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Abstract. We study a self-organized collective decision-making strat-
egy to solve the best-of-n decision problem in a swarm of robots. We
define a distributed and iterative decision-making strategy. Using this
strategy, robots explore the available options, determine the options’
qualities, decide autonomously which option to take, and communicate
their decision to neighboring robots. We study the effectiveness and ro-
bustness of the proposed strategy using a swarm of 100 Kilobots. We
study the well-known speed vs. accuracy trade-off analytically by devel-
oping a mean-field model. Compared to a previously published simpler
method, our decision-making strategy shows a considerable speed-up but
has lower accuracy. We analyze our decision-making strategy with par-
ticular focus on how the spatial density of robots impact the dynamics
of decisions. The number of neighboring robots is found to influence
the speed and accuracy of the decision-making process. Larger neigh-
borhoods speed up the decision but lower its accuracy. We observe that
the parity of the neighborhood cardinality determines whether the sys-
tem will over or under perform. Future research will investigate how to
explicitly manipulate neighborhood cardinality to further improve the
performance of the system.

1 Introduction

Governing the increasing complexity of man-made systems in terms of reliability
and robustness requires new paradigms of systems engineering. Simplicity might
be the key to enable the design of large complex systems based on many simple
and autonomous components. In robotics, the design of the Kilobot robot [1]
shows how production costs can be drastically reduced by limiting sensory, ac-
tuation, and computational requirements. Yet, the control of large collections of
autonomous robots remains an under-investigated challenge that demands for
novel approaches. As a result of local interactions between individual agents and
their environment, swarm intelligence enables the design of simple controllers
that are highly scalable and robust to noise and component failures [2]. Swarms
of up to 1000 robots have recently been shown to successfully complete tasks
such as aggregation [3], collective transport [4] and self-assembly [5]. Here, we



focus on the more general task of collective decision-making which is a prerequi-
site for a number of different swarm applications [6, 7]. Whether the swarm needs
to identify the shorter path to traverse, the most suitable shape to form, or the
most favorable working location, it first needs to address a quality-dependent
collective decision-making problem [8, 9].

We study a self-organized collective decision-making strategy to solve the
best-of-n decision problem in a swarm of robots [10]. This problem requires the
swarm to establish a collective agreement on the highest valued option among
a finite set of alternatives. A collective decision-making strategy that solves the
best-of-n problem is a distributed decision mechanism capable of processing the
information provided by the options’ quality in order to drive the swarm towards
the formation of a majority for the best option. This mechanism—generally
known as the modulation of positive feedback [11]—acts by amplifying or reduc-
ing the period of time in which an individual agent actively participates to the
decision process as a function of the option’s quality. In this way, preferences for
different options are spread proportionally to their quality with the best option
being favored.

Previous studies focused on the solution of particular instances of the best-
of-n problem and rely on domain-specific choices for the modulation of positive
feedback that cannot be easily transferred to other scenarios. In [8, 12], the qual-
ity of an option corresponds to the size of the associated area in the environ-
ment and decision rules are specifically designed to adjust the agent probability
of changing preference for an area as a function of the area’s size. Montes de
Oca et al. [9] apply the more general majority rule to the problem of finding the
shorter between two paths connecting two locations. In this case, the modulation
of positive feedback is provided indirectly to the agents via the environment:
the shorter the path to traverse, the more agents participate to the decision
process favoring that alternative. The same reasoning applies to the study of
Brutschy et al. [13] who substitute the majority rule with the k-unanimity rule.
In this paper, we abstract the quality of an option from its particular origins.
We assume that the robot is equipped with appropriate sensors to determine the
quality and that this is always a bounded measurement. With this abstraction
we are able to design more general and portable solutions for scenarios where
the options’ quality is an absolute metric such as sensing the concentration of
chemical compounds in applications of collective nanorobotics [14, 15].

We propose a self-organized collective decision-making strategy that over-
comes the limitations of previous studies by decoupling the modulation of pos-
itive feedback from the decision rule. In our strategy, agents directly modulate
positive feedback by advertising their preferences for a time proportional to the
option quality. This feature is shared with the strategy based on the voter model
by Valentini et al. [16]. In contrast to the voter model, we implement individ-
ual agent decisions using the majority rule. The majority rule speeds up the
decision process and enables the implementation of the strategy in a swarm of
100 robots with limited autonomy. Hence, we study the well-known speed vs.
accuracy trade-off in collective decision-making [17, 18]. We test the effectiveness



of the proposed strategy with more than 30 hours of robotic experiments using
a swarm of 100 Kilobots. The dynamics of collective decisions are modeled by a
system of ordinary differential equations (ODEs). We show analytically that the
majority rule allows the system to take faster decisions compared to the voter
model but with lower accuracy. An influential feature is found to be the spatial
density of the robots which defines the cardinality of a robot’s neighborhood
(i.e., number of agents within perception range) and affects both the speed and
the accuracy of the decision process.

2 Decision-Making Strategy

Our aim is to design a self-organized decision-making strategy that is applicable
to different instances of the best-of-n decision problem. Here, the quality of an
available option i is a value ρi ∈ (0, 1]; that is, we abstract away the particular
features of an option that determine its quality. In the considered scenario, the
swarm options correspond to regions in the space representing resources with an
intrinsic quality. A swarm of N agents is initially located in the nest, which is
an area functioning as decision-making hub. The nest provides access to n = 2
equally distant sites, namely A and B. Agents in the swarm may perceive the
quality ρi of a site by exploring it. Once returned to the nest, the acquired
information is exploited during the decision-making process by modulating the
positive feedback for the respective site.

We propose a simple, self-organized decision-making strategy. Agents always
have a preference for a particular site referred to as the agent’s opinion. The agent
control algorithm consists of four control states (Fig. 1a). In the dissemination
states (DA,DB) agents broadcast their opinion within a limited spatial range.
Concurrently, they perform defined movements to maintain a well-mixed spatial
distribution within the nest [19]. The purpose of the dissemination states is to
spread agents’ opinions and to prevent their spatial fragmentation that may
create deadlocks [20]. In the exploration states (EA, EB) agents travel from the
nest to the site associated with their current opinion, explore the site, estimate
its quality, return to the nest, and proceed to the respective dissemination state.
The procedure enables the agents to estimate the quality of a site, that is, to
collect a sample measurement. Despite this individual measurement is noisy, an
average over many agents’ measurements determines the global behavior due to
the decentralization of the decision-making strategy [10, 16].

A key feature of the proposed strategy is the modulation of positive feed-
back that promotes the spread of the best opinion. Agents adjust the average
time spent in dissemination states proportionally to the opinion’s quality by the
product ρAg (ρBg). The parameter g is the unbiased dissemination time and is
set by designers. In this way, agents directly control the positive feedback effect
of the majority rule by modulating their participation to the decision process
and driving it towards the best opinion. A similar modulation mechanism is
adopted by house-hunting honeybee swarms in their waggle dance behavior [21].
Before agents leave the dissemination states, they record the opinions of their



EA

DA

EB

DB

1 1

MR MR

pAA
pAB

pBB
pBA

(a) (b)

(c)

PT

RW

!PT
no 

beacon 

no 
beacon 

beacon A 

beacon A 

beacon B 
beacon B 

(d)

Fig. 1. Illustrations of: a) the probabilistic finite-state machine of the individual agent
(solid and dotted lines represent respectively deterministic and stochastic transitions);
b) the Kilobot robot; c) robot arena; d) finite-state machine of robot motion control
during the dissemination state (RW, random walk; PT, phototaxis; !PT, antiphoto-
taxis).

neighbors. They add also their own current opinion to the record and apply the
majority rule to determine their next state (gray boxes in Fig. 1a). Depending
on the majority rule, agents switch either to EA or EB . In case of ties, agents
keep their current opinion.

3 Robotic Scenario

Large-scale robotic experiments are a valuable tool for the validation of a self-
organized control strategy. Physics-based multi-agent simulations require simple
models of robots and interactions to ensure computational tractability and may
limit accuracy. In contrast, the constraints imposed by the real world and real
robots allow a more convincing verification of a strategy’s scalability and robust-
ness. We therefore implemented the collective decision-making strategy proposed
above in a swarm of 100 Kilobots.

The Kilobot is a small, low-cost robot commercially available for about
120$ and it enables experimentation with large groups of embodied agents (see
Fig. 1b). It has a diameter of 3.3 cm and a battery that allows for a few hours



of autonomy. The Kilobot implements stick-slip motion using three legs and a
pair of vibrating motors positioned at its sides. It achieves forward motion of
a nominal speed of 1 cm/s and turns in place at up to π/4 rad/s. The Kilobot
is equipped with a light sensor that enables the robot to perceive the intensity
of ambient light. Finally, the robot is able to communicate infrared messages of
3 bytes with nearby robots and to sense the distance to the transmitting robot in
a range of 10-20 cm depending on the reflection properties of the ground surface.

We implemented the proposed self-organized decision-making strategy in a
site-selection scenario. N = 100 robots are placed in a rectangular arena of
100 × 190 cm2 (Fig. 1c), which is bigger than a single robot’s footprint by a
factor of approximately 2 × 103. The arena is partitioned in three regions: at
the two sides there are sites of 80 × 45 cm2 (respectively, site A at the right
side and site B at the left side); the nest is at the center and has dimensions
100× 100 cm2. The goal of the swarm is to reach a large majority of individuals
that favor the better site (henceforth site A). A light source positioned at the
right side of the arena creates a light gradient and allows for directed navigation
between the three areas. As a consequence of the Kilobots limited perceptions
of the environment, we emulated the identification of sites and the estimation of
their quality using infrared beacons. Robots perceive the two borders between
the sites and the nest from two arrays of beacons positioned under the Perspex
surface of the arena. For each border, 5 Kilobots are positioned upside-down
under the surface and function as beacons. Each beacon repeatedly broadcasts
a message containing the type (A or B) and the quality (ρA or ρB) of a site.
Robots perceive these messages only within the sites in the proximity of the
borders (approximately 15 cm) because the area under the nest is covered by
lightproof paper and beacons have a limited range.

3.1 Robot Control Algorithm

The proposed collective decision-making strategy meets the requirements of sim-
plicity imposed by the limited capabilities of the Kilobot robot. We develop the
decision-making strategy using only the motors, the light sensor, and the in-
frared transceiver of the Kilobot. Depending on the current perceptions of the
environment and on the control state, a robot alternates three low-level motion
behaviors: random motion (random-walk) and oriented motion towards or away
from a light source (respectively, phototaxis and anti-phototaxis). In the random-
walk behavior, robots perform an exploration-oriented random walk called Lévy
flight [22]. The robot moves forward for an exponentially distributed period of
time; then, it changes orientation by turning in place for a normally distributed
time. In the phototaxis (anti-phototaxis) behavior, robots perform oriented mo-
tion towards (away from) a light source. The robot initially searches for the
direction towards (away from) the light source by turning in place and sensing
the ambient light. Once the correct direction is found, the robot moves straight
until ambient light measurements fall outside a certain tolerance range. At this
point the robot resumes the search for the correct direction. A video showing
low-level robot behaviors is provided in the supplementary material.



Fig. 2. Illustration of an experiment with 100 Kilobots. Screen-shots taken respectively
at the beginning of the experiment, t = 0 min (top left); at approximately half of
the decision process, t = 35 min (top right); and at the end, t = 90 min (bottom).
Institutional logos embedded in the arena background have been censored for blind
review.

In the dissemination state, robots move within the nest and repeatedly broad-
cast their opinion as well as a randomly generated 16-bit identifier that (with
high probability) uniquely identifies the robot’s opinion in a local neighborhood.
To modulate positive feedback, robots spend an exponentially distributed pe-
riod of time in the dissemination state whose mean duration is given by either
ρAg or ρBg. Concurrently, robots perform a random walk aimed at stirring the
spatial distribution of opinions within the boundaries of the nest (Fig. 1d). If,
during this period of time, a robot perceives a message from a border beacon,
for example the border beacon of site A (site B), the robot recognizes that it is
mistakenly leaving the nest and enters the anti-phototaxis (phototaxis) behavior
with the aim to return to the nest. Before leaving the dissemination state, a robot
records the opinions of its neighbors for 3 s, adds its own current opinion, and
applies the majority rule to determine which site to explore (possibly switching
opinion). The rather short time for opinion collection is required to reduce the
time-correlation of the decisions.

In the exploration state, robots move towards the site associated to their
current opinion using the light source as a reference point; they explore the area
for an exponentially distributed period of time (emulating the actual estima-
tion of the site’s quality), and then return to the nest. We developed a simple
mechanism based on infrared beacons to ensure that transitions between dissem-
ination and exploration states happen only in the nest. This mechanism ensures
that a robot which has to explore a site reaches it before moving back to the



dissemination state. For a robot in state EA (respectively, EB) the phototaxis
(anti-phototaxis) behavior is adopted in two stages. Firstly, the robot performs
phototaxis (anti-phototaxis) until it perceives a message from beacon A (bea-
con B), thus ensuring that the robot is correctly entering site A (B). Secondly,
the phototaxis (anti-phototaxis) behavior is prolonged for as long as the robot
receives messages from beacons A (B). Following this simple mechanism robots
completely enter the site. The same mechanism is used by robots in order to
return to the nest.

3.2 Robot Experiments

The spatial density of robots may influence the performance of collective systems
either positively or negatively [23, 24]. To understand how spatiality affects the
proposed decision-making strategy, we study the effects of different neighborhood
sizes N on the dynamics of the decision process. Specifically, we are interested
in understanding how neighborhood sizes affect the time and the accuracy of
the process. We perform two series of robotic experiments where we vary the
maximum number of opinion messages that a robot is allowed to receive before
applying the majority rule. In doing so, we emulate the effects of a lower spatial
density on the decision process. For convenience, we refer in the analysis to the
size G = N + 1 of the opinion group used by a robot which includes its own
opinion (Gmax ∈ {5, 25}). We consider a scenario where site A is twice as good
compared to site B (ρA = 1 and ρB = 0.5). Robots are initially located in
the nest, initialized in the dissemination state with random opinion (either A
or B) and unbiased quality estimation (ρ̂A = ρ̂B = 1). For each experiment, we
perform 10 independent runs using N = 100 robots for a duration of 90 min each.
The parameter g determines the average duration of the dissemination state prior
to its modulation and is set to g = 8.4 min. Fig. 2 depicts screen-shots taken
from one of the experiments; a video is provided in the supplementary material.

We show in Fig. 3a the dynamics of the proportion of opinion A during the
decision process ((DA + EA)/N). When Gmax = 25, the swarm takes approxi-
mately 60 min to exceed a 90% majority of robots in favor of opinion A (white
box-plots). When the maximum group size is reduced, Gmax = 5, the swarm ex-
ceeds the 90% majority in around 70 min, taking approximately 10 min longer
(gray box-plots). We thus observe a directly proportional correlation between
the speed of the decision process and the average neighborhood size: the bigger
the neighborhood, the faster the decision process. Additionally, Fig. 3a shows
that even though the swarm establishes a large majority of > 95%, the swarm
does not reach a 100%-consensus. This is a consequence of limited performance
of some robots despite careful calibration and maintenance efforts. An average
of 0.7 robots per experimental run have battery failures or switch to stand-by
due to short-circuits caused by robot-to-robot collisions. Rarely, robots would re-
quire re-calibration during the experiment, hence loose agility, and are less likely
to change opinion. Still, the proposed self-organized decision-making strategy
proves to be robust.



Robot experiments show both the robustness of the decision strategy and the
effects of spatial density on the velocity of the decision process. However, the
overhead of robot experiments limits the available data and hence our analysis.
To discover other effects of the spatial density we collected additional statistics
and use this information to define a qualitative model. Fig. 3b shows the prob-
ability mass function P (G) estimated from a single experimental run for each
setting. We measure an average group size of 8.57 when robots are allowed to
receive up to Gmax = 25 messages. The average group size is reduced to 4.4 for
Gmax = 5. Additionally, Fig. 3c shows the probability density function of the
time σ−1 necessary for a robot to complete the procedure of the exploration
state. We can observe that for both settings, the distribution of the exploration
time is similar (robots take on average 6.65 and 6.96 decisions respectively in
the first and second setting).

4 Mean Field Model

With the results of robot experiments at hand, we define a qualitative mathemat-
ical model aimed at understanding the influence of spatial density. We use tools
of dynamical system theory to study the effects of the agents’ neighborhood size
on the dynamics of the decision process. For each opinion, we model the time
evolution of the expected proportion of agents in the dissemination state, dA
and dB respectively, and the expected proportion of agents in the exploration
state, eA and eB respectively. We assume that i. robots have a constant neigh-
borhood size N and ii. each robot has already a valid quality estimate associated
to its initial opinion at time t = 0. Albeit these simplifying assumptions differ
from the actual robotic implementation, they enable the definition of a concise
mathematical model.

An essential feature of this system is the modulation of the time agents spend
in the dissemination state advertising their own opinion. This modulation biases
the system dynamics towards consensus on the best opinion and is achieved
by agents weighting the unbiased duration g of the dissemination state by the
quality ρA (ρB) of their opinion A (B). We define coefficients α = (ρAg)−1

and β = (ρBg)−1 as shortcuts to represent the rates at which agents move from
the dissemination state to the exploration state for opinions A and B. In the
robotic scenario we set the design parameter g = 8.4 min. We estimate the
mean duration σ−1 of the exploration state from the data shown in Fig. 3c to
be σ−1 = 6.06 min.

We model the outcome of the majority rule by considering the probabil-
ity pAB that an agent with opinion A switches towards opinion B as the result
of applying the majority rule for a neighborhood size N (similarly for pBA). In
addition, we also consider those cases when the majority rule does not trigger
a switch which is modeled by probabilities pAA and pBB . Since agents only ad-
vertise their opinion in the dissemination state but not in the exploration state,
these probabilities depend only on the opinion distribution dA and dB of agents
in the dissemination state. The probability to have a neighbor with opinion A



is given by pA = dA

dA+dB
. For example, for an agent with opinion A and neigh-

borhood size N , the probability pAB can be defined by considering all possible
majorities that make the agent to switch opinion towards B. Say N = 2, then
an agent will switch from A to B if and only if it encounters a neighborhood BB
(i.e., two neighboring agents with opinion B). The agent would keep opinion A
in the case the neighborhood is AB, BA, or AA. Under the well-mixed assump-
tion, probability pAA is equal to p2A + 2pA(1 − pA) while pAB = (1 − pA)2. For
an agent with opinion A and neighborhood size N , we have

pAA =
N∑

i=bN/2c

(N
i

)
piA(1− pA)N−i, (1)

pAB =

bN/2c−1∑

i=0

(N
i

)
piA(1− pA)N−i. (2)

The summations define a discrete integration of a Binomial distribution. Specif-
ically, pA is the success probability, N the number of trials, and i the number
of successes. Equations for probabilities pBB and pBA are derived by swapping
the power indexes in Eqs. (1–2).

Finally, we define a system of 4 ordinary differential equations




d

dt
dA = σeA − αdA,

d

dt
dB = σeB − βdB ,

dx

dt
eA = pAAαdA + pBAβdB − σsA,

d

dt
eB = pABαdA + pBBβdB − σsB .

(3)

The first two equations model the change in the proportion of agents in the
dissemination state. Note that during the dissemination of opinions, agents do
not switch opinion. dA (respectively dB) increases at a rate σ due to agents
returning from the exploration state eA (respectively eB) and decreases at a rate
α (respectively β) due to agents leaving the dissemination state. The last two
equations model the proportion of agents in the exploration state. For the case of
eA, the proportion increases due to agents that were in the dissemination state
before and have switched to the exploration state. This includes both, agents
that were in favor of opinion A before and stay with it as well as agents that
were in favor of opinion B but have switched to opinion A. The proportion eA
decreases at a rate σ due to agents leaving the exploration state (similarly for
eB).

5 Analysis

We analyze the system of Eqs. (3) with the aim to understand the speed vs.
accuracy trade-off [17, 18] in our robot system. Given the statistical analysis
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Fig. 3. Illustrations of: a) proportion of robots with opinion A over time during robot
experiments; b) group size distribution; c) exploration time distribution; d) predic-
tions of the ODE model against robot experiments; e) heat-map representing the time
to consensus and border between basins of attraction of consensus states; f) speed
comparison with voter model.



of robotic experiments, we set the neighborhood size to N = 8 for the case
of Gmax = 25 and N = 4 for Gmax = 5 (approximating by excess). We com-
pare transient and asymptotic dynamics of the ODE model to the results from
robotic experiments. For both problem settings, Fig. 3d shows that trajectories
predicted with the model (solid and dashed lines) resemble the average robot
performance (cross and diamond symbols) but at an increased velocity. The pre-
diction of the transient dynamics improves when scaling the time as t′ = 3(t+g)
(dotted and dot-dashed lines). The discrepancies between model and robotic
experiments are a consequence of the simplifying assumptions of the model (i.
and ii.), the finite size of the swarm against its continuous approximation, and
of spatial effects causing further delay. The asymptotic dynamics are correctly
predicted by the model. The stability analysis of the system of Eqs. (3) deter-
mines three roots: two asymptotically stable solutions correspond to consensus
on A, {dA = ρAg/(ρAg + σ−1); eA = σ−1/(ρAg + σ−1)}, and consensus on B,
{dB = ρBg/(ρBg + σ−1); eB = σ−1/(ρBg + σ−1)}; the third solution is an un-
stable point.

We deepen our study of the proposed decision strategy by looking at how the
time and the outcome of the decision process are influenced by the initial opinion
distribution among agents and by the increase of group size G. Fig. 3e shows
the speed vs. accuracy trade-off arising from different parameter configurations.
The solid line is the border that separates the basins of attraction between the
two asymptotically stable solutions (respectively, consensus on A and on B). It
increases logarithmically with group size G. The higher the value of the border,
the smaller is the basin of attraction of the best option (site A), hence indicating
reduced accuracy and reduced robustness of the decision-making process (note
that fluctuations could move the system towards B even from the unbiased initial
condition dA = dB = 0.5). The time necessary to take a decision increases with
the proximity of the initial conditions to the border of the basins of attraction and
decreases for increasing values of the group size. The inset in Fig. 3e highlights an
unexpected feature of the majority rule. When the size G of the group of opinions
used in the majority rule is even, the decision process takes a longer time to
complete and the basin of attraction of the best option shrinks. Consequently,
the accuracy is reduced for even group sizes. Even group sizes have a chance
of ties. In case of ties, the agent keeps its current opinion and this eventually
favors the current majority [25, 26]. This analysis raises the interesting question
whether tie-breakers could increase accuracy and/or speed. Possibly a simple
strategy could be to apply a random tie-breaker.

We conclude the analysis with a comparison of the proposed majority rule
based decision-making strategy with the voter model based strategy of Valentini
et al. [16]. Fig. 3f shows the ratio TVM/TMR of the time necessary to reach a
consensus for different values of ρB ∈ {0.5, . . . , 0.99} when N = 2. The ma-
jority rule enables decisions that are generally faster then those of the voter
model reaching in extreme cases a speed-up of up to 103×. In a limited range of
parameter configurations, we observe a slow-down of the majority rule around
the border between different basins of attraction of consensus states (solid line



with TVM/TMR < 1). The diamond in Fig. 3f indicates the expected speed-up
of 1.61× provided by the majority rule in the investigated robotic scenario. In
summary, the majority rule allows for much faster decisions at the cost of re-
duced accuracy while the voter model takes much longer to establish a decision
but guarantees the optimal solution.

6 Conclusions

We have reported a self-organized collective decision strategy to solve the best-
of-n problem in a swarm of robots. This strategy couples a time-modulation
mechanism, that biases the system dynamics towards consensus on the best op-
tion, with individual robots’ decisions based on the majority rule. The generality
of the approach is a result of the abstraction of options’ quality from their partic-
ular origins. The majority rule is invariant to the number of options, which could
possibly be unknown. As a consequence, the proposed strategy directly applies
to the general case of n different options (agents can replicate the dissemination
and exploration states for each newly encountered option). Besides, the mean
field model reported can be generalized to the case of n > 2 options. More option
are easily modeled by introducing respective equations in the systems of Eqs. (3)
and by adapting Eqs. (1–2) to integrate a Multinomial distribution.

We have shown that our strategy can be implemented on a swarm of 100 robots
with minimal actuation, perception, and computational capabilities. The robot
experiments prove the scalability of our strategy and its robustness to robot
failures. The consensus states are the only asymptotically stable solutions as
shown with our mean-field approximation model. Using this model, we have
explored the speed vs. accuracy trade-off that arises in the majority rule from
different robot densities and compared to the voter model [16]. The comparison
shows that our strategy speeds up the decision-making process considerably. We
have shown that the speed of the decision-making process increases with the
neighborhood size while its accuracy decreases. Room for improvement exists
for even-group-size situations. We will investigate the effect of tie-breakers in fu-
ture research. Further empirical and theoretical work will focus on the network
dynamics arising from the robots’ spatial interaction and, building on this ab-
straction, on the definition of quantitatively stochastic models for the prediction
of decision dynamics.
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