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Abstract9

The remarkable cohesion and coordination of moving animal groups and their collective10

responsiveness to threats are often attributed to scale-free correlations, where behavioral11

changes in one animal influence others in the group, regardless of the distance between them.12

But are these features independent of group size? Here, we investigate group cohesiveness and13

collective responsiveness in computational models of massive schools of fish of up to 50,00014

individuals. We show that as the number of swimmers increases, flow interactions destabilize15

the school, creating clusters that constantly fragment, disperse, and regroup, much like in16

natural animal groups. Importantly, while spatial correlations in cohesive and polarized17

clusters are indeed scale free, fragmentation events are preceded by a decrease in correlation18

length, weakening the group’s collective responsiveness and leaving it more vulnerable to19

predation. We further show that information about directional changes propagates linearly20

in time among group members, thanks to the non-reciprocal nature of visual interactions21

between individuals. Merging events speed up this information transfer, while fragmentation22

slows it down. Our findings suggest that flow interactions may have played an important23

role in group size regulation, behavioral adaptations, and dispersion in living animal groups.24

Introduction25

Nature is in a perpetual state of reorganization. In animal groups on the move, such as in bird26

flocks [1–3], fish schools [4–6], and insect swarms [7–9], local social interactions result in cohesive27

global patterns [4, 10–14]. However, while these cohesive patterns are regularly documented28

in systems of small or moderate size [4, 6, 15–19], it is unclear how they scale with increasing29

group size [20]: do large groups remain cohesive or do they undergo dynamic reorganization? We30

∗Corresponding author: Kanso@usc.edu
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address this question in massive simulations of schooling fish, where individual swimmers interact31

through self-generated flows and follow behavioral rules inferred directly from experimental data32

in shallow water environments [6, 16, 17, 21]. By optimizing our computational algorithms, we33

simulate over long times the motion of groups of up to 50,000 fish. We show that “more is34

different” [22, 23]. Where smaller groups maintain cohesive and polarized formations, larger35

groups spontaneously reorganize, constantly fragmenting, scattering and reassembling, similarly36

to empirical observations of large flocks of birds [1, 2] and schools of fish [20, 24–26]. We analyze37

how this self-reorganization influences the collective responsiveness and speed of information38

propagation between members of the group [1, 4, 27].39

Collective responsiveness in self-organized animal groups manifests in long-ranged spatial40

correlations [1, 28, 29]. Correlation measures how the change in the behavior of one individual41

influences the behavior of others in the group. An animal group exhibits maximal responsiveness42

to a perturbation, say, caused by an attacking predator [20, 30], when correlations are scale-free,43

that is, when the range of spatial correlations scales with the linear group size [1, 30]. Analysis44

of empirical data of large bird flocks confirms that spatial correlations scale linearly with group45

size L [1]. But do these results translate to groups of swimmers?46

In physical models of flow-coupled swimmers, microscopic [31–33] and inertial [18, 34–36],47

fluctuations get amplified as they propagate via the fluid medium, hindering group cohesion.48

These models do not enable individual swimmers to sense and actively respond to flows. Bi-49

ological swimmers, on the other hand, are flow sensitive [37–39] and seem to correlate their50

tailbeat frequencies and phase [40–42], but the extent of flow-mediated correlations is limited51

in space [18]. Recent evidence suggests that vision is both necessary and sufficient for polarized52

schooling [43]. Even in robotic agents, active response to visual cues is sufficient to produce53

scale-free correlations in polarized collectives [44]. But are these scale-free correlations universal54

to groups of individuals with long-ranged visual and hydrodynamic interactions? If so, how55

does dynamic reorganization within the group, including splitting and merging event, affect the56

extent of spatial correlations? Statistical analysis in the context of our schooling model reveals57
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that spatial correlations in cohesive and polarized groups are indeed scale free, much like in58

natural animal groups, but the correlation length decreases prior to fragmentation. This loss of59

scale-free correlations serves as a predictive marker of fragmentation.60

Spatial correlations reflect the extent of information spread within a group but fail to cap-61

ture the dynamic nature of information propagation. How fast does information travel within62

a polarized group? Motivated by analyses of information propagation in bird flocks [27], we63

approach this question by considering the behavior of our interacting swimmers during sponta-64

neous collective turns. We find that the information about the change in direction propagates65

linearly in time across the group, at speeds much faster than the individual swimming speed.66

This is in sharp contrast to the diffusive information propagation in symmetric consensus-based67

models [10], and in the absence of behavioral inertia [27]. We show that symmetry is broken68

due to the non-reciprocal nature of the interactions between individual swimmers [45, 46]. We69

further find that merging of separate clusters speeds up the transfer of information within each70

cluster by several folds, while fragmentation slows it down. Interestingly, flow interactions en-71

hance the information travel speed beyond what would be expected from non-reciprocal visual72

interactions alone.73

Results74

Mathematical Model. Consider a system of N fish, where each fish is represented as a self-75

propelled particle moving at a constant speed U (m·s−1) relative to the flow velocity. Each fish76

follows behavioral rules, derived empirically from shallow-water experiments [6, 15], modulated77

by an asymmetrical visual field representing frontal-biased perception [6]. Additionally, each78

fish creates a flow disturbance represented by its far-field potential dipole (Fig. 1A) [34, 47] and79

responds to the combined flow generated by all other swimmers [16, 17].80

Let fish i be located at xi ≡ (xi, yi) in an inertial (x, y)-frame and have a heading direction81

pi ≡ (cos θi, sin θi) expressed in terms of the orientation angle θi measured from the x-axis. The82

velocity vi = ẋi, where (̇) represents derivative with respect to time t, and the change of heading83
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angle dθi are governed by the equations of motion, written directly in non-dimensional form,84

with swimming speed U = 1,85

ẋi = vi = Upi +Ui,

dθi =

∑
j∈Vi

(rij sin θij + Ia sinϕij) (1 + cos θij)∑
j∈Vi

(1 + cos θij)
dt+Ωidt+ IndWt.

(1)

The first term on the right-hand side of the orientation equation represents the fish change in86

heading in response to visual feedback: fish i only “sees” its Voronoi neighbors Vi, with attraction87

intensity normalized to one and non-dimensional alignment intensity Ia, both averaged with88

weight 1 + cos θij modeling continuously a rear blind angle [15] (Fig. 1B). The intermediate89

variables rij = ∥xi − xj∥, θij = (∠(xj − xi)− θi), and ϕij = θj − θi represent, respectively, the90

relative distance, viewing angle, and difference in heading angle between fish i and j. The non-91

dimensional noise intensity In scales a standard Wiener process W (t) modeling the fish “free92

will” [48].93

The vector Ui represents the flow velocity generated by all other swimmers at the location94

of swimmer i and Ωi denotes the angular velocity95

Ui =

N∑
j=1,j ̸=i

If
π

p⊥
j sin 2θji + pj cos 2θji

r2ij
, Ωi = pi ·

dUi

dx
|xi · p⊥

i , (2)

where p⊥ is a unit vector orthogonal to p and If is the strength of fish-induced dipolar flow96

field, which, by definition, introduces a dimensionless length scale a =
√

If/U reflecting the97

swimmer’s bodylength [47]. Eqs. (1)– (2) form a closed set of 3N differential equations governing98

the 3N unknowns (xi, yi, θi), where i = 1, . . . , N . These equations depend solely on three non-99

dimensional parameters, In, Ia, and If , representing the noise, alignment, and hydrodynamic100

intensities.101

Fixing the hydrodynamic intensity and varying the noise and alignment intensities in groups102

of N = 100 fish produces distinct collective phases, from swarming to polarized schooling [16].103

In polarized schools, the dipolar hydrodynamic interactions represented by Uj destabilize side-104
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by-side configurations, favoring in-line arrangements (Fig. S1) [31, 34, 47]. This hydrodynamic105

drafting increases the school’s average velocity, given by ⟨v⟩ = 1
N

∑N
j=1 ẋj =

1
N

∑N
j=1 (Upj +Uj),106

causing the group to swim, on average, faster than the individual swimming speed U [16].107

Dynamic reorganization, fragmentation, dispersal, and reassembly in large fish108

schools. Using (1)-(2), we numerically simulated the motion of a school of 50,000 fish cou-109

pled via visual feedback rules and flow interactions in an unbounded planar domain (Fig. 1,110

Suppl. Movie 1). Here, we used parameter values (In, Ia, If ) that, in smaller groups of 100111

fish, led to stable polarized schooling [16, 17] (Fig. 2A). We optimized our computational al-112

gorithms in order to scale our simulations to groups of the order of 104 swimmers (Methods).113

In the group of 50,000 fish, starting from random initial conditions, the fish self-organized into114

coherent polarized structures that dynamically fragmented and reassembled, exhibiting large115

density fluctuations (Fig. 1, Suppl. Movie 1), comparable to empirical observations of large bird116

flocks [1] and fish schools [20, 24–26].117

We systematically varied the number of swimmers N . In Fig. 2A-C, we report cohesive118

and highly polarized schools of 100 and 1000 swimmers and loss of global cohesion in a school119

of 10,000 swimmers, where distinct polarized clusters moved in different directions. Statistical120

results from sample simulations at N = 100, 1000, 10,000, and 50,000 are reported in Fig. 2D-121

G. The polarization order parameter P = ∥
∑N

j=1 pj∥/N is consistently close to 1 for N = 100122

and 1000, indicating high polarization at all time. For N= 10,000 and 50,000, P fluctuates123

violently, reflecting the reorganization and constant splitting and merging in larger schools: a124

sharp decrease in P indicates a splitting event, while a sharp increase indicates a merging event.125

Considering the average velocity ⟨v⟩ =
∑N

j=1 vj/N of the entire school, we found that, on126

average, schools swam faster than the individual self-propelled speed U for N =100 and 1000 be-127

cause of flow interaction, consistent with [16], but slower for N =10,000 and 50,000 because these128

larger schools broke up into subgroups that themselves swam faster but in random directions.129

This increase in the speed of the polarized clusters is due to hydrodynamic interactions (1-2).130

For example, in the snapshots in Fig. 2A-C, the school moved at an average speed of 1.20 at131
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N = 100, 1.08 at N = 1000, and 0.54 at N =10,000. The highly-polarized clusters that formed132

within the larger schools could reach equally high speeds as their free counterparts; in Fig. 2C,133

the four clusters moved at speeds 1.14, 0.83, 0.86, 1.08, but in different directions leading to134

an overall speed of 0.54 (Suppl. Movie 2). The time evolution of cos(∠⟨v⟩), where ∠⟨v⟩ repre-135

sents the school’s overall orientation, shows more frequent changes in orientation at smaller N ,136

whereas in the larger schools, frequent splitting and merging events create subgroups that move137

in random directions, hindering the entire school from turning together cohesively. Fig. 2F and138

G show the number of subgroups per school identified by a density-based clustering algorithm139

(Methods, [49–51]) and the average number of fish per cluster. The larger schools at N= 10,000140

and 50,000 exhibited wider distributions, reminiscent of empirical observations [25], suggesting141

the existence of a capacity of number of swimmers per polarized cluster that follows a distribu-142

tion skewed towards moderate values, with a heavy tail beyond which the cluster breaks up and143

reorganizes. Because of the behavioral and statistical similarities between N= 10,000 and N =144

50,000, and to save computational effort, hereafter we investigate the mechanisms responsible145

for this behavior in groups of up to 10,000 fish.146

Transition from cohesion to fragmentation in larger schools. In Fig. 3A, we report147

the time-averaged values of the school polarization P as a function of N . As we varied N from148

100 to 10,000, up to N ≈ 1000, the swimmers exhibited stable schooling, behaving mostly as149

an indivisible entity, with consistently high polarization values P greater than 0.95. Beyond150

N = 1000, the school began to fragment, forming locally polarized subgroups that dynamically151

rejoined and separated again. This indicates the existence of a bifurcation depending on school152

size, past which the dynamic reorganization within the school caused a decrease in the global153

polarization order parameter and an increase in its variance (Fig. 3A). In the highly polarized154

and cohesive regime, the school turned frequently and rarely fragmented, but as N increased,155

the frequency of global turning events decreased while the frequency of splitting and merging156

increased (Fig. 3B).157
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Flow interactions trigger spontaneous reorganization within the school. We next158

asked what mechanisms lead to the school fragmentation and self-reorganization at larger N .159

Given that our model accounts for vision-based rules of alignment and attraction, flow interac-160

tions, and individual noise, we set out to test the role of each in triggering the transition from the161

cohesive state to the state of self-reorganization with increasing school size. We first suppressed162

all hydrodynamic interactions, and considered a school of 10,000 swimmers interacting only via163

vision-based rules. We observed no fragmentation, reassembly, and reorganization, independent164

of noise levels (Supplementary Fig. S2D). At exceedingly large noise, the school transitioned to a165

swarming phase where all polarization was lost, consistent with classic models [4, 5, 13, 15, 16].166

We thus concluded that the vision-based rules of attraction and aligning to Voronoi neighbors167

lead to no fragmentation of the group, independent of group size, and that noise alone is not suf-168

ficient for self-reorganization. Hydrodynamic interactions are important. With hydrodynamic169

interactions and no noise, the phenomena of dynamic reorganization, fragmentation, dispersal,170

and reassembly remain largely unchanged (Fig. S3). At a fixed dipole intensity, varying the noise171

intensity has little effect on the collective pattern (Fig. 3C). These results imply that the tran-172

sition from cohesive schooling to self-reorganization is driven by flow interactions. To explore173

the threshold of this flow-induced instability, we maintained the same noise level and varied174

the intensity of the hydrodynamic interactions by increasing the dipolar field If across several175

orders of magnitudes from 10−4 to 5: since If ∼ a2U is proportional to the swimmer’s speed U176

and the square of the bodylength a, a weaker dipolar intensity represents smaller and slower fish177

and a larger dipolar intensity represents larger and faster fish [16]. In Fig. 3D, we report results178

across this wide range of If for N = 100, 1000, and 10,000 swimmers. Smaller schools maintain179

school cohesion at larger values of If . In larger schools, cohesion is lost at smaller values of180

If , indicating that the capacity for cohesive schools depends on the hydrodynamic intensity of181

individual swimmers, which in turn depends on their size and speed. That is, smaller fish can182

school cohesively in larger numbers (Fig. 3E).183
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Scale-free correlation breaks down during school self-reorganization. The range of184

spatial correlations in polarized flocks of birds was shown to scale with the maximal length of185

the flock [1]. This linear scaling of correlation length with group size implies that the effective186

perception range of each individual encompasses the entire group and enables transfer of infor-187

mation between members regardless of distance, ensuring collective response to perturbations [1,188

2, 26]. We asked whether these conclusions are generic to emergent polarization in groups of self-189

propelled individuals, including our simulations of schooling fish, and how self-reorganization190

within the school, in the form of continuous fragmentation, dispersal, and reassembly, affects191

the range of spatial correlation and the ability to transfer information among school members.192

To address these questions, we first considered cohesive and highly polarized groups of swim-193

mers ranging in size from N = 100 to 1000, where consistent with [1], we analyzed snapshots with194

high degree of polarization (P > 0.9). For swimmer i, we defined the fluctuation δvi around the195

group’s mean velocity as δvi = vi − ⟨v⟩ (Fig. 4A,B). By construction,
∑N

i=1 δvi = 0, indicating196

no net fluctuations in the net motion of the center of mass of the school. We calculated the197

spatial correlation function C(r) of velocity fluctuations (Methods), where the span of r does not198

exceed the length L of the group defined as L = max ∥xi−xj∥. A positive value of C(r) close to199

1 implies that the fluctuations are nearly parallel and strongly correlated. Conversely, a negative200

value of C(r) close to −1 implies that the fluctuations are antiparallel and anticorrelated. A201

value of C(r) ≈ 0 implies a random distribution of velocity fluctuations with no correlation. In202

Fig. 4C, we report C(r) versus r for the snapshot presented in Fig. 4A. At short distances, the203

correlation is close to 1 and decays with increasing r, becoming negative at large interindividual204

distances, indicating strong correlation at short distances and strong anticorrelation at large205

distances, and in no range of r are the velocity fluctuations uncorrelated.206

To explain the behavioral implications of this form of C(r), we defined the correlation length207

ξ as the relative distance r at which C(ξ) = 0. By definition, the value of ξ is the maximal208

size of the positively correlated domain. In Fig. 4D, the resulting correlation length ξ is plotted209

versus school length L using simulations at various sets of parameters (If , Ia, In) and school size210
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N ≤ 1000, provided P > 0.9 (Table S1). We found that ξ increases linearly with L, much like211

in the case of starling flocks [1]. We found no scale-free behavior in speed correlations, because212

speed fluctuations in our model are due to passive hydrodynamic interactions and do not arise213

from active interactions between the swimmers (Fig. S4). These results confirm that scale-free214

correlations in velocity fluctuations are generic. They reflect the rotational interactions encoded215

at the level of individual swimmers (Eq. 1), and can be attributed to the existence of a Goldstone216

mode associated with the breaking of rotational symmetry leading to group polarization [52, 53].217

Interestingly, in our simulations, the slope of the best fit of ξ vs L is nearly one-third, similar218

to the slope reported in [1] for natural bird flocks.219

But does this scale-free correlation generalize to larger groups that continuously reorganize?220

To answer this question, we revisited the simulation of N = 10,000 fish reported in Fig. 2 and221

identified cohesive and highly polarized clusters within the school that are about to undergo222

self-reorganization. In Fig. 4E, we report a snapshot where the entire school moves cohesively,223

at high polarization, preceding a splitting event, where the school fragments into three different224

clusters (highlighted in different colors). We calculated the time evolution of the polarization225

parameter P of the entire school and of the subgroups that later constituted the three separate226

clusters (Fig. 4F). The school maintained a high level of polarization until the time at which227

it fragmented, beyond which P decreased, but each cluster recovered quickly, exhibiting high228

polarization per cluster. Interestingly, a gradual decrease in the correlation length ξ far preceded229

the sharp decrease in P , while the school size L remained unchanged (Fig. S5E), inducing an230

overall decrease in ξ/L over time and loss of scale-free correlation prior to fragmentation. This231

loss in scale-free correlation is predictive of an upcoming splitting event in all cohesive clusters.232

To verify this, we considered the time evolution of the school of 10,000 swimmers and, at each233

snapshot, we identified all clusters of cohesive swimmers, selected highly-polarized clusters for234

which P > 0.9, calculated the corresponding ξ and L, and plotted the joint probability density235

function of cluster size L and correlation length ξ as a heatmap over the (L, ξ) space (Fig. 4G).236

The (L, ξ) values are concentrated at and below the scale-free correlation line (dashed grey)237
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obtained in stable schools in Fig. 4D. Highlighted on this plot are the (L, ξ) values corresponding238

to the fragmentation event reported in Fig. 4E,F: the correlation length starts at the scale-free239

line ξ/L ∼ 1/3 and decreases before the onset of splitting (grey arrow), emphasizing the loss of240

scale-free correlation during school reorganization.241

Loss of scale-free correlation is a predictive marker of fragmentation. To support242

our finding that loss of scale-free correlation is a precursor to fragmentation, we revisited the243

case of N = 1000. At N = 1000, fragmentation events are isolated and thus simpler to analyze,244

as opposed to the school of 10,000 fish where multiple fragmentation events could occur simul-245

taneously. We conducted 10 Monte Carlo simulations at N = 1000 for a total duration of 1000246

time units each.247

In Fig. 5A, we show snapshots of a splitting and merging event, and in Fig. 5B, we show248

the time evolution of the polar order parameter P , school size L, correlation length ξ and249

ratio of correlation length to school size ξ/L over a time window before and including a single250

fragmentation and merging event (highlighted in grey). Before the onset of fragmentation,251

the polarization P and school size L remain relatively stable. After fragmentation, the school252

size L increases and then decreases during merging. Importantly, ξ and ξ/L seem to decrease253

prior to the onset of fragmentation. To quantify this decrease in correlation length prior to254

fragmentation, we analyzed the time evolution of all 10 Monte Carlo simulations, discarding the255

initial 200 time units to ensure that the school has reached steady state. We then identified256

the time t∗ marking the onset of each fragmentation event and the time t† marking the end of257

merging following fragmentation, and took the time average of P , L, ξ, and ξ/L over a time258

window starting at the end of the preceding merging event and ending 100 time units prior to259

the onset of the next fragmentation event. We also averaged these values over a time window260

starting at t∗− τ and ending at the onset of fragmentation t∗. We tested four different values of261

τ = 10, 30, 50 and 100. Collecting the statistics from all simulations (Fig. 5C), we found that262

the polar order parameter P and school size L were largely insensitive to the temporal placement263

of the averaging window, far or right before a fragmentation event. However, the correlation264
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length ξ and ratio ξ/L decreased significantly right before a fragmentation event. These results265

reinforce our conclusion that the correlation length decreases prior to fragmentation and that266

this decrease serves as a predictive marker of fragmentation.267

Information propagates linearly in time in cohesive groups. Spatial correlations reflect268

the extent of information spread within a group but do not describe the dynamics of information269

propagation nor the efficiency of a collective response to environmental factors [1, 27, 52]. An270

efficient collective response depends on how fast localized perturbations succeed in modifying the271

behavior of the entire group. Take, for example, a group changing its overall heading direction272

(Fig. 6A and Suppl. Movie 3). The actual execution of such turn is not instantaneous, because273

a certain amount of time is needed to propagate the turn throughout the group. During this274

time, cohesion is strained by the mismatch between individuals who have already turned and275

those who have not yet done so, as reflected by a drop in polarization P (Fig. S5B). Therefore,276

the speed at which information is transferred from individual to individual plays a crucial role277

in maintaining group cohesion, which in return is key for scale-free correlation and collective278

responsiveness.279

We set out to quantify information transfer in cohesive groups first, then to assess the effect280

of school reorganization – fragmentation and merging – on information transfer. To fix ideas, we281

analyzed, following [27], a collective turn in a cohesive group of N = 1000 swimmers. Given the282

trajectory of each swimmer i (Fig. 6A), we calculated the curvature κi as a function of time and283

identified the time ti of maximum curvature. For each pair of swimmers, i and j, we calculated284

their mutual turning delay, τij = ti − tj , defined as the amount of time by which swimmer j285

turns before (τij > 0) or after (τij < 0) swimmer i (Methods, Fig. 6B, inset, and S5C). From the286

delays τij , we ranked all swimmers in the group according to their turning order and labeled each287

swimmer i by its order oi in terms of its absolute turning time ti with respect to the top-ranking288

swimmer. We found that the top-ranking swimmers – the first swimmers to turn – are physically289

close to each other (Fig. 6C, inset). That is, the collective turn has a spatially localized origin290

and propagates anisotropically from front to back through swimmer-to-swimmer transmission291

11
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of information.292

Given that the motion of the group is two-dimensional and that the turn has a localized293

origin, the information propagates a distance di =
√

oi/ρ, where ρ is the school density, which294

remains nearly constant during the turn. Plotting di versus time (Fig. 6C), we found a clear linear295

regime at early and intermediate times, implying that the distance traveled by the information296

grows linearly with time d(t) = ct, where c is the speed of propagation of information; its value297

is about 20 times that of the self-propelled speed U of individual swimmers in our model. We298

repeated this analysis for various turning instances in schools ranging in size from 100 to 2000299

swimmers (Fig. S6). The information transfer speed fluctuated with the number of swimmers300

but remained consistently an order of magnitude larger than that of the individual swimming301

speed (Fig.7B).302

Information travels linearly thanks to non-reciprocal visual interactions. The linear303

and fast propagation of information within the school is a key factor in preserving school cohesion304

during turning. What is the mechanism responsible for this phenomenon? Theoretical models305

based on local alignment with neighboring individuals, such as the Vicsek model [10], lead306

to diffusive information propagation, with speeds that scale sublinearly with
√
t [27]. In [27],307

to account for the linear propagation speed of directional changes observed in empirical data308

of bird flocks, the authors introduced behavioral inertia into the alignment dynamics. This309

modification transformed the diffusive model into a wave equation, allowing information to310

propagate both forward and backward across the group. However, our results are based on a311

kinematic model (1)- (2) that ignores the inertia of the fluid and individual swimmers. In our312

model, the key ingredient enabling information to propagate linearly in time is the non-reciprocal313

nature of visual interactions between individuals.314

To explain the role of non-reciprocal vision in information propagation within the group,315

we set out to derive a continuum partial differential equation governing the phase φ, where316

φi = θi − ⟨θ⟩ is the perturbation from the school average heading direction ⟨θ⟩ = ∠v. Ignoring317
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noise and flow interactions, and starting from the alignment dynamics in (1), we get318

θ̇i = Ia

∑
j∈Vi

sinϕij(1 + cos θij)∑
j∈Vi

(1 + cos θij)
. (3)

Considering, with no loss of generality, ⟨θ⟩ = 0 and assuming the swimmers are located on a319

two-dimensional square lattice of mesh size α, we coarse-grain (3) over a box containing a focal320

swimmer and four immediate neighbors and take the continuous limit to arrive at321

∂φ

∂t
=

α2Ia
4

∆φ+
αIa
2

(
∂φ

∂x
+ φ

∂φ

∂y

)
≈ α2Ia

4
∆φ+

αIa
2

∂φ

∂x
. (4)

The equation governing φ has an anisotropic advection term, where φ is advected linearly in the322

longitudinal direction and non-linearly in the transverse direction, albeit at much smaller and323

thus ignorable speed (considering that φ ≪ 1). The diffusion term scales with α2Ia, while the324

advection term scales with αIa, implying that in dense schools, linear advection is dominant.325

That is, unlike the second-order wave equation in [27], information here is governed by a first-326

order transport equation. Ignoring diffusion and considering an initial perturbation φ0(x, y) =327

A sin(kx) in the longitudinal x-direction of amplitude A and wavelength k, the perturbation328

propagates from front to back at a speed c = αIa/2, following φ(t, x, y) = A sin(k(x+ ct)).329

To test the prediction that information propagates linearly from the front to the back of the330

school at speed c ∝ αIa in numerical simulations with noise and flow interactions, we systemat-331

ically varied both the alignment and noise intensities and calculated the resulting polarization332

P in cohesive groups (Figs. 7A, S9). We found that P satisfies the relation P = 1 − In/Ia333

derived in [27] using the spin-wave approximation. We also calculated the information transfer334

speed c during turning as a function of Ia/In and found that, indeed, c scales linearly with335

Ia/In (Fig. 7C), demonstrating consistency between our simulations and the scaling law derived336

from the alignment model. Our results uncover a vision-based mechanism for linear information337

propagation, distinct from the behavioral inertia proposed in [27]. Indeed, our results differ338

from [27] in two ways: c scales linearly with alignment intensity Ia, in contrast to the sublinear339

13



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

scaling c ∝
√
Ia in [27], and information propagates from the front to the back of the school,340

as opposed to the isotropic information propagation in [27]. Importantly, our theory shows an341

anisotropy in the information transfer speed, with information traveling faster in the longitudi-342

nal direction of the school. Experimental evidence in animal groups support our findings that343

information transfer is anisotropic, arising from the non-reciprocal nature of local vision-based344

interactions. In rummy-nose tetras, U-turns propagate front-to-back through the school at an345

approximately constant speed [54], whereas in pigeon flocks, the lateral placement of the eyes346

biases visual interactions toward side neighbors, leading to predominantly lateral information347

flow [55]. Assessment of the relative effects of inertia [27] and non-reciprocal visual interactions348

on the transfer of information in natural animal groups would require integrating models with349

empirical data [56].350

Fragmentation slows down information propagation and merging speeds it up. We351

next examined splitting events during school self-reorganization. In Fig. 6D, we show trajectories352

of the splitting event pointed out in Fig. 4E, where the polarized school of 10, 000 swimmers353

splits into three subgroups, each turning in a different direction. We analyzed each subgroup354

(Figs. 6D, S5D-F) and found that information travels linearly at nearly the same speed in all355

three subgroups, at about three fold faster than the self-propelled speed U , but at much slower356

compared to information travel speed during free turning (Fig. 6F, 7B). This is perhaps not357

surprising given the loss of spatial correlation prior to and during fragmentation (Fig. 4F,G).358

We also examined information transfer during merging events. In Fig. 6G, we show trajec-359

tories of a merging event in the simulation of 10,000 swimmers, where two subgroups, starting360

from polarized states in different directions, turn and merge into a single subgroup. During361

merging, swimmers from different subgroups do not mix. Analyzing each subgroup (Figs. 6E,F,362

S5G-I), we found that the information transfer speed increases, reaching up to 40 fold that of363

the self-propelled speed, much faster than information propagation in free turning and during364

fragmentation. To further probe the robustness of these results, we analyzed multiple merg-365

ing events in clusters of different sizes ranging from 1000 to 3000 (Fig. S7). We found that366
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the information transfer speed is consistently higher during merging, indicating that continu-367

ous information input from neighboring clusters increases the speed of information propagation368

(Fig. 7).369

Flow interactions enhance information travel speeds. Lastly, we explored the effect of370

flow interactions on information travel speed. In Fig. 7D, we fixed the alignment and noise371

intensities and systematically varied the hydrodynamic intensity If from 10−4 to 0.05. Results372

are shown in Fig. 7D inset on a semi-log scale. At small hydrodynamic intensity, the school stays373

cohesive and the information transfer speed follows closely that predicted by the vision-based374

alignment model c ∝ αIa, where we set α = ⟨VND⟩. However, as If increases, the information375

speed diverges from this model prediction.376

To help explain the effect of hydrodynamic interactions on information propagation, we377

considered how a perturbation in phase φi propagates via the fluid medium only (Methods).378

In the continuum limit, we found that, as in the alignment model, hydrodynamic interactions379

alone cause information to travel from the front to the back of the school with speed c ∝380

If/α
2. However, this flow-based scaling does not correctly predict the information travel speed381

of the school, because of the non-trivial interplay between vision and hydrodynamic interactions.382

Indeed, hydrodynamics affects the average distance to Voronoi neighbors ⟨VND⟩ (Figs. S1383

and S9D), which in turn affects the information travel speed due to alignment c ∝ αIa, where384

α = ⟨VND⟩. If hydrodynamic coupling between swimmers had no direct effect on c other385

than through its effect on ⟨VND⟩, we would expect c/⟨VND⟩ to be independent of If ; rather,386

it increases linearly with If (Fig. 7D), indicating that hydrodynamic interactions, coupled to387

vision-based alignment, enhance information transfer speeds.388

Discussion389

We explored information propagation in mathematical models of massive schools of fish, consist-390

ing of up to 50,000 individuals. We showed that (1) as the school size increases, flow interactions391
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destabilize global polarization, creating locally polarized clusters that dynamically self-organize,392

fragment and reassemble, akin to empirical observations in natural fish schools [25]; (2) while393

correlations in velocity fluctuations in cohesive and polarized clusters are scale-free, splitting394

events are preceded by a decrease in correlation length; (3) information propagates linearly in395

time within cohesive groups, at speeds exceeding 20 times that of the swimming speed of the396

individual, thanks to the non-reciprocal nature of visual interactions between individuals, with397

inertia playing no part in this ballistic information transfer speed; (4) the speed of information398

propagation is robust to group size but varies with self-organization: merging of separate clusters399

increases the speed of information transfer within each cluster, while fragmentation decreases400

it; and (5) flow interactions enhance the information propagation speed.401

Our findings have important implications on size regulation [57, 58] and behavioral adapta-402

tions [59] in living animal groups. Our model predicts that larger and faster-moving swimmers403

that generate stronger dipolar flows fragment with increasing number of swimmers, and smaller-404

sized swimmers can school cohesively in bigger numbers; Indeed, several of the natural species405

of fish that form massive schools, such as sardines, herring, and anchovies, have relatively small406

bodylength, not exceeding 30 cm, and typical swimming speeds of 1 to 2 bodylength per second.407

The prospect that flow physics may have played a role in the evolution and regulation of group408

size is an exciting direction for future work [20].409

Another key area to explore in future work is the role of flow interactions in modulating410

the spatial dispersal of fish species [60]. In our model, flow interactions cause large schools to411

disperse in random directions, akin to a ‘divide and conquer’ strategy, where the group splits412

up and explores different regions of the space independently before regrouping. Our results are413

consistent with observations in pelagic fish schools that fragment and rejoin, with many species414

of fish exhibiting spatial distributions that are skewed toward small sizes with a long tail toward415

large sizes [25]. Here, we went beyond reporting the fragmentation-rejoining process to proposing416

a flow-based mechanism that drives, or at least contributes, to this important behavior in natural417

fish schools. Understanding the factors that influence spatial dispersal patterns is important418
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because these patterns, in turn, influence numerous processes that are fundamental for the419

survival of population, such as mate-finding [61–64], disease transmission [65, 66], foraging and420

prey-detection [30, 67–70], and predator avoidance [71–73].421

In natural animal groups preyed upon by faster-moving predators [26], the speed of infor-422

mation propagation within the group is critical to ensure a swift response to predatory threat.423

Our result that school fragmentation – a strategy thought to confuse predators [13, 74] – comes424

at the cost of losing scale-free correlation prior to fragmentation and decreasing the information425

propagation speed within the group, suggests an evolutionary trade-off between maximizing in-426

formation propagation within the group and creating confusion for the predator. It also suggests427

that fragmenting the school could be an effective predation strategy that weakens the perception428

range of the prey, especially in collective predation [75, 76].429

Methods430

A. Computational method431

To numerically solve the system of equations (1-2) for a large number of fish N , one needs a computationally432

efficient approach to handle the all-to-all hydrodynamic interactions and Voronoi tessellation at each time step.433

The computational complexity due to the hydrodynamic interactions in (2) scales with O(N2). To handle these434

interactions, we optimized and paralleled the code responsible for computing the direct sum in (2) using a just-in-435

time compiler called Numba [77]. Numba compiles, optimizes, and parallelizes the Python code to approach the436

computational performance of C or Fortran. Note that fast multipole methods (FMM) reduce the computational437

complexity of the hydrodynamic interactions from O(N2) to nearly O(N) [78, 79], but FMM algorithms do not438

have a significant advantage over direct sum in systems of the order of 104 agents [79], hence our choice to directly439

optimize the O(N2) sum in (2). For the Voronoi tessellation in two dimensions (2D), efficient algorithms exist440

for reducing this task to O(N logN) [80]. We utilized the function Delaunay in Scipy [81]. We implemented441

these approaches in evaluating the right-hand sides of (1) at each time step dt, discretized the noise term using442

dWt = N (0, 1)
√
dt, and used an explicit Euler–Maruyama method to integrate (1) forward in time at a timestep443

size dt = 10−2 [82]. We run our algorithm on an Exxact Valence Workstation with a 56-core Intel Xeon W9-444

3495X CPU. With this software and hardware setup, a timestep takes about 1 second for 10, 000 agents, with445

hydrodynamic interactions and Voronoi tessellation taking about half of the computational time each. Integrating446
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the motion of 10, 000 agents over a time interval T = 1000 took about a day; integrating the motion of 50, 000447

swimmers for the same time interval took about three weeks.448

B. Statistical and data-driven analysis449

Polar order parameter. To quantify the degree of polarization within each group or subgroup of swim-450

mers, we calculated the polar order parameter P = ∥
∑N

j=1 pj∥/N ∈ [0, 1], where P = 1 when all swimmers are451

heading in the same direction; it is nearly zero for randomly oriented swimmers.452

Identifying splitting and merging events Fish remained cohesive in relatively small groups, but in453

large schools, we observed dynamic splitting and merging where the large school got divided into subgroups, each454

moving in a different direction that seemed to randomly rejoin and divide again for the entire simulation time.455

To identify these splitting and merging events, we examined the time evolution of the polar order parameter:456

P rapidly decreased or increased when a splitting or merging event occurred. To determine the time scale at457

which these events took place, we calculated the dominant frequency of dP/dt using Fast Fourier transformation458

(FFT). In the absence of splitting and merging events, such as at small number of fish, the FFT is characterized459

by high frequencies due to individual-level noise. We discarded these frequencies (equivalent to a low-pass filter)460

to identify the frequencies at which the splitting and merging events occurred in large schools. We discard all461

frequencies larger than 0.5. The inverse of this dominant frequency defines the time scale of splitting and merging.462

Clustering algorithm. To identify the number of distinct subgroups in large groups of swimmers as a463

function of time, we used a numerical approach based on clustering methods [83]. Because in this active system, the464

individual clusters have versatile and time-varying shapes, we needed a computational approach that could handle465

arbitrarily shaped clusters. Classic clustering methods based on expectation–maximization algorithms [84], such as466

K-means [85] or Mixture Models [86], suffer in identifying intertwined clusters with time-varying shapes. Here, we467

used density-based methods that are designed to separate low- and high-density regimes in the domain and identify468

complex-shaped clusters [49–51, 87, 88]; particularly, we used the Hierarchical Density-Based Spatial Clustering469

of Applications with Noise (HDBSCAN) algorithm [49–51], implemented in the scikit-learn package [89], which470

has been successfully applied to identify clusters in simulations of the Vicsek model [83].471

Spatial correlation in velocity fluctuations. The degree of polarization P provides little insights472

into the collective response in a school [1, 52]. To understand the collective response, we examined how fluctuations473

in each swimmer’s velocity correlate with those of others. For swimmer i, we defined the fluctuation δvi around474

the group’s mean velocity as δvi = vi − ⟨v⟩N , where ⟨v⟩N =
∑N

j=1 vj/N . By construction,
∑N

i=1 δvi = 0,475

which simply indicates no net motion in the center of mass reference frame of the school. We defined the spatial476

18



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

correlation function C(r) of fluctuations, which measures the average inner product of velocity fluctuations of477

swimmers at a distance r from each other,478

C(r) =
1

Co

∑
i

∑
j(δvi · δvj)δ(r − rij)∑
i

∑
j δ(r − rij)

. (5)

Here, the Dirac-delta function δ(r− rij), where rij = ∥rij∥ and rij = xi−xj , selects pairs of swimmers at mutual479

distance r, and Co is a normalization factor such that C(r = 0) = 1.480

Time delays during turning and information propagation within the group. When481

a cohesive polarized group of swimmers performed a collective turn, to define the turn, we examined the time482

evolution of the curvature κi =
∥vi × v̇i∥
∥vi∥3

of the trajectory traced by swimmer i, where v̇i is the swimmer’s483

acceleration. In 2D, the curvature can be calculated directly in terms of the time derivatives of the coordinates484

(xi, yi), namely, ki(t) =
ẋiÿi − ẏiẍi

(ẋ2
i + ẏ2

i )
3/2

. The time-evolution of the curvature κi(t) of a swimmer i undergoing a turn485

exhibits a maximum at the time of the turn. Inspired by [27, 90], and given two swimmers i and j, we defined the486

mutual turning delay τij as the time required to shift the full curve of κj(t) to maximally overlap it with κi(t)487

τij = argmax
τ

∫ t2

t=t1

ki(t)kj(t− τ)dt. (6)

Here, τij < 0 means fish i turns ahead of fish j and vice versa. In the absence of noise, time ordering requires488

that τij = τik + τkj , for each triplet i, j, k. For example, if i turns 10 time units before k, and k turns 5 time489

units before j, then i turns 15 time units before j. Because we are dealing with a noisy system, this equality may490

not be strictly satisfied, but τij is equal to τik + τkj on average.491

We next ranked the group of fish undergoing a turn based on their time of maximal curvature. For each fish492

i, we calculated how many other fish it has turned ahead of [27, 91]. The order of this number – the number493

of other fish a fish precedes in turning – defines a rank for the fish; the first-ranked fish is ahead of the largest494

number of fish and its turning time is used to set the time t1 of the onset of the turning event. In a perfect495

system, with no noise, the turning time ti of a lagging fish i can be calculated directly relative to the turning496

time of the first-ranked fish 1, ti = t1 + τi1. However, because the system is noisy, this method of calculating ti497

introduces small statistical errors. To minimize these errors, we define ti using the mutual delay τij with respect498

to all swimmers j ranked higher than i,499

ti =
1

ranki − 1

∑
rankj<ranki

(ti + τij), i > 1 (7)
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C. Coarse-grained analysis of information propagation500

Alignment model. Starting from the microscopic equation describing the time evolution of swimmer’s501

heading502

θ̇i = Ia

∑
j∈Ni

sinϕij(1 + γ cos θij)∑
j∈Ni

(1 + γ cos θij)
, (8)

where γ ∈ [0, 1] is a parameter that controls the strength of vision-based bias, or non-reciprocity, toward neighbors503

in front: γ = 1 is used in (1) while γ = 0 means no visual bias. We derive a continuum equation under the following504

conditions. Firstly, we consider a highly polarized school, which means that the orientation of each swimmer within505

the school can be decomposed into the average heading direction of the school ⟨θ⟩ and a small fluctuation φi of506

individual swimmers i about the average heading θ, namely θi = ⟨θ⟩+φi. Without loss of generality, we assume the507

⟨θ⟩ = 0, which aligns the positive x-direction with the moving direction of the group. Based on this assumption,508

sinϕij = sin(θj − θi) = sin(φj − φi) ≈ φj − φi, and cos θij = cos(arctan
yj−yi
xj−xi

− θi) = cos(arctan
yj−yi
xj−xi

− φi).509

Substitute these relationships into (1), we get510

∂φi

∂t
=

Ia
N

∑
j∈Ni

(φj − φi)

[
1 + γ cos(arctan

yj − yi
xj − xi

− φi)

]
, (9)

Secondly, we assume that the swimmers are located on a 2d lattice of mesh size α, and mesh orientation aligned511

with the swimming direction. We aim to coarse-grain the discrete equations (1) over a coarse-graining box512

containing a focal swimmer and four immediate neighbors, such that a swimmer i responds to its direct front,513

left, back, and right neighbors, indexed by i1, i2, i3, i4. Their locations with respect to particle i can be written514

as xi1 − xi = (α, 0), xi2 − xi = (0, α), xi3 − xi = (−α, 0), and xi4 − xi = (0,−α). Plug it into (9) and reorganize515

to arrive at516

∂φi

∂t
=

α2Ia
4

(
φi1 + φi3 − 2φi

α2
+

φi2 + φi4 − 2φi

α2

)
+

γαIa
2

(
cosφi

φi1 − φi3

2α
+ sinφi

φi2 − φi4

2α

)
(10)

The finite difference can be approximated by first-order and second-order derivatives, such that at small φ where517

cosφ ∼ 1, sinφ ∼ φ, we arrive at518

∂φ

∂t
=

α2Ia
4

∆φ+
γαIa
2

(
∂φ

∂x
+ φ

∂φ

∂y

)
(11)

The equation governing ϕ has an anisotropic advection term, where ϕ is advected linearly in the longitudinal519

direction x and non-linearly, albeit at much smaller speed (considering that φ ≪ 1) in the transverse direction.520

Ignoring the nonlinear term, we get521

∂φ

∂t
=

α2Ia
4

∆φ+
γαIa
2

∂φ

∂x
. (12)
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The diffusion term scales with α2Ia, while the advection term scales with αIa, implying that in dense schools, linear522

advection is dominant. Ignoring diffusion and considering an initial perturbation in the longitudinal x-direction523

of form φ0(x, y) = A sin(kxx), the perturbation propagates from front to back at a speed c = γαIa/2,524

φ(t, x, y) = A sin(kx(x+ ct)). (13)

Hydrodynamic interaction model. Considering the group is heading in the same direction and ignor-525

ing noise and all vision-based interactions in (1), a small perturbation in φi about the heading direction propagates526

via hydrodynamic interactions only following the simpler equation527

∂φi

∂t
= pi ·

dUi

dx
|xi · p

⊥
i . (14)

Here, to simply the analysis, we consider the swimmers to form an infinite one-dimensional lattice with equally-528

spaced potential dipoles of mesh size α, such that the flow field at location i is given by [33],529

Ui =

∞∑
j=−∞,j ̸=i

If
π

p⊥
j sin 2θji + pj cos 2θji

r2ij
(15)

Considering perturbations of wavenumber k and associated wavelength 2π/k = (K−1)α, whereK is the perturbed530

number of swimmers, we employ the analytical expression derived in [33], which transforms the infinite summation531

in (15) to a finite summation. Substituting back into (14), we get532

∂φi

∂t
=

−2π2If
K3α3

K∑
j=1,j ̸=i

cos [π(i− j)/K]

sin3 [π(i− j)/K]
sin(φj − 2φi) (16)

Linearizing using sin(φj − 2φi) ≈ φj − 2φi, and approximating the finite difference by first-order derivatives, we533

arrive at534

∂φ

∂t
=

2Ifk

πα

∂φ

∂x

∫ π/2

α

x cosx

sin3 x
dx, (17)

where the integral is a constant depends only on wave number k. This shows that perturbations propagate linearly535

while getting amplified by hydrodynamic interactions.536

Data Availability537

The sample data generated in this study have been deposited in GitHub under accession code https://github.538

com/ekanso/schooling_extreme. Source data are provided as a Source Data file.539
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Code Availability540

Code is openly available on GitHub at https://github.com/ekanso/schooling_extreme.541
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10. Vicsek, T., Czirók, A., Ben-Jacob, E., Cohen, I. & Shochet, O. Novel type of phase tran-560

sition in a system of self-driven particles. Physical review letters 75, 1226 (1995).561

11. Toner, J. & Tu, Y. Long-range order in a two-dimensional dynamical XY model: how birds562

fly together. Physical review letters 75, 4326 (1995).563

12. Toner, J. & Tu, Y. Flocks, herds, and schools: A quantitative theory of flocking. Physical564

review E 58, 4828 (1998).565

23



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

13. Couzin, I. D., Krause, J., et al. Self-organization and collective behavior in vertebrates.566

Advances in the Study of Behavior 32, 10–1016 (2003).567

14. Aranson, I. S. & Tsimring, L. S. Patterns and collective behavior in granular media: The-568

oretical concepts. Reviews of modern physics 78, 641–692 (2006).569

15. Calovi, D. S. et al. Swarming, schooling, milling: phase diagram of a data-driven fish school570

model. New journal of Physics 16, 015026 (2014).571

16. Filella, A., Nadal, F., Sire, C., Kanso, E. & Eloy, C. Model of collective fish behavior with572

hydrodynamic interactions. Physical review letters 120, 198101 (2018).573

17. Huang, C., Ling, F. & Kanso, E. Collective phase transitions in confined fish schools.574

Proceedings of the National Academy of Sciences 121, e2406293121 (2024).575

18. Heydari, S., Hang, H. & Kanso, E. Mapping Spatial Patterns to Energetic Benefits in576

Groups of Flow-coupled Swimmers. Elife, 2024–02 (2024).577

19. Peterson, A. N., Swanson, N. & McHenry, M. J. Fish communicate with water flow to578

enhance a school’s social network. Journal of Experimental Biology 227 (2024).579
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100a

Voronoi neighbors

Dipolar flow

Vision field

Figure 1: Emergent behavior in a school of 50,000 fish. An individual swimmer A. creates a dipolar flow
disturbance, with dipole intensity proportional to its speed and cross-sectional area, and B. responds by turning
towards and aligning with its first-level Voronoi neighbors, highlighted in grey in this sample Voronoi tesselation.
The individual response is mediated by an asymmetric visual field with frontal bias. C. School organizes into
coherent polarized clusters that dynamically split and merge, exhibiting large density fluctuations, as shown here
in a massive merging event involving about 20% of the fish. In all simulations, total integration time: T = 1000.
Parameter values: Ia = 9, In = 0.5, If = 0.01, and N = 50,000. Suppl. Movie 1.
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Figure 2: More is different: self-organized behavior depends on group size. Snapshots of three schools
of A. 100, B. 1000, and C. 10,000 fish. For N=100 and 1000, the school is globally polarized and remains
coherent in time, while for N = 10,000, the school continuously reorganizes, dynamically splitting and merging.
Blue arrows indicate the school’s average velocity, and green arrows indicate the average velocity of each cluster.
Time evolution of D. school polarization P and E. average orientation cos∠⟨v⟩. Distributions of F. number of
clusters and G. number of fish per cluster shown in log scale. Parameter values: Ia = 9, In = 0.5, If = 0.01. In
D-G, from top to bottom, N = 100 1000, 10,000, and 50,000. See Suppl. Movies 1 & 2.
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Figure 3: School cohesiveness depends on the hydrodynamic intensity of individual swimmers.
A. time-averaged polarization P versus school size N indicates a transition from a highly-polarized cohesive
regime to a regime of constant dynamic organization beyond a critical group size; shaded area indicates standard
deviation of P within time series; P is averaged over the last 80% of the simulation time, discounting the initial
20% to eliminate transient effects. B. Dominant frequency of dP/dt and cos∠⟨v⟩ versus school size show an
increasing frequency of splitting and merging, reflected by sharper changes in dP/dt, with increasing N . In A-
B, hydrodynamic intensity is set to If = 0.01; average school density, nearest neighbor distance, and Voronoi
neighbor distance are shown in Fig. S1; corresponding analysis without hydrodynamic interactions (If = 0) are
shown in Fig. S2. Time-averaged polar order parameter P and standard deviation as a function of C. noise
intensity In and D. hydrodynamic intensity If for schools of size N =100, N =1000, and N =10,000. E. Instead
of P , we plot 1/(1− P ) to enhance the contrast of the colormap over the space of hydrodynamic intensity If
and number of swimmer N . Results show loss of cohesion with increasing N and If . Parameter values: Ia = 9,
In = 0.5. In A., C., and D., all data points are for mean value over time and Monta Carlo simulations, and
transparent box shows the standard deviation. Number of Monte Carlo simulations in Table S1.
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nization and fragmentation. A. A snapshot of a stable and cohesive school of N = 1000 swimmers and
B. corresponding velocity fluctuations. C. Correlation function C(r) (5) in velocity fluctuations between pairs
of swimmers as a function of their mutual distance r. D. The correlation length ξ is linear in school size
L = max∥xi −xj∥, with ξ ≈ 0.37L− 0.84, and coefficient of determination R2 = 0.83, for all alignment and noise
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□ : (9, 0.3), �: (9, 0.7). The fitting slopes for each parameter set separately are given in Tab .S2. Grey scale
indicates the number of fish N . E. Snapshots of school with 10, 000 fishes prior to split. The right panel shows
the coloring based on the clusters after splitting. F. Polar order parameter P and correlation length over school
size ξ/L for the whole group (black) and individual clusters (red, blue, and green with corresponding colors). G.
Histogram of correlation length and cluster size for all clusters emerging in the simulation of 10, 000 fish.
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Figure 5: Loss of scale-free correlations prior to fragmentation. A. Snapshots of a school with 1000
fish prior to splitting and during splitting and merging. B. Time evolution of polar order parameter P , school
size L, correlation length ξ, and ratio of correlation length to school size ξ/L spanning a time window before and
during a splitting and merging event, the latter highlighted in gray. C. P , L, ξ, and ξ/L based on statistics taken
from 10 Monte Carlo Simulations of time-average values taken over time windows t ∈ [t†, t∗ − 100], [t∗ − 100, t∗],
[t∗ − 50, t∗], [t∗ − 30, t∗], [t∗ − 10, t∗], where t∗ indicates the onset of a splitting event and t† indicates the end of
merging following a prior splitting event. Data points are represented by mean values +/- standard deviations.
To evaluate the difference in the statistical properties of these histograms, a two-sample t-test is used [92, 93].
The null hypothesis states that there is no significant difference in the statistics. A smaller p-value indicates
stronger evidence against the null hypothesis, suggesting a more significant difference in performance. * p < 0.05,
** p < 0.01, *** p < 0.001. Using the values at t ∈ [t†, t∗ − 100] as baseline, and values from [t∗ − 100, t∗],
[t∗ − 50, t∗], [t∗ − 30, t∗], [t∗ − 10, t∗] are reported in order, two-sided p-values are: for polarization P : 0.82, 0.82,
0.51, 0.21; for school size L: 0.12, 0.75, 0.77, 0.93; for correlation length ξ: 0.67, 0.096, 1.8× 10−4, 3.0× 10−4; for
ξ/L: 0.78, 0.018, 8.3× 10−4, 6.1× 10−5.
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√
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slope indicates that information travels linearly in time at speed equal to 17 times the self-propelled speed U .
Inset shows absolute turning time as a colormap over all swimmers. P and ξ/L are reported in Fig. S5B. D.
Trajectories of individual fish in a polarized school of N = 10,000 swimmers that later split into three clusters
highlighted in red, blue, and green (Fig. 4E,F). E. Rank of fish within each cluster by the order o at which
they reach maximal curvature (inset) and F. information travel distance versus the absolute turning time delay;
information travels at slower speeds compared to freely turning. Colormap of time delays, P and ξ/L are reported
in Fig. S5. G. Trajectories of individual fish showing the merging of two clusters highlighted in red and blue,
taken from a simulation of N = 10,000 fish. H. Rank of fish within each cluster by the order o at which they
reach maximal curvature (inset) and I. information travel distance versus absolute turning time delay; information
travels at faster speeds compared to freely turning. Colormap of time delays, P and ξ/L are reported in Fig. S5G.
For a slow-motion replay of these events, see Suppl. Movie 3.
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Figure 7: Flow interactions speed up information transfer. A. polar order parameter 1/(1 − P ) scales
linearly with Ia/In fo (see also Fig. S9A,B). The best linear fit is 1/(1−P ) = 1.23Ia/In+3.23 with R2 = 0.964; all
results for N = 100. Data points represent the average value, and error bar represents standard deviation, number
of Monte Carlo simulations is reported in Table S1. B. Information travel speed c (in units of U) shows weak
dependence on number of swimmers N during turning, splitting, merging for schools with parameters Ia = 9,
In = 0.5 and If = 0.01. C. c scales linearly with Ia/In; best linear fit gives c = 0.65Ia/In + 0.73 at R2 = 0.92
during free turning, c = 0.20Ia/In + 0.84 at R2 = 0.98 during splitting, and c = 1.65Ia/In − 1.91 at R2 = 0.96
during merging. Results in panels A-C for the same parameter sets (Ia, In) in Fig. 4. D. c increases with
increasing hydrodynamic intensity If on logarithmic scale, with the dashed line showing the prediction using the
non-reciprocal alignment model c ∼ αIa with α = ⟨VND⟩. E. To remove the effects of If on ⟨VND⟩ (Fig. S9D),
we scaled c with ⟨VND⟩/a. If If affects c only through its effect on VND, we expect the scaled speed c/⟨VND⟩ to
be independent of If . Instead, it increases linearly with If during free turning, with c/⟨VND⟩ = 492.46If +21.79
at R2 = 0.77, indicating that flow interactions increase information travel speed. Results in panels D and E are
for Ia = 9 and In = 0.5.
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