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The evolution of discrimination
under finite memory constraints

Andrew W. Lo%23* Ruixun Zhang®®7:%° & Chaoyi Zhao%2**

We develop an evolutionary model for individual discriminatory behavior that emerges naturally in

a mixed population as an adaptive strategy. Our findings show that, when individuals have finite
memory and face uncertain environments, they may rely on prior biases and observable group traits
to make decisions, changing their discriminatory practices. We also demonstrate that a finite memory
is a consequence of natural selection because it leads to higher fitness in dynamic environments with
mutations. This adaptability allows individuals with finite memory to better respond to environmental
variability, offering a potential evolutionary advantage. Our study suggests that memory constraints
and environmental changes are critical factors in sustaining biased behavior, suggesting insights into
the persistence of discrimination in real-world settings and possible mitigation strategies across fields,
including education, policymaking, and artificial intelligence.
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One of today’s most hotly debated issues is a failure of collective intelligence—discrimination. Discrimination
manifests itself in many different forms, including but not limited to racial, gender, and ethnic biases. As such,
discrimination has widespread social, economic, and psychological implications, and remains a significant
problem in the world’s societies. The persistence of this form of collective ignorance across different cultures and
environments highlights the profound impact that biased behavior can have on both individuals and groups, by
shaping differential access to resources, opportunities, and social standing.

Discrimination has historically been examined through frameworks such as internal bias, prejudice, and
ignorance!. Traditional economic theories often attribute discriminatory behavior to irrational beliefs>* or
incomplete information™®, where decision-makers rely on stereotypes or unfounded assumptions to guide their
choices about individuals or groups. Other explanations in the economics-based literature include the emergence
of biases and stereotyping via motivated reasoning’~® and the strategic benefits of distorted beliefs!*-1°.

Discrimination, however, is not simply an individual act shaped by personal biases. It is also a collective
phenomenon that emerges as a group-level strategy in response to environmental pressures. When the
environment rewards non-discrimination, those who adapt to it will succeed. However, if the environment rewards
discrimination, a portion of the population will continue to exhibit this behavior. In this context, discrimination
is not merely a by-product of misinformed beliefs, but a practice that may evolve as an adaptive behavior that
maximizes the survival and success of a group. For instance, when resources are limited and fitness—defined
here as the capacity to survive and reproduce—relies on interactions with other groups, individuals may use
observable traits such as race, gender, or ethnicity to optimize their decision-making process.

Both cognitive biases and evolutionary pressures may shape discriminatory behavior. On the one hand,
stereotypes, which are shaped by prior beliefs and incomplete information, may guide decisions in uncertain
environments. On the other hand, evolutionary pressures may encourage discrimination as a strategic behavior
for long-term success by the discriminator, especially in resource-scarce conditions.

From a biological standpoint, one plausible hypothesis is that stereotypes may emerge as an unintended
consequence of finite memory. When individuals cannot retain all relevant information about their interactions
with others, they may resort to simplified cues, such as group traits, to make decisions under uncertainty. This
reliance on incomplete information can foster the development of biases and stereotypes as imperfect but
functional adaptations to cognitive constraints. Alternatively, such biases may arise not only from a lack of
information, but also from the need to process overwhelming amounts of it—where heuristics serve to reduce
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complexity rather than compensate for scarcity. In both cases, cognitive limitations—whether due to memory
scarcity or informational overload—can play a central role in shaping discriminatory behavior over time.

This article models discrimination as a behavior influenced by evolutionary pressures in environments
where individuals face uncertainty and possess finite memory. A finite memory limits the ability to recall past
information, and in doing so, it shapes discriminatory behavior. Unlike scenarios where individuals possess an
infinite memory, where biases might not persist over time, a finite memory leads individuals to overemphasize
recent events, changing their discrimination behavior. This adaptation, while not always optimal, is still able to
maximize long-term fitness in environments with uncertainty and variability.

To formalize this idea, we develop a mathematical framework built upon a binary choice mode! , where
individuals from two distinct groups—referred to here as “Andorians” and “Tellarians”—must decide whether
to discriminate against members of the other group. The decisions of individuals in one group are shaped by
histories of adverse events and prior beliefs about future risks in the other group. The fitness, or reproductive
success, of an individual depends on these decisions. The Andorians, representing the majority group, must
decide whether to engage with or avoid the Tellarians, whose probability of adverse events is initially unknown to
the Andorians and must be inferred over time. Here, we follow the literature, deliberately using fictitious species
borrowed from science fiction to reduce the tension that accompanies a discussion of these highly emotionally
charged issues, and also to illustrate the generality of our analysis. In particular, our framework can be applied
to any marginalized group[18,19].

In our model, we compare the outcomes of infinite and finite memory in shaping discriminatory behavior.
With an infinite memory, individuals can retain a comprehensive record of past interactions, which implies a
more informed decision-making process and less reliance on biased shortcuts. This infinite-memory case is
regarded as a theoretical benchmark and is compared with the more realistic finite-memory case. We find that
a finite memory may lead to different patterns of discrimination, as individuals tend to overemphasize recent
experiences. Despite this difference in capacity, however, we prove that a finite memory can be the optimal
strategy in dynamic environments where mutations can occur in individual behavior. This is because the
flexibility provided by a finite memory allows individuals to adapt more rapidly, making it a more effective
choice for long-term survival and fitness. In other words, a finite memory, while seemingly inefficient in stable
environments, is crucial for adapting to the variability introduced by mutations.

These findings present a challenge for education and policymaking by highlighting the role of memory
and environmental uncertainty in fostering bias and discrimination. The key issue is how to balance teaching
about the dangers of discrimination, while acknowledging the natural cognitive processes that encourage it, and
emphasizing the need for strategies that enhance adaptability and critical thinking rather than focusing solely on
increasing information and exposure to diverse viewpoints.

The contributions of this article are threefold. First, we model the decision to discriminate as a function
of both memory and prior beliefs, revealing patterns in the emergent discriminatory strategies. Second, we
demonstrate how finite memory, in contrast to infinite memory, alters the characteristics of discrimination,
potentially leading to different discriminatory behavior. Third, we show that in environments with mutations in
individual behavior, finite memory can be more advantageous than infinite memory by enabling more flexible
responses to changing conditions. We also discuss the real world implications of our theoretical findings in areas
such as education, policymaking, and artificial intelligence. Proofs of all theoretical results are provided in the
Supplementary Material.

116—18

The framework
As an illustration of the basic intuition behind our evolutionary framework, we first present a toy example of
discrimination before introducing the formal model.

A toy example

Consider a population of individuals who must decide whether to discriminate or not when interacting with
others!®. The environment is stochastic. Seventy percent of the time, the environment favors non-discrimination,
meaning that individuals who choose not to discriminate gain an advantage such as more resources or
opportunities, which leads to reproductive success (say, producing 3 offspring). In contrast, discriminators will
suffer a penalty, yielding 0 offspring. In the remaining 30% of the time, the environment favors discrimination,
rewarding those who discriminate with reproductive success (3 offspring), while non-discriminators yield 0
offspring.

At first glance, always choosing not to discriminate seems like the rational decision because it leads to success
more frequently. However, if the entire population consistently refrains from discrimination, the 30% of the time
when discrimination leads to success would result in the population having no offspring during those periods, as
non-discriminators would not reproduce. Over time, this would lead to extinction, as the population would miss
critical opportunities to reproduce and sustain itself. The reverse is true for always choosing to discriminate;
this behavior would lead to failure in the 70% of cases where non-discrimination is rewarded. In such cases,
discriminators would not reproduce, also leading to extinction. Thus, neither strategy—always discriminating
or always not discriminating—is sustainable for the population in the long term.

The optimal behavior in this environment is for individuals to not discriminate 70% of the time and to
discriminate 30% of the time, aligning their behavior with the environmental conditions. This is known as the
probability matching strategy, and it leads to the highest reproductive success for the group as a whole, ensuring
survival across different environmental contexts!'®?’. The mathematical intuition behind why probability
matching is the growth-optimal behavior lies in the fact that the population growth rate, 3 x p™% x (1 — p)3°%
is maximized when p = 70%. Over time, individuals who adopt this adaptive behavior dominate the population.
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This example illustrates how environmental conditions shape discriminatory behavior. When the environment
rewards non-discrimination, those who adapt to it will succeed. However, if the environment still occasionally
rewards discrimination, a portion of the population will continue to exhibit this behavior.

To fully appreciate how behavior can be shaped by other important factors in evolution—such as finite
memory and mutation—we present the formal model in the next section, which generalizes the binary choice
model in the literature!¢-18,

The formal model

Consider a hypothetical world with a population composed of two groups, as described in previous literature!®: a
majority group, which we refer to as the “Andorians,” and a minority group, which we refer to as the “Tellarians”
Group membership is unambiguous, mutually exclusive (each individual is a member of one and only one
group), immutable, and observable by all. There are two factors that determine each individual’s fitness: A4 and
Ar. They represent social interactions with Andorian and Tellarian individuals, respectively. An individual who
interacts with Andorian individuals is subject to the Andorian factor, A4, whereas an individual who interacts
with Tellarian individuals is subject to the Tellarian factor, A7. Both A4 and Ar are independent binary random
variables distributed as follows:

A4 = /\IXW, with probability ¢, Ap = /\lqifw, with probability r,
/\}Xgh, with probability 1 — ¢, /\l%‘gh, with probability 1 — 7,
where \J/&" > AW > 0, AME® > \2v > 0, and g, 7 € (0, 1). Here, for expositional simplicity and without
loss of generality, we consider a two-factor model. A more general model with multiple factors can also be found
in the literature'’.

Without loss of generality, we assume that each factor takes only one of two possible values: a low fitness of
N$™ or N2™, which happens in the context of an adverse event related to that group, and a high fitness of A}Xgh
or )\lr}l &b which represents the normal case. Parameters g and r denote the probability of adverse events for the
Andorian and the Tellarian groups, respectively, which we refer to as “adverse probabilities” for simplicity. For
example, a Tellarian individual may experience an adverse event with a (small) probability r, in which case
anyone interacting with that individual will experience low fitness in that period. Examples of adverse events
could include crime, disease, or economic hardship, among others.

Analogous to human societies, we will assume that the Tellarian community has been politically
underrepresented, with less access to education and economic opportunities's. As a result, this inequality has
led to a higher adverse probability for the Tellarian community compared to the population average. Note that
the higher adverse probability is not innate, but the result of a complicated set of determinants, including limited
historical access to resources. However, in this model, individuals observe only each other’s group membership,
which they use as a marker in the absence of any other information. The true underlying causes of the higher
adverse probability, such as lack of educational opportunities, are assumed to be unobservable.

We now focus on the perspective of an Andorian, who faces a decision between one of two actions—whether
or not to discriminate against a Tellarian—which determines their fitness's. We assume that an Andorian’s
number of offspring is given by zais if the individual chooses to discriminate, and Znodis if the individual
chooses not to discriminate:

Tdis = ﬂdisAT + (1 - ﬁdis)/\A, Tnodis = /Bnodis)\T + (1 — ﬁnodis))\fh

Here, 0 < Bais < Prodis < 1. The fitness of an Andorian depends on both A7 and A4, and Sais and Brnoais
represent its degrees of interaction with Tellarians under discrimination and non-discrimination, respectively.
For example, B4is = 0.2 means that, when choosing to discriminate, an Andorian interacts with Tellarians
only 20% of the time and with other Andorians 80% of the time. These parameters quantify the intensity of
intergroup contact: the lower the value of Bais or Bnodis, the stronger the avoidance behavior. In our framework,
discrimination is modeled as a reduction in the degree of interaction with Tellarians, which is captured by the
inequality Bais < Bnodis-

Assume all Andorians choose to discriminate with probability p € [0,1] and to not discriminate with
probability 1 — p, denoted by a Bernoulli random variable I”. Hence, the number of offspring for an individual
is given by the random variable:

l’p = Ipl'dis + (1 - Ip)xnodiSa

where

P 1, with probability p,
-1 0, with probability 1 — p.

We henceforth refer to p as the probability of discrimination by Andorians. Note that p can be 0 or 1, which
corresponds to always discriminating or always not discriminating. Generally, p can also be between 0 and 1,
which corresponds to randomized behavior.

We normalize the initial number of Andorians to 1 without loss of generality, and denote the number of
Andorians in generation T as nr. Because nr grows exponentially over time T, we consider the exponential
growth rate of the population size, T~ * log nr. Assume that (A4, A7) is independent and identically distributed
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(IID) over time and identical for all individuals in a given generation. Then, as proved in the literature, 7~ 1 log nr
converges in probability to the log-geometric-average growth rate!6-1821:

p(p) = E [log (pxais + (1 — p)Tnodis)] - (1)

This result aligns with the well-known principle of geometric mean fitness in evolutionary biology®?.

Equation (1) plays a central role in evolutionary dynamics, as it captures the long-run fitness of a strategy in
fluctuating environments. As formally established in the literature!®~'%2!, maximizing Eq. (1) leads to a “winner-
take-all” outcome, as individuals who do not maximize Eq. (1) will be rapidly overrun by those who do. In other
words, individuals who maximize Eq. (1) will, over time, dominate the population. For completeness and clarity,
we include a formal statement and proof of this result in the Supplementary Material.

The evolutionary behavior of maximizing Eq. (1) could be driven by cultural transmission mechanisms.
For example, vertical transmission allows individuals to adopt the strategies of their parents or other high-
performing role models who achieve superior long-term growth. Alternatively, under natural selection
dynamics, individuals employing suboptimal strategies may be gradually eliminated, as they are systematically
outperformed by those who maximize long-run population fitness.

In this framework, the behavior of Andorians is completely characterized by the probability of discrimination,
p, and degrees of interaction with Tellarians, Bais and Bnoais. Although not entirely realistic from a biological
perspective, this simplification clarifies the impact of evolution on behavioral dynamics, allowing us to derive
the growth-optimal behavior explicitly.

Discrimination with infinite memory

In this section, we study the case in which individuals have infinite memory. Although such a setting is not
realistic in practice, it serves as a theoretical benchmark that allows us to characterize the optimal behavior
under perfect information. By comparing it with the finite-memory case, we can evaluate the extent to which
cognitive limitations distort decision-making and lead to discriminatory outcomes.

When individuals have infinite memory, their decision to discriminate or not is based on the entire history
of observed outcomes. Therefore, in this case we assume that the Andorians have already learned the behavior
patterns of the Tellarians over time, and in particular, the probability of Tellarian adverse events, r, is known
to Andorians. In this section, we derive the probability of discrimination for Andorians that maximizes their
growth rate and analyze the patterns of this optimal strategy.

Optimal probability of discrimination
The following proposition gives the optimal probability of discrimination that maximizes the growth rate of the
Andorian group.

Proposition 1 The optimal probability of discrimination, p, that maximizes the log-geometric-average growth
rate defined by Eq. (1) is given by

17 if E[mdis/xnodis] > 1 and IE[ai'nodis/:rdis] < 17
p*(g,7) = solution to Eq. (3), if E[Zais/Znodis| > 1 and E[Znodis/Tdis| > 1, (2)
07 if E[mdis/wnodis] <1 and ]E[xnodis/xdis] > 1,

where p* is defined implicitly in the second case of Eq. (2) by

Tdis Tnodis
=F . 3
p*xdis + (1 - p*)xnodis:| |:p*xdis + (1 - p*)xnodis ( )

Proposition 1 demonstrates how the optimal probability of discrimination, p*, is determined by the relationship
between the number of offspring of an Andorian who chooses to discriminate (z4is) and the number of
offspring of an Andorian who chooses not to discriminate (Znoais). The optimal probability, p*, for choosing to
discriminate is determined by the comparative fitness between these two strategies, as follows:

o p* =1 (Always Discriminate): When E[2dis/Znodis] > 1 and E[Znoais/Zais] < 1, discrimination yields
strictly better fitness outcomes than non-discrimination. In this case, the optimal strategy is to always dis-
criminate, as it maximizes the individual’s reproductive success.

o p* =0 (Never Discriminate): When E[Zdis/Znodis] < 1 and E[Znodis/Zdis] > 1, the reverse is true—
non-discrimination yields superior fitness. Hence, the optimal strategy is to never discriminate.

« p* € (0,1) (Partial Discrimination): When E[Zdis/Znodis] > 1 and E[Znodis/Zdis] > 1, neither strategy
strictly dominates. While this might appear contradictory, it reflects a situation where the relative advan-
tage of discrimination versus non-discrimination fluctuates across different environments. For example,
if there is some probability that discrimination yields significantly higher fitness than non-discrimination
(2dis >> Tnoais), and also some probability that the opposite holds (€nodis > Zais), then it is possible for
both expectations to exceed 1. This implies that no single strategy is uniformly optimal, and the best response
involves randomizing between them. In this case, p” lies strictly between 0 and 1 and is determined implicitly
by Eq. (3), reflecting a balance between the two strategies.

Proposition 1 demonstrates that, from the perspective of the whole population, the optimal strategy that
maximizes the growth rate of the population may not be full discrimination or no discrimination. Instead, if
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E[zais/Tnoais] > 1 and E[nodis/Zdais| > 1, the optimal probability of discrimination lies between 0 and 1,
implying a randomized discrimination strategy.

As illustrated in the toy example discussed previously, in fact, from an individual’s perspective, the survival-
maximizing behavior is to always choose the action with higher average fitness (p = 0 or 1). However, partial
discrimination emerges because the group as a whole benefits from survival advantages beyond individual
optimization. In our framework, these benefits arise purely from the stochastic nature of the environment!6-18:23-25,
This is also a generalization of the “adaptive coin-flipping” strategies?®, which are interpreted as a form of
altruism, because individuals who engage in this behavior seem to be acting in the interest of the population at
the expense of their own individual fitness.

Patterns of discrimination
To further illustrate how the optimal probability of discrimination, p*, changes with respect to the adverse
probabilities of Andorians and Tellarians, g and r, let us consider the following assumption:

Assumption 1 The fitness outcomes of Andorians and Tellarians are identical in adverse situations:
. L i high high
MNow = AW = A2¥, and in normal situations: \"&" := \y&" = \n'eh,

Assumption 1 simplifies the model by removing any inherent differences in the potential benefits or costs
associated with the two groups. As a result, our framework focuses on the probabilities of adverse events, g and
1, rather than any intrinsic differences in group fitness.

Under Assumption 1, the optimal solution given by Proposition 1 can be characterized explicitly as follows.

Proposition 2 Under Assumption 1, the optimal probability of discrimination, p, that maximizes the log-ge-
ometric-average growth rate defined by Eq. (1) is given explicitly by

L if 7 > rupper,
p(q,7) =< pP" (g, 1), if Mower <7 < Tupper, (4)
0, if 7 < Plower
= Bound; (p"**""*(q, 7)), (5)

where Boundj(z) = min{max{z, 0},1},
Tapper = [(1 = Bais) A" + BaisA' ™™g
MPPET T (T — 2 aia) (AMER — NoW) g £ B AR + (1 — i) A

[(1 — ﬁnOdiS))‘high + BnodisAlow]q
(1 — 2ﬁnodis)(Ahigh _ Alow)q + BnodisAhigh 4 (1 _ Bnodis))\low’

Tlower =

and

p*PaTtial(q 7’) _ [Bnodis)\high + (1 - ﬂnodis))\low](l - q)T - [/Bnodis)\low + (1 - Bnodis)Ahigh]q(l - 7')
’ (Brodis — Bais) (APIE? — Alow) (g + 1 — 2¢r)

In addition, the optimal growth rate defined by Eq. (1) is given explicitly by

w(p*(g,7)) = qrlog AV + (1 — ¢)(1 — r) log A"&"
+ q(l - T) lOg [(64:“5 - Bnodis)(Ahigh - )\low)p* (q7 7“) + BnodisAhigh + (1 _ /Bnodis))\low]
(1= qrlog [(ﬁdis B /Bn‘)dis)()‘low - )‘high)p* (g,7) + BrodisA'™ + (1- 5nodis))\high] .

This proposition provides an explicit solution for the optimal probability of discrimination given by Proposition
1. When the adverse probability of the Tellarian group, r, exceeds a threshold 7upper, the probability of adverse
events is high enough that it becomes optimal to always discriminate, as avoiding interactions with Tellarians
maximizes the fitness of Andorians. Conversely, when r is below a threshold r1ower, adverse events are infrequent,
making it optimal to never discriminate. For intermediate values of r, where T1ower < 7 < Tupper, the optimal
strategy involves partial discrimination with probability p*P***#!(q, ), reflecting a balance between risks and
benefits. This corresponds to the case E[Zais/Znodis] > 1 and E[znoais/xdis] > 1 in Eq. (2).

The following proposition shows how the optimal probability of discrimination changes with respect to the
adverse probabilities for the two groups, g and r.

Proposition 3 The optimal probability of discrimination given by Eq. (4), p* (g, ), decreases with respect to q
and increases with respect to r.

Proposition 3 demonstrates that the optimal probability of discrimination increases as the adverse probability, ,
increases, reflecting a greater incentive to discriminate when the risk of adverse events on the part of Tellarians
is higher. In contrast, the probability of discrimination decreases as g, the probability of adverse events for
Andorians themselves, increases. This indicates that, as Andorians themselves face a higher risk of adverse
events, the relative benefit of discriminating against Tellarians diminishes.
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Figure 1 shows how the optimal probability of discrimination, p*(g, r), given by Proposition 2 varies with
different values of g and r. For illustrative purposes, we set A" = 1 and APM®" = 2. In addition, we assume
Bais = 0, meaning that when an individual chooses to discriminate, they completely avoid interacting with
Tellarians. On the other hand, if an individual chooses not to discriminate, they interact equally with both
groups, and we let Bnoais represent the proportion of Tellarians in the population. Figure 1a,b show the optimal
discrimination probabilities when Brodis = 0.5 and Brodis = 0.2, respectively.

From Fig. 1, we observe a strong polarization between non-discrimination and full discrimination. In the
top-left corners (where q is large and r is small), Andorian individuals tend not to discriminate, as the risk to
Andorians is higher and the risk from Tellarians is lower. Conversely, in the bottom-right corners (where g is
small and r is large), Andorians fully discriminate, because the risk from Tellarians is higher and the risk to
Andorians is smaller. The transitional region between these two extremes is relatively narrow, indicating that the
shift between non-discrimination and full discrimination happens over a small range of g and r values. Figure
1 also illustrates that the probability of discrimination increases with r and decreases with g. This verifies the
theoretical results of Proposition 3.

Comparing Fig. 1a,b, we see that the transitional region in the middle is narrower when Bnoqis = 0.2 than
when Bnoais = 0.5, implying a quicker shift between non-discriminatory and discriminatory behaviors. This
means that when the proportion of Tellarians in the population, Bnoais, is smaller, Andorians are more likely
to discriminate, as Andorian individuals see less benefit from interacting with the minority group of Tellarians.
This also implies a stronger behavioral polarization—Andorians will either fully discriminate against Tellarians
or will not discriminate at all, with little middle ground.

To summarize, we find that the discrimination strategy of Andorians changes with respect to the adverse
probabilities of the two groups, and the polarization becomes stronger when the proportion of Tellarians in the
population is smaller. These results are based on the assumption that the adverse probability of Tellarians, 7, is
known to Andorians. In the next section, we explore the discrimination patterns when individuals have finite
memory, introducing new complexities to their decision-making.

Discrimination with finite memory

Unlike the case of infinite memory, individuals in practice have a finite memory due to natural cognitive
constraints. Therefore, Andorians cannot perfectly estimate the true value of the probability of adverse events for
Tellarians, r, based on the whole of their past history of interactions with Tellarians. In this section, we consider
the scenario in which Andorians estimate the value of r based on their finite memory of Tellarians. This approach
is inspired by the memory/prediction framework?’, which argues that individuals store memory patterns and
use them to predict what will happen in the future.

We assume that Andorians use a Bayesian decision analysis framework to incorporate prior judgments and
potential updates of their estimate of r into this framework. The basic idea of a Bayesian framework is that
Andorians believe in advance that r will take certain values at some prior probability. These prior probabilities
may be biased initially, but as Andorians interact more often with Tellarians, they will gradually update these
probabilities to yield better estimates.

This Bayesian framework, although seemingly abstract, in fact has a biological motivation. It has been shown
that Bayesian decisions can emerge naturally from evolution and adaptation?. In addition, human subjects
tend to follow Bayesian strategies on average but not individually***°. Human subjects have also been shown
to make decisions based on a small number of samples instead of computing the fully Bayesian solution!-%,

7o)
10 2 1.0
<t
08 S 0.8
on
06 2 0.6
o)
N
04 9 0.4
02 = 0.2
> 00 S 0.0
<0.0 0.1 0.2 0.3 0.4 0.5 <0.0 0.1 0.2 0.3 0.4 0.5
r r
(a) Bnodis =0.5. (b) Bnodis =0.2.
Figure 1. Optimal probability of discrimination given by Proposition 2. We set A'*™ = 1, APigb = 2 and
Bais = 0. (Hereinafter, we provide the detailed parameter setups of all figures in this article in the figure
captions).
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which aligns with our assumption of finite memory. The Bayesian paradigm has been widely used in research
on cognitive science®, such as animal learning®®, visual scene perception and concepts*®*’, motor control®3,
semantic memory®, symbolic reasoning, social cognition*!, and biological evolution**-#7.

Hereafter, we denote the true adverse probability of Tellarians by a constant r*. Andorians do not know r*.
They apply a Bayesian decision framework, model the adverse probability of Tellarians as a random variable, 7,
and believe that r is either r¢ or 71 with prior probabilities 7o € (0, 1) and 71 = 1 — o, respectively:

[ 7o, with probability 7o, ©6)
"= r, with probability ;.

Without loss of generality, let us assume that 0 < ro < r; < 1.

The prior probabilities mo and 71 represent Andorians’ prior judgment about Tellarians. As Andorians
interact with Tellarians, they may update their judgment based on their observations of Tellarians during their
interactions. Assume that Andorians have observed N Tellarians with fitnesses A%, A3, ..., MY, respectively,
where A:, A2, ..., A are IID random variables following the same distribution as Az. The parameter N can
be interpreted as a proxy for the amount of information retained in memory—larger N implies more extensive
exposure to past experiences, while smaller N captures a more limited view. In this sense, our use of finite N
serves as a stylized representation of finite memory, which inherently limits the amount of usable information.
While this is a simplification of how real memory functions, it provides a tractable way to model information
constraints in belief updating.

Under this framework, the Bayesian estimation of r* is explicitly given by the following proposition:

Proposition 4 The Bayesian estimation of 7*, #x (Af, AT, ..., AT ), is given explicitly by:

71'()1"6”(1 — To)N_er + 7T1’I“’in(1 - T1)N_m7‘1

7T07‘6n(177‘0)N7m+7T1T1n(177‘1)N7m ’

PN AT, AR) = E[F| A, AS, .. M =

7)

where m = #{i : Ay = Mg¥,1 < i < N} is the number of Tellarians observed with adverse events.
Proposition 4 shows that the Bayesian estimation of r*, 7, is a weighted average of 7o and 71, with weights
depending on the prior probabilities, mo and 71, as well as the observed outcomes of Tellarians. The estimated
value, 7, falls between 7o and r1. In particular, in the extreme case where mo = 1 and 71 = 0, Andorians
are fully confident that » = rg, so #n = 7o regardless of the observations. Similarly, if mo =0 and m1 =1,
Andorians are certain that r = 71, and #n = 71.

If 1 lies within 0 and 1, 7 x will depend on the number of Tellarians that Andorians have observed, N, and the
number of those individuals who experienced adverse events, m. As m increases, the estimation shifts towards
the higher probability 71, while a lower m makes 7y closer to ro. Therefore, the estimator, 7, incorporates both
prior beliefs and actual observations of Tellarians.

Figure 2 illustrates how #n changes with respect to the observed proportion of Tellarians who experience
adverse events, m/N, for different values of the prior probability, 71. Figure 2a,b correspond to different total
numbers of observations, N = 10 and N = 20, respectively.

Figure 2 shows that 7 increases as the proportion of Tellarians with adverse events (m/N) rises, reflecting
the influence of observed outcomes on the estimation of 7*. When individuals experience more random adverse
events from interactions with Tellarians, they tend to attribute it to the Tellarian species, because it is the most
easily observable marker, leading to discrimination against Tellarians. This phenomenon is also referred to as
statistical discrimination?*—agents overweight the prevalence of a trait in a group when that trait appears to be
highly representative of the group in question®3%.

The estimation also relies on the prior probability, 1. For a given observed proportion m/N, 7 increases
as 1 increases. This reflects the outcome that, as the weight given to the belief of = 71 grows, the estimate

0.50 0.501
0.451 0.451
0.40 1 m=0 0.401 m=0
0351 m =0.2 0.351 m =02
=030 m =04 =030 m =0.4
= — m=06 |~ — m=06
0251 — m=08 | 0% — m=08
0.201 — =1 0.201 —_—m=
0.151 0.15
0.10 0.101
0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
m/N m/N
(a) N = 10. (b) N = 20.
Figure 2. The Bayesian estimation of r* given by Proposition 4. We set 7o = 0.1 and 1 = 0.5.
Scientific Reports|  (2025) 15:31774 | https://doi.org/10.1038/s41598-025-17089-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

of r* will be higher—in the case of humans, this is consistent with the findings in the literature that they tend
to anchor towards their original beliefs®®. When 7 = 0, meaning Andorians fully believe » = rg initially, the
estimation remains to be 1. Conversely, when 71 = 1, corresponding to the belief that r = 1, the estimation
remains to be 7.

Comparing Fig. 2a,b, we observe that a larger N leads to a sharper transition in 7 as a function of m/N. With
more observations, the estimation becomes more sensitive to the proportion of adverse events, resulting in a
steeper curve. This shows the impact of larger sample sizes in refining the estimate of 7*, making the estimation
process more decisive as N grows.

The following proposition further shows that the estimation of r* given by Proposition 4, 7, can be used to
maximize the conditional expected growth rate of the population, given the observations of Tellarians.

Proposition 5 The optimal probability of discrimination, p, that maximizes the conditional expected growth
rate,

M(pl)‘é‘v A%W R )"ZJY) = E [IOg (pmdis + (1 - p)xHOdiS) |>‘%"7 )‘%7 DR )\?] 9

PN AT, AT =" (4, v (AE AL AT)) (8)

where p* (-, -) is given by Eq. (2) and #x5 (A, A%, ..., AY ) is given by Eq. (7).

Proposition 5 demonstrates that the Bayesian decision is optimal when maximizing the conditional expected
growth rate of the Andorian group if the true value of r* is unknown and the memory is finite. In addition,
Proposition 5 also provides a practical approach for determining the optimal probability of discrimination. With
this result, we can first estimate r* using the Bayesian estimation given by Proposition 4, #x (A, A3, ..., AY).
Then, we substitute 7 into the expression for the optimal probability of discrimination p*(q, #n ), as defined
in Eq. (2).

Patterns of discrimination

In this section, we study the patterns of discrimination when Andorians have finite memory. Figures 3, 4, and 5
show how the optimal probability of discrimination, py, given by Proposition 5 varies with respect to different
parameters. In particular, Fig. 3 focuses on the impact of prior probability, 71, and the prior belief of adverse
probability of Tellarians, r1; Fig. 4 focuses on the observed number of adverse events of Tellarians, m; and Fig. 5
further focuses on the number of observed Tellarians, N. As in Fig. 1, we observe that the optimal probability of
discrimination increases as r* increases and as g decreases.

In Fig. 3a-d, we observe that when r; increases from 0.3 to 0.5, the range where the discrimination
probability equals 1 expands. This means that higher values of 71 make fully discriminatory behavior more likely.
In addition, as 71 increases from 0.2 to 0.8, individuals are also more inclined to adopt full discrimination. Both
indicate that prior beliefs play a crucial role in determining how easily discrimination is triggered.

Figure 4 further shows how the observed number of adverse events of Tellarians, m, influences the
optimal probability of discrimination. As shown in Fig. 4a-d, the area with full discrimination expands from
m = 0.8Nr* to m = 1.2Nr"*. This means that the more frequently adverse outcomes are observed among the
Tellarians, the broader is the resulting range of discrimination. In other words, discrimination may also emerge
due to biased observations.

Figure 5 illustrates how the optimal probability of discrimination responds to changes in the number of
observed Tellarians, N, under the assumption that the observed number of adverse events is set to its expected
value, m = Nr*. In Fig. 5a,c, we fix N = 5, while in Fig. 5b,d, we increase the number of observed Tellarians
to N = 10. We find that the difference between Fig. 5b,d—which is driven by variation in 71 —is noticeably
smaller than the corresponding difference between Fig. 5a,c. This suggests that, as more evidence accumulates
through increased observations, the influence of prior beliefs on discriminatory behavior gradually diminishes.

Finally, by comparing Figs. 3-5 and Fig. 1, we find that the patterns of discrimination are different if
Andorians have finite or infinite memory. For example, from the figures, when the true adverse probability of
Tellarians, r*, is smaller than the prior value, 7o = 0.1, discrimination tends to occur more frequently under
finite memory. This is not simply due to the limited number of observations, but because the Bayesian estimate,
7N, remains partially anchored to the prior belief, ro, leading to an overestimation of risk and, consequently,
greater discriminatory behavior. In the real world, because all individuals have only finite memory, prior beliefs
and biased observations play significant roles in these patterns.

Types of errors

As we have shown, prior beliefs and biases in observations can significantly influence discriminatory behavior.
This influence can lead to situations where Andorians either discriminate against Tellarians who pose a lower
risk, or fail to discriminate against those who pose a higher risk. These two types of errors reflect the potential
consequences of “incorrect” decisions based on imperfect information.

We formally define the two types of errors as follows. A Type I error occurs when Andorians discriminate
against Tellarians who have a lower adverse probability (7o), while a Type II error occurs when Andorians do
not discriminate against Tellarians who have a higher adverse probability (r1). In our context, we define the two
types of errors as follows:
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Figure 3. The optimal probability of discrimination under finite memory given by Proposition 5 with different
prior probability, 71, and prior belief of adverse probability of Tellarians, r1. We set N = 10, m = Nr*,
ro = 0.1, Anigh = 2, Mow = 1, fais = 0, and Bnodis = 0.5.

Type I error = E [ﬁf\,()\lT, Ay AP = 7"0] , 9)
Type II error = E [1 — PN A AN = rl] , (10)

where pi (Ar, A, ..., AY) is given by Eq. (8).

By definition, if Andorians always choose to discriminate, the Type I error = 1 and the Type II error = 0;
conversely, if they never discriminate, the Type II error = 1 and the Type I error = 0. In practice, Andorians may
choose to discriminate with a certain probability, leading to a trade-off between the two types of errors.

The following proposition provides explicit formulas to compute the two types of errors.

Proposition 6 The two types of errors defined by Eqs. (9) and (10) can be computed by

N
N! m —m_ kg
Type I error = Z mro (1- TO)N p" (g, "n(m)),
m=0

N
N! m —m_xy o
Type II error = 1 — Z mrl (1- Tl)N p" (g, *n(m)),
m=0

where p* (-, -) is given by Eq. (2) and
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Figure 4. The optimal probability of discrimination under finite memory given by Proposition 5 with different
prior probability, 71, and number of observed adverse events of Tellarians, m. We set N = 10, rg = 0.1,
r1 = 0.3, )\high =2, )\low =1, ,Bdis =0, and /Bnodis =0.5.

morg (1 — ro)N_mro + mrt (1 — rl)N_mrl

v (m) = morg* (1 —ro)N=m 4w (1 — rp ) N—m

(11)

Figure 6 shows how the Type I and Type II errors given by Proposition 6 change with respect to the prior
probability, 71, and the adverse probability for Andorians, q. Figure 6a illustrates the Type I error, which increases
as 71 increases. This indicates that as the prior belief in a higher adverse probability 71 becomes stronger, the
probability of incorrectly choosing to discriminate when r* = r¢ increases. Similarly, the Type I error also
increases as the adverse probability of Andorians, g, decreases.

In contrast, Fig. 6b shows the Type II error, which decreases with 71. This means that as the prior belief in
r1 strengthens, the probability of wrongly not discriminating when the true adverse probability is 71 becomes
lower. The Type II error also decreases as g decreases due to a higher probability of discrimination.

Overall, the figure demonstrates a classic trade-oft between Type I and Type II errors. Increasing 71 raises the
chance of a Type I error while reducing the Type II error. This highlights the role of prior beliefs in shaping the
balance between greater discrimination (a Type I error) and missing avoidable risks (a Type II error).

Asymptotic behavior
Our previous analysis shows that finite memory can significantly influence discriminatory behavior, as
Andorians must rely on limited observations to make their discriminatory decisions. In this section, we examine
the asymptotic behavior of discrimination as the number of observations increases without bound. This analysis
allows us to explore the relationship between finite memory and infinite memory.

The following proposition shows the asymptotic behavior of 7x (A4, A3, ..., A]') given by Eq. (7) as the
number of observations of Tellarians, N, increases without bound.
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Figure 5. The optimal probability of discrimination under finite memory given by Proposition 5 with different
prior probability, 71, and number of observed Tellarians, N. We set 7o = 0.1, 71 = 0.3, m = 1.0N7r",
Ahig;h =2, )\low =1, Bdis =0, and Bnodis =0.5.

Proposition 7 Denote #n = #x (A, A%, ..., AY) given by Eq. (7). As N increases without bound, we have

. a.s. | To, rt < T

rN—>{ o S (12)
where

log[(1 —ro)/(1 —71)]
log[(1 —70)/(1 —r1)] +log(r1/ro)

T =

In addition, we have
log Zx—ro +log 70 — N [r* log 7L — (1 —r*)log =t

r1—7N —r ] d
— > = —N(0,1), (13)
\/Nr (1 log —i—log1 m)

which implies that for sufficiently large N, 7 has the following asymptotic density for z € (ro,1):

log =2 +logﬂl_N[7‘*log:—1—(1—7’)10g1 2] 7o

\/Nr log —|—log1 Tl)z (@ =ro)(r — =)

Jin(T) =@ (14)
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Figure 6. Type I and Type II errors given by Proposition 6. We set N = 10,70 = 0.1, 71 = 0.3, Anigh = 2,
Alow = 1, Bais = 0, and Bnoais = 0.5.
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Figure 7. Asymptotic density of # given by Proposition 7. We set 7o = 0.1, 71 = 0.3,and N = 10.

«@- 3.5 »

where ¢(-) is the density of the standard normal distribution. Here, and “%
convergence and convergence in distribution, respectively.

Equation (12) implies that #x converges to 7o almost surely if 7* = 7o, and converges to 71 almost surely if
r* = r1. This implies that the Bayesian estimator, 7, is a consistent estimator of 7*. In other words, as the
number of observations of Tellarians, N, increases without bound, the estimation of 7* under finite memory will
eventually converge to the case of infinite memory.

Equation (14) further gives the asymptotic density of #x as N increases without bound. Figure 7 shows this
asymptotic density under different values of 7, and r*. Figure 7a illustrates that, when 71 is low, the density
is concentrated around ro = 0.1, indicating a stronger belief that r* is near 7o. As 71 grows, the density
shifts toward 71 = 0.3, showing that the estimation increasingly aligns with the higher value of prior belief in
Tellarians’ adverse probability.

Figure 7b shows the asymptotic density for different values of the true adverse probability of Tellarians, r*.
As r* increases from 0.1 to 0.3, the density shifts from being concentrated around 7o = 0.1 to being closer to
r1 = 0.3. This illustrates that the Bayesian estimation, 7x, gives a consistent estimation of the true adverse
probability, 7.

The following R}roposition gives the asymptotic behavior of the optimal probability of discrimination,
A 1 2 .

PN(AT, AT, ..., A7), given by Eq. (8).

stand for almost surely

Proposition 8 Under Assumption 1, denote py = pa (A, A%, ..., AY) given by Eq. (8). As N increases with-
out bound, if # “3 0, we have
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fo;(y)

S = N W kA U NN ®

PN D (4, Foo)- (15)

In addition, if Tower < Too < Tupper, We have

(B—roC)ppy+A—roD
(r1 C—B)pyt+triD—A

\/Nr*(l —r*) (log:—; + log }::2)2

log

+1log 22 — N [r*log 2 — (1 — ") log =2
1 - A N(0,1), (16)

which implies that for sufficiently large N, p has the following asymptotic density for y € (0, 1):

B—roC A—rgD T * T * —7
log (F e i oo +log 7 = N [r"log £ — (1 — ") log 1=

T — T 2
\/Nr*(l — ) (log o+ log Lr‘f) (17)

. (7‘1 *T())(BD*AC)
[(B—=70C)y+ A—1roD][(r1C — B)y+rD— A]’

for, (y) =@

where

A = [ﬁnodis)\low + (1 - Bnodis)/\hlgh] q,

B = (Bnodis — faia) A" — X)g,

C = —(Buodis — Bais) A" — X")(1 — 29),

D= ()‘hlgh - )‘low)(l - 26nodis)q + /Bnodis)\hlgh + (1 - Bnodis))\lowy
and ¢(-) is the density of the standard normal distribution. Here, “*3” and «%> stand for almost surely
convergence and convergence in distribution, respectively.
Equation (15) demonstrates that, as the number of observations of Tellarians, N, increases without bound,
the optimal probability of discrimination under finite memory, Py, will converge to the result under the case
of infinite memory. Equation (17) further gives the asymptotic density of p5; when the optimal strategy with
infinite memory is partial discrimination (Tower < oo < T'upper). Figure 8 shows this asymptotic density of p
under different values of 71 and ™.

Figure 8a shows how the asymptotic density of pj changes with varying prior probabilities 71. As 71
increases, the density of p concentrates more towards large values. This indicates that, with a higher prior belief
in the higher adverse probability 71, the optimal probability of discrimination tends to be higher.

Figure 8b shows how the asymptotic density changes with different true values of r*. As r* increases, the
density of py shifts towards larger values, indicating a stronger tendency toward discrimination, while when r*
is closer to 7o, the density of Py is more concentrated near lower values. This implies that the optimal probability
of discrimination depends on the true adverse probability of Tellarians, 7*. These observations meet our intuition
and previous findings—finite memory will lead to Andorians making decisions based on their prior judgment
and their finite observations of Tellarians, and if the prior information and observations are biased, unnecessary
discrimination may emerge.

Figure 9 further illustrates the asymptotic behavior of the optimal probability of discrimination, py, by
showing how it evolves with the number of observed Tellarians, N, under finite memory. In Fig. 9a, we fix
m = Nr* and vary the prior belief 71, while in Fig. 9b, we fix 1 = 0.5 and vary the number of observed adverse

m = 0.1
m =03
—— m =05
— m=07
— m=0.9
0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0
y y

(a) Different m; (r* =0.1).

(b) Different r* (m; = 0.5).

Figure 8. Asymptotic density of pjy given by Proposition 8. We set g = 0.1, 71 = 0.3, N = 10, Apjgh = 2,
>\low =1, Bdis =0, and ,Bnodis =0.5.
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Figure 9. The optimal probability of discrimination given by Eq. (8), p7, versus the number of observed
Tellarians, N. We set 7o = 0.1, 71 = 0.3, 7™ = 0.3, ¢ = 0.25, Anigh = 2, Aow = 1, Bais = 0, and
ﬁnodis =0.5.

events of Tellarians, m. The red dashed lines represent the benchmark optimal discrimination probability under
infinite memory, as given by Eq. (4). From Fig. 9a,b, we observe that, as N increases, the finite-memory solution,
D> gradually converges to the infinite-memory benchmark.

In addition, we observe that the speed of convergence depends crucially on both the prior belief and the
observed outcomes. Specifically, in these simulations, we fix 7o = 0.1, 71 = 0.3, and set the true value of * to
r1 = 0.3. As shown in Fig. 9a, a higher prior weight on 71 (i.e., larger 71) leads to faster convergence, as the
Andorians are already predisposed to believe in the true value of r*. Figure 9b shows that, when more adverse
outcomes are observed (i.e., higher m), the influence of the incorrect hypothesis, 7o, diminishes more rapidly,
further facilitating convergence to the infinite-memory optimal discrimination probability. These findings
highlight how both prior beliefs and observation quality jointly shape discrimination behavior.

One can also observe an interesting wave-like fluctuation in Fig. 9 as N increases. This arises because the
estimate 7y is based on N binary outcomes, and the number of observed adverse events, m, can only take integer
values. As a result, small changes in N can cause 7 to shift across different regions of the piecewise-defined
strategy function in Eq. (4), resulting in discontinuous adjustments in the optimal discrimination probability.
Similar patterns often appear in models involving binomial inputs, such as Edgeworth expansions for sums of
Bernoulli random variables! and binomial tree models in option pricing>2.

Mutation and finite memory

We have thoroughly examined the optimal discrimination strategies under both infinite and finite memory
scenarios. In particular, we observed how memory limitations affect decision-making and how the optimal
probability of discrimination evolves as the number of observations grows. Theoretically, the case of infinite
memory seems to provide a more comprehensive understanding of the environment, as it incorporates all
available information to maximize population growth. This leads to a natural question: from the perspective of
maximizing the long-term growth of a population, is infinite memory truly superior to finite memory?

Interestingly, we know that evolution has favored finite memory systems in practice. Populations do not rely
on infinite historical data, but instead make decisions based on limited observations and experiences. Why has
evolution favored finite memory? What advantages does it offer over infinite memory?

In this section, we demonstrate that, in the absence of mutations, infinite memory is indeed optimal for
maximizing population growth. However, when mutations are introduced into the population—creating
variability in behavior and outcomes—finite memory systems can outperform infinite memory systems in terms
of maximizing population growth. We explore how finite memory allows populations to adapt more efficiently
to changing environments, while infinite memory may lead to rigidity and suboptimal decisions in the presence
of such mutations. By incorporating the effects of mutations into our analysis, we show that finite memory is not
a limitation, but an evolutionary advantage in maximizing the adaptability and growth potential of populations.

The optimality of infinite memory without mutation
The following proposition establishes that, under our previous framework without mutation, the population
growth rate achieved under infinite memory is always superior to that of finite memory.

Proposition 9 Assume 7™ € {ro, r1}. For the expected growth rate given by Eq. (1), u(p), we have

E [ (580, AT, M) ] S (D5 M, AT, ) = (P (g, 77)),

Scientific Reports|  (2025) 15:31774 | https://doi.org/10.1038/s41598-025-17089-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

where pi(Ar, A%, ..., AY) is given by Eq. (8), Pic(Ar, A%, ...) = limn_yeo Py (M, Ay .., M), and
p*(q,r) is given by Eq. (2).

The intuition behind Proposition 9 is that populations with infinite memory have access to all historical
information, allowing them to make optimal decisions based on a complete understanding of the environment.
Consequently, the expected growth rate under infinite memory will always be better than the growth rate under
finite memory.

Figure 10 illustrates how the expected growth rate of the Andorian population changes as the number of
observed Tellarians, N, increases. The red dashed line represents the growth rate achieved under infinite memory
(/N = 00), and the blue curves correspond to varying prior probabilities 71 for the higher adverse probability,
T1.

Figure 10 demonstrates that, the expected growth rate of Andorians under finite memory,
E [u (ﬁ}‘v()\lT, PN VA ))], is always lower than the value achieved under infinite memory. In addition,

the expected growth rate improves with more observations, as Andorians gain more information about the true
value of r*, allowing them to make more informed discrimination decisions.

Figure 10 also shows that, for higher values of 71, the growth rate converges more slowly to the infinite
memory result as the number of observations, N, increases. This is because a higher 71 means that Andorians
initially expect a higher risk from Tellarians, which leads to more discrimination even when r* is low. Therefore,
more observations are needed to correct this prior belief, resulting in a slower convergence. Conversely, for lower
values of 71, where the prior belief favors ro, the expected growth rate converges faster to the infinite memory
case, as fewer observations are required to adjust the discrimination strategy.

The optimality of finite memory with mutation
Up to now, we always assume that Tellarians have a fixed true probability of adverse events, r*. However,
in reality, mutations can occur. In this section, we incorporate the possibility that Tellarians can mutate™.
Specifically, we assume that for each Tellarian, with a small probability p,., its probability of adverse events
mutates to 7, 7 r*, and with a probability 1 — p,, its adverse event probability remains at »*. Mutations occur
independently across Tellarians. Andorians are unaware of the possibility of mutations and base their decisions
on the assumption that r* is constant.

The following proposition demonstrates that, when mutations are introduced, finite memory can outperform
infinite memory in terms of maximizing the population growth rate.

Proposition 10 Assume that the probability of mutation satisfies p,, € (0, 1) and the adverse probability after
mutation ., € (0,1) satisfies 7,,, # r*. Further assume that r* € {ro,r1}, and Assumption 1 holds. Then,
given pm, 'm, and 7*, we can always find a set of parameters, mo, 71, 70, 7'1, §> Bnodis> Bdis> A% and AMe&P such
that there exists N < oo satisfying

E [ (bx A1 AT, A7) ] > 1 (B Ar, AT )

where Py (A, A2, ..., AY) is given by Eq. (8) and pie (A\r, A2, . ..) = limN—sc0 P (A, AR, .., AR,
The intuition behind Proposition 10 lies in the adaptive flexibility that finite memory provides in dynamic
environments. While infinite memory may appear advantageous in stable environments, it can hinder adaptation
when the environment changes unexpectedly—for instance, due to mutations that alter the true adverse event
probability. In such cases, individuals with infinite memory may become overly anchored to outdated prior
beliefs, making their behavior less responsive to environmental changes.

In contrast, finite memory allows individuals to update their beliefs based on a limited set of observations
under the Bayesian framework, making a compromise between prior beliefs and observations. This constraint—
rather than being a liability—can serve as a strength in dynamic settings. By avoiding overcommitment to prior
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Figure 10. The expected growth rate of the Andorian population versus the number of observed Tellarians, N.
Wesetq =0.1,7" =0.1,70 = 0.1, 71 = 0.3, Bais = 0.0, Bnodis = 0.5, Anigh = 2, and Ajow = 1.
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Figure 11. The expected growth rate of the Andorian population versus the number of observed Tellarians,
N, under different mutation probabilities, prm,. We set 7* = 0.1, 70 = 0.1, 71 = 0.3, Anigh = 2, Alow = 1,
Bais = 0.0, Bnodais = 0.5, and r,, = 0.5.
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Figure 12. The optimal number of observations, N, that maximizes the expected growth rate of the Andorian
population. We set ¢ = 0.1, 7* = 0.1,79 = 0.1, 71 = 0.3, 10 = 71 = 0.5, Bais = 0, Brodis = 0.5, Anigh = 2,
and A\jow = 1.

beliefs, finite memory enables behavior to better reflect newly emerging patterns. This flexibility is what allows
populations with finite memory to outperform those with infinite memory in environments with mutation.

Figure 11 illustrates how the expected growth rate of the Andorian population changes with the number of
observed Tellarians, N, under different mutation probabilities, p,,. Figure 11a,b show the results for two different
prior probabilities, m1 = 0.5 and 1 = 0.8, respectively. Different curves represent different values of mutation
probability, pp., with p,,, = 0 corresponding to the no-mutation case.

From the figures, we observe that as the mutation probability, pm, increases, the expected growth rate tends
to decrease. This is because as p., grows, the probability of adverse events changes more frequently due to
mutation, making it harder for Andorians to accurately estimate 7* and adjust their discrimination strategy
effectively. At higher mutation rates, the population becomes more prone to errors in estimating the true adverse
probability, resulting in fewer optimal decisions and lower growth rates.

When comparing Fig. 11 with Fig. 10 (that is, without mutation), a key difference emerges: in the infinite
memory scenario, the growth rate converges to the optimal value as N increases. In contrast, when mutations are
introduced, finite memory populations experience a trade-off between the benefits of observing more Tellarians
(increased N) and the challenge of adapting to an environment where Tellarians can mutate. As seen in Fig. 11,
at higher mutation rates (p,, > 0), as N increases, the growth rate may first increase then decrease, indicating
that finite memory may be better than infinite memory.

Finite memory can outperform infinite memory in the presence of mutations. However, what is the
optimal number of observations, or the optimal “memory size,” that will maximize population growth in such
environments? Figure 12 numerically illustrates the optimal number of observations, N, that maximizes the
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expected growth rate of Andorians. We compare the optimal growth rate with N at ranges from 1 to 100. The
color indicates the optimal value of N, where darker colors represent higher optimal values of N, and lighter
colors represent smaller optimal values of N.

The figure shows that, when p,, and r,,, are small, the optimal N is closer to 100, indicating that Andorians
benefit from gathering a large number of observations to make more informed decisions. However, as p,, and
Tm increase, the optimal number of observations decreases, suggesting that a finite memory is more effective
in environments with higher mutation probabilities or more drastic changes in the adverse probability. Fewer
observations are needed to optimize growth, as relying on too many observations may result in outdated or
misleading information. In such cases, a finite memory becomes advantageous, allowing Andorians to quickly
adapt to the changing environment.

Overall, our theoretical and numerical results emphasize that, in environments with frequent or substantial
mutations, a finite memory (i.e., a smaller N) is preferable, as it allows populations to adapt more quickly,
maximizing their growth potential.

Discussion

This article presents a comprehensive model that explores the evolution of discrimination in populations under
both finite and infinite memory constraints, highlighting how rational maximizing decision-making processes
may lead to discriminatory behavior. Our results demonstrate that discrimination is not merely a byproduct
of bias or prejudice, but can arise as a response to environmental uncertainty and limited information. The
core contribution of our work shows how finite memory introduces complexities into decision-making that
sustain discriminatory practices over time, even when infinite memory might theoretically eliminate the need
for reliance on prior biases.

We model discrimination as a strategy where individuals must decide whether to engage with others based
on their group membership and observable traits. When individuals have infinite memory, they accumulate
extensive knowledge over time, reducing their reliance on potentially biased observable characteristics. However,
under finite memory constraints, the limited ability to recall past experiences leads individuals to depend on
fewer past observations. This induces a tendency toward discriminatory behavior, especially when group traits
serve as imperfect signals of risk.

An important extension of our model incorporates mutations, where the probability of adverse events among
Tellarians may change. We find that while infinite memory theoretically provides individuals with the capacity to
make fully informed decisions, it becomes a liability in environments where mutations occur. In such dynamic
settings, finite memory allows for greater adaptability and flexibility, enabling populations to adjust more quickly
to environmental changes. This result challenges the traditional assumption that more information is always
better for decision-making. Instead, we show that limited memory might be an evolutionary advantage in
maximizing long-term fitness, especially in environments where the probability of adverse events is variable.

While our model emphasizes finite memory as a cognitive constraint, the resulting behavior can also be
interpreted more broadly as a response to limited information. We represent memory limitations by assuming
that individuals base their judgments on a fixed number N of past observations—capturing the idea that decisions
are made based on a restricted information set. While our analysis focuses on memory, similar behavioral
patterns could arise from other informational bottlenecks, such as perceptual noise or attentional filtering. These
alternative interpretations do not conflict with our core results, but rather suggest broader implications for how
various forms of cognitive constraints may shape discriminatory behavior.

The results of this study have important implications for education, especially in terms of understanding
how biases and discrimination develop. Our findings suggest that bias is not only a product of ignorance or
prejudice, but can also be an adaptive response to environmental uncertainty and limitations in memory. This
idea challenges traditional educational approaches that focus solely on sharing information or encouraging
exposure to diverse viewpoints®. It suggests that more focus should be placed on teaching individuals how to
navigate changing environments and improve their critical and flexible thinking skills, which can reduce reliance
on biased decision-making strategies.

However, this presents a significant challenge in educational settings: how do we effectively teach the
dangers of discrimination while also acknowledging the natural cognitive processes that may encourage it? Our
comparison between infinite and finite memory highlights that such biases are not necessarily rooted in malice
or ignorance, but may arise as adaptive responses to cognitive constraints. Memory limitations can make it
difficult for individuals to fully process complex or fluctuating information, leading them to adopt shortcuts in
decision-making. Therefore, it becomes crucial to foster not only awareness of bias but also the ability to adapt
to uncertainty without relying on stereotypes or simplified judgments.

This introduces a nuanced perspective on education’s role in combating bias. It is not enough to simply
provide more information or advocate for diversity. Instead, educational strategies should focus on enhancing
cognitive flexibility, helping people recognize when they are relying on biased heuristics, and offering tools to
better adapt to dynamic, unpredictable environments. This more balanced approach may lead to better outcomes
in reducing discriminatory behavior in the long run.

For policymakers, understanding the role of finite memory in shaping bias offers new insights into why
social biases persist despite efforts to promote equality. Policy efforts often assume that increasing knowledge or
awareness will reduce bias, but our model suggests that even with more information, finite memory can lead to
continued reliance on group-based traits when making decisions under uncertainty. This indicates that policies
need to go beyond awareness campaigns, focusing instead on fostering adaptability and reducing the cognitive
strain on decision-makers. Structural changes in institutions that guide behavior away from biased shortcuts
may be needed to make lasting progress.
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Our findings also have significant implications for the development of artificial intelligence (AI) systems,
particularly in how they handle memory and adapt to uncertainty. Al systems, like human decision-makers, are
limited by their ability to process and store information. Mechanisms such as Long Short-Term Memory (LSTM)
networks® and attention mechanisms®® have been introduced to help AT models retain and prioritize relevant
information over time. These mechanisms are crucial in adapting to dynamic environments and minimizing
biased decisions. Instead of merely increasing the volume of data, our results suggest the need for Al systems
to balance memory constraints with adaptability, ensuring they can respond to changing conditions without
reinforcing harmful biases. Designing algorithms that leverage memory mechanisms while prioritizing fairness
will be essential for reducing discriminatory outcomes in Al decision-making.

While our model provides a tractable framework for analyzing the emergence of discrimination under
cognitive constraints, it also has several limitations. First, our results rely on the log-geometric-average growth
rate of the population, Eq. (1), as the evolutionary objective. Although this has been shown to produce long-
run dominant strategies'®-!821, it is not the only plausible evolutionary criterion. Alternative fitness concepts—
such as maximizing the expected number of offspring, focusing on relative success, or including kin-selected
strategies®>*’~>—may lead to different behavioral dynamics.

Second, we represent finite memory as a fixed number N of IID observations. Although analytically
convenient, this abstraction does not capture the full richness of real-world memory processes, such as the decay
of older memories, the asymmetrical recall of negative versus positive events, or individual-level variation in the
retention and weighting of past experiences.

Third, we assume that prior beliefs (7o, 71 ) are fixed and exogenously given. In practice, however, such priors
may be shaped and reshaped by dynamic social influences—such as media exposure, education, or cultural
narratives—which are not captured in our static Bayesian formulation.

Fourth, while we adopt a Bayesian framework, actual decision-making in animal and human minds may be
a mix of different cognitive strategies. Alternatives include value-based heuristics such as prospect theory®, cue-
based decision rules®!, and reinforcement learning through trial and error®.

Future work could extend the model along several directions. These include exploring alternative evolutionary
objectives, incorporating more sophisticated memory dynamics, endogenizing belief formation, and comparing
the fitness of Bayesian and non-Bayesian strategies under different conditions. Empirical validation—through
behavioral experiments or observational data—would also help assess the extent to which our theoretical
predictions align with real-world discrimination and belief formation.

This work contributes to the growing literature on evolutionary dynamics and decision-making under
uncertainty. By demonstrating how memory constraints shape discriminatory behavior, we offer a new
perspective on how discrimination can be a rational, albeit suboptimal, strategy in certain contexts. Overall,
our study highlights the importance of considering both memory constraints and environmental variability
when analyzing discrimination. These factors are critical in understanding the persistence of bias, inequality, and
discrimination, and they provide a framework for developing more effective strategies to mitigate the harmful
effects of discrimination in society.
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