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Abstract

This study advances collective perception in swarm robotics by introducing the Automated
Swarm Opinion Diffusion Model (aSODM), which addresses the limitations of the origi-
nal Swarm Opinion Diffusion Model (SODM). Both aSODM and SODM are evidence
accumulation methods based on human-like decision-making processes. While SODM
integrates social and personal information similarly to aSODM, its reliance on a manually
predetermined social factor parameter limits its adaptability to diverse task difficulties.
The Automated Swarm Opinion Diffusion Model eliminates this dependency by introduc-
ing an adaptive personal factor parameter, which automatically adjusts the weighting of
personal and social information based on the information gathered about the environment.
This automated approach improves robustness and reduces the dissemination of errone-
ous information in the early phases of a task. Comparative simulations against baseline
methods (Voter Model and Majority Rule) demonstrate that aSODM enhances efficiency,
particularly in tasks with higher difficulty levels. While aSODM outperforms SODM, its
automated critical parameter selection makes it particularly well-suited for real-world ap-
plications where prior knowledge of the environment and task difficulty is lacking.
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1 Introduction

Swarm robotics methods (Hamann 2018) are typically inspired by simple social organisms
such as ants, bees, and fish (Dorigo et al. 2020; Garnier et al. 2007). These methods seek to
mimic the collective behavior of such species, leveraging the advantages of decentralized
operation and applying them to robotic swarms. The objective is to define local rules for
each agent in a swarm so that they collectively result in the desired behavior of the entire
swarm.

Similarly, we considered human beings as another example of social organisms (Young
2008). In our previous work (Sajko and Babi¢ 2024), we introduced the idea of using a
decision-making method inspired by human group decision-making to solve a collective
perception task in a robotic swarm (Valentini et al. 2016; Shan and Mostaghim 2020, 2021;
Schranz et al. 2020; Bartashevich and Mostaghim 2019b). We employed the principles of
the social drift diffusion model (Tump et al. 2020; Ratcliff and McKoon 2008) to develop the
Swarm Opinion Drift Model (SODM), which falls under evidence accumulation methods
(Boag et al. 2023). In SODM, each agent’s decision is based on personal observations and
information obtained from neighboring agents, referred to as social information. Together,
these elements form an accumulated body of evidence that translates into a decision variable
(Kira et al. 2015; Gold and Shadlen 2007), which represents the agent’s current opinion.
During decision-making, the agent accumulates evidence, and the decision variable drifts
toward one of two decision boundaries (Myers et al. 2022; Thieu and Melnik 2023). Once
the boundary is exceeded, the agent makes a decision in favor of one option or the other.

SODM incorporates a social factor parameter that amplifies the impact of social infor-
mation. This parameter directly affects the trade-off between the speed and accuracy of
consensus: a higher value increases speed but negatively impacts accuracy by facilitating
the faster dissemination of incorrect opinions. A major drawback of SODM is that the social
factor value must be manually determined before starting a task, which requires a priori
knowledge about the task’s difficulty—information that is usually unavailable. To address
this limitation, we developed the original method, leading to a modified approach: aSODM,
where "a" stands for "automated".

To overcome the limitations of a fixed social factor in the original SODM, we introduced
a dynamic personal factor parameter in aSODM. This parameter enhances the influence
of an agent’s individual observations (personal information) during decision-making, par-
ticularly in the early stages of the process when agents lack sufficient reliable social input.
The value of the personal factor is inversely related to the number of neighboring agents
that have already formed a decision. At the beginning of the task, when agents have not yet
crossed the decision threshold, the model assigns greater weight to personal information
derived from local environmental observations. As more agents accumulate sufficient evi-
dence and commit to a decision, the influence of the personal factor gradually diminishes.
This shift allows social information to take on a more prominent role, accelerating consen-
sus formation while mitigating the premature spread of incorrect opinions.

Fusing multiple pieces of evidence into a single representation is a well-established
approach, notably used in the Dempster-Shafer Theory of Evidence (DST), (Dempster
1967; Shafer 1976). In DST, agents assign belief not only to individual hypotheses but to
any subset of the hypothesis space—i.e., elements of the power set of hypotheses. Each agent
can combine direct evidence (from its own observations) with indirect evidence (received
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from neighboring agents). Using belief combination operators, such as Dempster’s rule,
these sources of evidence are fused, and the resulting belief masses are used to update the
agent’s belief function over the power set.

Despite its expressive power, DST suffers from several well-known limitations that hin-
der its practical use in distributed systems like swarm robotics. In particular, the compu-
tational complexity of operating over the power set grows exponentially with the number
of hypotheses, making real-time application infeasible for large state spaces (Bauer 1997).
Furthermore, DST is highly sensitive to conflicting evidence, often yielding unreliable or
hard-to-interpret results when sources strongly disagree. Finally, the theory requires the a
priori selection of a belief combination rule, but there is no universally accepted method,
and different rules can lead to significantly different outcomes. These drawbacks—computa-
tional overhead, sensitivity to conflict, and ambiguity in rule selection—have motivated us
to develop a more lightweight method that preserves the robustness of distributed evidence
fusion while offering improved interpretability, and resilience to conflicting information in
real-world swarm systems.

We evaluated aSODM by testing it on one of the most commonly used collective per-
ception problems, as described in (Valentini 2017; Kaiser et al. 2023). Furthermore, we
followed the methodology proposed by (Bartashevich and Mostaghim 2019a) to benchmark
the effectiveness of collective perception methods. We conducted experiments across six
different environmental patterns: random, band, block, star, stripe, and off-diagonal (Beh-
risch et al. 2017). This allowed us to assess how variations in cluster density (entropy E.)
and connectivity between clusters (Moran Index MI) affect aSODM’s performance com-
pared to three other methods: SODM, the Voter Model (Valentini et al. 2014), and Majority
Rule (Valentini et al. 2015). Our comparison was based on consensus time and accuracy
across 100 experimental trials. Since faster decisions typically lead to lower accuracy, we
also calculated the inverse efficiency score (IES) (Statsenko et al. 2020), defined as the ratio
of average consensus time to accuracy, where both factors were equally weighted.

This paper is structured as follows. Section 2 reviews related research. Section 3 describes
the experimental setup and methods used. Section 4 presents our results, along with analy-
ses and comparisons with other methods. Finally, Sect. 5 concludes the paper with a discus-
sion on future research directions and the remaining limitations of our method.

2 Related work

To the best of our knowledge, no prior work applies a human-like collective decision-mak-
ing mechanism to a swarm of robots to solve a collective perception task. However, several
studies have employed evidence accumulation and information fusing principles to achieve
decentralized collective decision-making.

Tump et al. (2020) propose a social drift diffusion model (social DDM) to explain how
individuals integrate private and social information over time when making binary deci-
sions. Their model extends classical evidence accumulation approaches by incorporating
dynamically weighted social influence from others’ choices, allowing for a nuanced analysis
of collective decision dynamics. This approach, grounded in evidence accumulation theory,
parallels our work in using accumulated signals to guide decision-making. Importantly,
their method inspired our development of the Automated Swarm Opinion Diffusion Model

@ Springer



298 Swarm Intelligence (2025) 19:295-316

(aSODM), where we also modulate the influence of social and private information. Unlike
(Tump et al. 2020), who focus on binary perceptual tasks in human subjects, we adapt the
principle to distributed robotic systems with continuous belief updates and real-time con-
sensus formation.

Ebert etal (2020) introduced a decentralized Bayesian method that enables the classifica-
tion of the majority color, even when the difference between black and white tiles is only
4%. The method allows for adaptation of consensus time according to task difficulty through
tunable parameters, but it requires some a priori knowledge.

Bartashevich and Mostaghim (2021) and Crosscombe et al. (2019) studied collective
decision-making in environments where agents may receive conflicting local observations,
particularly due to spatial correlations. Both approaches rely on Dempster-Shafer Theory
(DST) to represent uncertainty and fuse two types of evidence: direct environmental obser-
vations and information shared by other agents. In their frameworks, evidence fusion is
done in separate stages: each agent first updates its belief using newly collected local evi-
dence from the environment, and then, during interactions, it combines this updated belief
with that of a neighbor using one of several DST-based belief combination operators. This
contrasts with our approach, where evidence from both sources is fused together with the
prior belief in a single update step. Consequently, their method may involve higher compu-
tational overhead due to repeated fusion operations. Bartashevich and Mostaghim (2021)
also evaluated eight different belief combination rules. Their simulations show that PCR5/6
performs particularly well in small swarms (e.g., up to N = 20 agents), achieving high
decision accuracy and effective conflict resolution, especially in environments with strong
spatial correlations and up to five decision options.

Bartashevich and Mostaghim (2019a) suggested extending the evaluation of collective
perception methods to different tile patterns in 2D environments. Previously, methods were
primarily tested on random patterns. The authors proposed to include additional patterns
such as block, off-diagonal, star, stripe, band, band-stripe, bandwidth, and band-random-
width. These patterns vary in entropy (cluster density) and the Moran Index (cluster con-
nectivity). We incorporated six of these patterns to evaluate our method.

3 Methods
3.1 Experimental setup

The experiment was conducted in a simulation implemented using Python and the PyGame
library. The task of the swarm was to determine the predominant tile color on a 2D surface
composed of 20 x 20 tiles (2 m x 2 m), which could be either black or white. In addition
to the random tile pattern (Valentini et al. 2016; Kaiser et al. 2023), five other patterns were
included based on (Bartashevich and Mostaghim 2019a): band, block, off-diagonal, star,
and stripe, as illustrated in Fig. 1. Table 1 summarizes the entropy and Moran Index values
of each pattern (Bartashevich and Mostaghim 2019a). The block and off-diagonal patterns
exhibit similar entropy and Moran Index values, while the differences among other patterns
are more pronounced.

The task difficulty was defined by the ratio of black to white tiles, given as p = %

white

The closer Nyjqck and Noyypite are to each other, the more difficult the task. The experiment
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Band Block Off-diagonal

Star Stripe

Fig. 1 Different patterns of the environment used for the evaluation of decision-making methods. Random
pattern, shown in lower right image also includes agents in different states: small green circles represent-
ing the receiving state, large yellow circles the dissemination state with communication range and small
black (possibly white) circles inside the agents representing their current opinions

Table 1 Entropy and Moran Pattern E. Ml

Index of each pattern Random 051 0
Band 0.72 0.26
Star 0.8 0.4
Block 0.89 0.79
Off-diagonal 0.91 0.8
Stripe 0.98 0.82

was conducted at four difficulty levels, p € (0.25,0.52,0.67,0.82), for each of the six pat-
terns. The simulation frequency was set to 50 Hz.

The swarm consisted of 20 agents, each with a diameter of 6.8 cm, as shown in the lower
right image of Fig. 1. Each agent transitioned between four possible states: (I) exploration,
(IT) receiving, (IIT) dissemination, and (IV) decision-making. The sequence of state transi-
tions depended on the selected decision-making method.

The probabilistic finite-state machine design was based on (Valentini et al. 2016), in
which agents move randomly within the space at all times. Movement was modeled as a
series of linear paths in random directions for random durations (exponential distribution,
mean time ¢,,,,, = 40 s, velocity v = 10 cm/s), interspersed with stationary intervals simu-
lating rotation (uniform distribution, ¢,.,; € [0, 4.5] s, simulated angular velocity w = 1.4
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rad/s). If an agent reached the environment boundary or encountered another agent, it
stopped, turned, and continued moving in a new random direction.

In the exploration state, an agent gathered data about the environment by recording the
time spent over each color (data was only recorded while moving, not while turning). The
time in the exploration state, t..,, followed an exponential distribution with a mean of
E = 10 s. The receiving state lasted ¢,.. = 8 s, during which an agent received informa-
tion from agents in the dissemination state within its communication radius. During dis-
semination, an agent broadcast its current opinion for a maximum duration of Ty;ss = 15
s, depending on its confidence level. This modeled positive feedback, where agents more
confident in their opinions shared them for longer durations (Golman et al. 2015; Valentini
2017), increasing the likelihood of influencing other agents in the receiving state.

The final state of the cycle was the decision-making state, where agents updated their
opinions based on the gathered information. Details on these methods are covered in the
following subsections.

The experiments were evaluated by calculating the percentage of correct decisions across
100 trials, denoted as accuracy «, the average time required for the swarm to reach a consen-
sus T, and the inverse efficiency score (IES), defined as IES = Z=. Each trial was limited

to 400 s.

«

3.2 Voter model and majority rule methods

Both the Voter Model (VM) and the Majority Rule (MR) model use a probabilistic finite-
state machine to regulate positive feedback. In both models, agents cycle through the same
sequence of states: (I) exploration, (II) dissemination, (III) receiving, and (IV) decision-
making. The difference between the models lies in how agents process information received
from others during the receiving state.

In the VM model, an agent randomly selects one of the collected opinions and aligns its
own opinion accordingly. If the selected opinion matches the agent’s current opinion, no
change occurs. In contrast, in the MR model, the agent identifies the majority opinion of the
collected opinions, including its own. If the majority opinion differs from the agent’s current
opinion, the agent updates its opinion accordingly. If there is a tie or if the majority opinion
matches the agent’s own, no change occurs. The VM model is considered more accurate and
robust because selecting a single random opinion slows the spread of potentially incorrect
opinions. Consequently, reaching consensus within the swarm typically takes longer in the
VM model than in the MR model.

A common limitation of both methods is their inability to adapt to a dynamic environ-
ment once the swarm reaches consensus (Prasetyo et al. 2019). Since agents rely exclusively
on the opinions of others when forming their own, once consensus is achieved, a single
agent’s opinion change cannot trigger further adaptation in others, making the swarm inflex-
ible to environmental changes.

3.3 aSODM and comparison to SODM

aSODM stands for "Automated Swarm Diffusion Model," an extended version of the origi-
nal SODM method described in our previous work (Sajko and Babi¢ 2024). The primary
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advantage of aSODM over SODM is its ability to automatically determine and adjust the
balance between personal and social information while updating the decision variable in the
decision-making state.

aSODM employs the same probabilistic finite-state machine as SODM, shown in Fig. 2.
While similar to the finite-state machines used by VM and MR, aSODM differs in the
sequence of state transitions and the modulation of positive feedback. The most significant
difference, compared to VM and MR, lies in the type of information exchanged between
agents and how each agent processes gathered information when updating its own opinion
in the decision-making state.

During decision-making, agents collect evidence supporting one of the two options. This
evidence consists of personal information, derived from an agent’s own observations, and
social information, obtained from neighboring agents during the receiving state. The agent’s
opinion is represented as the current value of the decision variable d;. This variable can take
values in the range [—1% - D, 1% - D], where D represents the decision boundary value that
d; must exceed for an agent to make a decision. The boundary + D represents a decision for
black, while —D represents a decision for white. To prevent infinite escalation and oscilla-
tion between making a decision and remaining undecided, the values of d; are constrained
to12-D.

All agents begin in the exploration state with an initial value of d; = 0. This setup pre-
vents premature assumptions about the environment that could bias toward an incorrect
conclusion, increasing the likelihood of errors or delaying consensus. Even though early
personal observations may be locally biased due to random movement and initial position,
they still reflect actual environmental features—unlike random initialization of d;, which

Exploration state
_ I

P yiftegp #0
0.5 ,else

Dissemiation state

Receiving state

s; = sign(A) - |A],

A = wp - np — Wy * Ny,

|dw|
D

wy = 7’ww*

Decision-making state
dik: 1L1+ﬂ pi + i,
B=5.e (Nyp+N)

Fig. 2 Diagram of the finite-state machine used in the aSODM method. The loop begins with the explora-
tion state

|dil :

- Ty if |d;| D

tdiss 4{ D diss | 1|
iss , else.
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could introduce artificial bias unrelated to the true structure of the environment. At the
end of the exploration state, each agent assesses personal information from gathered data,
defined as:

qb
i = lo )
P 91— qb) (1
where the i is the agent’s index, and gy, is defined as
Lo if tenn £ 0
=4 tep M lezp
v { 0. , else 2)

with ¢, representing the time spent by the agent over black tiles. If ¢, = % - texp, the agent
has spent equal time over black and white tiles, yielding no insight into color prevalence,
resulting in p; = 0. If ¢, = 0 or t, = tcyp, p; approaches —oo or +oo, respectively. To pre-
vent extreme values, g, is constrained to g, € [€, 1 — €], with € = 0.001. Consequently, p; is
confined to p; € [—6.907,6.907].

Since the problem structure ensures the number of black tiles determines the number of
white tiles, we can express:

P(z; = black) =1 — P(x; = white), (3)

where x; represents an individual measurement by the agent, and P(z;) is the probability
of obtaining a specific measurement based on the time spent over each color. This allows
rewriting as:

P(x; = black) t,:p )
P(z; = white)  tey, — 72 1—gqp

teap

“)

In Eq. 1, this ratio is used in a logarithmic function (Marshall et al. 2017), offering two key
advantages: (i) the function is symmetric around 0.5, meaning that if g, < 0.5, p; becomes
negative, causing d; to drift toward the lower decision boundary, and vice versa; (ii) at the
end of the exploration phase, p; will have a significantly larger absolute value for more
definitive observations.

A significant improvement over SODM is introduced in the receiving and decision-mak-
ing states. During the receiving state, each agent receives the current decision variable value
exactly once from each agent in the dissemination state within its communication range. At
the end of the receiving state, the agent calculates social information as:

s; = sign(A) - |A]" %)

where

A =wpnp — Wy * N (6)
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with ny (n,,) representing the number of received decision variables favoring black (white).
Additionally, weights w;, and w,, are defined as:

w, Jb
b= 75
D
. @)
1y = Il
v D

where dj, (d,,) represents the average decision variable value favoring black (white). The
parameter 1 amplifies the impact of majority opinions. Since it affects accuracy and consen-
sus time, its value was empirically determined, as discussed in Sect. 4.4.

Instead of averaging collected opinions to compute social information, as done in
SODM, we defined social information using the difference in counts of opinions favor-
ing black (np) and white (n,,), aligning more closely with the social drift diffusion model
(Tump et al. 2020). Additionally, n, and n,, were weighted to reflect how close each group
of neighbors is to making a decision. At the beginning of a task, weights w;, and w,, remain
small, minimizing the influence of social information. As agents gather more evidence,
opinions become more reliable, increasing the impact of social information. This approach
mitigates the negative influence of erroneous information dissemination on swarm consen-
sus accuracy.

When an agent enters the decision-making state, it updates its decision variable d; based
on personal and social information:

d;, =d;, . + B -pi+ s, )

where the parameter 5 amplifies personal information and is defined as:
B =5 NetNw) 9)

where N, (V) stands for number of gathered decision variables that already form a deci-
sion (meaning the value of decision variable exceeds the decision boundary) in favor of
black (white) color. This formulation ensures that at the beginning of the task, when few
decisions have been made, personal information is weighted more heavily. As more agents
reach a decision, 3 decreases, shifting emphasis to social information. This automatic adjust-
ment eliminates the need for prior knowledge about the environment, which was required in
SODM to set the optimal social factor parameter value.

At the same time, this approach automatically accounts for task difficulty. Our previous
work demonstrated that stronger reliance on social information during the decision-making
state negatively affects consensus accuracy, particularly in high-difficulty tasks. In such
cases, the term NV, + N,, in Eq. 8 remains lower for a longer duration, leading to prolonged
reliance on personal information over social information. As previously mentioned, this
mitigates the negative impact of disseminating incorrect opinions on consensus accuracy.

The probabilistic finite-state machine cycle concludes with the dissemination state. Dur-
ing this phase, an agent shares its current opinion, represented as the value of d;, with other
agents that are in the receiving state and within communication range. The duration of the
dissemination state, t4;ss, 1S defined as:
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. — *Ldiss ) if ‘dz| <D
taiss { ﬁiss , else. (10)

The term % in Eq. 10 modulates positive feedback. The closer the decision variable is to
a decision boundary, the longer the agent will disseminate its opinion. This increases the
likelihood that its opinion will be received and considered by other agents.

After the dissemination state, the cycle repeats as the agent returns to the exploration
state. The process continues until all agents in the swarm reach consensus or the maximum
allowed task duration is reached.

4 Results

In the following section, we present the results of the aSODM method and compare them
with other methods in terms of accuracy, average consensus times, and inverse efficiency
score (IES). Additionally, we analyze the impact of the parameters 8 and 7 on the deci-
sion-making process and examine how the communication radius size influences accuracy
and consensus time. Furthermore, we compare the evolution of d; throughout the decision-
making process between the aSODM and SODM methods. For all comparisons, we set the
SODM parameter v to v = 0.2, as this value yields the highest accuracy for the SODM
method (see Sajko and Babic¢ (2024) for more details).

4.1 Comparison of accuracy, average consensus times, and IES

The comparison of the results for all four methods is presented in Fig. 3. It includes accu-
racy « (top row), average consensus time 7, (middle row), and inverse efficiency score
(IES) (bottom row) at all four levels of difficulty p for each of the six different environmen-
tal patterns. Higher values indicate better accuracy, whereas lower values are preferable for
consensus time and IES.

In the accuracy graphs, we also include exit probability €, which represents the percent-
age of trials in which methods reached a decision within the allowed time (regardless of
correctness). The following subsections provide separate comparisons of accuracy and aver-
age consensus times. In Subsect. 4.1.3, we combine both metrics in the form of IES. Since
there is a trade-off between accuracy and consensus time, we believe that IES provides the
best overall evaluation of the methods’ efficiency. Additionally, we include a table for each
metric that illustrates how increasing difficulty affects the results of each method.

4.1.1 Accuracy

At difficulty p = 0.25, all methods achieved perfect accuracy, regardless of the pattern.
As difficulty increases, the accuracy of all methods declines. For higher difficulty levels
(p € (0.67,0.82)), the differences in accuracy among methods become more pronounced
and are increasingly influenced by the environmental pattern.

In general, at higher difficulty levels, the VM performs worse than the other three meth-
ods, primarily due to its lower exit probability. Cases where a method fails to reach a deci-
sion within the allotted time are treated as incorrect final decisions. At p = 0.82, SODM
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Fig. 3 Comparison of the performance of all four methods across six different environmental patterns.
The title above each figure represents the pattern name. The first row of graphs shows accuracy and exit
probability (bars with a more transparent color), the second row shows average consensus times with
95% confidence intervals presented with error bars, and the third row displays the inverse efficiency score
(IES). The x-axis of each graph represents task difficulty

achieved the highest accuracy for most patterns, followed by aSODM and MR. However,
for the stripe pattern, this order was reversed, with MR achieving the highest accuracy,
followed by aSODM and SODM. Similarly, for the off-diagonal pattern, MR recorded the
second-best accuracy, followed by aSODM.

The exit probabilities for aSSODM and MR remain at their maximum levels across all dif-
ficulty levels. Meanwhile, the exit probability of SODM slightly decreases with increasing
difficulty (except for the band pattern), although not as significantly as with VM.
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Table 2 presents the difference between the best and worst recorded accuracy of each
method. In all cases, the best accuracies were recorded at p = 0.25 and the worst at p = 0.82.
This metric illustrates how increasing difficulty impacts the accuracy of each method.

We observe that the accuracy of the SODM method is the least affected by increasing
difficulty levels for all patterns except the stripe pattern, where the MR method experiences
the smallest accuracy drop. In general, the smallest accuracy drop across all methods occurs
with the band pattern, except for the MR method, which experiences the smallest drop with
the stripe pattern.

Conversely, the patterns associated with the largest accuracy drops vary by method. The
largest accuracy drop for the VM and SODM methods is recorded with the stripe pattern,
for the MR method with the block pattern, and for the aSODM method with the off-diagonal
pattern (with the second-largest drop occurring in the stripe pattern, differing by only 1%).

The upper graph, shown in Fig. 4 illustrates how entropy and the Moran Index of patterns
influence the accuracy of decision-making methods at difficulty p = 0.82. We observe that
all methods except MR achieve the highest accuracy with the band pattern (which has the
second-lowest values of F. and MI). As E. and MI increase, accuracy declines across all
methods, particularly for the VM method. An exception is the MR method, whose accuracy
increases for patterns with higher E. and M1 (off-diagonal and stripe).

4.1.2 Consensus times

A common characteristic among all four methods is that average consensus times are shorter
at lower difficulty levels and increase as difficulty rises. Generally, the VM and SODM
methods are slower in reaching consensus compared to MR and aSODM, with SODM being
slower than VM in most cases. At p = 0.82, the aSODM method achieved the shortest aver-
age consensus times across all patterns, except for the star and random patterns, where MR
had slightly shorter times.

Table 3 illustrates how increasing difficulty affects the average consensus times of each
method. The metric is expressed as the percentage increase from the shortest average con-
sensus time (recorded at p = 0.25) to the longest (recorded at p = 0.82).

Regarding average consensus time, the aSODM method is the least affected by increas-
ing difficulty for all patterns except random, where SODM shows the smallest increase,
with only a 0.2% difference between aSODM and SODM. In general, the smallest increase
in average consensus times between p = 0.25 and p = 0.82 occurred in the block pattern,
except for the SODM method, where the smallest increase was recorded with the band
pattern.

Table 2 Differences between the Aovu/% Doypl% Aasopa!%

Aq 1%
SQDM
best and worst recorded accura- =

cies of all methods across the six Ran-—-33 -28 -16 -17
patterns om
Band -17 -19 0 -6
Star  -33 -24 -10 221
Block -37 -32 -23 -25
Cells with a gray background dOiI:-o— -3 21 -19 -26
indicate the method that was nalg
least affected by increasing )
Stripe  -68 -16 -26 -25

difficulty for each pattern
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Table 3 Ratios between the Aty /% Dty nl% Ataopa/% Atoeona!%
longest and shortest average

consensus times for each method Random 247.0 173.6 169.2 169.4
across all six patterns Band 289.3 181.8 151.6 149.0
Star 252.1 191.6 171.4 161.6
Cells with a gray background Block 168.8 160.9 158.9 137.9
indicate the method least Off-diagonal 2524  204.6 169.3 139.9
affected by increasing difficulty .
Stripe 242.9 236.2 164.5 142.4

for each pattern

The middle graph in Fig. 4 illustrates how increasing E. and MI affect the average con-
sensus times for each method. The results show that average consensus times remain rela-
tively stable across patterns for all methods except SODM, which experiences a noticeable
drop with the band pattern, followed by an increase with the star pattern. As F. and MI
increase further, SODM’s consensus times slightly decrease, similar to aSODM. The MR
and aSODM methods consistently achieve shorter consensus times than VM and SODM,
with MR displaying a slight increase in consensus time as E, and MI rise.
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4.1.3 Inverse efficiency score

A

. We use it to evaluate the overall

Inverse efficiency score (IES) is defined as [ES =
efficiency of a decision-making method, where the goal is to minimize consensus time while
maximizing accuracy. A lower IES value indicates greater efficiency.

In general, the IES of the aSODM and MR methods is better than that of the VM and
SODM methods, with the difference becoming more pronounced as difficulty increases. At
p = 0.25, VM achieves a similar IES to aSODM and MR for most patterns, except for the
block pattern, where VM’s IES score is already higher at p = 0.25. The IES of the SODM
method is consistently worse than that of aSODM and MR across all cases.

Table 4 illustrates how increasing difficulty affects the IES of each method, expressed as
the ratio between the worst and best recorded IES scores. The best IES scores were recorded
at p = 0.25, while the worst occurred at p = 0.82. We observe that the SODM and aSODM
methods are less affected by increasing difficulty compared to the VM and MR methods.
Specifically, SODM is less affected in the band, star, and random patterns (patterns with
lower E. and MI), whereas aSODM is less affected in the block, off-diagonal, and stripe
patterns (patterns with higher E. and MI).

The lower graph in Fig. 4 illustrates how E. and M influence the IES scores of the meth-
ods. The IES scores of MR and aSODM remain relatively stable across all patterns, whereas
the IES scores of VM and SODM increase with rising E. and MI, particularly beyond the
band pattern. The increase in IES for VM is especially pronounced in patterns with the high-
est E. and MI (off-diagonal and stripe). Overall, all methods achieved their best IES score
with the band pattern, indicating that this pattern represents the easiest task.

4.2 Comparison of d; values between aSODM and SODM methods

The decision-making processes of both the aSODM and SODM methods are based on the
accumulation of evidence, which is translated into the decision variable of each agent in
the swarm. In this subsection, we compare the evolution of decision variables between the
aSODM and SODM methods. The experiment was conducted in an environment with a
random pattern at all four levels of difficulty. The results are shown in Fig. 5.

The key difference observed in the graphs is that the aSODM method requires fewer
decision-making cycles to reach consensus compared to the SODM method, making it sig-

Table 4 Ratios between the best Arpsyy/% Arpsyp/% Aipssopuy/% AIES,s0par

and worst IES scores for each 1%
method across all six patterns Ran- 3637 EYTRI 2015 2041
dom
Band 348.6 224 .4 151.6 158.5
Star  376.2 252.1 190.4 204.6
Block 268.0 236.6 206.3 183.9
.Cel}s with a gray background dOiI:;o— 259.0 204.6 209.0 189.0
indicate the‘methoq leas_t nal
affected by increasing difficulty .
Stripe  759.1 281.1 222.2 189.9

for each pattern
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Fig. 6 Average 3 values of all 20 agents across all four levels of difficulty

nificantly faster. Additionally, in the early stages, the decision variable drifts in the aSODM
method appear less monotonic and less directly oriented toward the decision boundary.
However, they converge more rapidly in the later stages, once agents have gathered suf-
ficient evidence from the environment to form reliable opinions. This behavior is driven by
the  parameter, which ensures that agents initially prioritize personal over social informa-
tion. This mitigates the risk of early cascades of unreliable opinions, a phenomenon com-
monly seen with the SODM method. The influence of the 3 parameter will be examined in
more detail in the following subsection.
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4.3 Effect of 5 parameter

The B parameter (Eq. 9) is used to amplify the personal component of information, as
described in Chapter 3.3, thereby influencing the ratio between personal and social informa-
tion. Figure 6 presents the evolution of the average 3 values of all agents throughout the
decision-making process, recorded at all difficulty levels.

By definition, the value of the 5 parameter for an agent starts to decrease once a suffi-
cient number of other agents (with which the given agent has communicated) have already
formed a decision, meaning their d; values have exceeded the decision boundary. Figure 6
shows that at higher difficulty levels, the 5 parameter remains at its maximum value (5) for
a longer duration, as agents require more time to collect sufficient evidence to make a deci-
sion. This results in agents placing greater weight on personal information when calculating
evidence for an extended period.

The higher the task difficulty, the more inconsistent the observations made by the agents,
increasing the likelihood that these observations lead to incorrect opinions. By employing
the B parameter, we mitigate the negative impact that these unreliable opinions can have on
the decision-making process of an individual agent.

4.4 Effect of n parameter

The 71 parameter is used as an exponent in Eq. 5 during the receiving state while calculat-
ing social information. It amplifies each additional collected opinion that corresponds to
the majority opinion. By doing so, agents assign more weight to social information derived
from a larger number of unanimous collected opinions. The rationale behind this is that if

1.0
08
X o6
S~
w
S 04
0.2 I3
0.0
0.0 05 1.0 15 2.0 25 3.0 35 40 45 5.0
400
350
300
wn
S~
< 250
I~
200
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100
0.0 05 1.0 15 2.0 25 3.0 35 40 45 5.0
n

Fig. 7 Accuracy and exit probability (upper graph) and average consensus time with 95% confidence
intervals (lower graph) as functions of the n parameter. The x-axes show different values of n
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a greater number of agents disseminate the same opinion, it is more likely to be reliable, as
the probability of all of them being mistaken decreases.

The value of the 7 parameter was determined experimentally in an environment with a
random pattern at a task difficulty of p = 0.82. We conducted the experiment for 7 values
ranging from 0.5 to 5.0 in increments of 0.5. The results, in terms of accuracy, exit prob-
ability, and average consensus time, are presented in Fig. 7.

For values of n < 1.0, the exit probability is 0, meaning the swarm cannot reach a con-
sensus. As 7 increases, accuracy also increases, peaking at n = 3.5, beyond which further
increases in 7 start to negatively affect accuracy. The best accuracies are observed for
n € (2.5,3.0,3.5), and exit probabilities reach their maximum at > 3.0. As 7 increases,
the influence of social information relative to personal information grows during evidence
accumulation. However, when 1 > 4.0, accuracy declines because early decisions by indi-
vidual agents trigger cascades that lead the swarm to reach consensus rapidly but unreliably.
At high task difficulty (p = 0.82), decisions formed in the early stages tend to be less reli-
able and more random due to environmental factors.

Figure 8 illustrates how 7 affects the evolution of averaged decision variables for the
entire swarm. For lower values (n < 1.5), the drift is insufficient for decision variables
to exceed the decision boundary, preventing consensus. As 7 increases, the drift becomes
stronger and more directed. For > 2.0, the drift is strong enough for the average decision
variables to exceed the decision boundary. The drift strength continues to increase with
higher values of 7.

4.5 Effect of the size of the communication radius

In this subsection, we analyze the impact of the communication radius 7., Of agents
on the efficiency of decision-making methods. Within the simulation, the communication
radius can be easily modified to achieve optimal results. However, in real robotic appli-
cations, the communication range is hardware-dependent. A larger communication range
allows the swarm to cover a broader area while maintaining effective communication or
enables robots to collect opinions from agents further away. On the other hand, a larger
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n=15
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n=3.5
n=4.0
n=4.5
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-60
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Fig. 8 Average d; values at different values of the 17 parameter. The grey dotted line represents the deci-
sion boundary. The x-axis shows the number of decision-making cycles
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communication range usually results in higher power consumption, leading to shorter bat-
tery life. This issue is particularly significant for drones, where power consumption is high
relative to battery capacity.

Figure 9 presents the effect of the communication radius on accuracy, average consensus
time, and IES across all methods. The experiment was conducted in an environment with a
random pattern at a task difficulty of p = 0.82, with communication radius values ranging
from 100 to 500 units in increments of 100 units. This corresponds to approximately 6 to 30
times the size of an agent’s radius (set to 17 units). With these values, the communication
area covers approximately 3% to 78% of the total environment area (1000 x 1000 units).

At 7comm = 100 units, all methods perform significantly worse compared to the results
from Subsect. 4.1. This is because, during the receiving state, agents do not receive suf-
ficient information from neighbors. Consequently, they must rely mostly on their own
observations (using aSODM or SODM), which, especially in high-difficulty tasks, are not
reliable enough. When 7.4, increases to 200 units, all accuracies improve drastically. The
aSODM and MR methods achieve their highest accuracies at 7oy, = 200 units, which
then slightly decrease with further increases in radius. The SODM method achieves its best
accuracy at 7comm = 300 units and then remains relatively stable with increasing radius.
For 7comm > 200, the accuracy of the VM method oscillates around aypy = 0.7.

Average consensus times decrease monotonically with increasing radius, except for
the VM method, which experiences an increase at 7comm = 500 units. In general, a larger
radius results in shorter consensus times. This is expected, as a greater communication
range allows an agent to receive more information from its neighbors, enabling the swarm
to reach consensus faster.
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The IES score follows a similar pattern to average consensus time. For r¢opmm > 200
units, accuracy remains relatively constant, while average consensus time continues to
decrease.

5 Discussion

This paper extends our previous work published at the ANTS2024 conference (Sajko and
Babic 2024), where we introduced the SODM decision-making method based on the Social
Drift Diffusion Model (Tump et al. 2020). The primary focus of this extension was to address
the major drawbacks of SODM, particularly the need for a priori knowledge about the envi-
ronment to select the v parameter. This led to the development of aSODM, which eliminates
the need for manual selection of y by introducing the automatically calculated 5 parameter.
This parameter amplifies the influence of personal information and is dynamically adjusted
during each decision-making state based on opinions received from other agents. Specifi-
cally, it considers the number of opinions that have already formed a decision, meaning their
decision variables exceed one of the two decision boundaries.

The 8 parameter is designed to assign greater weight to personal information at the start
of the task when agents lack sufficient knowledge of the environment. As agents accumulate
evidence and their opinions become more reliable, the 5 parameter gradually decreases,
allowing social information to play a more significant role in updating their opinions. This
approach mitigates the negative effects of incorrect information dissemination by prevent-
ing premature social cascades and enabling agents to rely more on personal observations in
the early phase while facilitating faster consensus formation in the later phase.

In Sect. 4, we presented the results of aSODM in terms of accuracy, average consensus
times, and IES, comparing them to SODM, the Voter Model, and Majority Rule, which
served as baseline methods. The experiments were conducted on six different environmental
tile patterns. Each trial was limited to 400 s, and a final decision was considered correct only
if the swarm both correctly identified the majority color and reached consensus within the
time limit.

The environmental patterns, ordered by increasing entropy and Moran Index values,
were: random, band, star, block, off-diagonal, and stripe. The aSODM, SODM, and VM
methods demonstrated higher accuracy in environments with lower entropy and Moran
Index values (random, band, and star). Conversely, for these methods, the most challenging
patterns to solve were those with the highest entropy and Moran Index values (off-diagonal
and stripe). Interestingly, the MR method exhibited the opposite trend, achieving better
accuracy with off-diagonal and stripe patterns compared to those with lower entropy and
Moran Index. In terms of overall efficiency, as measured by IES, all methods performed best
with the band pattern, which had the second-lowest entropy and Moran Index values. Gen-
erally, the aSODM method was the most efficient across all patterns, except in the random
pattern, where MR performed best.!

! Although the aSODM method achieves a higher accuracy (83%), it requires more time to reach consensus
(134.2 s). In contrast, the MR method, despite its lower accuracy (72%), completes consensus faster (106.29
s). As a result, MR achieves a higher IES score, showing that in this case, faster convergence outweighed the
accuracy advantage of aSODM.
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Additionally, we analyzed the effect of communication radius on decision-making effi-
ciency. We initially hypothesized that a larger communication radius would improve overall
efficiency by enabling agents to receive input from a greater number of neighbors, covering
a larger area of the environment. However, as shown in Sect. 4.5, this was not necessarily
the case. While IES and average consensus times decreased monotonically with increasing
radius, this was primarily due to the reduced consensus time rather than improved accuracy.
A larger communication radius allowed the swarm to reach consensus more quickly, but
accuracy remained largely unchanged beyond a certain threshold.

For the smallest tested radius, accuracy was the lowest, primarily due to a reduced exit
probability. However, once 7¢omm = 200 units was reached, most methods (except SODM)
had already achieved their best or near-optimal accuracy. Increasing the radius beyond this
point resulted in only minor fluctuations in accuracy, and in some cases (such as aSODM
and MR), accuracy slightly decreased. The SODM method required a larger communication
radius (7comm = 300 units) to achieve its best accuracy.

While the SODM algorithm with v = 0.2 still slightly outperforms aSODM in terms
of accuracy, aSODM significantly improves consensus time and overall efficiency while
eliminating the need for a priori knowledge about the environment, which was necessary
for optimal parameter selection in SODM.

Currently, aSODM is designed to solve collective perception tasks requiring a decision
between two options, formulated as a best-of-n problem with n = 2 in a static environment
(where environmental properties, such as the predominant color, do not change over time).
Future work will focus on expanding this capability to handle cases where n > 2 (Roxin
2019), making the method more applicable to real-world scenarios. Additionally, we aim to
develop mechanisms that enable the swarm to revise its consensus dynamically, allowing
adaptation to environmental changes. Another direction for future work is to compare our
method with other, more closely related approaches to evidence accumulation and informa-
tion fusion, such as those proposed by Bartashevich and Mostaghim (2021) and Crosscombe
et al. (2019). Such comparisons would provide deeper insight into the efficiency of our
method. Finally, we will look forward to eliminating the need for the finite-state machine
that currently dictates each agent’s operation. Removing this constraint could significantly
reduce consensus time, enhancing swarm efficiency and making the method more suitable
for real-world applications where factors such as battery life are crucial, particularly in
robotics platforms like drones.
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