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Abstract

Across many scales in biology, from genes to neurons to insects to vertebrates, groups coordinate and
solve problems collectively. The strategies that create successful coordination remain in many cases
mysterious. Making use of collective transitions that separate distinct aggregate-scale behaviors, con-
nected to theories of phase transitions and bifurcations, is thought to be one way that these systems
create functional behavior. We highlight here recent results in the functional consequences and uses
of collective transitions, finding that (1) biological function often relies on active changes correspond-
ing to motion relative to transition boundaries, and (2) transitions vary in the abilities they confer and
the specificity of tuning that they require. This suggests a view that types of collective transitions,
combined with types of regulation that effectively move systems relative to these transitions, define
recurring design patterns at a coarse-grained algorithmic level. Design patterns summarize strategies
for navigating transitions that lead to specific functionality, such as stable coordination, constant or ad-

justable amplification of signals, bistable switching, and collective decisions. Reviewing examples from
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neuroscience, gene regulation, and animal behavior, we highlight how this perspective brings speci-
ficity to the functional consequences of transitions, simplifies the modeling of collectives, and clarifies

the minimal regulation needed for successful, functional coordination in these systems.

Introduction

At many scales, groups of living things coordinate in a way that provides benefits to the whole. Individ-
ual ants gather information and jointly move to an optimal location when their old nest is destroyed [1];
cells in an organism communicate and coordinate to create functional tissues [2]; neurons jointly hold
memories [3] and make decisions [4]. These are all examples of information processing, information
storage, and control that is distributed over many components. Are there any recurring strategies, any
general principles of collective intelligence, that are used by living systems use in order to create such

functionality [5-10]?

While there seem to be analogies across different systems — for example, both neural populations and
ant colonies use interactions among many components to produce collective decisions — most often
mathematical models are built and analyzed separately for each case. If we take these analogies se-
riously, it may be possible to rigorously define more general classes of coordination strategies that
encompass diverse forms of collective behavior. Such an approach could give insight into the relative
difficulty of different strategies and the abilities they confer, which would be useful both in understand-

ing living systems and, more ambitiously, managing and regulating them ourselves.

Marr, in thinking about functional behavior in computational neuroscience, viewed collective behavior
at three levels (Fig 1) [11]'. We can think about a problem that a group needs to solve at a functional
level, we can think about the space of designs that would solve the problem at an algorithmic level of
information flows, and we can think about the space of mechanisms that can implement a particular
algorithm. Here we focus on the middle “algorithmic” level, aiming to find a classification of collective

behavior mechanisms that groups them in terms of the types of functionality that they can create.

'Marr and Poggio’s original formulation included a fourth level of “hardware,” which we merge here into “mechanism”.



43

44

45

46

47

48

49

Mechanism

Interactions
o baad
\,/Ié Feedback
m’( \M“ Adaptation

L

lﬁ Algorithm

Design Transitions
Patterns / Bifurcations
‘ L Tuning
Function

Sensitivity
Hysteresis
Bistability

Figure 1: Design patterns, defined at an algorithmic level, organize the space of possible mech-
anisms and predict their functional consequences.

There is a long history in approaching emergent functionality of groups using the theory of collective
transitions. Transitions can be carefully defined using the mathematics of nonlinear dynamics (bifur-
cation theory) and statistical physics (phase transitions). A large literature asks whether living systems
are often near transitions [12, 13] and describes how transitions can create different aggregate states
and allow for controlled changes among these states [14]. In Marr’s conception, transitions live at an

algorithmic level of analysis, providing a useful coarse-graining over the space of mechanisms.

The perspective of collective transitions becomes powerful when system behavior can be approximated
near a bifurcation manifold (the set of points at which a transition occurs; see Box 2), which gives an
opportunity for immense dimensionality reduction and simplification.? This simplification is related
to, but not limited to, universality near critical phase transitions in the narrower sense explored in
statistical physics [18]. The basic idea is that, after mapping from mechanisms to transitions (top pink

arrow in Fig 1), only movement relative to bifurcation manifolds is ultimately relevant, such that large

*This is closely related to the ambitions of catastrophe theory [15], which largely fell out of favor many decades ago after
being over-generalized [16,17]. We feel that similar ideas are worth revisiting in an era of big data, when we can more
carefully test the limits of generalization.
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classes of mechanisms become equivalent at the algorithmic level. The codimension of a bifurcation

manifold acts as a measure of the degree of regulation necessary to locate a given transition.

Historically, theories of the functionality of collective transitions focused mostly on continuous phase
transitions, near which (1) aggregate-scale behavior becomes highly sensitive to individual-scale changes
and (2) there exist many easily accessible aggregate states [12]. Increasingly, applications of transi-
tion concepts to biology are extending from this basic picture to discover the importance of other re-
lated phenomena: discontinuous transitions; dynamical effects such as hysteresis, memory, and varying
characteristic timescales; and functionality that depends on active changes to the effective positioning

relative to transitions instead of remaining fixed (see Box 1).

How might we delineate the space of possible uses of collective transitions and how they can be realized
in living systems? Here we review recent results that sample from this space. In doing so, we identify
a number of algorithmic design patterns that characterize distinct ways in which transitions can lead
to biological function. While we have books full of design patterns connecting structure to function in,
for instance, electrical engineering [19], this has proven more challenging in evolved systems. Some
progress has been made by examining the functionality of network motifs, which connect small-scale
structure to function [20]. We believe that similar patterns exist in collective behavior that require

further coarse-graining across scales.

The basic picture is as follows: at the mechanistic level, positive feedback® in collective systems pro-
duces amplification and the possibility of transitions to various ordered states. At an algorithmic level,
design patterns in collective transitions are characterized by (1) the singularity that defines a transition
(as in statistical physics and nonlinear dynamics) and (2) how biological variables are regulated near the
transition, across both short behavioral timescales and long evolutionary timescales. At the functional
level, consequences result from occupying or moving through different regions of the corresponding
phase diagram: sensitivity, multi-stability, timescales of information transfer and storage, individuality

versus consensus, controllability, robustness, and specialization.

Here, we define positive feedback effectively, noting that self-reinforcing processes do not need to be strictly excitatory,
but can also occur through alternative pathways such as double-negative feedback [21].
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As a brief example, consider foraging in ants. In some ants, returning foragers increase the probability
of other ants to leave, leading to positive reinforcement. Depending on the strength of this positive
feedback, there are regimes in which adjustment can balance the responsiveness/robustness tradeoff,
and other regimes in which transitions cause sudden, discontinuous switches between foraging rates,

characterized by hysteresis and bistability [22].

Collective transitions are potentially functionally useful under a particular set of conditions: when (1)
some aspect of biological function is determined at a coarse-grained, group-level scale, (2) individual-
scale dynamics are fast enough compared to functional consequences that attractors of the dynamics are
important, (3) adaptation to external dynamics is slow enough compared to the dynamics that it is nat-
ural to describe regulation in terms of bifurcations, and (4) collective behavior is reproducible enough

that it can support a functional connection between environmental inputs and collective outputs.

Box 1: Important concepts for the use of collective transitions in living systems

1. Biological function is often deeply influenced by dynamical effects related to transitions, including

sensitivity, hysteresis, the timescales of transients, and symmetry breaking.

2. Tuning with respect to transition points is adaptively useful, with tuning dynamics over long evo-

lutionary timescales and at short timescales of learning and active regulation.

3. The difficulty of tuning is naturally described in terms of a codimension, the number of indepen-

dent control parameter directions that generally must be adjusted to locate a bifurcation.

4. Motion with respect to transition boundaries can often involve trade-offs, such as between speed

and accuracy and between robustness and adaptability.

In this review, we survey collective transition design patterns across biology, emphasizing how transi-
tion geometries and modes of tuning are associated with distinct functional uses. Readers unfamiliar
with bifurcation theory and effective models can find a brief introduction in Box 2 and a more thorough
worked example in Appendix S2. At the end of our review, we consider challenges and open questions
for this framework, including the extent to which low-dimensional transition descriptions generalize

across systems and how such hypotheses can be tested empirically.
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Box 2: Bifurcation theory and effective models

Here, we briefly introduce useful terminology from nonlinear dynamics [23] in the context of col-
lective behavior. A more thorough introduction can be found in the Appendix S1.

Fixed points correspond to states that remain stationary over time. In collective behavior, we
are typically interested in fixed points defined in terms of aggregate states of an entire group. For
instance, in foraging ants, we may be interested in the aggregate rate of foraging summed across
all ants, and a fixed point corresponds to an aggregate foraging rate that persists over time. Stable
and unstable fixed points are characterized by whether small perturbations lead back to the fixed
point or away from it, respectively. Changes in biological or environmental variables, which enter
our framework as effective control parameters, can alter the location, number, and stability of fixed
points. These qualitative changes are bifurcations.

Assuming otherwise smooth dynamics and one or two effective control variables, there are only a
few distinct ways that it is possible for these qualitative changes to occur, which define bifurcation
types. Here we focus on local bifurcations, which can be fully characterized by how fixed points
change for parameter values near the bifurcation. Importantly, a system’s dynamics near a local
bifurcation are well-approximated by a generic normal form equation. Such a normal form can
be used as a simplified effective model for the system, which depends only on the few effective
control variables that define placement of the system dynamics with respect to the bifurcation
point.

We start with bifurcations in which a single parameter is varied (Fig 2A). In a forward-
transcritical bifurcation, one state (here one with zero activity) loses stability as another state
(here one with growing activity) emerges continuously. Backward-transcritical and saddle-
node bifurcations both create a stable and an unstable fixed point, producing a region in which
low- and high-activity states can both be stable. Crossing the saddle-node can therefore cause an
abrupt switch associated with hysteresis. In a (supercritical) pitchfork bifurcation, one state loses
stability while two alternative stable states emerge.

More possibilities arise if two parameters are varied. The most important for our purposes is the

cusp bifurcation (Fig 2B). At the cusp, two saddle-node bifurcations meet, and similar cusp-like
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bifurcations arise from the meeting of transcritical and saddle-node bifurcations.

We refer to the set of control parameter values at which a bifurcation occurs as a bifurcation
manifold, which has a codimension that is equal to the number of independent effective control
directions that generally must be adjusted to locate it. Thus, if two variables can be controlled, a
codimension-1 transition generally lies along a 1D curve in the 2D space of control variables (e.g.,
the black curves in Fig 2B), and a codimension-2 cusp occurs at a single point.

Importantly, even given a large number of control variables, effective tuning may occur along low-
dimensional subspaces. Fig 2C illustrates how a two-parameter bifurcation structure arises as a
slice through a larger space of mechanistic variables: tunable, coarse-grained effective parameters

define a low-dimensional space in which the relevant collective dynamics can be controlled.
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Figure 2: Bifurcations in increasing numbers of dimensions. (A) Bifurcations of codimension
1 require tuning a single parameter. Black curves represent fixed points (solid stable and
dashed unstable) of the aggregate dynamics. (B) In a two-dimensional space, bifurcations
of codimension 1 lie along curves (black) and those of codimension 2 occur at points (e.g.,
the cusp). (C) Tunable parameters make a low-dimensional slice through a potentially

high-dimensional set of system properties.
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Main Text

Our working hypothesis is that many living systems regulate their positioning relative to collective
transitions, and that the functional implications of this regulation are best understood at the level of
algorithmic design patterns. Here, we review examples of such tuning, organized roughly in order of
increasing complexity of active regulation (Fig 3). The examples we include are all connected to exper-
iments in some way—we want to emphasize that aspects of collective transitions are being measured

in real systems, not just toy models.

In the simplest type of tuning (Fig 3A and B), collective behavior is relatively fixed, with effective control
variables set over a slower evolutionary timescale, and potentially kept constant using active processes.
In other cases, collective behavior is actively changed based on environmental inputs. Changes to the
strength of interaction or coordination among components can up- or down-regulate social information
channels (Fig 3C), or tuning of a bias toward one or another aggregate state can lead to discontinuous
switching between coordinated states (Fig 3D). In more complicated examples of regulation, collective
behavior can vary both in the degree of coordination and in the specific aggregate states displayed by
the group. We may interpret these cases as collective decisions, in which environmental inputs are
integrated into a choice among two or more ordered states (Fig 3E), or as creating large numbers of

possibly useful ordered states (Fig 3F).

Note that some living systems may implement multiple types of computation [24], and it is likely
not possible to create a list of all possible useful design patterns (though it is possible to enumerate
all possible collective transitions under some constraints [25]). We organize our review in terms of
design patterns in an attempt to structure the space of distinct hypotheses for how transitions create

functionality in collectives.

“Stable coordination” design pattern

While our review focuses mostly on cases with active changes to collective dynamics, we begin with

cases of collective function via fixed positioning relative to a transition. The simplest cases create some
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Figure 3: Design patterns in collective transitions. Different types of transitions (boundaries high-
lighted in gold) plus active adjustment of parameters (red arrows) produce design patterns
with different functional abilities. We schematically represent a collective as dots with col-
ors representing behavioral states, which can be coordinated (same colors) or uncoordinated
(different colors) and active (bright) or inactive (dark). Bifurcations are defined in terms of
changes in parameter space (horizontal gray axes), and the stability of collective states is rep-
resented schematically using potential landscapes along the vertical axis.



125

126

127

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

fixed stable coordinated aggregate state.

We see stable organization in many examples in biology. Some species of firefly strongly synchronize
their flashes [26], and in large groups, locusts move together in strongly ordered waves [27]. Though
there are certainly effects on the fitness of organisms in these groups, the details are still debated. The
function of coordination is more clear in cardiac cells, which synchronize their activity to create a
stable productive heartbeat: the lack of strong coupling creates fatal arrhythmia [28]. In these cases,
to retain the ordered collective behavior does not require precise tuning, merely that interactions are

strong enough to maintain stabilizing feedback.

Another strategy for collective coordination that does not require precise tuning of interactions arises
in strongly ordered group dynamics that break a continuous symmetry.* Examples include the propaga-
tion of orientational waves in bird flocks [29] and continuous ring attractors in neuronal dynamics [30].
In these examples, components are stably coordinated, and some information is stored in continuous
symmetries. This functionality requires that interactions are sufficiently strong so that the system is
deeply in the ordered phase with respect to a collective ordering transition, and it also requires that
the relevant continuous symmetry is respected in the absence of other inputs (that is, there should be
no bias toward any specific ordered state). Functionally, this can be useful in that the aggregate state
serves as an easily modified collective memory of a continuous variable, such as a direction in space.
For instance, birds in a flock may benefit from a coordinated aggregate direction that stays fixed in the
absence of input but can also quickly change in the presence of a predator that is observed by a subset
of birds. Similarly, ring attractors are used in brains as a stable memory of orientation that can be easily
updated during turns. The functionality arises from having an aggregate orientation that is marginally
stable, which does not require being at a fixed distance from the transition between disorganized and

coordinated behavior.

Because stable coordination does not require tuning to a specific transition point, we say that this design

pattern has codimension 0 (see Box 1).

*This is known as a Goldstone mode in statistical physics.

10
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“Signal amplification” design pattern

An oft-cited advantage of being near a continuous symmetry-breaking transition is that the aggregate
state becomes highly sensitive to small inputs. This optimal sensitivity advantage of transitions has
been explored extensively in the literature on phase transitions in biology; we briefly highlight it here

but also refer the interested reader to a number of existing reviews [12,13,31].

The sensitivity near continuous transitions means that the aggregate state can effectively become an
amplified representation of an environmental input at a much smaller scale. For instance, cochlear
hair cells are optimally sensitive to weak sounds by actively being tuned to sit near a Hopf bifurcation
to ordered oscillatory behavior [12]. Similarly, evidence has been found that the sensory organ in
snakes for detecting temperature effectively amplifies differences in temperature by remaining near
a saddle-node bifurcation [32]. In Paratrechina longicornis ants, there is experimental evidence that
suggests that susceptibility of the direction of motion to an external signal during collective transport
is maximized near a transition [33-35]. More speculatively, theories suggest that feedback among cells
in a tissue can lead to optimal sensing of slow changes to chemical concentrations when it is tuned
near a pitchfork bifurcation [36]. In cases like these, maintaining maximum sensitivity may require
tuning to remain near the transition, though the functionality does not require actively changing the
effective distance from the transition. As one example of such tuning, the Hopf bifurcation used by
the cochlea has codimension 1, requiring the regulatory tuning of variables controlling the dynamics
along a single dimension. This tuning is thought to happen through the active regulation of calcium

ion concentrations within hair cells [12].

“Adjustable sensitivity” design pattern

Contrasting with the conventional story about the optimality of criticality, recent literature has repeat-
edly found that living systems vary, in many cases over a relatively short timescale, in their locations
with respect to collective transitions [37-39]. We therefore include variation corresponding to move-

ment with respect to transitions in our categorization scheme.

11
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A relatively simple way for collective behavior to adapt to changing conditions is by regulating the
strength of social channels of information flow. This regulation corresponds to movement along a single
effective control direction, varying the distance from a transition at which behavioral cascades change
from staying localized to spreading through most of the group. In a sense, such a design pattern acts like
an “informational transistor”: moving one effective control variable alters how strongly information in

another variable is amplified.

This design pattern may involve one of many transition types, with the simplest involving a percolation
transition, which has been well studied in epidemiology. The simplest such transition maps onto a
forward transcritical bifurcation (Fig. 2A) [40, 41], with codimension 1, in which movement along an

effective gain direction adjusts sensitivity.

Alarm spread and schooling in fish: The spreading of alarm signals in animal groups is likely opti-
mized by balancing the costs of false positives against false negatives [37], altering the degree to which
individuals’ alarmed behavior is amplified to a colony-level response. In fish schools, the spreading of
startle behavior is thought to aid fish in being alerted to predators in the environment. More broadly,
coordinated movement in animal groups, including flocking and schooling, may contribute to func-
tions such as predator avoidance, although the functional value of particular collective states remains
uncertain [42,43]. Under higher predation risk, golden shiner fish are known to swim closer together
and increase the collective sensitivity to startling [44]. The fish thereby vary their distance from a tran-
sition to large startle avalanches [37]. A similar story comes from wild coral reef fish, where the best fit
of startling cascades is consistent with fish modifying their response thresholds dynamically based on
recent input rates. This can be interpreted as the dynamic control of gain that may be able to suppress
the spread of misinformative false alarms [45]. In each case, the largest sensitivity happens near the
transition at which the quiescent state becomes unstable, and movement along a single effective control

direction sets the average cascade size.

In the schooling of fish, collective states include disordered swarming and ordered states such as school-
ing and milling [46]. There is evidence in one species of fish that schools vary in their proximity to an

optimally sensitive point near a collective transition, becoming more sensitive when in small groups

12
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and when there is an external stressor [39]. Functionally, we can speculate that social information
about predation risk becomes more valued to individuals in more uncertain environments. This then
has collective effects in that cascades of socially initiated behavior become larger in riskier environ-
ments. The functional effects of this adjustable sensitivity of collective behavior are complicated in that

there can be a tension between individual and group fitness [47].

Macaque conflict: In societies of macaque monkeys, the spreading of conflict behavior has functional
implications in that large fights are disproportionately costly to individuals, and fight outbreaks are
regulated by specialized “policer” roles [48]. In a branching process model inferred from data tracking
a colony of 48 individuals, the colony was below a collective transition to much larger fights [49]. The
distance from that transition can be characterized in terms of the number of individuals who would need
to be simultaneously aggressive to bring the group to a collective instability: 3 to 5 individuals [49].
Some individuals have an outsized ability to change the group’s distance from the transition, which
they may use to regulate the tradeoff between adaptability and robustness of social hierarchies [49].
In this example again, movement along one effective collective control direction can tune the average

size of fight cascades.

Neuronal systems: In systems of neurons, recent work has focused on the fact that brains are not
typically “at” a critical transition, but adjust to be closer or further from criticality [50,51] based on
attentional or vigilance states [38,52,53] and the sleep-wake cycle [54, 55]. In this sense, we can view
the broadest scale dynamics of the brain as varying an effective control direction that changes the
propensity of information to flow. In neuroscience, it is commonly assumed that active homeostatic
processes control the balance of excitation and inhibition to keep the system away from quiescent or
synchronized activity states [50,56]. It remains unknown how much active regulation is required. It is
known that the distance from a transition can be modified by, for instance, the addition of drugs [57]. We
return to neuronal examples below, showing how the tuning of additional parameters near transitions

relates to other functional abilities.

Harvester ant foraging: In harvester-ant foraging, returning foragers interact with workers waiting

near the nest entrance, increasing the probability that those workers leave to forage; successful returns

13
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therefore stimulate further departures and create positive feedback. Empirically, environmental con-
ditions modify these interaction processes, with the effective feedback strength and colony sensitivity
varying with environmental dryness [58—-60]. It remains an open empirical question whether feedback
in natural P. barbatus foraging is ever strong enough to produce a transition to bistability, as explored

in the next design pattern.

“Bistable switch” design pattern

When collective dynamics produce two distinct ordered states, dynamics can be mapped onto cusp or
cusp-like transitions, which result in the creation of bistable regimes that lie between codimension-1
transitions such as saddle-node or transcritical bifurcations (Fig 2B). Varying degrees of gain (interac-
tion strength) and of bias toward the two collective states create both order-disorder transitions (con-
trolled by the strength of information flow between individual components) and order-order transitions
(controlled by bias toward a particular ordered state). We start with examples of a bistable switch, in
which strong fixed interactions put the system into a bistable regime and the effective bias toward one

of the two ordered states is varied.

All-or-nothing responses can be thought of as order-order binary switches in which the two stable
states differ primarily in activity level: low engagement versus a high-engagement, mobilized state.
The key functional signature is that intermediate engagement is not merely suboptimal, but actively
disadvantageous. For example, in cooperative transport in social insects, a sufficient number of
workers must simultaneously commit in order to move an object coherently. Intermediate organiza-
tion can be actively wasteful: partially aligned teams deadlock or stall, burning time and effort while
leaving the item exposed to competitors and predators [61,62]. Accordingly, selection can favor mecha-
nisms that drive rapid convergence to a coherent transport regime (and maintain consensus even while
navigating complex terrain), rather than continuously tracking stimulus strength through prolonged,
weakly coordinated pulling [63,64]. Bivouac formation likewise becomes protective and functional only

after sufficient structure is assembled; a partially formed bivouac would immobilize workers while still
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leaving queen and brood exposed [65]. In these cases, the adaptive value is not simply a steep response,

but the avoidance of “half measures” that incur costs without delivering returns.

Comparable all-or-nothing dynamics occur in defensive systems across eusocial taxa, where inter-
mediate responses can be especially costly. In honey bees, alarm pheromone released by guards recruits
nestmates to sting vertebrate predators; deterrence rises steeply with the number of stings, so a small re-
sponse can both fail to repel the threat and incur high mortality, whereas a large, coordinated attack can
quickly drive predators away [66]. Vespine wasps similarly exhibit recruitment cascades in which many
workers attack a marked target or almost none respond [67]. In termites, vibrational alarm signals can
trigger colony-wide freezing or retreat; rapid, near-binary coordination can evacuate exposed tunnels,
whereas a weak or localized response would leave workers and brood vulnerable while still diverting
effort from foraging [68]. Though these examples of bistability have not yet been approached using the
mathematics of collective transitions, we suspect that they arise from similar dynamics that could be
usefully described in a bifurcation framework. In particular, the existence of all-or-nothing bistability

in behavioral cascades can often be traced to backward transcritical bifurcations (Fig 2A) [69,70].

Social insect foraging often involves feedback mechanisms that can in some cases lead to transitions
to bistability. Stable pheromone trails in Pharaoh’s ants require a minimum number of ants to per-
sist, displaying a transition from disordered to ordered foraging with bistability and hysteresis [71-73].
Across many models of social insect foraging, amplification of foraging activity can generate a dis-
continuous transition between low and high rates of foraging [22, 69, 70,74]. We can speculate about
functional consequences of such bistability. As bistable switches create hysteresis, recruitment can
briefly persist even after returns begin to wane, appearing as an overshoot in outgoing effort. Such
persistence may be adaptive if it reduces the risk of abandoning a profitable patch before it is fully har-
vested. The same mechanism could, in principle, confer robustness to danger. If foragers encountering
predators retreat or fail to return, the social cue is damped, the effective control variable shifts less,
and the system may remain on the low-activity branch, thereby avoiding a costly global activation in

hazardous conditions.

Neural dynamics: While neural transitions may also implement collective decisions that integrate

15
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specific information (next section), there may be other functional advantages for all-or-nothing switches.
Some initial evidence of this comes from studies of overall brain dynamics, which has also empha-
sized that locating a transition to bistability via positive feedback in computational models requires
tuning two effective control directions: bias between the two states and the strength of positive feed-
back [75]. In in vivo data from electrical activity in the human neocortex, bistability in oscillatory
behavior was observed across multiple frequencies, and was shown to occur in a computational model
along a codimension-1 band of parameter space that had dynamics indicative of a transition. Further,
there seems to be functional relevance of this transition state, with “moderate bistability ... positively
correlated with executive functioning” [75], and too much bistability being associated in the extreme

case with epileptic seizure.

“Collective decision” design pattern

When dynamics are such that the symmetry between two or more aggregate states is broken by a
relevant environmental input, we call this collective decision making. Such a collective decision design
pattern arises from an order—disorder transition. From social insect colonies choosing a new nest site
to primate brains making a perceptual discrimination, avoiding coming to a hasty conclusion based on
little evidence requires restricting the amplification of information or increasing thresholds for action
[76-78]. This suggests tuning of the strength of interactions to control the speed of decision dynamics
[79]. In some cases, active regulation is thought to happen across different phases of a decision process:
a phase in which the system is susceptible to inputs, followed by a consensus phase in which the chosen

decision is amplified and other alternatives are removed from consideration [4].

Social insect decisions: Social insects are well-known for making collective decisions by amplifying
information known to individuals in order to guide the coordinated behavior of an entire colony [80].
Tuning across a transition from disorder to order is thought to be functional in allowing for changing
between a disordered regime that supports broad, parallel sampling of alternatives and an ordered
regime that concentrates effort into coordinated commitment. For example, trail-based recruitment

can implement such exploration—exploitation control by modifying the strength of positive feedback
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between pheromone deposition and trail following [81,82]. This could allow colonies to transition from
distributed sampling of options to stable exploitation of a single route even when overall foraging effort
is similar. Quorum-threshold systems are closely related. Once support for a site or option exceeds a
critical level, the collective switches into a committed recruitment or action mode, converting graded
evidence accumulation into discrete commitment [1,83,84]. Some ants lower the threshold for choosing

a new nest site in more urgent situations, actively choosing to prefer speed over accuracy [77].

Neural decisions: The representation [85] and neural implementations [86, 87] of decisions in the
brain have historically been tackled with variants of the drift diffusion model [88,89]. A mostly sep-
arate strand of the research literature has focused on decisions represented as attractors. This alter-
native approach uses feedback to create stable equilibria representing the possible decisions [4, 90,91].
This approach can naturally incorporate both deliberation and commitment by varying effective con-
trol variables with respect to a collective transition. For a binary decision, crossing a cusp bifurcation
can combine a sensitive deliberation phase near the transition with commitment beyond the transi-
tion. Measured spiking data from perceptual decisions in monkeys show dynamics of neural decision
information consistent with a dynamically varying distance from a phase transition, with sensitivity
during the stimulus and coordination during the decision output [4]. Further theoretical work con-
firmed that the same mechanism can function in cases of quenched disorder (adding noise to coupling
constants) [92] and in interaction networks with more complicated structure [79]. In computational
models, two parameters must generally be tuned to reach the transition because the corresponding
cusp bifurcation has codimension 2 [23]. These results suggest that, even for strong heterogeneity,

functional decision-making requires tuning just two effective control variables [92].

Recent work has combined the drift-diffusion picture with the attractor picture by assuming an inte-
grator that builds a decision variable by integrating the summed activity of interacting neurons [93].
Depending on the relative strength of excitatory interactions and global inhibition, the dynamics enters
different phases with different decision properties, allowing for tuning between fast rough decisions
and slow accurate ones. This has been connected to experimental evidence that inhibition, as measured

by levels of inhibitory neurotransmitter (GABA), increases during more difficult decision tasks.’

>In this model, the transition is somewhat more complicated, as there are up to three stable fixed points: one inactive state
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Gene regulation: In gene regulatory networks, it is known that positive feedback can create bistability
and the degree of bistability can be adjusted by tuning the strength of this feedback. Creating bista-
bility where there was none before has been demonstrated experimentally by increasing the strength
of a positive feedback loop in regulatory gene expression dynamics [94]. The emergent states of gene
regulation can then look like a collective decision in which an initial “undecided” gene expression state
falls into one of two types. These transitions into discrete aggregate states are thought to be how spe-
cialized cell types are created [25,95]. The binary decision becomes a base case for thinking about more

complicated cases with multiple cell types.

In the process of development, we expect multiple dynamic transitions that destabilize pluripotent ag-
gregate states and create stable attractors corresponding to differentiated cell types. There are multiple
forms that such transitions can take, and progress has been made in enumerating the possibilities by
focusing first on collective decisions that start with one stable attractor and end with two (with the
assumption that more complicated transitions with larger codimension will be less commonly em-
ployed) [25]. Though still describing collective decisions, these can include bifurcations beyond the
cusp-like variety that we have highlighted here. Experimental gene expression data has been shown
to be consistent with the predictions of models that minimally reproduce particular bifurcations by

constructing an effective potential [96].

This picture of differentiation extends, too, to super-organisms, with individuals transitioning among
different states with specialized gene expression and behavior. Such a transition to bistability in gene
expression related to behavior was recently found in honey bees [97]. Young honey bees perform
in-hive tasks and later transition to foraging. This behavioral transition is thought to be connected
to a feedback loop in gene interactions within bees that can also be influenced by external signals.
Gene expression measured across ensembles of age-matched bees reveals the appearance and growth

of bistability consistent with movement past a continuous transition (pitchfork bifurcation) [97].

Animals moving toward multiple alternatives: Imagine an animal viewing multiple equally de-

sirable targets. Intuitively, we can predict that the animal will move toward the middle of the group

and two active, symmetric decision states. With the bias fixed at zero, a single parameter controls the stability of the
undecided state and therefore the timescales of integration of evidence.
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of targets when far away, but will switch to move toward just one of them when the perceived angle
between targets becomes large. This behavior can be explained by collective neural activity that forms
a ring attractor (which can be created, for example, using neurons that are physically arranged in a
ring topology, with locally excitatory and globally inhibitory interactions) [98]. As the animal moves
toward the targets, there is a transition between a “compromise” aggregate state, centered at the mean
perceived angle of targets, and “decision” aggregate states, each centered on an individual target. With
multiple targets at different angles, and in the absence of other symmetries, this model predicts mul-
tiple pitchfork transitions that each involve a binary decision: splitting the remaining possible targets
into two groups and heading toward the mean of one of the groups [99]. This binary splitting phe-
nomenon has been measured in fruit flies, locusts, and larval zebrafish using immersive virtual reality
environments [98]. The placement of system dynamics with respect to transitions in this case is some-
what more complicated. Note that the decision dynamics rely on a symmetry breaking from among
the continuous states defined by the ring attractor. This requires tuning to produce an emergent con-
tinuous symmetry, such that there is no bias toward any particular orientation. Also note that, in this
example, physical motion in space changes the sensory geometry, thereby moving the system across
collective transitions. In models, varying other neural parameters alters where in physical space these
transitions occur, effectively tuning the certainty an animal needs to have before committing to a single

target instead of hedging its bets with multiple options.

“Multi-stability” design pattern

Dynamics that create the possibility of large numbers of ordered states can create a variety of function-

ally important transitions, a rich set of possibilities that we leave open-ended here.

Neuronal metastable states: It is a natural and popular hypothesis that the functioning of brains is
related to their ability to create many different collective states, among which they can switch relatively
easily. Dynamics that produce large numbers of metastable states are then clearly a good place to start

in thinking about neuronal function. This idea has been explored for a long time in models connected to
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real data [100], with the simplest conclusion being that models near a critical phase transition produce

many metastable states.

Recent work has focused on how the interplay between positive local feedback and global negative
feedback creates tunable regimes near a critical point: both continuous and discontinuous transitions
organized around bistable regimes [75]. After a model neuronal network learns to produce dynamic
patterns (by creating attractors, as in a Hopfield network), changing two effective model parameters
(the strengths of global inhibition and learned excitatory interactions) moves the system toward or
away from a bistable area with hysteresis or a continuous area that shows large fluctuations and per-
sistent changing between learned patterns [101]. There is some evidence that models in this regime
are consistent with observed brain dynamics [102]. In terms of function, it is easy to believe that
both regimes would be useful. As the authors point out, “hysteresis is necessary, for example, for sen-
sory and memory persistence, while operation close to criticality advantageously optimizes dynamical

range, information capacity, and flexibility” [101].

Gene regulation: We finally note that a related transition into the so-called ‘spin-glass’ phase [103] can
produce many metastable states in heterogeneous dynamical networks. This has been hypothesized to
be related to how gene regulatory networks can create functional behavioral states and perhaps evolve
to learn new ones. There is growing evidence that biological regulatory networks have dynamics tuned
near such a transition [104]. This hypothesis does not produce precise functional details about how
individual metastable aggregate states are useful, but is suggestive that having multiple aggregate states

available may be useful for learning and evolution of new stable functionality [105].

Challenges and open questions

The use of low-dimensional theories of tuning near transitions is promising as a foundation for de-
scribing and predicting the dynamics of collective computations throughout living systems. There are,

however, many remaining obstacles to be resolved and open questions to be explored.
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Are low-dimensional transitions in fact ubiquitous in collective computation in living systems? There are
other ways for systems to have adaptive collective behavior that do not involve sharp transitions. For
instance, ant foraging rates can still change with external inputs without the positive feedback that
leads to a sharp transition, just not as dramatically [22]. This makes the use of collective transitions
in biology a hypothesis that needs testing and not just a reinterpretation of data and models. We may
similarly ask whether some computational functions, such as decisions or transistor-like adjustment of
sensitivity that we highlight here, are in some sense optimally or most easily implemented using col-
lective transitions, as compared to other potential mechanisms.® This question is related to the more
specific question of whether scale-free or heavy-tailed distributions can be blamed on a more restric-
tive notion of a “critical point™: a continuous phase transition displaying self-similarity. A number
of alternative explanations have been found—heavy-tailed distributions that instead can be traced to
mechanisms other than critical transitions (e.g. [107]), including joint responsiveness to environmen-
tal inputs [108]. Similar objections can be raised to the assumption that a given collective behavior
can be traced to transitions in a more general sense. Sudden changes to dynamics may, for instance,
arise from independent responses to changing inputs instead of from collectively amplified responses.
This highlights the importance of pinning down causal connections among components as opposed to
merely correlations, which is often difficult in complex systems. While there is arguably a consensus
that collective transitions of one type or another happen often in biological systems, it is still not well-
established which specific types of transitions occur most often and how they are related to specific
functionality. Experiments are needed that actively modulate dynamics (varying external conditions
or component states) and that look for features of specific transitions and motion relative to these

transitions (sensitivity, bistability, hysteresis) in order to robustly identify design patterns.

Is there a precise sense in which collective transitions fall into classes that can be considered universal?
This dream of universality via normal forms in bifurcation theory has been around for quite some
time [15, 109]. In this view, identifying collective transitions using bifurcation theory retains some

but not all of the properties of universality classes in statistical physics. Normal forms of bifurcations

SVariation among individuals in response thresholds, including context-dependent modulation, can smooth collective input-
output relationships and eliminate macroscopic bifurcations. In division-of-labor models, distributed thresholds allow
colonies to adjust worker allocation gradually as task demands change, which demonstrates how selection may favor
heterogeneity when continuous collective responses are advantageous [106].
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give rise to simplified, low-dimensional model formulations that ignore dynamics along unimportant
dimensions — analogous to how universality classes in statistical physics motivate the use of simplified
models that share the same scaling exponents but ignore microscopic fluctuations along irrelevant
dimensions [18]. Collective transitions are in an important sense more general, including more than
just continuous phase transitions that display self-similarity. An obstacle in this endeavor is how to
incorporate stochasticity (which is built in from the start in statistical physics) into bifurcation theory, a
topic that has received attention in applied mathematics [110] but is not as well developed as singularity

theory in deterministic systems.

What dimensionality reduction techniques are best for defining aggregate-scale order parameters related
to transitions? An important requirement for defining collective transitions that is not present in tradi-
tional bifurcation theory is defining relevant aggregate-scale variables. In statistical physics, such vari-
ables are called order parameters. In some cases, it is straightforward to hypothesize aggregate-scale
variables that are relevant to biological function: for instance, considering the adjustable sensitivity de-
sign pattern in foraging ants, a colony-level foraging rate is a simple sum over individual foraging rates.
In other cases, such as collective decisions in cell fate and neuronal dynamics, the relevant aggregate
states — cell types, behavioral states — are not always known, so it may be important to first search for
previously unknown decision states. There are many potential dimensionality reduction techniques for
finding relevant aggregate variables, including through estimation of the Fisher information [111], but

the space of methods here is still in development (for an example of defining cell identity, see [112]).

What is the relationship between the codimension of collective transitions and the phenomenon of param-
eter sloppiness? One can think of the tuning of collective behavior in terms of the space of parameters
that produces some desired output, or some desired input/output function. Intuitively, we may expect
that a low-dimensional constraint on the aggregate output of a high-dimensional system is likely to be
well-approximated by tuning only a small number of parameter directions. Recent results in parame-
ter degeneracy in functional outputs (“sloppy models”) [113] are also confronting the question of how
much tuning is required for functional output. At least under some assumptions, the codimension of
the required transition is equal to the number of “stiff” parameter dimensions that are well-constrained

by data and are most consequential to aggregate behavior. A few studies have explicitly related slop-
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piness to transitions: at a continuous phase transition, the number of stiff parameters is equal to the
number of relevant parameter directions in the renormalization group transformation [114], and more

generally, the codimension of a transition sets a lower bound on the number of stiff parameters [115].

What mechanisms do living systems use in tuning effective control variables? On different timescales,
we use different names for tuning: evolution at the slowest scales, learning and memory formation at
medium scales, and adaptation or regulation at the fastest scales. We know mechanisms at each scale
that could produce this tuning—genomic changes, synaptic plasticity, homeostatic dynamics, neuro-
transmitters, transcription factors, cognitive dynamics, social regulation—but in many cases, we do not
know for sure which of these are in play.” There may also be other physical or environmental sym-
metries that make it easier to tune toward a symmetry-breaking instability: for instance, rotational
symmetry in bird flocking or ant collective transport. This will require experiments that can measure,
and ideally control, relevant tunable variables. For example, in the adjustable sensitivity example of
fish startle cascades, the experiment measured varying distances between fish (something the fish can

presumably control) and connected this to the effective distance from a transition.

Is there a more general connection between the difficulty of “finding” collective transitions and their com-
putational abilities? There is a long history of viewing algorithmic structure in biological systems as
arising from random network ensembles that are put under selection pressure based on their func-
tional outputs [117,118]. In this case, the codimension would set part of the difficulty of making use
of a particular design pattern (assuming an ensemble corresponding to a relatively uniform prior over
parameters). This hypothesis could be tested in comparative studies that identify collective transitions
that produce similar functional dynamics across species. We would predict that transitions with the
lowest codimension necessary to produce a given dynamic would be most prevalent. This idea relates
to the “edge of chaos” hypothesis [119]: In this context, the hypothesis would imply that evolution

favors restricting parameters near such an edge because useful transitions are more prevalent there.

How does heterogeneity affect the phenomenology of collective transitions? Heterogeneity—stable differ-

ences among individuals in thresholds, responsiveness, or interaction rates—can qualitatively reshape

’Some parameters may be tuned “for free” through self-organized criticality, in which a conserved quantity and widely
separated timescales drive the system toward a critical point without explicit tuning [116].
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phase transitions in collective systems. In disordered models from statistical physics, such “quenched
disorder” can produce Griffiths phases, extended parameter regions with slow relaxation, broad vari-
ability, and power-law-like dynamics, even though the system is not precisely tuned to a critical point
[120-123]. Heterogeneity can also round off sharp transitions, narrowing the circumstances under
which hysteresis or bistability survives [122]. This arises in heterogeneous ant foraging models, where
large heterogeneity blurs transitions but still broadens trial-to-trial variability in final foraging lev-
els [22]. Different types of heterogeneity — variability in response thresholds, interaction rates, persis-
tence times, sensory noise, spatial fidelity, or energetic constraints — could preserve, shift, or destroy

transitions in distinct ways.

How does network structure determine the types of transition and localization? Clearly, the structure of
connectivity within a group plays a crucial role in defining collective dynamics. Research has begun
to explore the distinction between “liquid brains,” such as insect colonies, in which interactions are
transient over the timescale of decisions, and “solid brains,” made of neurons, in which interactions are
relatively fixed [124]. Basic arguments in statistical physics tell us that, in the “liquid” case, well-mixed
systems have dense connectivity and can be treated as effectively high-dimensional, with a phase di-
agram well-approximated by mean-field theory [125, 126]. In the “solid” case, fixed interactions can
lead to more complicated dependence on network structure. The effects of network structure have
been studied extensively in the literature on phase transitions [127]. Less is known about how net-
work structure relates to the precision with which interactions must be regulated to create functional

dynamics.

In navigating collective transitions, at what scale are parameters being controlled? This question lies at the
intersection of questions about tuning mechanisms and network structure. Roughly speaking, we may
expect that spectral properties of network structure will predict whether tuning near transitions can be
optimally controlled by a few key components or requires larger-scale changes [128]. When is control
fundamentally distributed; when is it localized; can there be many loci of control [129]? These questions
have been examined in computational models, and the experiments to test them are becoming feasible
in neuronal and cell regulatory dynamics with advances in recording and manipulation of activity

across large numbers of components.
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Are there typical stages to the evolution of adaptive collective behavior? The “magic” that leads to the
effective coordination of living systems, as we have argued, necessitates some degree of careful tuning.
Without feedback and tuning, collective behavior may not be a good match to the environment, even
when the individuals making up the collective are themselves well-adapted. This suggests an evolution-
ary process over which the advantageous regulation may be learned. We may speculate that earlier, less
well-developed versions of collective behavior correspond to more generic design patterns like stable
coordination, and highly regulated design patterns like collective decisions arise only later in evolution.
Some have argued that, for similar reasons, collective transitions are useful in thinking about the ori-
gin of life [130,131] and other major evolutionary transitions, at which previously autonomous entities
become increasingly interdependent and form a new collective evolutionary individual [132-134]. The
simplest such transitions perhaps involve only stable coordination, an early requirement for produc-
ing reproducible group-level phenotypes. Design patterns involving adjustable sensitivity, memory,
switching, or collective decisions may require additional mechanisms that align lower-level interests
and regulate effective control variables. The evolution of cooperation is known to involve reducing,
regulating, or resolving conflict among a group’s components, often together with increasing division
of labor and specialization [135-137]. These phenomena may be related to the regulation of collective
transitions, an important avenue for future work. Suggestively, in fields such as ecology [138] and cli-
mate science [139], collective transitions are seen mainly as a risk to be avoided. Is this because the
collectives involved are at a less-well-developed stage of evolution, in which collective behavior has

become relatively predictable and consequential but is not yet well-regulated?

Conclusions

The advantage of viewing collective behavior through such a coarse-grained lens, one that only tracks
the stability of aggregate-scale attractors and transitions among these, is the immense dimensionality
reduction compared to building models at the level of individual components and interactions. At the
same time, we believe this way of characterizing functional strategies—in terms of collective transitions

and tuning around these transitions—opens a new perspective for considering the space of possibilities
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available for living systems to explore in producing functional collective behavior.
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Glossary
« “coarse-graining”: the act of simplifying the representation of a collective system, typically by
ignoring some details at the scale of individual components

« “component”: an individual constituent part of a group, defining the “micro” scale (e.g., one insect,

neuron, or gene)

. “aggregate state”: a coarse-grained description of the system’s dynamical state, usually incorpo-

rating an average over many components, defining the “macro” scale

« “collective transition”: a qualitative change in aggregate-scale behavior induced by changing one

or more control parameters

« “effective control variable”: a property, such as a strength of interaction between components or
an individual’s threshold to action, that can be varied in system components in order to regulate

the positioning of collective dynamics with respect to transitions

« “bifurcation” a change in the number, stability, or nature of stationary points in a dynamical

system as a control variable is varied
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“bifurcation manifold”: the set of points in parameter space at which a bifurcation occurs

“codimension”: characterizing a bifurcation, equal to the total dimension of parameter space mi-
nus the dimensionality of the bifurcation manifold, the codimension represents the number of
control variable dimensions that must be tuned in order to generically locate a particular bifur-

cation

“criticality”: the regime near a continuous phase transition in which fluctuations become large
and long-ranged, correlation times increase, and collective responses to perturbations are typi-

cally maximized

“phase transition”: a discontinuity in the value or a derivative of an order parameter as a control

variable is changed, defined exactly only in the limit of an infinite number of components

“universality”: the idea that different microscopic mechanisms can produce the same collective
behavior, so that key macroscopic properties are effectively independent of many microscopic

details

“collective transition design pattern”: a recurring functional use of collective dynamics, charac-
terized at an algorithmic level by (i) a type of collective transition and (ii) how effective control
variables are positioned or moved relative to the corresponding bifurcation manifold to achieve

a goal (e.g., sensing, switching, memory, decision)

“amplification”: the strengthening of a collective response through interactions among compo-
nents, such that small individual-level perturbations or biases can produce large changes at the

aggregate scale

27



584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

References

(1]

(3]

(5]

Pratt SC, Mallon EB, Sumpter DJT, Franks NR. Quorum sensing, recruitment, and collective
decision-making during colony emigration by the ant Leptothorax albipennis. Behavioral Ecol-

ogy and Sociobiology. 2002;52(2):117-127. doi:10.1007/500265-002-0487-x.

Krotov D, Dubuis JO, Gregor T, Bialek W. Morphogenesis at criticality. Proceedings of the

National Academy of Sciences. 2014;111(10):3683-3688. doi:10.1073/pnas.1324186111.

Chaudhuri R, Fiete I. Computational principles of memory. Nature Neuroscience. 2016;19(3):394—

403. d0i:10.1038/nn.4237.

Daniels BC, Flack JC, Krakauer DC. Dual coding theory explains biphasic collective
computation in meural decision-making.  Frontiers in Neuroscience. 2017;11(June):1-16.

do0i:10.3389/fnins.2017.00313.

Couzin ID. Collective cognition in animal groups. Trends in cognitive sciences. 2009;13(1):36—43.

do0i:10.1016/j.tics.2008.10.002.

Solé R, Amor DR, Duran-Nebreda S, Conde-Pueyo N, Carbonell-Ballestero M, Montafiez R. Syn-

thetic collective intelligence. BioSystems. 2016;148:47-61. doi:10.1016/j.biosystems.2016.01.002.

Hein AM, Rosenthal SB, Hagstrom GI, Berdahl A, Torney CJ, Couzin ID. The evolution of
distributed sensing and collective computation in animal populations. eLife. 2015;4:€10955.

doi:10.7554/eLife.10955.

McMillen P, Levin M. Collective intelligence: A unifying concept for integrating biology across

scales and substrates. Communications Biology. 2024;7(1):378. doi:10.1038/s42003-024-06037-4.

Falandays JB, Kaaronen RO, Moser C, Rorot W, Tan J, Varma V, et al. All intelligence is collective

intelligence. Journal of Multiscale Neuroscience. 2023;2(1):169-191. doi:10.56280/1564736810.

28



606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

[10]

[12]

[13]

[14]

[15]

(18]

[20]

Barfuss W, Flack J, Gokhale CS, Hammond L, Hilbe C, Hughes E, et al. Collective coopera-
tive intelligence. Proceedings of the National Academy of Sciences. 2025;122(25):e2319948121.

doi:10.1073/pnas.2319948121.

Marr DC, Poggio T. From Understanding Computation to Understanding Neural Circuitry. Mas-

sachusetts Institute of Technology Artificial Intelligence Laboratory. 1976; p. 1-22.

Mora T, Bialek W. Are Biological Systems Poised at Criticality? Journal of Statistical Physics.

2011;144:268-302. doi:10.1007/s10955-011-0229-4.

Munoz MA. Colloquium: Criticality and dynamical scaling in living systems. Reviews of Modern

Physics. 2018;90:031001.

Leonard NE, Bizyaeva A, Franci A. Fast and Flexible Multiagent Decision-Making. Annu Rev

Control Robot Auton Syst. 2024;7:12.1-12.27. d0i:10.1146/annurev-control-090523-100059.

Thom R. Structural Stability, Catastrophe Theory, and Applied Mathematics. SIAM Review.

1977;19(2):189-201. doi:10.1137/1019036.

Kolata GB. Catastrophe Theory: The Emperor Has No Clothes. Science. 1977;.

Zahler RS, Sussmann H]J. Claims and accomplishments of applied catastrophe theory. Nature.

1977;269(5631):759-763. doi:10.1038/269759a0.

Sethna JP. Statistical Mechanics: Entropy, Order Parameters, and Complexity. 2nd ed. Ox-
ford: Oxford University Press; 2021. Available from: https://doi.org/10.1093/0s0o/

9780198865247 .001.0001.

Horowitz P, Hill W. The art of electronics. 2nd ed. Cambridge [England] ; New York: Cambridge

University Press; 1989.

Alon U. Network motifs: theory and experimental approaches. Nat Rev Genet. 2007;8(6):450-461.

d0i:10.1038/nrg2102.

29



629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

[21]

[22]

[23]

[24]

[25]

[26]

(28]

[29]

[30]

Ferrell J James E. Self-perpetuating states in signal transduction: positive feedback, double-

negative feedback and bistability. Current Opinion in Cell Biology. 2002;14(2):140-148.

Lynch CM, Daniels BC. Tuning regimes in ant foraging dynamics depend on the existence of

bistability. Journal of the Royal Society Interface. 2026;23:20250838. doi:10.1098/rsif.2025.0838.

Kuznetsov YA. Elements of applied bifurcation theory. Springer-Verlag; 1995.

Wolpert DH, Korbel J. What does it mean for a system to compute?; 2025. Available from: http:

//arxiv.org/abs/2509.15855.

Rand DA, Raju A, Sidez M, Corson F, Siggia ED.  Geometry of gene regulatory dy-
namics. Proceedings of the National Academy of Sciences. 2021;118(38):e2109729118.

doi:10.1073/pnas.2109729118.

Sarfati R, Hayes JC, Peleg O. Self-organization in natural swarms of Photinus carolinus syn-

chronous fireflies. Science Advances. 2021;7(28):1-6. do0i:10.1126/sciadv.abg9259.

Sayin S, Couzin-Fuchs E, Petelski I, Giinzel Y, Salahshour M, Lee CY, et al. The behavioral
mechanisms governing collective motion in swarming locusts. Science. 2025;387(6737):995-1000.

doi:10.1126/science.adq7832.

Kléber AG, Rudy Y. Basic Mechanisms of Cardiac Impulse Propagation and Associated Arrhyth-

mias. Physiological Reviews. 2004;84(2):431-488. doi:10.1152/physrev.00025.2003.

Bialek W, Cavagna A, Giardina I, Mora T, Silvestri E, Viale M, et al. Statistical mechanics for
natural flocks of birds. Proceedings of the National Academy of Sciences. 2012;109(13):4786—

4791. doi:10.1073/pnas.1118633109.

Chaudhuri R, Gergek B, Pandey B, Peyrache A, Fiete I. The intrinsic attractor manifold and pop-
ulation dynamics of a canonical cognitive circuit across waking and sleep. Nature Neuroscience.

2019;22(9):1512-1520. doi:10.1038/s41593-019-0460-x.

30



652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

[31]

[32]

[34]

[35]

[37]

(38]

[39]

Romanczuk P, Daniels BC. Phase Transitions and Criticality in the Collective Behavior of An-
imals — Self-Organization and Biological Function. In: Order, Disorder and Criticality. World
Scientific; 2023. p. 179-208. Available from: https://www.worldscientific.com/

doi/10.1142/9789811260438_0004.

Graf IR, Machta BB. A bifurcation integrates information from many noisy ion channels and
allows for milli-Kelvin thermal sensitivity in the snake pit organ. Proceedings of the National

Academy of Sciences. 2024;121(6):e2308215121. do0i:10.1073/pnas.2308215121.

Gelblum A, Pinkoviezky I, Fonio E, Ghosh A, Gov N, Feinerman O. Ant groups optimally
amplify the effect of transiently informed individuals. Nature Communications. 2015;6:7729.

d0i:10.1038/ncomms8729.

Feinerman O, Pinkoviezky I, Gelblum A, Fonio E, Gov NS. The physics of cooperative transport

in groups of ants. Nature Physics. 2018;14:683-693. doi:10.1038/s41567-018-0107-y.

Chatterjee A, Tzook T, Gov NS, Feinerman O. Maximal response to a mechanical leader at critical

group size in ant collectives. Nature Communications. 2025;16(1):5983.

Vennettilli M, Erez A, Mugler A. Multicellular sensing at a feedback-induced critical point. Phys-

ical Review E. 2020;102(5):052411. doi:10.1103/PhysRevE.102.052411.

Poel W, Daniels BC, Sosna MMG, Twomey CR, Leblanc SP, Couzin ID, et al. Subcritical escape

waves in schooling fish. Science Advances. 2022;8(11):eabm6385. doi:10.1126/sciadv.abm6385.

Hahn G, Ponce-Alvarez A, Monier C, Benvenuti G, Kumar A, Chavane F, et al. Spontaneous corti-
cal activity is transiently poised close to criticality. PLOS Computational Biology. 2017;13(5):1-29.

doi:10.1371/journal.pcbi.1005543.

Lin G, Escobedo R, Li X, Xue T, Han Z, Sire C, et al. Experimental evidence of stress-induced

critical state in schooling fish. PRX Life. 2025;3:033018. do0i:10.1103/nr7p-m4ff.

31



675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

[40]

[41]

[42]

[45]

[46]

[47]

(48]

[49]

Buonomo B. A note on the direction of the transcritical bifurcation in epidemic models. Nonlinear

Analysis: Modelling and Control. 2015;20(1):38-55. doi:10.15388/NA.2015.1.3.

Kuehn C, Bick C. A universal route to explosive phenomena.  Science Advances.

2021;7(16):eabe3824. doi:10.1126/sciadv.abe3824.

Ouellette NT. A physics perspective on collective animal behavior. Physical Biology.

2022;19(2):021004. doi:10.1088/1478-3975/ac4bef.

Yu JH, Napoli JL, Lovett-Barron M. Understanding collective behavior through neurobiology.

Current Opinion in Neurobiology. 2024;86:102866. d0i:10.1016/j.conb.2024.102866.

Sosna MMG, Twomey CR, Bak-Coleman J, Poel W, Daniels BC, Romanczuk P, et al. Individual and
collective encoding of risk in animal groups. Proceedings of the National Academy of Sciences.

2019;116(41):20556—20561. doi:10.1073/pnas.1905585116.

Fahimipour AK, Gil MA, Celis MR, Hein GF, Martin BT, Hein AM. Wild animals suppress the
spread of socially transmitted misinformation. Proceedings of the National Academy of Sciences.

2023;120(14):e2215428120. doi:10.1073/pnas.2215428120.

Tunstrem K, Katz Y, Ioannou CC, Huepe C, Lutz MJ, Couzin ID. Collective states, multistability
and transitional behavior in schooling fish. PLOS Computational Biology. 2013;9(2):€1002915.

doi:10.1371/journal.pcbi.1002915.

Klamser PP, Romanczuk P. Collective predator evasion: Putting the criticality hypothesis to the

test. PLOS Computational Biology. 2021;17(3):e1008832. doi:10.1371/journal.pcbi.1008832.

Daniels BC, Krakauer DC, Flack JC. Sparse code of conflict in a primate society. Proceedings of

the National Academy of Sciences. 2012;109(35):14259. do0i:10.1073/pnas.1203021109.

Daniels BC, Krakauer DC, Flack JC. Control of finite critical behaviour in a small-scale social

system. Nature Communications. 2017;8:14301. doi:10.1038/ncomms14301.

32



698

699

700

701

702

703

704

705

706

707

708

709

710

Al

712

713

714

715

716

717

718

719

720

721

[50]

(53]

[54]

[56]

[57]

(58]

Shew WL, Yang H, Yu S, Roy R, Plenz D. Information capacity and transmission are maxi-
mized in balanced cortical networks with neuronal avalanches. The Journal of Neuroscience.

2011;31(1):55-63. doi:10.1523/JNEUROSCI.4637-10.2011.

Williams-Garcia RV, Moore M, Beggs JM, Ortiz G. Quasicritical brain dynamics on a nonequilib-

rium Widom line. Physical Review E. 2014;90(6):1-8. doi:10.1103/PhysRevE.90.062714.

Fontenele AJ, de Vasconcelos NAP, Feliciano T, Aguiar LAA, Soares-Cunha C, Coimbra B,
et al. Criticality between cortical states. Physical Review Letters. 2019;122(20):208101.

doi:10.1101/454934.

Fagerholm ED, Lorenz R, Scott G, Dinov M, Hellyer PJ, Mirzaei N, et al. Cascades and cog-
nitive state: Focused attention incurs subcritical dynamics. The Journal of Neuroscience.

2015;35(11):4626-34. doi:10.1523/JNEUROSCI.3694-14.2015.

Priesemann V, Valderrama M, Wibral M, Le Van Quyen M. Neuronal avalanches differ from
wakefulness to deep sleep: Evidence from intracranial depth recordings in humans. PLOS Com-

putational Biology. 2013;9(3):€1002985. do0i:10.1371/journal.pcbi.1002985.

Tagliazucchi E, Chialvo DR, Siniatchkin M, Amico E, Brichant JF, Bonhomme V, et al. Large-scale
signatures of unconsciousness are consistent with a departure from critical dynamics. Journal of

the Royal Society Interface. 2016;13(114). doi:10.1098/rsif.2015.1027.

Froemke RC. Plasticity of cortical excitatory-inhibitory balance. Annual Review of Neuroscience.

2015;38:195-219. doi:10.1146/annurev-neuro-071714-034002.

Shew WL, Yang H, Petermann T, Roy R, Plenz D. Neuronal avalanches imply maximum dynamic
range in cortical networks at criticality. The Journal of neuroscience : the official journal of the

Society for Neuroscience. 2009;29(49):15595-600. doi:10.1523/JNEUROSCI.3864-09.2009.

Gordon DM. The regulation of foraging activity in red harvester ant colonies. American Natu-

ralist. 2002;159(5):509-518. doi:10.1086/339461.

33



722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

[59]

[60]

[62]

[64]

[66]

[67]

Gordon DM, Guetz A, Greene MJ, Holmes S. Colony variation in the collective regulation of

foraging by harvester ants. Behavioral Ecology. 2011;22(2):429-435. do0i:10.1093/beheco/arq218.

Davidson JD, Arauco-Aliaga RP, Crow S, Gordon DM, Goldman MS. Effect of interactions be-
tween harvester ants on forager decisions. Frontiers in Ecology and Evolution. 2016;4(OCT):1-17.

doi:10.3389/fevo.2016.00115.

Franks NR.  Teams in social insects: group retrieval of prey by army ants (Eciton
burchelli, Hymenoptera: Formicidae). Behavioral Ecology and Sociobiology. 1986;18:425-429.

doi:10.1007/BF00300517.

Hisamoto Y, Hosaka T, Matsunami M, Iwasaki J. Route reassessment for cooperative transport

in ants. Journal of Ethology. 2020;38:107-116. d0i:10.1007/s10164-019-00626-1.

McCreery HF, Dix Z, Breed MD, Nagpal R.  Cooperative transport in ants: a collec-
tive strategy for obstacle navigation. Journal of Experimental Biology. 2016;219:3366-3375.

doi:10.1242/jeb.143818.

Carlesso D, Stewardson M, McLean C, Garnier S, Feinerman O, Reid CR. Leaderless consensus in
collective transport. Proceedings of the Royal Society B: Biological Sciences. 2024;291:20232367.

doi:10.1098/rspb.2023.2367.

Schneirla TC, Brown RZ, Brown FC. The bivouac or temporary nest as an adaptive fac-
tor in certain terrestrial species of army ants. Ecological Monographs. 1954;24(3):269-296.

doi:10.2307/1948466.

Nouvian M, Reinhard J, Giurfa M. The defensive response of the honeybee Apis mellifera. Journal

of Experimental Biology. 2016;219(22):3505-3517. doi:10.1242/jeb.143016.

McCann S, Moeri O, Jimenez SI, Scott C, Gries G. Developing a paired-target apparatus for
quantitative testing of nest defense behavior by vespine wasps in response to con- or het-
erospecific nest defense pheromones. Journal of Hymenoptera Research. 2015;46:151-163.

doi:10.3897/JHR.46.6585.

34



747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

[68]

[70]

Hager FA, Kirchner WH. Vibrational long-distance communication in the termites Macroter-
mes natalensis and Odontotermes sp. Journal of Experimental Biology. 2013;216(17):3249-3256.

doi:10.1242/jeb.086991.

Udiani O, Pinter-Wollman N, Kang Y. Identifying robustness in the regulation of collective for-
aging of ant colonies using an interaction-based model with backward bifurcation. Journal of

Theoretical Biology. 2015;367:61-75. d0i:10.1016/].jtbi.2014.11.026.

Feng T, Kang Y. Foraging Dynamics in Social Insect Colonies: Mechanisms of Back-
ward Bifurcations and Impacts of Stochasticity. Mathematical Biosciences. 2025;384:109436.

do0i:10.2139/ssrn.4840875.

Beekman M, Sumpter DJ, Ratnieks FL. Phase transition between disordered and ordered for-
aging in Pharaoh’s ants. Proceedings of the National Academy of Sciences. 2001;98(17):9703-6.

doi:10.1073/pnas.161285298.

[72] Jackson DE, Martin SJ, Holcombe M, Ratnieks FLW. Longevity and detection of persistent forag-

ing trails in Pharaoh’s ants, Monomorium pharaonis (L.). Animal Behaviour. 2006;71(2):351-359.

doi:10.1016/j.anbehav.2005.04.018.

[73] Jackson DE, Chéline N. Modulation of pheromone trail strength with food qual-

ity in Pharaoh’s ant, Monomorium pharaonis. Animal Behaviour. 2007;74(3):463—-470.

doi:10.1016/j.anbehav.2006.11.027.

Loengarov A, Tereshko V. Phase transitions and bistability in honeybee foraging dynamics.

Artificial Life. 2008;14(1):111-120. d0i:10.1162/artl.2008.14.1.111.

Wang SH, Siebenhiihner F, Arnulfo G, Myrov V, Nobili L, Breakspear M, et al. Critical-like Brain
Dynamics in a Continuum from Second- to First-Order Phase Transition. The Journal of Neuro-

science. 2023;43(45):7642-7656. doi:10.1523/JNEUROSCI.1889-22.2023.

35



770

77

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

[76]

(78]

[79]

[80]

(81]

(83]

[84]

Franks NR, Dornhaus A, Fitzsimmons JP, Stevens M. Speed versus accuracy in collective deci-
sion making. Proceedings of the Royal Society B: Biological Sciences. 2003;270(1532):2457-2463.

doi:10.1098/rspb.2003.2527.

Marshall JR, Bogacz R, Dornhaus A, Planqué R, Kovacs T, Franks NR. On optimal decision-making
in brains and social insect colonies. Journal of the Royal Society, Interface. 2009;6(40):1065-74.

doi:10.1098/rsif.2008.0511.

Chittka L, Skorupski P, Raine NE. Speed-accuracy tradeoffs in animal decision making. Trends

in Ecology and Evolution. 2009;24(7):400-407. doi:10.1016/j.tree.2009.02.010.

Daniels BC, Romanczuk P. Quantifying the impact of network structure on speed and accuracy
in collective decision-making. Theory in Biosciences. 2021;140:379-390. doi:10.1007/s12064-020-

00335-1.

Feinerman O, Korman A. Individual versus collective cognition in social insects. Journal of

Experimental Biology. 2017;220(1):73-82. doi:10.1242/jeb.143891.

Czaczkes TJ, Griiter C, Ratnieks FLW. Trail pheromones: an integrative view of their role
in social insect colony organization. Annual Review of Entomology. 2015;60(1):581-599.

doi:10.1146/annurev-ento-010814-020627.

Price RI, Griiter C, Hughes WOH, Evison SEF. Symmetry breaking in mass-recruiting ants:
extent of foraging biases depends on resource quality. Behavioral Ecology and Sociobiology.

2016;70(11):1813—-1820. doi:10.1007/s00265-016-2187-y.

Pratt SC, Sumpter DJT. A tunable algorithm for collective decision-making. Proceedings of the

National Academy of Sciences. 2006;103(43):15906—-15910. doi:10.1073/pnas.0605352103.

Seeley TD, Visscher PK. Quorum sensing during nest-site selection by honeybee swarms. Be-

havioral Ecology and Sociobiology. 2004;56(6):594-601. doi:10.1007/s00265-004-0814-5.

36



793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

(85]

[90]

[91]

[92]

[93]

Haefner RM, Gerwinn S, Macke JH, Bethge M. Inferring decoding strategies from choice
probabilities in the presence of correlated variability. Nature Neuroscience. 2013;16(2):235-42.

d0i:10.1038/nn.3309.

Gold ]I, Shadlen MN. The neural basis of decision making. Annual Review of Neuroscience.

2007;30:535-74. doi:10.1146/annurev.neuro.29.051605.113038.

Hanks TD, Summerfield C. Perceptual decision making in rodents, monkeys, and humans. Neu-

ron. 2017;93(1):15-31. d0i:10.1016/j.neuron.2016.12.003.

Bogacz R, Brown E, Moehlis ], Holmes P, Cohen JD. The physics of optimal decision making: A
formal analysis of models of performance in two-alternative forced choice tasks. Psychological

Review. 2006;113(4):700-765.

Kiani R, Hanks TD, Shadlen MN. Bounded integration in parietal cortex underlies decisions
even when viewing duration is dictated by the environment. The Journal of Neuroscience.

2008;28(12):3017-3029. doi:10.1523/JNEUROSCI.4761-07.2008.

Wang X]J. Probabilistic decision making by slow reverberation in cortical circuits. Neuron.

2002;36(5):955-968. d0i:10.1016/S0896-6273(02)01092-9.

Wang XJ. Decision Making in Recurrent Neuronal Circuits. Neuron. 2008;60(2):215-234.

doi:10.1016/j.neuron.2008.09.034.

Arehart E, Jin T, Daniels BC. Locating decision-making circuits in a heterogeneous neural net-

work. Frontiers in Applied Mathematics and Statistics. 2018;4:11. doi:10.3389/fams.2018.00011.

Tapinova O, Finkelman T, Reitich-Stolero T, Paz R, Tal A, Gov NS. Integrated Ising Model
with global inhibition for decision-making. Proc Natl Acad Sci USA. 2025;122(36):e2423557122.

doi:10.1073/pnas.2423557122.

Ingolia NT, Murray AW. Positive-Feedback Loops as a Flexible Biological Module. Current Biol-

ogy. 2007;17(8):668—677. doi:10.1016/j.cub.2007.03.016.

37



817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

[95]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

Mojtahedi M, Skupin A, Zhou ], Castafio IG, Leong-Quong RYY, Chang H, et al. Cell Fate
Decision as High-Dimensional Critical State Transition. PLOS Biology. 2016;14(12):e2000640.

doi:10.1371/journal.pbio.2000640.

Saez M, Blassberg R, Camacho-Aguilar E, Siggia ED, Rand DA, Briscoe J. Statistically derived ge-
ometrical landscapes capture principles of decision-making dynamics during cell fate transitions.

Cell Systems. 2022;13(1):12-28.e3. doi:10.1016/j.cels.2021.08.013.

Daniels BC, Wang Y, Page RE, Amdam GV. Identifying a developmental transition in
honey bees using gene expression data. PLOS Computational Biology. 2023;19(9):e1010704.

doi:10.1371/journal.pcbi.1010704.

Sridhar VH, Li L, Gorbonos D, Nagy M, Schell BR, Sorochkin T, et al. The geometry of
decision-making in individuals and collectives. Proceedings of the National Academy of Sci-

ences. 2021;118(50):e2102157118. doi:10.1073/pnas.2102157118.

Gorbonos D, Gov NS, Couzin ID. Geometrical Structure of Bifurcations during Spatial Decision-

Making. PRX Life. 2024;2(1):013008. doi:10.1103/PRXLife.2.013008.

Haldeman C, Beggs J. Critical Branching Captures Activity in Living Neural Networks and
Maximizes the Number of Metastable States. Physical Review Letters. 2005;94(5):058101.

doi:10.1103/PhysRevLett.94.058101.

Minati L, Scarpetta S, Andelic M, Valdes-Sosa PA, Ricci L, De Candia A. First- and second-
order phase transitions in electronic excitable units and neural dynamics under global inhibitory

feedback. Chaos, Solitons & Fractals. 2024;182:114701. do0i:10.1016/j.chaos.2024.114701.

Angiolelli M, Scarpetta S, Sorrentino P, Troisi E, Quarantelli M, Granata C, et al. The role of
criticality in the structure-function relationship in the human brain. Physical Review Research.

2025;.

Anderson PW. Introduction. In: Stein DL, editor. Spin Glasses and Biology. River Edge, NJ: World

Scientific; 1992. p. 1-5.

38



842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

Daniels BC, Kim H, Moore D, Zhou S, Smith H, Karas B, et al. Criticality distinguishes the
ensemble of biological regulatory networks. Physical Review Letters. 2018;121(13):138102.

doi:10.1103/PhysRevLett.121.138102.

Torres-Sosa C, Huang S, Aldana M. Criticality Is an Emergent Property of Genetic Networks that

Exhibit Evolvability. PLOS Computational Biology. 2012;8(9). doi:10.1371/journal.pcbi.1002669.

Beshers SN, Fewell JH. Models of division of labor in social insects. Annual Review of Entomol-

ogy. 2001;46(1):413-440.

Corominas-Murtra B, Hanel R, Thurner S. Understanding scaling through history-dependent
processes with collapsing sample space. Proceedings of the National Academy of Sciences.

2015;112(17):5348-5353. doi:10.1073/pnas.1420946112.

Schwab DJ, Nemenman I, Mehta P. Zipf’s Law and Criticality in Multivariate Data without Fine-

Tuning. Physical Review Letters. 2014;113(6):068102.

Izhikevich EM. Multiple cusp bifurcations. Neural Networks. 1998;11(3):495-508.

doi:10.1016/S0893-6080(97)00117-2.

Sri Namachchivaya N.  Stochastic bifurcation. = Applied Mathematics and Computation.

1990;38(2):101-159. doi:10.1016/0096-3003(90)90051-4.

Prokopenko M, Lizier JT, Obst O, Wang XR. Relating Fisher information to order parameters.

Physical Review E. 2011;84(4):041116.

Yampolskaya M, Herriges M]J, Ikonomou L, Kotton DN, Mehta P. scTOP: physics-inspired order
parameters for cellular identification and visualization. Development. 2023;150(21):dev201873.

doi:10.1242/dev.201873.

Bauer M, Bialek W, Goddard C, Holmes CM, Krishnamurthy K, Palmer SE, et al.. Optimization and

variability can coexist; 2025. Available from: http://arxiv.org/abs/2505.23398.

39



865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

Machta BB, Chachra R, Transtrum MK, Sethna JP. Parameter space compression underlies emer-

gent theories and predictive models. Science. 2013;342(6158):604—7. doi:10.1126/science.1238723.

Anderson CNK, Transtrum MK. Sloppy model analysis identifies bifurcation parameters without

normal form analysis. Physical Review E. 2023;108(6):064215. doi:10.1103/PhysRevE.108.064215.

Dickman R, Munoz MA, Vespignani A, Zapperi S. Paths to Self-Organized Criticality. Brazilian

Journal of Physics. 2000;30(1):27-41. doi:10.1590/50103-97332000000100004.

Kauffman SA. Metabolic stability and epigenesis in randomly constructed genetic nets. Journal

of Theoretical Biology. 1969;22(3):437-467. doi:10.1016/0022-5193(69)90015-0.

Mastrogiuseppe F, Ostojic S. Linking Connectivity, Dynamics, and Computations in Low-Rank

Recurrent Neural Networks. Neuron. 2018;99:609-623.

Langton C. Computation at the edge of chaos: phase transitions and emergent computation.

Physica D: Nonlinear Phenomena. 1990;42:12-37.

Griffiths RB. Nonanalytic Behavior Above the Critical Point in a Random Ising Ferromagnet.

Physical Review Letters. 1969;23(1):17-19. doi:10.1103/PhysRevLett.23.17.

Noest AJ. New universality for spatially disordered cellular automata and directed percolation.

Physical Review Letters. 1986;57(1):90-93. doi:10.1103/PhysRevLett.57.90.

Vojta T. Rare region effects at classical, quantum and nonequilibrium phase transitions. Journal of

Physics A: Mathematical and General. 2006;39(22):R143-R205. d0i:10.1088/0305-4470/39/22/R01.

Muiioz MA, Juhasz R, Castellano C, Odor G. Griffiths Phases on Complex Networks. Physical

Review Letters. 2010;105(12):128701. doi:10.1103/PhysRevLett.105.128701.

Solé R, Moses M, Forrest S. Liquid brains, solid brains. Philosophical Transactions of the Royal

Society B: Biological Sciences. 2019;374(1774). doi:10.1098/rstb.2019.0040.

Ma SK. Modern theory of critical phenomena. Reading, Mass.: W. A. Benjamin; 1976.

40



888

889

890

891

892

893

894

895

896

897

898

899

900

901

903

904

905

906

907

908

909

910

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

Plischke M, Bergersen B. Equilibrium Statistical Physics. World Scientific; 2006.

Dorogovtsev SN, Goltsev AV, Mendes JFF. Critical phenomena in complex networks. Reviews of

Modern Physics. 2008;80(4):1275-1335. doi:10.1103/RevModPhys.80.1275.

Lee ED, Chen X, Daniels BC. Discovering sparse control strategies in neural activity. PLOS

Computational Biology. 2022;18(5):e1010072. doi:10.1371/journal.pcbi.1010072.

Yadav G, Daniels BC. The coexistence of localized and distributed behavioral information in

neural activity. biorxiv 20231117567603. 2023;d0i:10.1101/2023.11.17.567603.

Smith E. Emergent order in processes: the interplay of complexity, robustness, correlation, and
hierarchy in the biosphere. In: Lineweaver CH, Davies PCW, Ruse M, editors. Complexity and

the Arrow of Time. 1st ed. Cambridge University Press; 2013. p. 191-223.

Solé R, De Domenico M. Bifurcations and phase transitions in the origins of life. Philo-
sophical Transactions of the Royal Society B: Biological Sciences. 2025;380(1936):20240295.

doi:10.1098/rstb.2024.0295.

Szathmaéry E, Maynard Smith J. The major evolutionary transitions. Nature. 1995;374(6519):227—

232. doi:10.1038/374227a0.

Michod RE. Evolution of individuality during the transition from unicellular to multicellular life.
Proceedings of the National Academy of Sciences of the United States of America. 2007;104(suppl.

1):8613-8618. d0i:10.1073/pnas.0701489104.

West SA, Fisher RM, Gardner A, Kiers ET. Major evolutionary transitions in individual-
ity.  Proceedings of the National Academy of Sciences of the United States of America.

2015;112(33):10112-10119. doi:10.1073/pnas.1421402112.

Queller DC. Relatedness and the fraternal major transitions. Philosophical Transactions of the

Royal Society B: Biological Sciences. 2000;355(1403):1647-1655. doi:10.1098/rstb.2000.0727.

41



911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

[136] Michod RE, Herron MD. Cooperation and conflict during evolutionary transitions in individual-

ity. Journal of Evolutionary Biology. 2006;19(5):1406—-1409. d0i:10.1111/j.1420-9101.2006.01142.x.

[137] Queller DC, Strassmann JE. Beyond society: The evolution of organismality.  Philo-
sophical Transactions of the Royal Society B: Biological Sciences. 2009;364(1533):3143-3155.

doi:10.1098/rstb.2009.0095.

[138] Boettiger C, Hastings A. Quantifying limits to detection of early warning for critical transitions.

Journal of the Royal Society Interface. 2012;9(75):2527-2539. doi:10.1098/rsif.2012.0125.

[139] Russill C. Climate change tipping points: origins, precursors, and debates. WIREs Clim Change.

2015;6:427-434. doi:10.1002/wcc.344.

Supporting Information

S1 Appendix. Mathematical background for collective-transition design patterns. A basic
overview of the mathematical concepts and terminology, including phase transitions, bifurcations, and

mean-field theory.

S$2 Appendix. Biological case study. A more detailed example in social insect foraging demonstrating

how interactions among individuals can generate collective transitions.
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