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1 Significance Statement 27

Collective intelligence, or the ability of groups to solve problems more effectively than 28

individuals, is a widely-occurring phenomenon in the natural world. Research has 29

shown that a group’s structure influences its ability to solve complex problems. How- 30

ever, the causal mechanisms underlying why some groups perform better than others 31

remain unclear. Utilizing information-theoretic measures, we demonstrate that synergy 32

of information processing—where individuals combine knowledge in novel ways—can 33

explain the relationship between network structure and group performance. We find 34

that while network structures generally predict performance, all of them can perform 35

equally well when their information processing is synergistic. Our findings suggest syn- 36

ergy, rather than structure alone, is the fundamental driver of success in collectively 37

intelligent systems. 38

2 Abstract 39

The influence of network structure on a system’s capacity to solve complex problems 40

is a central focus in collective intelligence research. However, the causal mechanisms 41

through which structure shapes system-level outcomes remain poorly understood. 42

Prior work has examined the relationship between network structure and perfor- 43

mance at a coarse-grained level, paying limited attention to how solutions depend 44

on information dynamics within groups. To explore these dynamics, we utilize an 45

agent-based model, the Potions Task, which operationalizes problem-solving as a com- 46

binatorial process and is thereby ideal for studying collective problem-solving through 47

information-theoretic analyses. We examine information-based metrics at the level 48

of agent pairs across the network, analyzing their variation over time to determine 49

how they predict problem-solving across network structures. Specifically, we measure 50

redundancy (or conversely, synergy) of solutions discovered by agents with respect to 51

the network’s global knowledge at a given time. While we replicate a well-established 52

finding that small-world networks support efficient problem-solving, our results reveal 53

a deeper mechanism where small-world networks achieve efficiency by balancing local 54

redundancy with long-range synergy. Furthermore, we find synergy to be a consistent 55

predictor of group performance, including in networks typically considered inefficient. 56

Synergy in information processing, measured at both local and global levels, therefore 57

mediates the effects of structure and can override them entirely, implicating it as a fun- 58

damental determinant of group performance. By introducing a causal framework for 59

information processing in collectives, our study delivers a more definitive explanation 60

of collective problem-solving than those offered by structural analysis alone. 61
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3 Introduction 62

The discipline of collective intelligence has brought to light different ways that individ- 63

uals work together to achieve group-level success. Phenomena including swarm intel- 64

ligence, distributed cognition, collective decision-making, adaptive systemic behavior, 65

emergent coordination, among others, have been studied under the umbrella of col- 66

lective intelligence, showing commonalities in group-level behavior across diverse 67

morphologies and interaction strategies [1–5]. A wide range of studies have inquired 68

about the effects of network structures [6, 7], agent strategies [8, 9], and agent diver- 69

sity [10, 11] as driving factors underlying collective problem-solving. Inquiries have 70

been targeted at a range of phenomena, including how individuals learn from other 71

individuals [12, 13], how they complement each other [14], and how groups as a whole 72

possess information not possessed by any individual member of the group [15, 16]. 73

However, despite an increased understanding of the role that diversity and structure 74

play in collective problem-solving, causal-mechanistic explanations [17, 18] of why 75

specific structures lead to more optimal outcomes remain underexplored. 76

Collective problem-solving, a specific form of collective intelligence, refers to a process 77

wherein individual components in a collective interact to solve a given problem, such 78

as finding new nest sites [19] or foraging for food [20]. Such tasks require managing the 79

trade-off between exploration for new solutions and exploitation of existing solutions. 80

One way for groups or networks to achieve this is to solve different parts of the problem 81

in a distributed manner, similar to parallel problem-solving [6, 21–25]. In a seminal 82

study, Lazer et al. [6] showed that network structure plays a key role in facilitating 83

(or preventing) this type of advantageous distributed problem-solving. The speed, or 84

efficiency, of information diffusion across a network affects how that information is 85

processed to generate new solutions. In complex problem-solving tasks, there exists a 86

trade-off between finding similar solutions to those which are known and exploration 87

of the problem space to find novel ones[6]. Network features such as the degree of 88

clustering or the average path length can contribute to how information is shared, and 89

thus, the efficiency with which a network finds a solution [6]. Empirical studies [26– 90

29] have further supported similar effects of the structure of interactions on a group’s 91

capacity for problem-solving. 92

This effect of certain system-level arrangements on performance at the group-level 93

has been called to attention through aggregate descriptions of a system’s state. Such 94

approaches tend to focus on individual performance metrics (e.g., efficiency). These 95

studies have only sparsely examined causal mechanisms underlying performance, such 96

as how information is distributed and integrated in a network to solve a given problem 97

[11]. The focus on final outcomes has made it difficult to understand the underlying 98

causal mechanisms of collective problem-solving—that is, which processes within a 99

collective behavior give rise to particular outcomes [17, 18]. Despite the fact that 100

the literature on collective-problem solving employs causal-mechanistic language— 101

for example, describing how divided populations sub-divide work [30] or how core- 102

periphery arrangements allow for the exploration versus exploitation of given solutions 103

[31]—causal explorations of these general dynamics remain sparse. 104
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We address this gap by using the Potions Task model [32, 33] that helps simulate 105

complex and collective problem-solving in networked agents, while applying infor- 106

mation to analyze the underlying mechanisms of information processing [14, 34]. 107

Methods from information theory have been and are often applied to quantify commu- 108

nication and causal interactions across disciplines (e.g. ecology [35], animal behavior 109

[36], neuroscience [37, 38], genetics [39, 40] and collective action [41]). They pro- 110

vide a model-independent and probabilistic approach to studying how information is 111

encoded, shared, and integrated between different parts of a system. 112

In the Potions Task, agents in a network share and combine information with their 113

neighbors to discover new “potions”. The problem in the task is solved when agents 114

successfully create a crossover potion, which requires integrating discoveries from two 115

distinct solution trajectories. These trajectories represent the different sequences of 116

intermediate potions needed to reach a final solution. Depending on the network struc- 117

ture and the order of discoveries, agents may follow different pathways to reach a 118

solution, either sequentially finding potions along each trajectory (A → B or B → A; 119

shown as Pathways 2 and 3 in Fig. 1) or by balancing the explore-exploit trade-off 120

and advancing along both trajectories in parallel (A and B; shown as Pathway 1 in 121

Fig. 1). Previous work in this task found that partially connected groups outperform 122

fully connected groups because full connectivity accelerates convergence to subopti- 123

mal solutions—a pattern also observed by [6] in an NK landscape problem-solving. 124

Similarly, Migliano et al. [33], using a real-world implementation of the Potions task, 125

showed that structured clustering helps balance problem-solving speed and exploration 126

of multiple solution trajectories. Because the potions task requires agents to combine 127

partial solutions over time according to a structured rule set, it is particularly well- 128

suited to investigate collective information processing through information theory. Its 129

compositional structure, where agent performance and inventories encode their history 130

of interactions, enables a unique decomposition of information processing at both the 131

individual and group levels. It also approximates key features of canonical NK land- 132

scape models, which are commonly used to study collective performance on complex 133

tasks in networks [6, 11, 42]. 134

Our information-theoretic framework (similar to partial information decomposition 135

[43]) enables us to differentiate between the distinct ways in which a system’s compo- 136

nents contribute to a collective’s search for solutions (Fig. 2). The information that 137

agents have about the global knowledge can be redundant (when agents share over- 138

lapping knowledge) or synergistic (when they hold complementary knowledge that 139

enables new discoveries). In addition, complementarity captures how agents collec- 140

tively cover the problem space. Low levels of redundancy (conversely, high levels of 141

synergy) and high complementarity can make systems collectively intelligent in the 142

sense that no individual component can solve the problem on its own, but can do so 143

collectively [14, 41]. Applied to our context, the compositional nature of the Potions 144

Task enables the use of such metrics to analyze how knowledge is transmitted, dis- 145

tributed, and recombined over time across the network. Each time an agent discovers 146

a new potion, it is added to their inventory and shared with neighbors, generating a 147
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Fig. 1: Left: In the Potions Task, each agent starts with an initial set of three active
ingredients (out of the initial set: bottom). As the simulation progresses, they combine
existing potions with their neighbors to generate new ones. This innovation can occur
along two trajectories (A and B), with potions from both trajectories being combined,
eventually reaching either of two crossover potions (top). The figure is replicated from
Derex & Boyd [32]. Right: Possible solution pathways that a network can traverse
to discover new potions and eventually find the cross-over potions. They can either
simultaneously solve along A and B (Pathway 1) or they can sequentially solve along
A first and then B (Pathway 3) or along B first and then A (Pathway 2).

structured record of how knowledge flows and accumulates in the system. To exam- 148

ine how network properties shape this information processing and problem-solving, we 149

simulate different configurations of agent interactions, using the small-world formalism 150

[44] to create networks with different clustering coefficient and average path length. 151

This approach allows us to systematically investigate how the structure of interactions 152

influences the distribution and integration of knowledge across the collective. 153

Our study aims to elucidate the causal mechanisms of collective problem-solving 154

by pursuing three primary objectives: (1) quantifying the relationship between net- 155

work structure and collective performance, (2) investigating how network topology 156

shapes the distribution of information among agents, and (3) determining how redun- 157

dancy (conversely, synergy) and complementarity of information processing affects 158

group-level problem solving. We predict that network structures mediate agent- 159

level redundancy, and that the less redundant that information is, the better a 160

given network will be at collective problem solving. Ultimately, our work bridges 161

the gap between static network metrics and the dynamics of information-processing 162

and helps to uncover the causal link between network structure and collective 163

problem-solving. 164
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Fig. 2: Illustration of agent inventories in the model and the information-theoretic
measures applied to them. a) Representation of a network of agents and their inven-
tories. Each blue circle represents an agent (only X, Y and Z labeled), with their
inventories shown as 5-bit binary arrays (for graphical purposes, simplified from the
actual 14-bit model). Purple squares indicate potions known to each agent and white
squares potions that are unknown so far. We can tell that X and Y are more redun-
dant in their knowledge than X and Z based on the overlap between their respective
inventories. b) Calculations of the information-theoretic measures. Two reference vec-
tors are the full target set of potions, K(F ), or ”complete knowledge”, represented
by pink squares; and the “global knowledge” at time t held by the collective, K(Gt).
Comparing the same two pairs of agents as in a), we define three information-theoretic
measures: complementarity (C), redundancy (R) and synergy (S). C measures how
much closer agents get to K(F ) after combining their inventories. The pair (X,Z) is
more complementary than (X,Y ), as their combined inventory K(XZ) covers more of
K(F ) with minimal overlap of known potions. R quantifies shared knowledge between
agents; (X,Y ) exhibit high redundancy since they contribute same potions to the
global knowledge, K(Gt). If R is negative, we consider S to be the absolute value of
R. S > 0 captures cases when the pooled information from a pair predicts the net-
work’s information K(Gt) in a way that neither agent alone can (as in the case of X
and Z). These measures are calculated at each time step across all agent pairs to track
knowledge distribution in the network over time.
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Fig. 3: Performance of networks as a function of the rewiring parameter Prewiring.
Longer time taken to finish the task indicates lower performance. Error bars correspond
to the standard error.

4 Results 165

4.1 Small-world networks are more efficient at complex 166

problem-solving 167

We measure the performance of a network based on the time steps it takes to reach 168

either of the two crossover potions, which are made by combining the terminal potions 169

from both trajectories (Fig.3). We used the small-world formalism to construct net- 170

works with different structures [44]. The algorithm begins with a regular network, 171

where nodes in a ring are connected to each of their four neighboring nodes, and then 172

changes to the small-world and random regimes by rewiring existing edges at random 173

based on a given probability of rewiring (Prewiring, see Fig. S1). 174

We found that networks with low rewiring probabilities (Prewiring = 0 - 0.01) exhibit 175

slower and more variable task completion times, due to their lattice-like structure 176

with high local clustering and long path lengths. At intermediate probabilities of 177

edge rewiring (0.03 - 0.25), the network structure transitions towards the small-world 178

regime, balancing local clustering with shorter path lengths. This configuration leads to 179

improved performance reflected in faster task completion times. Performance worsens 180

as the networks transition from the small-world regime towards more random con- 181

figurations (0.5-1.0). These results suggest that small-world properties may promote 182

efficient problem-solving in the Potions Task. 183
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(a) (b)

Fig. 4: Average information-theoretic metrics at the pairwise level (a) across all pairs
of nodes as a function of Prewiring and (b) as a function of path length for differ-
ent values of Prewiring. Values are means and bars show standard errors across each
simulation. Complementary measures how much two agents cover the full possible set
of potions. Mutual Information, Conditional Mutual Information, Redundancy and
Synergy measure how much information a pair of agents contain about the potions
discovered by the whole network. % of Synergistic Pairs refers to the percentage of
agent pairs with synergy (i.e., negative redundancy values). Each metric was aggre-
gated at each step of the simulation and for each pair of agents in a network.

4.2 Network structure determines the distribution and extent 184

of redundant or synergistic information 185

For each iteration and network type, we computed the pairwise values of complemen- 186

tarity, mutual information, conditional mutual information, redundancy and synergy, 187

as well as the proportion of synergistic pairs. Each metric was calculated at each time 188

step across all agent pairs to track knowledge distribution in the network. We aggre- 189

gated these measures across each time step and between each pair of nodes to capture 190

global patterns (Fig. 4a). 191

We found that complementarity (C) towards the complete set of potions in the task 192

increases as networks transition from regular lattices (low Prewiring) to the small-world 193
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regime, and decline again in the random regime (Fig. 4a, top row). This trend indicates 194

that nodes in small-world networks hold more diverse and non-overlapping knowledge 195

about the complete target set. In contrast, agents’ inventories become more redundant 196

or fragmented in regular or random-like networks. C is computed using Hamming dis- 197

tance, which measures how far an agent’s inventory is from the complete set of potions. 198

We assess how much unique knowledge they contribute by comparing the Hamming 199

distances of individual agents with their combined inventories. High C means that a 200

pair of nodes expands their individual discovered knowledge in combination, and low 201

C implies that their information is either redundant or incomplete. 202

Mutual information (I(X;Y )) likewise peaks in the small-world regime, suggesting 203

that information in one node is less predictable from another in small-world struc- 204

tures. However, informational overlap increases as networks become too ordered or 205

random. Conditional mutual information (I(X;Y ;G), Fig. 4a, middle-left) quantifies 206

the dependence of a pair of nodes’ knowledge on the network’s overall knowledge. We 207

found that this measure decreases steadily with increasing randomness, indicating that 208

inventories are more interdependent in structured networks and more independent in 209

random networks. 210

Redundancy (R) increases as networks become more random (Fig. 4a, middle row), 211

while both mean synergy and the proportion of synergistic pairs decline (Fig. 4a, 212

bottom row). Synergy (S) captures a special case of low redundancy, where a pair 213

of nodes together provide more information about the network’s global knowledge 214

that neither can provide alone. This effect suggests that small-world networks balance 215

unique contributions and shared knowledge, which may be important for more efficient 216

problem-solving where coordination is necessary. 217

To understand how network structure contributes to the amount of redundancy 218

observed, we assessed the distribution of information throughout the networks by com- 219

paring the average (rather than pairwise) values of the information measures between 220

pairs at different path lengths (Fig. 4b). Our results show that nodes closer to each 221

other (i.e., with shorter path lengths) are more redundant (and, correspondingly, less 222

complementary and synergistic) than nodes farther away. The degree of redundancy 223

in far away nodes depends on the Prewiring: distant nodes in regular-like networks 224

(shown in blue) are much more synergistic than distant nodes in random-like networks 225

(shown in red). 226

Taken together, these results demonstrate that redundancy in information processing 227

is affected by a network’s structure. Next, we assess how redundancy in information 228

processing changes over time within a network and whether it can explain network 229

performance. 230

4.3 Redundant information processing leads to inefficient 231

problem-solving 232

We have shown that structure influences how information is processed and distributed 233

by agents across networks. However, aggregated measures can mask the transient 234
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dynamics and transitions that could reveal how different structures process informa- 235

tion over time. To observe how these metrics change over time, we calculated them 236

between each pair of nodes at each time step. To meaningfully compare the dynam- 237

ics between different networks with different run times, we normalized each time step 238

in an iteration by the total number of time steps the iteration took to find the solu- 239

tion. Thus, the normalized time goes from 0, the initial step, to 1, the time step it 240

took each network to find the solution or maximum time step allowed in the sim- 241

ulation (approximately 0.6% of iterations did not find a solution within 1000 time 242

steps). 243

The results in the previous section suggest that network structure, as defined by the 244

rewiring parameter, is an important determinant of performance. However, the potions 245

task model contains inherent levels of stochasticity in potion creation. For example, due 246

to the random nature of potion combination at the earliest step, separate sub-graphs 247

can begin climbing separate, or the same, trajectories, leading to either redundant or 248

synergistic outcomes. To investigate whether information processing differs between 249

efficient and inefficient networks, we divided the networks into performance categories 250

based on the time taken to find the solution. Specifically, we created three bins of equal 251

size based on the total steps required to solve the task: fast (2-334 steps), medium 252

(338-664 steps) and slow (667-999 steps). 253

Our results show that complementarity decreases over time across all categories and 254

networks (Fig. 5 (A) top-row). This trend can be explained by the fact that as agents 255

get increasingly closer to the complete target set, there are fewer opportunities for 256

complementary pairings of knowledge. In fast networks, complementarity steadily 257

decreases towards task completion, but the overall magnitude of the decrease is lower 258

than in the medium and slow performing networks (top right two plots). The fast 259

networks sustained higher values of C throughout the task indicating that agents do 260

not find the same potions immediately and therefore are less redundant, maintaining 261

their diversity for longer. In contrast, medium and slow performing networks exhibit 262

a steeper or more varied decline in C. 263

We also observed that the dynamics in medium and slow networks differ based on the 264

network structure. Regular-like networks (low Prewiring), with high clustering and long 265

path lengths, show the steepest decline in C early in the simulation. This implies that 266

communities of regular networks find new potions quickly but fail to combine them to 267

generate crossover potions due to a lack of connections between communities. On the 268

other hand, random-like networks exhibit a more gradual decline in C because their 269

global connectivity enables agents to transfer (and mix) information more effectively 270

(i.e. faster and with a wider information distribution) and generate new potions. Small- 271

world networks lie in the intermediate range, striking a balance between the local 272

clustering of regular networks and the global connectivity of random networks. 273

We observe a similar overall trend in redundancy (R) values over time (Fig. 5 (A), 274

middle row). At the start of the simulation, all agents have completely redundant 275

inventories. Over time, in fast networks, R decreases as agents discover different 276
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Fig. 5: (A) Dynamics of complementarity, redundancy and % of synergistic pairs
in fast (left), medium (center), and slow (right) networks. Each metric is averaged
across all pairs of nodes for each network at each normalized timestep. Error bars
indicate standard error. (B) Correlation between mean redundancy and time taken to
solve the task for a given Prewiring (shown in different colors). Each point corresponds
to mean redundancy value of each iteration. (C) Mean time taken to solve the task
(indicated by color) across each Prewiring and mean redundancy (binned). The color
map is normalized on a logarithmic scale to account for the skewed data distribution.
Lighter colors indicate longer simulation times and inefficient problem-solving.

subsets of potions, which implies they begin to contribute different potions to the net- 277

work’s current global knowledge. In contrast, in medium and slow networks, R values 278

remain relatively stable or even increase, as in random networks. This effect sug- 279

gests that in inefficient networks, agents tend to discover the same subsets of potions 280

simultaneously. As a result, their inventories remain highly similar over time. 281

Conversely, the average percentage of synergistic pairs increases over time, particularly 282

in the fast-performing networks, whereas medium and slow networks have very few 283

or no synergistic pairs throughout the simulation (Fig. 5 (A), bottom row). We also 284

observe that fast regular-like networks accumulate the highest number of synergistic 285

pairs. This high level of synergy in regular networks implies that different communities 286

in the graph contribute different subsets of potions to the global knowledge. On the 287

other hand, fast random networks accrue the lowest number of synergistic pairs over 288

time, due to low clustering and a high rate of information exchange. 289

To further investigate the effect of redundancy on network performance, we correlated 290

the mean redundancy values with the time taken to complete the task (Fig. 5 (B)). The 291

scatter plot shows a positive correlation between redundancy and the time taken, which 292
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further demonstrates that redundancy decreases network efficiency. We also created 293

a heatmap to assess whether this effect holds true across different network structures 294

(Fig. 5 (C)). We find that for low redundancy values (lower rows), all networks tend 295

to finish the task efficiently. Networks closer to the random regime (0.5-1.0) appear to 296

perform especially well at low redundancies compared to networks closer to the regular 297

regime (0.0-0.01). Factors leading to low redundancy may be especially advantageous 298

in random networks, given their structural predisposition to be highly redundant (as 299

shown in Fig. 4a). 300

These results show that redundancy in information processing can help explain net- 301

work performance, where high levels of redundancy leads to inefficient networks. In 302

the next section, we investigate whether these patterns at the node pair level also 303

emerge at the network level. 304

4.4 Efficient networks solve the task synergistically 305

Thus far, our results suggest that synergy in information processing at the agent pair 306

level is essential for efficient problem-solving. If agents in a network generate the same 307

potions (i.e., redundant information), then the network is slow to finish the task. 308

However, information theory metrics at the level of agent pairs fail to show us how 309

synergistic information processing leads to solution (i.e., potions) generation at the 310

network-level. 311

In the potions task, the task can primarily be solved through two pathways, as shown in 312

Fig. 1. We conceptualized the problem-space as a 4 x 4 two-dimensional grid, where one 313

dimension represents potions along trajectory A and the other represents trajectory 314

B. To visualize the pathways that networks take to solve the task, we represented 315

potion generation along a trajectory as movement in the problem-space. We computed 316

stepwise change in potions generated over the two trajectories as movement vectors 317

(a, b). We then aggregated the vectors per grid cell to derive the flow or path of the 318

movement and its intensity (
√

Σ(a2 + b2)), as shown in Fig. 6(A). 319

The vector field shows that in the fastest networks (Fig. 6 (A; left most)), the solutions 320

tend to follow a diagonal path, meaning the system finds potions along both trajec- 321

tories simultaneously (i.e. Pathway 1 in Fig. 1). In networks performing at a medium 322

pace (Fig. 6 (A; middle)), the concentration of “discovery” along this diagonal path 323

decreases, while the likelihood of alternate paths—those that initially follow A (or B) 324

before switching to B (or A)—increases. Finally, in the slowest networks (Fig. 6 (A; 325

right)), the diagonal path is favored the least, and the trajectories appear to split 326

off or branch toward either A or B and simultaneous information processing seems 327

unlikely. These effects can be seen in Fig. 7, as well. Nodes in the fast network (top- 328

row) solve for A (blue color) and B (red color) potions simultaneously. In the example 329

of a medium network, the proportion of B potions appears to be lower than A potions, 330

and in the slow network, B potions appear to dominate the network. 331

We also quantified the diagonality of the pathways (see Fig. S2) by calculating the 332

angular deviation of a path from an ideal diagonal and normalizing them such that 333

perfect diagonal movement along the problem space would be scored 1 and deviations 334
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Fig. 6: The 4×4 grid represents the problem-space of the task, where potions must be
found along the two trajectories (depicted along the two axes). This streamline plot
visualizes the discovery patterns of networks as they progress toward the crossover
potion (black dot, upper right). Discovery over the problem-space is derived from
stepwise changes in potion generation along each trajectory, aggregated to represent
directional flow. Color intensity (logarithmic scale) reflects pathway frequency, with a
threshold applied on the intensity to mask low-intensity paths. The plot reveals that
fast networks are more likely to advance along both trajectories simultaneously (high
intensity along the diagonal), whereas medium and slow networks exhibit less balanced
progression (lower diagonal intensity).

from it would be less than 1. We found that the paths in fast networks that solve the 335

problem are almost perfectly diagonal, irrespective of the Prewiring. 336

These results are consistent with our previous findings which show that synergy leads 337

to efficient problem-solving in the task. Synergy at the level of pairwise connections 338

allows the networks to compute different parts of the problem-space and achieve 339

crossover potions quickly, which translates to parallel problem-solving (i.e., Pathway 340

1 in Fig. 1). On the other hand, high levels of redundant interactions lead to net- 341

works finding new potions along one trajectory first and then along the other. Such 342

serial processing (i.e., Pathway 2 and 3 in Fig. 1) renders networks inefficient. Thus, 343

by analyzing information processing at both the pairwise and network levels, our 344

results offer a comprehensive picture of how synergy plays a causal role in network 345

performance. 346

5 Discussion 347

Network science has revolutionized the study of collective behavior by offering a pow- 348

erful framework for analyzing interactions within groups. A large body of theoretical 349

and empirical work has demonstrated that network structure plays a crucial role in 350

shaping how effectively groups solve problems (rev. in [7, 45]). In this paper, we extend 351

this literature by investigating information processing as a causal mechanism [17, 18] 352

that links network structure to collective performance. We show that group problem- 353

solving efficiency is mediated by information processing dynamics at both the pairwise 354

and network levels. In the Potions Task, where agents must combine discoveries from 355
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Fig. 7: Dynamics of potion generation in an example of each fast (top row), medium
(middle row) and slow (bottom row) networks. The two potion trajectories (A and
B) in the model are depicted using blue and red. To reach the crossover potions,
three potions must be discovered along each trajectory. The darkness or intensity of
a color depicts the nth potion found along a given trajectory by a node (e.g., light
blue corresponds to 1a, medium blue to 2a, dark blue to 3a). The color yellow shows
the crossover potions. All networks have Prewiring = 0.1. Three time steps for each
network are shown: t = 0 (when they begin the task); t = 20 (after 20 time steps);
t = T (the final step). The fast network shows a distribution of both red and blue hues,
and the slow network is dominated by red hues, suggesting greater redundancy than
in fast networks. Animated versions of this figure can be found in the Supplementary
materials.

two trajectories to create crossover potions, low redundancy emerges as a central 356

determinant of success. Redundant agent pairs share overlapping inventories already 357

common in the network, limiting exploration and reducing the chance of discovering 358

critical crossover potions. In contrast, synergistic pairs contribute unique, complemen- 359

tary potions that enhance collective search. At the network level, high redundancy 360

leads to slower, serial problem-solving, and low redundancy enables parallel explo- 361

ration. These results highlight low redundancy (and conversely high synergy) as core 362

causal mechanisms linking network structure to collective performance. 363

Previous studies (e.g., [6, 44, 46–48]) have shown that small-world networks often 364

outperform regular (high clustering, long paths) and random (low clustering, short 365
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paths) networks in a variety of tasks. Our results identify redundancy in informa- 366

tion processing as a key causal mechanism underlying this advantage. We find that in 367

regular networks, limited long-range connections inhibit information exchange, lead- 368

ing to low redundancy and fragmented exploration. Random networks, by contrast, 369

facilitate rapid information spread, but their low clustering often results in high redun- 370

dancy, causing premature convergence on sub-optimal solutions. Small-world networks, 371

which combine high clustering with short path lengths, balance local specialization 372

through redundancy with an agent’s nearest neighbors and global integration through 373

complementarity across longer path lengths. 374

In addition to identifying redundancy as a mechanism linking network structure to 375

system-level outcomes, we also show how low redundancy itself can override the struc- 376

tural constraints imposed by networks. This effect implicates synergy not merely as an 377

intermediary, but as a fundamental determinant of group performance, even in cases 378

where structural network measures fail to account for observed outcomes. Although 379

small-world networks are generally efficient, other network types can perform well 380

when they process information synergistically rather than redundantly, an outcome 381

enabled by noise or the stochastic nature of the Potions Task. For instance, random-like 382

networks, despite their structural predisposition toward redundancy, can achieve high 383

performance when agents contribute complementary information, allowing fast and 384

synergistic exchange along short paths. As Cantor et al. [49] note, network topology 385

alone does not determine collective outcomes, as transmission dynamics and stochas- 386

ticity also shape a system’s “realized connectivity.” Our findings reinforce this view, 387

showing that while network structure influences performance by moderating redun- 388

dancy, low redundancy itself provides a more precise explanatory framework than 389

structure alone. 390

Our results also build on and extend general research highlighting the role diver- 391

sity plays in collective problem-solving [10, 11, 50, 51]. By contributing a formal, 392

information-theoretic framework linking diversity to redundancy and quantifying 393

how information processing dynamics shape collective performance, we show that 394

low redundancy serves as a unifying mechanism behind many important observed 395

effects of network structure, helping to formalize prior notions of “transient diver- 396

sity” [11, 52, 53]. Causally, we find that the network structures that promote diversity 397

are those that provide access to a wider range of potential solutions (i.e., low redun- 398

dancy in potions found), formally quantified through our measures of redundancy 399

and synergy in agent interactions. Furthermore, rather than simply benefiting from 400

initial diversity, high-performing networks sustain complementary contributions over 401

time and exhibit a shallower decline in synergy than slower networks (Fig. 5A). This 402

dynamic suggests that performance depends not only on network structure, but on 403

the persistence of diversity throughout the problem-solving process. 404

Recently, researchers have begun to re-evaluate foundational questions in collective 405

behavior by evaluating the causal mechanisms underlying information processing in 406

collective systems. This trend reflects a growing effort to move beyond phenomenologi- 407

cal correlations and towards more causal explanations of how network structure, agent 408
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behavior, and transmission dynamics interact to shape collective outcomes. For exam- 409

ple, Guilbeault & Centola [54] showed that standard network metrics, such as path 410

length and centrality, fail to capture key aspects of complex information diffusion in 411

networks. Similarly, Barkoczi & Galesic [24] demonstrated that network outcomes are 412

influenced not only by topology, but mediated by agent-level strategies for integrating 413

information, such as different social learning heuristics. This growing body of literature 414

underscores the need for metrics that take into account how information is causally 415

processed within networks. Our results highlight a link between agent-level informa- 416

tion processing, structural dynamics, and group-level performance and represent one 417

step towards bridging causal mechanisms across scales in collective behavior. 418

Future research on collective intelligence should move towards a more comprehensive 419

understanding of how information is processed across multiple levels of organization, 420

ideally examining redundancy in relation to trade-offs with other forms of information 421

processing and connecting insights from formal models to real-world systems. This 422

direction would include exploring the benefits of low redundancy in maintaining system 423

robustness and coordination, and in preventing information loss. While our findings 424

emphasize how redundancy can limit exploration, prior work has shown that it also 425

promotes resilience by providing common ground and buffering against disruption 426

[55–59]. 427

Furthermore, findings from the modeling literature should be increasingly aligned with 428

insights drawn from real-world contexts. Context-dependent information processing 429

[60] and group features such as diversification, complementarity and skill dependency 430

have been identified as critical drivers of collective performance [61–64]. A mature 431

science of collective intelligence will require greater attention to how task structure 432

interacts with agent-level strategies, such as learning [24], memory [65], and commu- 433

nication [66, 67], that shape the nature of information processing itself. Investigating 434

these strategies may offer a critical pathway for bridging the gap between abstract 435

models and the complex dynamics observed in real-world systems. 436

Collective intelligence is a field with interest across diverse disciplines and systems, 437

ranging from bacterial colonies and fish schools to human teams. Such diverse per- 438

spectives come with a diversity in measures to quantify collective intelligence, which 439

can lead to fragmented approaches towards the phenomenon, hampering compara- 440

tive inquiries. Our work advances this effort by applying an information-theoretic 441

approach to quantify a form of collective intelligence [14, 38, 41], offering a step towards 442

uncovering mechanistic fundamentals of collective intelligence. 443

6 Methods 444

6.1 Model Description 445

1. Model initialization: A network is generated according to the Watts–Strogatz 446

model using a specified rewiring probability (Fig. S1). For each node of the graph, 447

an agent is initialized with a score of zero and an inventory comprised of six potions: 448

three from an A trajectory and three from B trajectory. Each inventory is 449
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comprised of three parts: the name/level of the potion (e.g., a1, a2, a3, b1, b2, b3) 450

and a score which each initial potion and potions discovered thereafter carries for 451

itself (with scores of 6, 8, and 10 for the three initial potions or ingredients in each 452

trajectory). 453

2. Dyad selection: At each step, each agent chooses a partner they are connected to 454

on the network with a random probability. As neighbors are simply chosen with a 455

random probability, it is possible for a focal neighbor to select an individual which is 456

already interacting with them (e.g., if a network is initialized with just two agents, 457

the two agents will simply select each other). 458

3. Potion selection: In the model, new potions are formed by triad combinations 459

of old potions. As triad combinations are made between dyads of agents, the focal 460

agent randomly selects whether it will be trading either one or two potions with 461

their partner. The focal agent and its partner then cycle through their respective 462

inventories, assigning probabilities to each potion in the array. This probability is 463

obtained by summing the innovation scores of each potion and dividing individual 464

scores by each sum (e.g., the initial inventory innovation scores of 6, 8, 10, 6, 8, 10 465

will yield respective probabilities of .125, .167, .208, .125, .167, .208). 466

4. Potion combination: Agents and their partners then select the number of potions 467

previously assigned to them in the last step, based on potions’ calculated proba- 468

bilities and without replacement, and combine them. The combination is saved as 469

a list and compared to lists of valid combinations copied directly from Derex and 470

Boyd [32] (SI Appendix, section 1). If an invalid combination is made, nothing hap- 471

pens. If a valid combination is made, then the dyad adds a new innovation (with 472

its own respective score) to their inventories. 473

5. Innovation diffusion: If a new potion is added to the agents’ inventories, both 474

agents then check the inventories of all of their partners and spread it to neighbors 475

which do not already possess it. 476

6. Scoring: Scores are then obtained for each agent based on the tier of discovery an 477

agent has obtained: with the first tier yielding a score of 48, second tier 109, third 478

tier 188, and the fourth tier (which requires a crossover from the A and B trajectory) 479

being 358. The maximum score of a potion in an agent’s list is determined to be 480

their overall score. 481

7. End and Crossover: The simulation ends either when it has reached 1000 steps 482

or when the network has achieved a crossover event, whereby the final inventions in 483

both trajectories are themselves combined, indicating the network has discovered 484

and united both paths of exploration. 485

6.2 Network Configurations 486

We systematically varied the configurations in which agents interact using synthetic 487

networks built according to a simple and well-known process [45]. All networks contain 488

50 agents. We took advantage of the simplicity in [44]’s model for exploring the full 489

range of network configurations, from regular to random networks. We start with a 490

regular network, where nodes are positioned in a ring and are connected only to their 491

four closest neighbors. Then, with probability Prewiring, we take a link and rewire it, 492

connecting one of the original nodes with a randomly chosen node anywhere in the 493
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network. This is repeated for all links in the network. Watts et al. showed that, for 494

initially regular networks (relatively low values of Prewiring) contains enough long- 495

distance connections to maintain the initially high clustering coefficient, C, but has 496

a significantly lower path length, L (both of which define the small-world property) 497

[44]. For higher values of Prewiring, C decreases to the point of being indistinguishable 498

from a random network. We used the Watts-Strogatz graph algorithm in the NetworkX 499

package in Python, with a degree of 4 (see Fig. S1). Rewiring probabilities were set to 500

0, 0.01, 0.03, 0.05, 0.1, 0.15, 0.25, 0.50, 0.75 and 1.0. 501

6.3 Information theoretic tools 502

We represent each agent’s inventory as a 14-bit binary array, indicating whether each 503

potion is present or absent. 504

6.3.1 Redundancy and Synergy via Mutual Information 505

To quantify the level of redundant information in a network, we compute pairwise 506

mutual information between all pairs of agents at each time step. We then compare 507

how redundant their information is with respect to the global knowledge of the network 508

at a given time step, t. We define the global knowledge (or collective information) of 509

the network as all the unique potions that have been discovered by any agent in the 510

network by time t. 511

Mutual information It(X;Y ) tells us the amount of information that can be gained 512

about the inventory of agent X by knowing the information possessed by agent Y . 513

Information known to an agent is defined through Shannon Entropy Ht(X), which 514

captures how much an agent knows about the full potion set, where pt(x) is the 515

probability associated with each potion x of the full target set at time t. 516

It(X;Y ) = Ht(X) +Ht(Y )−Ht(X,Y )

=
∑
x∈X

∑
y∈Y

pt(x, y) log
pt(x, y)

pt(x)pt(y)

where Ht(X) = −
∑
x∈X

pt(x) log pt(x)

(1)

To quantify redundancy, R, we use the following: 517

Rt(X;Y ;G) = It(X;Y )− It(X;Y |G),

where Gt =

n∨
i=1

xi,t

(2)
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Gt represents the global knowledge of the network at time t, and It(X;Y |G) is the 518

conditional mutual information between X, Y , and G at time t. Conditional mutual 519

information quantifies the conditional dependence of two variables on a third one. 520

Depending on the level of dependence, it can be higher or lower than the mutual 521

information between X and Y , and it can, thus, yield a negative or positive value of 522

R. 523

Following partial information decomposition [43], R represents the overlap or redun- 524

dancy in the information contained in X and Y about the global knowledge, G. 525

Negative values of R imply a synergistic relationship, where X and Y together pro- 526

vide information about G that can only be known when X and Y are considered 527

simultaneously. 528

To assess the level of redundancy in the network, we compute the average value of 529

Rt over time and across all agent pairs. Additionally, we define a synergy measure S, 530

which captures the extent of synergistic relationships by considering only the negative 531

values of Rt: 532

St =
1

N

∑
X,Y

Rt(X;Y ;G)<0

|Rt(X;Y ;G)| (3)

where N is the total number of agent pairs with negative Rt. We also compute the 533

frequency of synergistic pairs, which represents the percentage of pairs in the network 534

exhibiting synergy at each time step: 535

Pt =
|{(X,Y ) | Rt(X;Y ;G) < 0}|

|{(X,Y )}|
(4)

where |{(X,Y )}| denotes the total number of agent pairs in the network. A higher St 536

or Pt indicates stronger synergistic interactions in the network. In the context of the 537

potions task, if a pair of agents knows different potions that have been discovered by 538

the collective network, it would imply that they contribute to the global knowledge in 539

a synergistic manner. 540

6.3.2 Complementarity via Hamming Distance 541

While the mutual information approach quantifies how agents contribute to the global 542

knowledge at each time step, we also assess how complementary two agents’ knowledge 543

is in relation to the full target set. This measure constitutes an alternative, simple way 544

to measure how efficiently agents cover a finite and small set of potions. 545

Each agent’s inventory can be represented as a binary vector of size 14, where each 546

position is 1 if the agent possesses the corresponding potion and 0 otherwise. The full 547

target set F is represented as a vector of 1’s of size 14, indicating that all potions are 548

present. The Hamming distance between an agent’s inventory X and the full set F 549

measures how much information the agent lacks: 550
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Dt(X,F ) =

z=14∑
i=1

|xi,t − fi| (5)

where xi,t − fi ∈ {0, 1} for all i ∈ {1, . . . , 14}, and t denotes the time step. A higher 551

value means that the agent is missing more potions or more information about the 552

target set. 553

To measure how complementary two agents’ knowledge is at each time step, we com- 554

pare their individual Hamming distances to the full set with the Hamming distance 555

of their combined knowledge: 556

Ct(X,Y ) =
Dt(X,F ) +Dt(Y, F )−Dt(X ∨ Y, F )

14
(6)

where Dt(X,F ) and Dt(Y, F ) are the distances of agents X and Y from the full target 557

set at time t, and Dt(X ∨ Y, F ) is the distance of their combined knowledge (bit-wise 558

OR operation). This computation is performed at each time step and for every pair 559

of agents in the network. A higher Ct(X,Y ) indicates that agents contribute non- 560

overlapping knowledge, meaning they are more complementary in their knowledge 561

about the full set. Over time, this measure allows us to track how complementarity 562

evolves in the network as agents acquire new information. 563
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[5] Garnier, S. & Moussäıd, M. We the swarm—methodological, theoretical, and soci- 588

etal (r) evolutions in collective decision-making research. Collective Intelligence 589

1, 26339137221133400 (2022). 590

[6] Lazer, D. & Friedman, A. The network structure of exploration and exploitation. 591

Administrative Science Quarterly 52, 667–694 (2007). 592

[7] Centola, D. The network science of collective intelligence. Trends in Cognitive 593

Sciences 26, 923–941 (2022). 594

[8] Zafeiris, A. & Vicsek, T. Group performance is maximized by hierarchical 595

competence distribution. Nature Communications 4, 2484 (2013). 596

[9] Mann, R. P. & Helbing, D. Optimal incentives for collective intelligence. 597

Proceedings of the National Academy of Sciences 114, 5077–5082 (2017). 598

[10] Hong, L. & Page, S. E. Groups of diverse problem solvers can outperform groups 599

of high-ability problem solvers. Proceedings of the National Academy of Sciences 600

101, 16385–16389 (2004). 601
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8 Supplementary Figures 735

Supplementary Figure 1: Small-world index (ω, on the right y-axis) as a function of
probability of rewiring (x-axis). ω is calculated as L(p = 1)/L(p)−C(p)/C(p = 0). L(p)
and C(p) refer to the average shortest path length and average clustering coefficient
of networks with P (rewiring) = p, respectively. L(p = 1) is the average shortest path
length in an equivalent random graph. C(p = 0) is the average clustering coefficient of
an equivalent lattice graph. Networks in the small-world regime have ω values closer
to 0 (shown by the dashed line).

Diagonality Index : In order to measure how closely each network’s trajectory 736

aligns with the 45◦ diagonal in the problem-space, we represent changes in potion 737

generation for trajectories A and B as a movement vector (a, b), where a and b are the 738

changes in the number of potions generated for A and B, respectively. Summing these 739

stepwise changes yields a net displacement, and its angle θ (computed via arctan
(
b
a

)
) 740

is compared to 45◦ (π/4). We then define the Diagonality index as: 741

D.I. = 1−

∣∣∣θ − π
4

∣∣∣
π
4

,
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Supplementary Figure 2: The average Diagonality index of the “movement” of
networks with different values of the rewiring parameter over the problem-space, for
each performance category. A perfectly diagonal movement will have a Diagonality
index of 1.

such that perfectly diagonal movement returns a value of 1, and increasing deviations 742

from 45◦ approach 0. 743

For each movement vector, we calculated the angular deviation from an ideal diagonal 744

and normalized them such that perfect diagonal movement along the problem space 745

would be scored 1 and deviations from it would be lower. This index shows that fast 746

networks solve the problem in a more diagonal and optimal fashion than medium and 747

slow networks, irrespective of the Prewiring. 748
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