituting V(64) into the expression for683

V(16) and solving:684

V(16) =
64β

2 − β − β2 =
64β

(2 + β)(1 − β)

For this case to be consistent, exploiting at St = 32 must be suboptimal. That is, 32+ βV(16) <685

V(16), which simplifies to:686
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32 < (1 − β)V(16) =
64β

2 + β

Since (64β)/(2 + β) < 32 for all β ∈ (0, 1), the consistency condition is never satisfied. Hence,687

exploiting at 32 is profitable and S∗ < 32. The next scenario to check is whether S∗ > 16, meaning688

that St = 64 and St = 32 lead to exploitation, while St = 16 triggers exploration.689

If we now depart from S∗ > 16, V(64) unfolds recursively as:690

V(64) = 64 + βV(32) = 64 + 32β + β2V(16) (4)

Since St = 16 triggers exploration, V(16) satisfies the fixed point condition:691

V(16) = β

(
V(16) + V(64)

2

)
Substituting Eq. 4 and rearranging V(16)(2 − β − β3) = β(64 + 32β) we obtain:692

V(16) =
β(64 + 32β)

2 − β(1 + β2)
(5)

For this case to be consistent, exploring at St = 16 must be optimal. This means that V(16) >693

16+ βV(8). Since the exploration value V(16) = β[V(16)+V(64)]/2 is independent of the current694

stock, exploration is optimal for all St ≤ 16, and hence V(8) = V(16). The consistency condition695

then becomes V(16) > 16 + βV(16), which can be rearranged as (1 − β)V(16) > 16. Note that,696

from the indifference condition Eq. 3 and the fact that V(S∗/2) = V(16) for any S∗ ∈ (16, 32)697

because both S∗ and St = 16 trigger exploration, we have:698

S∗ + βV(16) = β

(
V(16) + V(64)

2

)
= V(16)

Hence S∗ = (1− β)V(16), and the consistency condition reduces to S∗ > 16. Substituting Eq. 5699

in this expression:700

S∗ = (1 − β)V(16) =
β(1 − β)(64 + 32β)

2 − β(1 + β2)
(6)

This case is therefore consistent whenever S∗ > 16, which holds for all β > β∗ where β∗ ≈ 0.56.701

Since our experimental setting features patient agents given the short duration of the whole game702

(i.e., β → 1), then we can work with S∗ ∈ (16, 32).703

Finally, for a more precise solution as β → 1, note that in Eq. 6, both the numerator and704

denominator vanish as β → 1, so we apply l’Hôpital’s rule:705
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lim
β→1

S∗ = lim
β→1

d
dβ [β(1 − β)(64 + 32β)]

d
dβ [2 − β(1 + β2)]

= lim
β→1

64(1 − 2β) + 32(2β − 3β2)

−(1 + 3β2)
=

−64 − 32
−4

= 24

Hence, S∗ → 24 as β → 1. In the infinitely repeated game, agents exploit whenever their stock706

exceeds 24, and explore otherwise.707

A.2.2 Solution with a finite horizon708

When the problem has a terminal round T, we find its solution by backward induction. As we709

show below, the optimal policy stabilizes after just two periods: for any k ≥ 1, the agent exploits710

S ≥ 32 and explores S ≤ 16, consistent with the infinite horizon solution.711

Let us start with the terminal round. Since no further rounds follow, exploration yields neither712

immediate profit nor future benefit. The agent simply extracts the current stock, so the value713

function is VT(S) = S, with threshold S∗ = 0.714

One period earlier (k = 1), the Bellman equation is:

VT−1(S) = max
{

S + β

(
S
2

)
, 40β

}
The value of exploitation corresponds to the earnings from repeating this strategy over the last

two periods, S + βS/2, while the value of exploration, 40β, is the discounted expected value of
the reset patch in the terminal round. As in the infinite horizon case, we find S∗

T−k by equating the
two arguments of VT−k(S). This yields:

S∗
T−1 =

80β

2 + β

Note that, for β > 1/2, then S∗
T−1 > 16 and exploitation remains optimal for stock levels of715

32 or above. Given our design, it is plausible to assume that β → 1. Hence, S∗
T−1 = 80/3 ≈ 26.7,716

close to the infinite horizon solution.717

Moving to k = 2, the Bellman equation is:

VT−2(S) = max
{

S + βVT−1

(
S
2

)
,

β [VT−1(16) + VT−1(64)]
2

}
For large β, we substitute VT−1(16) = 40β (exploration) and VT−1(64) = 64 + 32β (exploitation),
which simplifies the exploration value to β(32 + 36β). Evaluating the first argument at each rele-
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vant stock level:

VT−2(64) = max {64 + β(32 + 16β), β(32 + 36β)}
VT−2(32) = max

{
32 + 40β2, β(32 + 36β)

}
VT−2(S ≤ 16) = max

{
S + 40β2, β(32 + 36β)

}
As β → 1, the optimal decision is to exploit for S ≥ 32, and to explore for S ≤ 16. Going back718

two periods with respect to the terminal round is sufficient to characterize the cyclic structure of719

the solution: an agent will, at most, exploit two consecutive times. This will occur when landing720

on S = 64, otherwise the agent will immediately explore.721

This cyclic structure implies that the optimal policy is stationary for k ≥ 1: the threshold S∗
T−k722

satisfies S∗
T−k ≥ 16 for all k ≥ 1 as β → 1, so the agent always exploits S ≥ 32 and explores S ≤ 16.723

This can be verified recursively: if the optimal policy at step k is to exploit S ≥ 32 and explore724

S ≤ 16, then the exploration value at step k + 1 is β[VT−k(16) + VT−k(64)]/2, and the exploitation725

values VT−k(32) and VT−k(64) always exceed it, preserving the same policy at step k + 1.726

A.3 Examples of the MVT rule727

We present four examples of the MVT rule in operation over the first four rounds, covering dif-728

ferent sequences of patch types. The examples illustrate when the MVT rule agrees with the DyP729

rule after some rounds, and when it does not. As we show below, disagreements arise when730

exploration repeatedly yields the same patch type, preventing the agent from acquiring new en-731

vironmental information.732

Example 1. Starting in a poor patch followed by a rich one.733

The agent begins with no prior earnings, so she exploits in round 1 despite the low stock,734

yielding S2 = 8 and BRR2 = 16. Since S2 < BRR2, she explores in round 2, earning nothing. The735

background reward rate is updated to BRR3 = 16/2 = 8. If exploration leads to S3 = 64, she736

exploits (S3 ≥ BRR3), bringing cumulative earnings to 80 and updating BRR4 = 80/3 ≈ 26.7.737

Since S4 = 32 ≥ BRR4, she exploits again in round 4. In this case, the MVT rule coincides with the738

DyP rule throughout: the poor patch is exploited once, followed by two consecutive exploitations739

of the rich patch.740

Example 2. Starting in a rich patch followed by a poor one.741

The agent begins with no prior earnings, so she exploits in round 1. This yields S2 = 32 and742

updates the background reward rate to BRR2 = 64. Since S2 < BRR2, she explores in round 2,743

earning nothing. The background reward rate is updated to BRR3 = 64/2 = 32. If exploration744
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leads to S3 = 16, she does not exploit (S3 < BRR3) and explores again, earning nothing. The745

background reward rate is updated to BRR4 = 64/3 ≈ 21.3. At this point, the background reward746

rate lies in between 64 and 16. Hence, the MVT rule will coincide with the DyP rule, regardless747

of the restarting stock: the agent correctly skips the poor patch and waits for a richer one, or748

immediately exploits the rich patch.749

Example 3. Start and restart in a rich patch.750

The agent begins with no prior earnings, so she exploits in round 1. This yields S2 = 32 and751

updates the background reward rate to BRR2 = 64. Since S2 < BRR2, she explores in round 2,752

earning nothing. The background reward rate is updated to BRR3 = 64/2 = 32. If exploration753

leads to S3 = 64, she exploits again (S3 ≥ BRR3), bringing cumulative earnings to 128 and updat-754

ing BRR4 = 128/3 ≈ 42.7. Since S4 = 32 < BRR4, she explores once more. Note that the agent755

never exploits a stock of 32, which is suboptimal according to the DyP rule.756

Example 4. Start and restart in a poor patch.757

With no prior earnings, the agent exploits in round 1 despite the low stock, yielding S2 = 8 and758

BRR2 = 16. Since S2 < BRR2, she explores in round 2. If exploration leads to S3 = 16, she exploits759

(S3 ≥ BRR3 = 16/2 = 8), bringing cumulative earnings to 24 and updating BRR4 = 24/3 = 8.760

Since S4 = 8 ≤ BRR4, she explores again. This example illustrates that landing on two consecutive761

poor patches— an event that occurs with probability 1/4 —leads the MVT agent to exploit a stock762

of 16 twice, which is suboptimal according to the DyP rule.763
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A.4 Instructions translated to English764

Welcome. We want to thank you for accepting the invitation to participate in this activity with an765

approximate length of 10 minutes. This length includes an explanation of the activity, participating766

in the activity, and a short survey in which we will ask questions about you. After completing767

the survey, we will give you your game earnings. You will receive 5,000 COP for participating.768

Depending on your decisions in the game, you could earn up to an additional 17,000 COP. The769

funds to cover these expenses have been provided by Universidad del Rosario and MinCiencias.770

This activity generates earnings such that the decisions you make have economic consequences,771

and are more similar to the decisions you make in your daily life. We hope you participate in fu-772

ture activities from other researchers, even if there is no associated payment.773

All the information we collect will be used anonymously, so other participants will not know774

about your earnings or answers to the survey during or after the experiment.775

The Selling Game776

The selling game consists of getting the highest number of buyers within a determined time lapse.777

The higher the number of sales you have, the higher your earnings at the end of the game. You778

will be located in a commercial area with several selling locations.779

In this game, you have 12 hours of labor. In each hour, you must make a decision:780

• Sell: Add the remaining number of buyers at the selling location to your sales.781

• Move: Find another selling location.782

Why move?783

In this game, after each hour at a selling location, the number of remaining buyers reduces in784

half. For instance, if at a selling location there are 16 buyers at 8 am, the number of buyers at 9 am785

reduces to 8, then goes down to 4 buyers at 10 am, and so on.786

If you decide to move, you will spend one hour of the day, but you will arrive at a new selling787

location that could have more buyers.788

There are two types of selling locations:789

• In the high-selling locations, there are 64 initial buyers.790

• In the low-selling locations, there are 16 initial buyers.791

When moving, you will not know if the new selling location is high or low. Imagine that you792

are flipping a coin while moving. If it lands on “heads”, you will move to a high-selling location793

and to a low-selling location if it lands on “tails.”794
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At the end of the game, you will receive 50 COP for each buyer accumulated during the entire795

game. Your payment will be rounded to the nearest 1,000 COP. If, for instance, your earnings are796

12,300 COP, you will receive 12,000 COP. If your earnings are 13,700 COP, you will earn 14,000797

COP. Remember, you have 12 movements in total, representing a workday. Click “Start” and you798

will begin at the first selling location.799

A.5 Instructions in Spanish800

Bienvenido(a). Queremos agradecerle por haber aceptado la invitación a participar en esta ac-801

tividad que tendrá una duración aproximada de 10 minutos. Este tiempo incluye la explicación802

del ejercicio, la participación en el ejercicio y una corta encuesta al final en la que le haremos803

unas preguntas sobre usted. Tras finalizar la encuesta, le entregaremos sus ganancias del juego.804

Usted recibirá $5.000 por participar. Dependiendo de sus decisiones, en el juego podrá ganar805

hasta $17.000 adicionales. Los fondos para cubrir estos gastos han sido proporcionados por la806

Universidad del Rosario y MinCiencias.807

Esta actividad tiene unas ganancias para que su toma de decisiones tenga consecuencias económicas808

y, ası́ sea más parecida a las decisiones que toma en su vida diaria. Esperamos que participe en809

futuras actividades de otros investigadores, aún si no hay un pago de por medio.810

Toda la información recogida será utilizada anónimamente, ası́ que los otros participantes no811

sabrán durante o después del experimento nada sobre sus ganancias o sus respuestas en la en-812

cuesta.813

El juego de las ventas814

El juego de las ventas consiste en obtener el mayor número de compradores en un lapso de tiempo815

determinado. Entre mayor sea el número de ventas que tenga, mayor será su ganancia al final del816

juego. Para esto, usted estará ubicado en una zona comercial con varios puntos de venta.817

En este juego, usted dispone de 12 horas de trabajo. Cada hora usted deberá tomar una de-818

cisión:819

• Vender: Sumar a sus ventas el número de compradores que quedan en el punto deventa.820

• Moverse: Buscar otro punto de venta.821

¿ Por qué moverse?822

En este juego, luego de cada hora en un punto de venta, el número de compradores que quedan823

se reduce a la mitad. Por ejemplo, si en un punto de venta hay 16 compradores alas 8am, el número824

de compradores a las 9am bajará a 8, luego bajará a 4 compradores a las 10am, y ası́ sucesivamente.825
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Si decide moverse, consumirá una hora del dı́a, pero llegará a un nuevo punto de venta que826

podrı́a tener más compradores.827

Hay dos tipos de puntos de venta:828

• En los puntos de venta altos, hay 64 compradores iniciales.829

• En los puntos de venta bajos, hay 16 compradores iniciales.830

Al moverse, usted no sabrá si el nuevo punto de venta es alto o bajo. Imagı́nese que, al mo-831

verse, lanzará una moneda. Si cae “cara” se mueve a un punto alto, y si cae “sello” a un punto832

bajo.833

Al final del juego, usted recibirá $50 pesos por cada cliente acumulado durante todo eljuego.834

Redondearemos su pago al múltiplo de $1.000 más cercano. Si, por ejemplo, sus ganancias son835

$12.300, usted recibirá $12.000. Mientras que, si sus ganancias son $13.700, usted recibirá $14.000.836

Recuerde que tiene 12 movimientos en total, que representan una jornada de 12 horas de trabajo.837

Presione el botón “Comenzar” y usted arrancará en el primer punto de venta.838
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