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Abstract

This paper presents a simple model of memory-based belief formation.

An individual has a memory of signals, and upon receiving a prompt, recalls

signals from his memory and forms belief using a näıve Bayes’ formula. The

recall probability of each signal depends on the cues of the signals and the

prompt. The recall probability function can capture different stylized results

of memory research, including how similarity, interference, salience, previous

retrieval, etc. affect memory retrieval. I analyze three adaptations of the

model and show that, first, varying recall probabilities w.r.t. likelihood ratio

can lead to asymptotic erroneous belief. Second, the persuader prefers to send

a less informative but more associative signal when the receiver has a large

memory. Third, individuals overreact to new signals when they have a large

memory, and will strengthen their strong prior beliefs even after receiving a

belief-challenging signal.
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1 Introduction

The role of memory in belief formation has been discussed and studied in many

disciplines, including but not limited to Cognitive Science, Economics, and Psy-

chology.1 Recently, there has been abundant evidence, in both experimental and

empirical studies, supporting the cognitive process in which individuals form belief

by retrieving information from their memory (Chew et al. (2020); Enke et al. (2020);

D’Acunto and Weber (2021); Graeber et al. (2022); Bordalo et al. (2023a,b)). This

paper aims to propose a simple but flexible model of memory-based belief forma-

tion, that allows tractable analysis and could incorporate the many documented

characteristics of memory retrieval in the literature.

In the baseline model of this paper, an individual has a memory of signals about

some unknown state of the world, e.g., articles that she read, conversations that she

had with friends and family, personal experiences, etc. Upon receiving a prompt,

e.g., a question like “Do you believe that global warming is real?”, a suggestion like

“Think about the winter that we just had!”, or new articles, etc., she recalls signals

from her memory and forms her belief using a näıve Bayes’ formula.

The crucial feature of the model is that signals and the prompt are not only

associated with a likelihood ratio but also a set of cues. The cues could represent

their linguistic elements, the sender of the signals/prompts, their levels of salience,

and other qualitative features. First, the role of the likelihood ratio is the same as

in Bayesian updating. If a signal is recalled, the individual updates her belief using

her prior and the likelihood ratio of the signal via the Bayes’ formula. On the other

hand, the cues affect the recall probability of the signals. More specifically, the recall

probability of a signal is a function of the cues of the prompt, the signal, and other

signals in the individual’s memory. The recall probability function could capture

different characteristics of memory retrieval documented across different disciplines.

For example, the recall probability of a signal may increase in the similarity of

its cues and the prompt: A prompt like “Think about the winter that we just

had!” will likely induce retrieval of experiences that happened in previous winters.

The individuals may recall signals that are more salient or surprising with a higher

probability; signals that have been recalled recently may be more accessible due to

the recency effect; and signals may interfere with each other in the retrieval process.

Given the flexibility of the recall probability function, the model encompasses

existing models of memory-based belief formation in the literature, for example,

Bordalo et al. (2020, 2022a,b, 2023a,b). Nonetheless, the baseline model is tractable

and can be easily generalized to study different applied problems including persua-

sion and advertisement. In this paper, I analyze three slight variants of the baseline

model.

1Citing all relevant literature is impossible, For a few examples, see Wyer and Albarracin (2005);
Li (2013); Connors and Halligan (2015).
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In the first variant, I analyze how unbalanced recall probabilities with respect

to likelihood ratio could lead to asymptotic wrong beliefs. A recall probability

function is unbalanced with respect to the likelihood ratio if the individual recalls

two signals with different likelihood ratios with different probabilities. For example,

she may recall favorable signals with higher probabilities (Li (2013)), or she may

recall more informative signals with higher probabilities (Leung (2020)). I show

that when the recall probabilities are balanced, asymptotic belief converges to a

mass point on the true state, as in standard Bayesian updating. In contrast, when

the recall probabilities are sufficiently unbalanced, asymptotic belief could converge

to a mass point on the wrong state, i.e., the individual believes that for sure the

wrong state is true. Given that unbalanced recall probabilities are arguably natural,

e.g., individuals pay more attention to very informative signals than some almost

pure noise, this result shows that erroneous belief would be commonplace.

Next, I analyze an extension of the baseline model in which a politician decides

how to convince a voter. The politician decides to send one of two prompts to

the voter, afterwards the voter recalls signals from her memory and forms a belief

on whether the politician is the better candidate. One of the prompts is more

informative, such that a Bayesian voter would change her belief more in favor of

the politician. The other prompt is more associative, such that it invokes more

retrieval of signals that are in favor of the politician. For example, the politician

could present data and plan to the voter to show how good a candidate she can be,

or ask the voter to think about the mess the current government has put us in and

think about the improvement she can bring. I show that the politician prefers the

associative prompt if and only if the voter’s memory is large. The result shows how

narrative could be used for persuasion even when it is uninformative (Shiller (2017)),

and suggests a limit in social learning: as the voter collects more information over

time, the politician would prefer to send uninformative but associative prompts and

therefore slows down learning.

The last variant of the model looks into heterogeneous reactions to new infor-

mation. As different individuals have different memories in different contexts, new

information triggers the retrieval of different information, and heterogeneous reac-

tions arise naturally. As an example, after a natural disaster, individuals recall their

experience/stories of previous disasters, which leads to overreaction especially when

the individuals have a large memory (Bordalo et al. (2020); Huang et al. (2020)). In

contrast, in laboratory experimental settings, signals and the nature of uncertainty

are often abstract. Therefore, new information in the lab would unlikely trigger

memory retrieval and not lead to overreaction (Benjamin (2019)). Similarly, after

seeing a new belief challenging signal, the individual retrieves previous signals that

she received which will likely support her prior belief. Therefore, the individual may

strengthen their prior belief even after seeing counter-attitudinal information (Bail
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Individual starts with a memory M .

She receives a prompt α = (lα, qα),

e.g., “Global warming is fake! Re-

meber the previous terrible winter?”.

She tries to recall sig-

nals/information from her memory.

She forms belief using the re-

trieved signals and the prompt.

Figure 1: The belief formation process.

et al. (2018)).

2 Baseline Model

Consider a binary state space, ω = 1, 2, and a uniform prior p1 = p2 = 1
2
. The

model can be easily generalized to more than 2 states and with non-uniform prior.

In this paper, I analyze a belief formation process described as follows and illustrated

in Figure 1. First, an individual has a memory M that contains multiple signals

s ∈M . A signal s is a tuple (l, q) where l = f1(s)
f2(s)

is the likelihood ratio of receiving

the signal in state 1 vis-a-vis state 2, fω is the p.d.f. in state ω, and q ∈ Q is a set of

cues associated with the signal. l is standard in models of Bayesian updating, while

q is inspired by the memory literature. The set of cues could include the words used

to convey the signal, the person who sends the signal, the level of salience, and other

qualitative features.

Next, upon receiving a prompt denoted as α = (lα, qα), that lα = f1(α)
f2(α)

is the

likelihood ratio of receiving the signal in state 1 vis-a-vis state 2 and qα ∈ Q is

a set of ques, the individual recalls signals from her memory probabilistically and

together with the prompt, forms a belief over the state space using a näıve Bayes’

formula. More specifically, if the individual successfully recalls signals m ⊆ M , her

belief that state 1 is true, denoted by p̂1, follows:

log
p̂1

1− p̂1
= log

p1

1− p1
+K log lα +

∑
i:si∈m

log li = K log lα +
∑
i:si∈m

log li. (1)

K ∈ R+ measures the initial underreaction or overreaction (K < 1 and K > 1

respectively) of belief to the prompt. Note that if K = 1, and that the individ-

ual successfully recalls all signals in her memory, i.e., m = M , Equation (1) is
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equivalent to Bayesian updating. In contrast, I assume that the individual recalls

memory probabilistically. Given the prompt α, the probability that the individual

successfully recalls a signal si ∈ M depends on qα, qi and q−i, which I denote as

r(qα, qi, q−i) ∈ [0, 1]. In the following, I provide some examples.

1. Similarity: the recall probability is higher if the signal and the prompt share

more common cues, e.g., r(qα, qi, q−i) = |qα∩qi|
|qα| where qα, qi are some subsets of

all possible cues and | qα |> 0.

2. Salience: the recall probability is higher if the signal is more salient, e.g.,

r(qα, qi, q−i) = qi where qi ∈ [0, 1] measures the level of salience.

3. Competing attention and interference: for example, the recall probability of

all signals in M summed to 1:

r(qα, qi, q−i) =


r̃(qα,qi)∑

j:sj∈M
r̃(qα,qj)

if
∑

j:sj∈M r̃(qα, qj) > 0;

1
|M | otherwise,

where r̃(qα, qi) ≥ 0 for all qα, qi.

4. Thought-provoking prompt: if the prompt is more thought-provoking, e.g.,

when the sender is charismatic, or the prompt is more surprising or incentivizes

individuals to exert more cognitive effort, e.g., r(qα, qi, q−i) increases in qα

where qα ∈ R+ measures how thought-provoking the prompt is.

As shown in the examples, this baseline model allows us to capture different

characteristics of memory retrieval documented in the literature. In the following

sections, I analyze variants of this baseline models to illustrate its applicability.

3 Varying/Invariant Recall Probability

There is abundant evidence suggesting that people pay more attention to, or recall

with higher probability, information depending on their informativeness and the

state it supports. For example, individuals recall favorable signals with higher prob-

abilities than non-favorable signals, when they are self-related (Li (2013)). Individ-

uals pay more attention to more informative signals or completely ignore relatively

noisy signals due to limited attention (Wilson (2014); Schwartzstein (2014); Leung

(2020)). And given that more attention is spent on informative signals, individuals

subsequently recall them with a higher probability (Connors and Halligan (2015)).

This section looks into how such varying recall probabilities impact asymptotic be-

lief.

To focus on the impact of varying recall probabilities, I adapt the baseline model

and assume that qi = li and that the recall probability of a signal depends only on its
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likelihood ratio. With some abuse of notations, I use r(li) to denote r(qα, qi, q−i). For

example, individuals might recall more informative signals with higher probability,

i.e., r(li) increases in max{li, 1/li}; or they might recall signals that support state 1

with higher probability, i.e., r(li) > r(1/li) for li > 1.

Fix a function r(l) : R++ → [0, 1], I say that r is balanced if r(l) is constant across

all l 6= 1, and is unbalanced if there exists l, l′ ∈ R++ \ {1} such that r(l) 6= r(l′).

The following Proposition analyzes how the balance of r affects asymptotic belief

which I define as follows. Suppose that the individual’s memory M contains T

signals, i.e., M = {s1, · · · , sT}. Given the true state ω, st is drawn i.i.d. from the

distribution fω(l) where f 1(l) = lf 2(l). Now given M = {s1, · · · , sT} and some

prompt α, the individual recalls signals from M and form belief according to the

näıve Bayes’ formula, i.e., Equation (1). By the law of large number, as T → ∞,

under state ω, the individual’s belief converges in probability to p̂1∞ where

log
p̂1∞

1− p̂1∞
= log lα + lim

T→∞

T∑
t=1

∫
l

fω(l)r(l) log l dl,

which I call asymptotic belief under state ω.

Proposition 1. If r is balance and strictly positive, for all signal distributions f 1 6=
f 2, p̂1∞ = 1 under state 1 and p̂1∞ = 0 under state 2. In contrast, if r is “sufficiently

unbalance”, i.e., there exists some threshold ε > 0, such that if

r(l′)/r(l) < ε for some l 6= l′,

then there exists some signal distributions f 2 and f 1 = lf 1, p̂1∞ = 0 under state 1

or p̂1∞ = 1 under state 2.

Note that an unbalanced recall probability function does not necessarily bias

toward one state versus the other. For example, while r(l) = 1− | 1
max{l,l−1} | is

unbalanced (“extremely unbalanced” as it vanishes as l goes to 1), it assigns equal

recall probability to equally informative signals that support different states. It

is only “biased” against less informative signals, and different theoretical studies

have shown that ignoring marginally informative signals is optimal under limited

cognitive resources (Wilson (2014); Leung (2020)). Nonetheless, there exist signal

distributions where signals supporting state 1 are less informative than signals sup-

porting state 2, such that individuals recall excessively more signals supporting state

2 even when state 1 is true. As a result, individuals eventually become convinced

that the wrong state is true.
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4 Persuasion: Informativeness or Association

This section looks into persuasion with memory-based belief formation. Suppose a

politician tries to convince a voter to vote for her among two candidates. Should the

politician try to convince the voter by presenting informative information, or should

she try to invoke retrieval of memory that flavors her, possibly by easily associative

narratives? Similarly, when a climate scientist tries to convince someone that global

warming is severe, should she present detailed data and academic research, or should

she ask the person to recall the wildfires and the increasingly warm winter in the

previous years?

To answer this question, consider a voter with a memory of T signals, i.e.,

M = {s1, · · · , sT}. Similar to the previous section, I assume that qi = li for all

signal realization, and st = (lt, qt) is drawn i.i.d. with distribution fω(l) where

f 1(l) = lf 2(l). Different from the previous section, a politician decides one of the

two prompts to send to the voter, αI = (lαI , qαI ) or αA = (lαA , qαA), to maximize

E(p̂1T ). The politician wants to convince the voter that state 1 is true and maximize

the expected voter’s belief of state 1. For simplicity, I also assume that the politician

knows what the true state is. Generalizing this assumption does not affect our result

but makes exposition more cumbersome.

αI is more informative than αA in the sense that lαI > lαA ≥ 1. In contrast,

αA is more associative to signals that support state 1: it improves the retrieval of

information that supports state 1. For simplicity, I assume that the recall probability

of a signal only depends on the cues of the prompt and the likelihood ratio of the

signal. Mathematically, given that l is the likelihood of the signal, for some β ∈ [0, 1),

the recall probability follows:

r(qαA , l) =

rH for l > 1;

rL for l < 1.

r(qαI , l) =

βrH for l > 1;

rL for l < 1.

Proposition 2. The politician prefers the informative prompt αI to the associative

prompt αA if and only if

T <
(1− β)rH

∫
l>1

fω(l) log l dl

log lαI − log lαA
.

The Proposition shows that when the voter does not have much prior knowledge,

i.e., T is small, the politician prefers to persuade by presenting an informative signal;

as the voter accumulates enough knowledge, i.e., T is large, the politician instead

prefers to persuade by sending prompt that “strikes a cord”, such that the voter is
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more likely to retrieve memory that favors the politician. Note that this result holds

regardless of whether the politician tries to convince the voter of a true or wrong

state, and the result holds qualitatively when the politician does not know what the

true state is.

The model illustrates a simple way to analyze the use of narrative in persuasion

(Shiller (2017); Roos and Reccius (2021)), and the result provides a possible expla-

nation for the increasingly polarized congressional speech in the US in recent years

(Gentzkow et al. (2019)). More specifically, as information technology advances,

more information is available, i.e., T increases. As a result, politicians prefer to

use associative prompts, with more partisan languages in their speech. The result

also implies a limit in social learning: as the voter collects more information, the

politician turns to less informative but more associative prompts, thereby slowing

down the learning of the voter.

5 Heterogeneous Reaction to New Information

There are numerous studies on how individuals update their beliefs with new in-

formation. The existing evidence suggests that reactions to new information are

heterogeneous in different contexts, and across different individuals. For example,

experimental studies generally find underreaction to new information (Benjamin

(2019)), while empirical studies of the financial market typically document overre-

action (e.g., Dessaint and Matray (2017); Huang et al. (2020); Bordalo et al. (2020,

2022b)). On the other hand, individuals with different prior beliefs could react dif-

ferently to new information, depending on whether it supports or challenges their

existing beliefs (Bail et al. (2018)). In particular, individuals might reinforce their

prior beliefs after being exposed to belief-challenging information. Thus, public

information can polarize the beliefs of two individuals with opposite priors. This

section shows how the reaction to new information depends on the existing memory

of individuals and sheds light on the aforementioned phenomena.

Similar to previous sections, consider a subject with a memory of T signals:

M = {s1, · · · , sT}, where qt = lt. An experimenter tries to elicit the subject’s

“prior belief”, denoted by p1T , by presenting a prompt α0 = (lα0 , qα0), e.g., “How

likely do you think that your IQ test ranks among the top half of your session?”.

Naturally, the experimenter tries to avoid biasing the subject’s belief towards one

state or the other. Thus, I assume that the prompt α0 is “generic”, that lα0 = 1 and

r(qα0 , qt, q−t) = r0 for all signals st. The expected prior belief of the subject thus

follows:

E

[
log

p1T
1− p1T

]
= r0

T∑
t=1

log lt.

Next, the experimenter presents the subject with a new piece of information
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sT+1 = (lT+1, qT+1), which serves as a new prompt, to elicit the subject’s “posterior

belief” denoted by p1T+1. Without loss of generality, assume lT+1 > 1 such that the

new information supports state 1. Here, I assume that information supporting the

same state is “homogeneous”, such that a new signal supporting state ω (weakly)

likely invokes retrieval of signals supporting the same state. Moreover, the new

signal is (weakly) more “thought-provoking” than the generic prompt α0, such that

it invokes more retrieval of memory in general. Together, mathematically, I assume

that:

r(qT+1, qt, q−t) =

βrH if lt > 1;

rH otherwise,

where β ∈ [1, 1
rH

] and rH ≥ r0. β measures how homogeneous signals supporting

the same state are, and rH − r0 measures how thought-provoking the new piece of

information is. The expected posterior belief of the subject thus follows:

E

[
log

p1T+1

1− p1T+1

]
= K log lT+1 + βrH

∑
t:lt>1

log lt + rH
∑
t:lt<1

log lt

I first present a result on under- and overreaction. The subject on average overreacts

to the new information if

E

[
log

p1T+1

1− p1T+1

]
− E

[
log

p1T
1− p1T

]
> log lT+1,

and on average underreacts to the new information if the reverse inequality holds.

Consider two subjects, A and B, with memory MA = (sA1 · · · , sATA) and MB =

(sB1 · · · , sBTB) and that on average they have the same prior, i.e.,

r0

TA∑
t=1

log lAt = r0

TB∑
t=1

log lBt .

I say that subject A has more information than subject B if∑
t:lAt >1

log lAt >
∑
t:lBt >1

log lBt ,

or equivalently,
∑

t:lAt <1 log lAt >
∑

t:lBt <1 log lBt . In other words, subject A has more

information supporting both states, which cancel each other such that she has the

same expected prior as subject B.

Proposition 3. Assume that β > 1 such that signals supporting the same state

are strictly homogeneous. Suppose subject A and B have the same expected prior

belief, but subject A has more information. If subject B on average overreacts to the

new information, subject A also on average overreacts to the new information. The

reverse is not necessarily true.
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Note that the Proposition does not require the new information to be strictly

thought-provoking, i.e., rH could be equal to r0. The Proposition provides a sim-

ple explanation for the results in the literature where underreaction is commonly

observed in experimental data, but overreaction is more predominant in empirical

data. As lab experiments tend to involve abstract states, e.g., guessing which urn

a ball is drawn from, subjects do not have much related pre-existing memory. Less

memory retrieval is invoked by the new information, and thus underreaction is more

likely. Moreover, the homogeneous assumption is more likely to fail in lab exper-

iments: the abstract information subjects receive in lab experiments, e.g., draws

from an urn, is likely to be unfamiliar and dissimilar to information in the subjects’

memories.

The following shows how two subjects with different prior beliefs react to the

new information differently, and how a piece of public new information can polarize

the beliefs of the two subjects.

Proposition 4. Assume that rH > r0 such that the new information is strictly

thought-provoking. Suppose subject A’s expected prior E(p1AT ) > 0.5, subject B’s ex-

pected prior E(p1BT ) < 0.5, and lT+1 > 1, i.e., the new information supports state 1.

Subject A’s expected posterior always favors state 1 more, i.e., E(p1AT+1) > E(p1AT ),

while subject B’s expected posterior favors state 2 more if her prior is extreme

enough, i.e.,E(p1BT+1) < E(p1BT ) if E(p1BT ) is small enough.

Note that the Proposition does not require information supporting the same state

to be strictly homogeneous i.e., β could be equal to 1. The assumption that the new

signal is strictly thought-provoking is more likely to hold when the issue of uncer-

tainty is engaging, for example with political issues or when the issue is self-related.

It is more likely to hold if the new signal is more detailed as it contains more cues

that could invoke memory retrieval. The Proposition explains results in Bail et al.

(2018) which shows that exposure to counter-attitudinal information backfires and

increases polarization. The intuition is that the new information invokes memory re-

trieval of subjects, which likely contains information that supports their prior belief.

The mechanism resonates with existing Cognitive and Neuroscience studies which

show that a higher working memory ability is associated with stronger confirmation

bias (Doll et al. (2011, 2014)).

6 Conclusion

This paper proposes a simple model of memory-based belief formation and three ap-

plications of the baseline model. Given that memory research has attracted and is

still attracting massive attention across different disciplines, the model could lever-

age the many documented characteristics of memory retrieval to explain behavioral
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phenomena and analyze applied problems like persuasion with competition, reduc-

ing the impact of fake news (Kemp et al. (2022)), and how false memory formation

can exacerbate errors in beliefs (Loftus and Pickrell (1995); Chew et al. (2020)).
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A Proofs

A.1 Proof of Proposition 1

Proof. I first prove the first part of the Proposition. Note that p̂1∞ = 1 if and only

if
∫
l
fω(l)r(l) log l dl > 0. Also note that when r(l) = 1 for all l, the individual is

standard Bayesian, p̂1∞ = 1 under state 1 and thus
∫
l
f 1(l) log l dl > 0, while p̂1∞ = 0

under state 2 and thus
∫
l
f 2(l) log l dl < 0. Now, when r is balanced and strictly

positive, r(l) = r for some constant r > 0, and
∫
l
f 1(l)r log l dl > 0 >

∫
l
f 2(l)r log l dl.

The first part of the Proposition follows.

Now suppose there exists ε ∈ (0, 1] and l 6= l′ such that r(l′)/r(l) < ε, or

equivalently r(l′) < εr(l). There must exists l′′ > 1 > l′′′ such that r(l′′) <
√
εr(l′′′) or

r(l′′′) <
√
εr(l′′). Without loss of generality suppose r(l′′′) <

√
εr(l′′) or equivalently

r(l′′′)/r(l′′) <
√
ε, consider the following distribution:

f 1(l′′) =
l′′(1− l′′′)
l′′ − l′′′

and f 2(l′′) =
1− l′′′

l′′ − l′′′
;

f 1(l′′′) = 1− f 1(l′′) and f 2(l′′′) = 1− f 2(l′′).

Under state 2, the expected posterior belief when M contains T signals follows:

log
E(p̂1T )

1− E(p̂1T )
= log lα + T

[
1− l′′′

l′′ − l′′′
r(l′′) log l′′ +

l′′ − 1

l′′ − l′′′
r(l′′′) log l′′′

]
.

As f 2(l′′) ∈ (0, 1) and log l′′ > 0, log l′′′ < 0 are bounded, when ε is close to 0, the

term in the square bracket is negative. The result follows.

A.2 Proof of Proposition 2

Proof. Note that the politician prefers the informative prompt αI to the associative

prompt αA if and only if

log lαI − log lαA > T

∫
l>1

(1− β)fω(l)rH log l dl.

The result follows.
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A.3 Proof of Proposition 3

Proof. If subject B on average overreacts to the new information, then

(βrH − r0)
∑
t:lBt >1

log lBt + (rH − r0)
∑
t:lBt <1

log lBt > (1−K) log lT+1.

For individual A, we have

(βrH − r0)
∑
t:lAt >1

log lAt + (rH − r0)
∑
t:lAt <1

log lAt

>(βrH − r0)
∑
t:lBt >1

log lBt + (rH − r0)
∑
t:lBt <1

log lBt

>(1−K) log lT+1.

The result follows.

A.4 Proof of Proposition 4

Proof. Subject i’s expected posterior favors state 1 more if and only if

K log lT+1 + (βrH − r0)
∑
t:lit>1

log lit + (rH − r0)
∑
t:lit<1

log lit > 0.

For subject A, we have

K log lT+1 + (βrH − r0)
∑
t:lAt >1

log lAt + (rH − r0)
∑
t:lAt <1

log lAt

≥K log lT+1 + (rH − r0)
TA∑
t=1

log lAt

>K log lT+1 > 0.

On the other hand, for subject B,

E(p1BT+1)− E(p1BT ) =K log lT+1 + (βrH − r0)
∑
t:lBt >1

log lBt + (rH − r0)
∑
t:lBt <1

log lBt

which is negative when
∑

t:lBt <1 log lBt is sufficiently negative. The result follows.
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