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Abstract

This study explores the role of coherence-based reasoning in
belief updating within uncertain environments. We develop a
novel computational model where agents update their beliefs
based on observed evidence, with some evaluating the coher-
ence of their belief set before accepting new evidence. Our
results show that coherence-based evidence filtering improves
belief accuracy in noisy environments and when agents’ prior
beliefs are accurate. However, when agents encounter system-
atically misleading evidence, coherence considerations lead to
less accurate beliefs. These findings shed light on how coher-
ence interacts with evidence quality and belief accuracy.
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noise filtering; computational modeling

Introduction

Human reasoning often involves filtering out evidence that
contradicts existing views, a phenomenon that has been
addressed by researchers interested in confirmation bias
(Festinger, Riecken, & Schachter, [1956), myside bias
(Stanovich, West, & Toplak, 2013} |[Baccini, Christoff, Hart-
mann, & Verbruggel [2023), and the psychological immune
system theory (Mandelbaum, [2019). These accounts describe
how individuals process and interpret information in ways
that prioritize coherence with their prior beliefs, which often
leads to biases that favor evidence aligning with preexisting
views while disregarding contradictory information.

At the same time, coherence, i.e., the degree to which a
set of information “hangs together”, has been proposed as
an important feature of rational belief formation (Lehrer &
Cohen, |1983; [Thagard, 2002). Psychological studies (e.g.,
Harris & Hahn| [2009) have likewise demonstrated that peo-
ple prefer coherent information sets, and philosophers have
argued that coherence can serve as a justification for beliefs
(e.g., BonJour, |1985). Computational models, such as those
developed by Thagard (1989, (1992, 2002, 2012), have further
explored how coherence operates in reasoning processes.

Despite these advances, two important questions remain
unanswered:

1. Coherence-Based Evidence Filtering: In environments
where data is noisy or biased, can coherence-based reason-
ing help agents resist misleading information?

2. Conditions for Coherence-Based Belief Accuracy:
When does coherence-based filtering lead to more accu-
rate beliefs, and when does it lead to belief perseverance or
even increased inaccuracy?

To address these questions, we develop a novel computa-
tional model that simulates how agents update their beliefs
in response to evidence, with and without coherence-based
filtering. Our model is grounded in a Bayesian framework.
The simulated agents begin with a prior probability distribu-
tion over the events from a ground world (represented by a
Bayesian network) and iteratively update their beliefs based
on observed data. Crucially, some agents also evaluate the
coherence of their most probable belief state before accept-
ing or rejecting updates. This process allows us to explore
how coherence considerations interact with the quality of ev-
idence (e.g., noisy or biased data) and the accuracy of agents’
initial beliefs.

Our results reveal that coherence considerations can both
aid and hinder belief accuracy, depending on the environment
and the agents’ starting points. In highly noisy environments,
coherence-based filtering helps agents resist misleading evi-
dence, even when their initial beliefs are inaccurate. How-
ever, in environments with less noise, coherence considera-
tions can slow down belief updating, leading to less accu-
rate beliefs over time. Additionally, if agents receive system-
atically misleading data, coherence considerations will lead
to less accurate beliefs in all studied circumstances. These
findings have important implications for both individual and
collective reasoning, particularly in contexts such as scien-
tific inquiry, where noisy data and biased evidence are com-
mon. More generally, our work provides a novel computa-
tional model for studying the role of coherence in belief up-
dating, inspired by the NormAN framework (Assaad et al.
2023).

The remainder of the paper is organized as follows. In the
next section, we describe the theoretical background and for-
mal measures of coherence. We then present our computa-
tional model in detail, followed by the results of our simula-
tions. Finally, we discuss the implications of our findings and
conclude with directions for future research.

Theoretical Background

Coherence considerations play an important role in uncertain
reasoning as they influence how individuals evaluate and in-
tegrate new evidence into their existing belief systems. At
its core, epistemic coherence refers to the degree to which
propositional information from an information set fits to-
gether. For example, consider the contrasting cases of the
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faster-than-light neutrinos anomaly (Brumfiel, [2011) and the
Higgs boson discovery (Aad et al., [2012). In the former,
the scientific community was (rightfully) skeptical of the re-
sults due to their inconsistency with well-established physi-
cal theories despite a very high statistical significance of the
result. On the other hand, in the latter, the discovery was
readily accepted because it aligned with the predictions of
the Standard Model of particle physics. Notably, the signifi-
cance of this result, albeit high, was magnitudes lower than in
the anomalous neutrino case. Similar reasoning patterns may
also be observed in everyday reasoning as coherence consid-
erations seem to shape the acceptance or rejection of evidence
and affect how open- or close-minded individuals are when
confronted with new information. This raises the following
normative question: Does coherence-based reasoning of this
kind help or harm inquiry?

To address this question, we first need to clarify (i) what
epistemic coherence is, (ii) how it can be measured, and (iii)
why striving for coherent information is valuable. Bayesian
epistemology provides a useful framework for addressing the
first two questions (Olsson, 2022) as it offers formal tools to
quantify coherence and its role in belief updating. Our work
builds on this foundation to answer the third question—why
and under which conditions it is reasonable to consider how
coherent an information set is.

Let us briefly illustrate how the first question may be clar-
ified. Intuitively, a coherent set of information “hangs to-
gether” (BonJour, |1985) in a way that makes it more plausible
as a whole than the information items would be individually.
For example, consider the following two information sets:

* S1 := {[All Ravens are black], [This bird is a raven], [This
bird is black]}

¢ S} := {[This chair is dark gray], [Electrons are negatively
charged], [Today is Thursday]}

While S; is highly coherent because its propositions are log-
ically connected, S} lacks any meaningful relationship be-
tween its elements. Similarly, consider the sets:

* S, := {[Tweety is a bird], [Tweety cannot fly]}

. S’2 := {[Tweety is a bird], [Tweety cannot fly], [Tweety is
a penguin]}

Here, S’2 is more coherent than S, because the additional
proposition (“Tweety is a penguin”) resolves the tension of
S, (this example is from |Bovens & Hartmann, 2003)).

To operationalize coherence, several probabilistic mea-
sures have been proposed, each capturing different intuitions
about what makes a set of propositions coherent. Two key
intuitions underlie these measures. One of them is:

1. Deviation from Independence: The less independent the
propositions in a set are, the more coherent the set is.

This intuition is formalized by [Shogenji (1999), who pro-
poses the following measure for a set of propositions S =
{A],...,An}I

P(Alv'“aAn)

cohs(S) := m

This measure quantifies coherence as the ratio of the joint
probability of the propositions to the product of their indi-
vidual probabilities. The next key intuition regarding co-
herence is:

2. Relative Overlap: The more overlap there is among the
propositions in a set, the more coherent the set is. This
intuition is formalized by Olsson| (2002)) and |Glass|(2002),
who propose the following measure:

P(Ar,....A) P(A1,-,A)
hoo(S) i= AR LIS -
co OG( ) P(Al\/\/An) 1*P(—|Ala...,—\An)

This measure captures the extent to which the propositions
in the set overlap.

3. Crossover of the two intuitions:

In addition to these measures, we also consider a crossover
measure, recently proposed by Hartmann and Trpin| (in
press), which combines elements of both intuitions:

P(Ay,...,A,) P(A1)---P(Ay)

COhHT(S) . /

1—P(-Aq,...,mA,) 1 —=P(-A)---P(—A,)
There are also many other measures of coherence available in
the literature, many of which are based on averaging the co-
herence of subsets of a given information set (e.g., [Fitelson,
2003; Meijs, 2006; |Douven & Meijs,,[2007; [Schupbach, 2011}
Koscholke, Schippers, & Stegmann, 2019). We exclude them
in the present study as they are computationally rather de-
manding.

Building on these formal measures, we propose the follow-
ing formulation of coherentist filtering of evidence (roughly
following the informal idea proposed by|Goldberg & Khalifa,
2022):

1. An agent maintains a probability distribution P over a set
of binary propositional variables representing their beliefs.
The agent can assess the coherence of this set using one of
the measures described above.

2. The agent collects new evidence from the world, which
may be noisy or biased.

3. If the new evidence decreases the coherence of the agent’s
belief set, the evidence is rejected. Otherwise, it is ac-
cepted.

This process raises an important question: Under what con-
ditions is coherentist filtering a good idea? To answer this,
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we develop a computational model that simulates how agents
update their beliefs in response to evidence, with and with-
out coherence-based filtering. Our goal is to explore whether
coherence considerations can help agents resist misleading
evidence and improve the accuracy of their beliefs over time.

Simulational Study

To study whether coherence considerations help us filter
misleading evidence, we developed a computational simula-
tion roughly inspired by the NormAN modeling framework
(Assaad et al., 2023). In the proposed simulation, agents try
to form an accurate picture of the ground truth (the world) by
gathering information about it.

The world in the simulation consists of a set of probabilis-
tically related events. It is represented via a Bayesian net-
work (BN), consisting of a directed acyclical graph (DAG)
and a corresponding conditional probability distribution over
a set of binary propositional variables from the BN nodes (see
Pearl, [1988|for an introduction to Bayesian networks theory).
Nodes in the DAG represent the events in the world, which
may be true or false, while edges represent probabilistic de-
pendencies between them. The conditional probability distri-
bution (CPD) then contains information about the likelihood
of individual events given different values of related events.

P(C)=05

P(S|C) =0.1 P(R|C) =0.8

P(S|-C) =0.5 P(R|-C) =0.2

P(GIS,R) =0.99 P(G|-S,R) = 0.9

P(G|S,~R) =0.9 P(G|=S,-R) =0

Figure 1: The “sprinkler” network, where C,S,R,G are proposi-
tional variables with corresponding values C: “It is cloudy”, —~C: “It
is not cloudy”, S: “The sprinkler is turned on”, =S: “The sprinkler is
not turned on”, R: “It rains”, —=R: “It does not rain”, G: “The grass
is wet” and —G: “The grass is not wet,” and the corresponding prob-

abilities of its CPD]T]

Figure [I] shows one simple example of a BN, usually referred
to as the “sprinkler” network. This is also the BN that we used
in our exploration, as larger networks are computationally in-
creasingly demanding. However, our simulation, in principle,
allows one to use BNs of any size.

Agents in the simulation already have an accurate represen-
tation of the events in the world and their relations—in other
words, they are aware of the structure of the BN in question.

'We use italics for propositional variables and roman script for
the values of the variables.

In case of “sprinkler”, they know that Cloudy (C) is the par-
ent node to Sprinkler (S) and Rain (R), and that the two are
parent nodes for Wet Grass (G). What the agents do not know
is the CPD of the world; that is, they do not know the actual
probabilities of the events.

We model the learning of the agents by having the agents
sample from a CPD that is associated with the world and
then fitting these observations to the model via maximum
likelihood estimation (MLE). For example, one sample the
agents might gather is S; = [Cloudy=True, Sprinkler=False,
Rain=True, Wet Grass=True], another is S> = [Cloudy=False,
Sprinkler=True, Rain=False, Wet Grass=True], and so on.
Using this information, they form a new belief about the dis-
tribution by fitting the observations to the BN. Effectively,
this means that the agents come up with an updated subjec-
tive CPD. Figure 2] illustrates how this may work in practice.
Note that the agent’s CPD will tend to deviate from the CPD
of the true BN.

- — o o =N
==
co o~ ol
'—'—‘OH'—‘Q

Figure 2: An agent estimates the CPD (right) from sampled obser-
vations (1 stands for the variable being true, O for it being false; left)
via MLE.

As we were interested in the effect of the agents’ prior
beliefs on their accuracy, we set their prior CPD externally
(i.e., before the agents sample from the world). This is gen-
erated by randomly changing the parameters of the world’s
CPD within some interval. For example, if in the true dis-
tribution P(R|C) = 0.8, agents might start with a distribu-
tion where P(R|C) is sampled from a uniform distribution be-
tween [0.8 —i, 0.8+ ], where i >0, 0.8 —i >0, 0.8+i < 1.
This kind of change is applied to the whole distribution. i is a
parameter of the model and can be determined by the model-
ers.

In the second step, agents determine the most probable
state of the world based on the learned distribution. In the
running example, this may be that it is cloudy, the sprinkler
is off, it is raining, and the grass is wet. Then, they check
how coherent this state is using one of the coherence mea-
sures presented above. They accept the updated belief if it is
more coherent than the state that was the most probable ac-
cording to their prior belief. If not, they reject the evidence
that led to the update. Agents can skip this second part and
update their beliefs on the available information. We will call
these agents “normal agents”.

This process of gathering data and updating beliefs about
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the probabilities of the events in the world is then repeated
for multiple steps. At the end of the simulation (the num-
ber of steps is determined at the onset as a parameter of the
model), we evaluate how closely agents’ beliefs approximate
the actual conditional probability distribution of the ground
truth using the Kullback-Leibler (KL) divergence (Kullback
& Leibler, [1951). The KL divergence measures the discrep-
ancy between two probability distributions, quantifying the
information loss when approximating the true distribution. It
is particularly useful here as it captures how well agents’ be-
liefs reflect the correct probability distribution of the ground
world. To explore the effect of coherence considerations on
the accuracy of agents’ beliefs, we then compare these values
of agents who take coherence into account and those who do
not.

We extend this base model in one important dimension.
This extension concerns the possibility of receiving mislead-
ing data. Agents in the model can receive two types of such
data. In one case, we randomly change some percent of the
data points agents collected. For example, let’s say the cur-
rent world state the agents observe is S; = [Cloudy=True,
Sprinkler=False, Rain=True, Wet Grass=True]. In an ex-
tremely noisy environment, in which agents would be mis-
led about 50 % of their data, they wouldn’t observe S but a
modified set where (on average) two out of four values would
be changed (for True to False or the other way around). The
percentage of data that changes—the level of “noise” in the
environment—is determined as a model parameter. We call
this type of misleading data “noisy evidence”.

In the other case, agents receive evidence that is system-
atically misleading. Specifically, they have some probability
of drawing samples not from the ground truth but from an
alternative Bayesian Network that is biased. For example,
suppose a sprinkler factory is trying to downplay the role of
rain in making the grass wet. Then where in the ground truth
of the model P(G|—S, R) = 0.9, in the alternative, misleading
BN, this probability may be changed to P(G|—S, R) = 0.4.
We call this “systematically misleading evidence”.

This simulation was implemented in Python using bn-
learn (Taskesen, [2020) and Mesa (Kazil, Masad, &
Crooks, [2020) libraries. The code is available at
https://github.com/Martin-Justin/CohABM/.

Results

We ran simulations with a single coherentist and normal agent
for each possible combination of considered parameter val-
ues, represented in Table We ran each simulation for 50
steps. In all cases, agents took 100 samples from the world at
each step. Each combination of parameters was simulated 50
times.

Results for Noisy Evidence

Figure |3| shows simulation results where agents received
noisy evidence. The x-axis represents how much the param-
eters of the agent prior CPD could deviate from the truth (a

Values

Shogenji, Olsson-Glass,
Hartmann-Trpin

noisy evidence, systemati-
cally misleading evidence
0.05,0.1,0.15,0.2,0.25, 0.3
0.05, 0.1, 0.15, 0.2, 0.25,
0.3,0.35,0.4

Parameter
Coherence Measures

Type of misleading evi-
dence

Information “noise”
Variation of priors

Table 1: Parameter values used in the reported simulations.

larger number means less accurate priors). The y-axis rep-
resents the probability that the agent’s evidence items were
randomly changed during the evidence-gathering process (a
larger number means more noisy data). Each value on the
heatmap represents absolute average difference between the
accuracy of a normal agent and a coherentist agent at the end
of the simulation for a combination of parameters. The ac-
curacy of agents’ beliefs is represented as distance from truth
as measured by the KL divergence, meaning that the smaller
values represent more accurate beliefs. Thus, the higher value
on the heatmap corresponds to coherentist agents ending up
with more accurate beliefs than normal agents (and vice versa
for negative numbers). These values represent averages over
the 50 simulation runs. Due to space constraints and since
the results for the three coherence measures closely resemble
each other, we present averages over all coherence measures.

0.52 0.48 0.39 0.34 0.26 0.19 0.12
0.49 0.42 0.36 0.30 0.25 0.19 0.14 0.07
0.37 0.32 0.25 0.20 0.15 0.10 0.05 0.01
0.24 0.20 0.14 0.10 0.06 0.02 -0.00 -0.05
0.12 0.08 0.06 0.02 -0.00 -0.01 -0.06 -0.09

0.02 0.00 -0.01 -0.02 -0.03 -0.07 -0.08 -0.08

Noise
0.05 0.1 0.15 0.2 0.25 0.3

0.05 01 0.15 0.2 0.25 0.3 0.35 0.4
Variation of Priors

Figure 3: Difference in accuracy (Normal minus Coherence) at
round 50 with noisy evidence. Positive values favor coherence-
based reasoning.

The results show that filtering evidence based on coherence
considerations can improve or harm an agent’s inquiry, de-
pending on the agent’s priors and the amount of noise in the
data. In a very noisy environment, where agents are misled
about 25 to 30 % of their evidence, taking coherence into ac-
count helps even if agents start with inaccurate priors.

This is, to some extent, the result of the fact that we only
ran simulations for 50 rounds. As shown by the top chart on
Figure |4] taking coherence into account does not completely
insulate agents from misleading data. Rather, it makes their
beliefs more resilient to them by making the belief changes
more incremental.

On the other hand, being mindful of the coherence of one’s
beliefs can hurt an agent’s inquiry in environments with less
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Figure 4: The distance from the truth as measured by the KL di-
vergence over time, comparing a normal (orange) and a coherentist
(blue). Top: noise = 0.3, variation of priors = 0.3. Bottom: noise =
0.05, variation of priors = 0.3. The shaded region around the lines
represents the 95% confidence interval.

noisy data. The mechanism behind these results is similar to
before: coherentist agents are more cautious in updating on
new evidence. In situations where this new evidence is gener-
ally of high quality (only slightly misleading), this resilience
can be detrimental to the overall success of the inquiry. One
such example is shown in the bottom chart of Figure

Results for Systematically Misleading Evidence

Figure [5] shows results for simulations with systematically
misleading evidence (the format of the chart is the same as
in Figure3)). It clearly shows that in situations where agents
receive systematically misleading evidence, coherentist rea-
soning harms inquiry across the board, with the impact being
even more pronounced when the agents start with inaccurate
priors.

0.00 -0.02 -0.02 -0.04 -0.03 -0.04 -0.10 -0.08
-0.01 -0.03 -0.02 -0.04 -0.07 -0.02 -0.06 -0.08
-0.01 -0.02 -0.03 -0.05 -0.06 -0.05 -0.08 -0.14
-0.01 -0.02 -0.04 -0.04 -0.04 -0.06 -0.05 -0.10
-0.02 -0.03 -0.03 -0.03 -0.04 -0.05 -0.08 -0.12
-0.02 -0.04 -0.03 -0.03 -0.04 -0.08 -0.06 -0.08

Noise
0.05 0.1 0.15 0.2 0.25 0.3

0.05 0.1 0.15 0.2 0.25 03 0.35 0.4
Variation of Priors

Figure 5: Difference in accuracy (Normal minus Coherence) at
round 50 with systematically misleading evidence. Positive values
favor coherence-based reasoning.

Why is this the case? One possible explanation stems from
the different nature of systematically misleading evidence vis-
a-vis noisy evidence. The latter acts as a kind of random noise
added to the true evidence. As such, if it causes a change in
an agent’s belief about the most probable state of the world,
this new state might accidentally be more coherent than the
state supported by previous evidence. However, systemati-
cally misleading evidence can provide agents with a picture
of the world that is consistently more coherent than the one
supported by the correct evidence. In this case, a coherentist
agent will start to reject true evidence and accept systemat-

ically misleading evidence, thus moving further away from
the truth.

Figure [6] shows that something like this indeed happens in
the simulation. It shows accuracy over time of a single coher-
entist agent. As we can see, the agent starts with a prior that
is quite close to the truth but then shifts away from it. This is
consistent with the agent forming a new, more coherent belief
based on the misleading evidence and consequently starting
to ignore the actual evidence.

o
o

Accuracy
°
w
T
.

o
IS
T
.

0 10 20 30 40 50
Step

Figure 6: Line chart representing the distance from truth over time
for a single coherentist agent receiving systematically misleading
evidence in a randomly chosen simulation run for noise=0.3 and
variation of priors=0.35.

Discussion

In this study, we asked two questions. First, can coherence-
based reasoning help agents resist misleading evidence and
improve the accuracy of their beliefs? And, if this is indeed
the case, what are the conditions in which this is possible?

Our results show that we can answer the first question af-
firmatively. As is shown in Figure (3| coherentist agents out-
perform normal agents in a significant part of the parameter
space we studied. In other words, in certain circumstances,
agents who take the coherence of their beliefs into account
form more accurate beliefs than agents who do not. Coher-
ence can act as a reliable filter for misleading evidence.

Nevertheless, this effect has important limitations, which
leads us to the second question. First, when agents receive
noisy data, coherentists perform worse in situations where
the evidence is, in general, of high quality. Similarly, when
agents start with inaccurate priors, coherence considerations
mostly reduce the accuracy of their beliefs. In other words,
coherence helps agents in cases where taking evidence at face
value would cause one to adopt less accurate beliefs.

Second, the situation looks much grimmer in cases when
agents receive systematically misleading evidence. Here, co-
herence considerations hurt the accuracy of agents’ beliefs
across the board because the biased evidence provides a more
coherent narrative than the actual evidence does. In sum, the
conditions under which coherence-based filtering improves
belief accuracy are narrow and highly context-sensitive. Our
results do not support the idea that coherence is a universally
beneficial heuristic. Rather, coherence-based reasoning ap-
pears to be a high-risk, high-reward strategy: it can protect
agents from noisy or misleading evidence when their priors
are already quite accurate, but it also runs the risk of entrench-
ing false beliefs if agents begin with poor priors or encounter
systematically biased evidence. This insight reflects a kind of
“garbage in, garbage out” dynamic: coherence filtering can
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amplify whatever assumptions an agent already holds. Thus,
any benefits of coherence depend crucially on the epistemic
environment and the agent’s starting point.

Potential Objections

That said, some objections could be raised against the impli-
cations of our model. In the real world, it is often hard to as-
sess how misleading one’s evidence is or how accurate one’s
priors are. Consequently, we usually cannot know whether
we are in a position where coherence-based evidence filter-
ing could help us. While this is a fair point, important in-
dicators exist that show both how noisy our environment is
and how good our priors are, which we can use in deciding
whether to go coherentist or not. For example, as exemplified
by the case of faster-than-light neutrinos anomaly, scientific
consensus can be a good proxy for accurate priors. Addi-
tionally, it is usually possible to determine whether our infor-
mation source is simply noisy or systematically misleading.
For example, in science, we might expect that low-quality
studies provide somewhat noisy or inaccurate evidence, while
industry-funded studies present systematically biased results
(Lundh, Lexchin, Mintzes, Schroll, & Berol 2017).

Another potential objection may be addressed at the ide-
alized nature of our simulation. We make several substan-
tial assumptions about evidence-gathering and reasoning that
most likely do not apply to real-world epistemic agents. Thus,
it is questionable whether the simulation results can be di-
rectly transposed to the real world. This is a well-known point
from the philosophy of simulations and modeling (Weisberg,
2007). However, it does not imply that idealized computa-
tional simulations are purposeless. AsReutlinger, Hangleiter,
and Hartmann| (2018) have pointed out, they provide us with
what they call “how-possibly explanations”. In other words,
by exploring a conceptual space of the interaction between
coherence and evidence-based belief formation, we learned
that it is possible that coherence-based evidence filtering can
help us form more accurate beliefs. Consequently, we have
a better understanding of the factors that are involved in this:
the accuracy of the priors and the amount and type of eviden-
tial noise.

Future Work

While the current model already provides interesting results,
we plan to extend it in several ways in the future. First, we
would like to include a social aspect by adding additional
agents and evidence sharing. This will also include imple-
menting different networks, which determine the neighbor
relations between agents. This extension would tie our work
to existing studies in network epistemology (Zollman, 2013)
and agent-based modeling in philosophy (Seseljal 2023).
Another important direction for future work concerns
considering different, less strict, coherentist strategies for
evidence-filtering. Currently, coherentist agents reject evi-
dence that causes any downward change in the coherence of
their beliefs. We think it would be interesting to loosen this
criterion for some agents. These agents would reject only the

evidence that causes a downgrade of coherence larger than
some threshold. Additionally, this threshold could change
with the actual coherence of agents’ beliefs. Agents with al-
ready highly coherent beliefs would accept only small down-
ward changes in coherence, while agents with less coherent
beliefs would be more tolerant.

This is motivated by the use of coherence considerations in
science. It might have been reasonable for the physics com-
munity to reject faster-than-light neutrinos results. On the
other hand, a similar response to an analogous possible exam-
ple of a highly unexpected result might not be appropriate in
some other, in general, much less coherent field of research,
such as psychology.

Finally, a key challenge remains the empirical validation
of these theoretical findings. While our model provides use-
ful predictions, translating these predictions into real-world
scenarios is crucial.

A promising avenue for future research is to test whether
similar coherence-filtering mechanisms appear in human cog-
nition. One could design behavioral experiments where
participants are exposed to sequences of information under
varying conditions of noise and misinformation, and track
whether judgments about coherence influence the acceptance
of new evidence. For instance, online reasoning tasks could
manipulate both the reliability of prior beliefs and the coher-
ence of incoming information to explore whether participants
show greater resistance to incoherent but accurate evidence,
especially when prior beliefs are strong. Such studies would
help ground our model in empirical psychology and open the
door to applications in contexts like media literacy, misinfor-
mation detection, or cognitive training.

Conclusion

Coherence—the degree to which information “hangs
together’—is an important feature of rational belief forma-
tion. In this paper, we took a closer look at whether taking
the coherence of one’s beliefs into account can help us form
more accurate beliefs in noisy information environments.

To achieve this, we developed a novel computational simu-
lation. In the simulation, agents try to form an accurate belief
about probability distribution over events in the world by tak-
ing samples from it. Some agents take their evidence at face
value. Others check how new evidence impacts the coherence
of their beliefs—in case the evidence reduces coherence, they
reject it.

Comparing the performance of these two types of agents,
we showed that taking coherence into account can help agents
form more accurate beliefs. However, the conditions un-
der which this is the case are quite limited. Specifically,
coherence-based evidence filtering helps agents in very noisy
environments and when they already start with highly accu-
rate priors. Additionally, if agents, instead of randomly noisy
evidence, receive systematically misleading evidence, coher-
ence leads to less accurate beliefs.
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