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SUMMARY

Biological neural networks perform complex computations to predict their environment, far exceeding the 

capabilities of individual neurons. Here, we argue that understanding these computations requires consid

ering emergent dynamics—dynamics that make the whole system ‘‘more than the sum of its parts.’’ We 

examine the relationship between prediction performance and emergence by leveraging quantitative metrics 

of emergence and modeling environmental time-series prediction within a bio-inspired computational frame

work called reservoir computing. Notably, three key results reveal a robust bidirectional coupling between 

prediction performance and emergence: (1) optimizing hyperparameters for performance enhances emer

gent dynamics, and vice versa; (2) emergent dynamics serve as a highly sufficient and often also necessary 

condition for prediction success in most environments; and (3) training with larger datasets results in stronger 

emergent dynamics, encoding task-relevant information. These findings emphasize the importance of emer

gence-based approaches for studying neural networks—biological or artificial—as they enable network-level 

insights, complementing traditional single-neuron-based analyses.

INTRODUCTION

Biological nervous systems may be regarded as collections of 

weak learners: individual neurons, each with limited predictive 

power over the system’s environment. Yet, as a whole, these 

networks perform highly non-trivial computations that support 

the prediction of environmental dynamics necessary for 

survival.

THE BIGGER PICTURE A long-held tenet of neuroscience posits that intelligence is a collective phenomenon: 

the brain is more than a mere collection of individual cells because it performs complex predictions that no 

single neuron can achieve alone. This aligns with the concept of ‘‘emergence,’’ describing systems that 

exhibit capabilities absent in their constituent parts. While emergence has historically remained a philosoph

ical notion, recent advances provide formal frameworks, grounded in information theory, to quantify it in data. 

These tools allow us to mathematically capture when a network’s computation generates information that is 

irreducible to its individual components. Our study leverages these frameworks to determine the extent to 

which emergent dynamics drive prediction in neural networks. By modeling environmental prediction tasks 

in bio-inspired networks, we found that performance is tightly coupled with—and often dependent upon—the 

capacity for emergence. These findings support the hypothesis that emergence plays a functional role in pre

diction. Crucially, this underscores the utility of modern information-theoretic tools in transforming the view 

of the brain as a ‘‘collective’’ system from an illustrative idea into a rigorous, analytical approach. 
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From a reductionist perspective, a complete understanding of 

a system’s computations can, in theory, be achieved by 

describing the behavior of each of its components and their in

teractions. Yet in practice, it is overwhelmingly the case that bio

logical neural networks are partially observable systems, 

rendering a full description of components and their interactions 

intractable.

In this context, machine learning frameworks for modeling 

computations in biological neural networks offer an attractive 

avenue, enabling full observability and controlled interventions. 

One popular such framework is reservoir computing,1,2 which 

was originally introduced as a model of spatiotemporal sensory 

information processing in the brain.3 Reminiscent of biological 

neural networks, the core processing unit of a reservoir com

puter (RC) constitutes a fixed recurrent neural network (RNN), 

called the reservoir (Figure 1A). The reservoir receives input 

from a linear input layer and projects it to a high-dimensional 

non-linear space, facilitating linear separability.4 Subsequently, 

the reservoir state is mapped to a desired output via a linear 

readout layer. Importantly, RC training involves optimizing only 

the readout weights, which allows for fast and efficient training 

and the flexibility to use any arbitrary RNN as the reservoir. 

Notably, there has been a recent trend of using RCs with bio- 

inspired reservoir topologies, informed by empirical brain con

nectivity data, to relate structural properties of brain networks 

to computational functions.5–7

Despite full observability and the possibility to directly assess 

the contribution of individual artificial neurons to a computation 

through methods such as neuron deactivation (dropout), eluci

dating how artificial neural networks (ANNs) perform complex 

computations remains challenging. One reason for this is that 

relevant information for these computations may not be encoded 

at the level of single neurons but instead at the level of groups of 

neurons or even the whole network. Such macroscale phenom

ena that seem irreducible to their constituent parts are charac

teristic of both artificial and biological neural networks.8 For 

instance, in the human brain, information from various sensory 

modalities is processed in different cortical areas, yet we 

perceive objects as whole, unified entities rather than disjointed 

collections of sensory inputs. Exactly how the brain achieves this 

integration of distributed information streams poses a major 

question in neuroscience, commonly referred to as the ‘‘binding 

problem.’’9

The binding problem exemplifies how the macroscale can 

possess qualities that are absent at the microscale. This perhaps 

somewhat paradoxical condition is captured by the concept of 

emergence,10 with emergent phenomena being in some sense 

‘‘greater than the sum of their parts.’’11,12 Emergence offers a 

promising conceptual approach to addressing the challenges 

faced by traditional reductionist methods in explaining complex 

computations in neural networks. However, quantifying the role 

of emergence in computation has long been limited by the lack 

of effective measures.

Recently, Rosas et al.13 developed a framework that offers a 

formal definition of causal emergence alongside practical tools 

for measuring emergence in empirical data. Drawing on the the

ory of partial information decomposition (PID),14 the framework 

demonstrates how macroscale phenomena can have excess 

causal power over the evolution of the system, beyond what 

can be accounted for by considering a microscale description 

of the system (see Mediano et al.15 for a comprehensive review). 

Please note that in this context, ‘‘causal power’’ means predictive 

power, consistent with the Granger interpretation of causality.16

PID, which was introduced as an extension of Shannon’s infor

mation theory, proposes conceptualizing the information that 

multiple sources provide about a target as a composition of 

distinct information atoms: (1) redundant information that is 

shared between sources, (2) unique information that is exclusive 

to each source, and (3) synergistic information that can only be 

accessed by integrating the information from multiple sources14

(Figure 1B). Building on this approach, Rosas et al.13 posit that an 

emergent feature must encode synergistic information about the 

future of the system.

To illustrate the rationale behind this approach, note that syn

ergistic information only exists at the macroscale—it is not con

tained in any subset of system parts—yet, it is disclosed when 

all parts are known and considered together. In other words, 

synergy elegantly accommodates excess causal (i.e., predic

tive) powers at the macroscale without violating reductionist 

principles. Hence, the causal emergence framework is entirely 

compatible with ontological reductionism while having great 

potential to provide informative insights into part-whole 

relationships.

In this study, we explore the hypothesis that complex compu

tations supporting the prediction of environmental variables in 

biological neuronal networks rely on emergent dynamics. More 

A B Figure 1. Schematic illustration of central 

methodological concepts 

(A) The basic components of a reservoir computer. 

The reservoir, a recurrent neural network with 

fixed internal weights, serves as the core pro

cessing unit. Inputs are fed to the reservoir via a 

linear weight matrix. Outputs are computed by 

another linear weight matrix, the so-called readout 

weights, which are learned. 

(B) Illustrative example of the partial information 

decomposition (PID) of Shannon’s mutual infor

mation into unique, redundant, and synergistic 

information. Two witnesses (X1 and X2) are interrogated to identify the type of animal (Y) that seems to have consumed large parts of the seasonal harvest. X1 

reports that the animal had a beak and that when they approached, it fled to hide in the pond. X2 confirms that they also observed the animal swimming in the pond 

and that, additionally, they saw that the animal was furry. Taken together, both sources X1 and X2 provided redundant information (that the animal can swim) and 

unique information (that the animal has a beak and is furry) about the target Y. However, the identity of Y was only revealed after the information from both X1 and 

X2 was combined (synergistic information) since the only animal with a beak and fur is a platypus!
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specifically, we leverage reservoir computing to model the pre

diction of environmental dynamics in a bio-inspired computa

tional architecture, and we capitalize on the causal emergence 

framework to examine the relationship between emergence 

and prediction performance. Notably, we find evidence for a 

bidirectional coupling between emergence in the system’s dy

namics and prediction performance. Overall, our results reveal 

clear empirical benefits of considering emergent dynamics for 

the study of complex computations in neural networks. In turn, 

these in silico results may provide insights into computation in 

biological neural networks.

RESULTS

To examine the role of emergence in facilitating predictions of 

environmental dynamics in biological neural networks, we opti

mized bio-inspired RCs to forecast the trajectories of various 

chaotic dynamical systems, representing the RCs’ environ

ments. Our set of task environments included the well-known 

Lorenz attractor17 and five Sprott chaotic flow systems.18 The 

reservoir connections of our RCs were determined by a human 

connectome representation describing the anatomical connec

tions between 100 cortical brain regions,19 which was derived 

from empirical data of 100 healthy subjects of the Human Con

nectome Project (HCP).20

Our approach for investigating the relationship between pre

diction performance and emergence in reservoir computing 

comprised three main operations: training, evaluation, and hy

perparameter tuning (Figure 2).

During training, the RC is first ‘‘driven’’ with the training input. 

That is, the reservoir state is iteratively updated as an environ

mental time series is fed to the network via the linear input 

weights. Subsequently, the readout weights are analytically 

solved using closed-form linear regression with Tikhonov regula

rization, also known as (a.k.a.) ridge regression, where the future 

training inputs at time t + 1 are regressed against the generated 

reservoir states at time t. Unless stated otherwise, our training in

puts were 2,500 time steps long, and the first 500 time steps 

were not included in the readout weight fitting.

The evaluation step involves measuring the prediction perfor

mance and emergent dynamics of a trained RC. Predictions 

were initialized by driving the RC with the first 500 time steps 

of the test input. Then, the actual prediction (forecast) was gener

ated by turning the RC into an autonomous system that drives it

self with its own prediction output in an iterative one-step-ahead 

prediction approach for 1,000 time steps. For each evaluation of 

one RC, multiple (100, unless otherwise specified) forecasts 

were generated by initializing the RC with different test inputs, 

and the RC’s performance was measured by computing its 

average prediction loss (see methods for a precise definition) 

Figure 2. Schematic overview of the approach 

Our approach comprises three main operations: training, evaluation, and hyperparameter tuning. Training involves recording the reservoir state trajectory as the 

RC is fed with some training input and then computing the readout weights with closed-form linear regression (Tikhonov-regularized ridge regression) to predict 

the future training input at time t + 1 from the current reservoir states at time t. Evaluating the prediction performance and emergent dynamics of a trained RC 

requires generating predictions by employing an iterative one-step-ahead prediction approach after the RC was fed with the initial 500 time steps of the test input. 

Prediction performance is assessed by comparing the ground-truth environmental dynamics with the forecast, measuring prediction loss and the probability of a 

successful prediction P(S) with S: = loss < 1. Emergent dynamics are evaluated by comparing the forecast with the underlying reservoir state trajectory, 

measuring ψ, i.e., the amount of self-predictive information of the forecast that is not contained in individual reservoir neurons. Additionally, we also estimated the 

probability of emergence P(E) with E: = ψ > 0. Finally, hyperparameter tuning is performed using an evolutionary algorithm to optimize specific RC hyper

parameters. We employed different objective functions, optimizing for either maximal prediction performance or emergent dynamics.
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across all generated forecasts. Additionally, we also derived the 

probability of a successful prediction P(S) with S: = loss < 1 as a 

less outlier-sensitive measure of performance.

The tendency of an RC to exhibit emergent dynamics was as

sessed using ψ, which provides a lower bound on causal emer

gence13 (see methods). In this study, ψ measures the predictive 

information of the forecast ŷ(t) about its immediate future time 

point ŷ(t + 1), minus the total information provided by each indi

vidual reservoir neuron considered separately. Note that the 

forecast, being a linear combination of all reservoir neuron 

states, depends on the full microstate of the system at time t 

and therefore constitutes a valid macroscopic feature under 

the causal emergence framework.13 ψ > 0 provides a strict and 

sufficient criterion for emergence. However, when reservoir neu

rons share redundant information, this redundancy is subtracted 

multiple times, which can drive ψ below zero even in the pres

ence of emergence. Hence, ψ ≤ 0 does not imply the absence 

of emergence but rather reflects an inconclusive result. To cap

ture a reservoir’s overall tendency to generate emergent predic

tions, we therefore introduced an additional metric, P(E), defined 

as the probability that a reservoir produces predictions with E: = 

ψ > 0. By default, all metrics of performance (loss, P(S)) and 

emergence (ψ, P(E)) were estimated over 100 test inputs, each 

being 1,000 time steps long (not including the initial 500 time 

steps of the test input that are fed to the reservoir for 

initialization).

Finally, hyperparameter tuning involves using an evolutionary 

algorithm21 to optimize specific RC hyperparameters, such as 

topological properties of the reservoir network, that are key for 

effective training. Mimicking biological evolution, in evolutionary 

optimization, a population of individuals (here, RCs) with 

randomly initialized hyperparameter configurations is evolved 

toward a specific optimization objective over the course of 

many generations of competition between individuals and sub

sequent mutation of the hyperparameter configurations em

ployed by inferior individuals (Figure 1). In the present study, 

we evolved RCs with two different objective functions: (1) to 

maximize prediction performance (optimization objective I) and 

(2) to maximize causal emergence (optimization objective II).

Overall, this approach allowed us to manipulate performance 

during hyperparameter tuning and training and evaluate how 

these manipulations affect emergence, and vice versa. Specif

ically, we assessed the effect of hyperparameter optimization 

for optimization objective I and optimization objective II on emer

gent dynamics and prediction performance. We estimated the 

correlations between performance and emergence across the 

entire hyperparameter space without optimization. By varying 

the input sample size during training, we targeted prediction 

loss and measured the resulting changes in emergent dynamics. 

Finally, we analyzed whether hyperparameter optimization for 

emergence enhances RC performance in a range of unfamiliar 

(non-optimized) environments and whether a human connec

tome-based reservoir topology promotes emergent dynamics 

and performance.

Prediction performance is strongly coupled with 

emergent dynamics

To examine the relationship between loss and ψ during hyper

parameter tuning, we evolved 10 populations, each comprising 

100 RCs, for 3,000 generations to the Lorenz task environment, 

optimizing for low loss (optimization objective I). As expected, 

the average population loss decreased over the course of artifi

cial evolution (Figure 3A), and the best individual across all pop

ulations in the final generation was verified to produce a good 

forecast (Figure S1), indicating successful optimization. Notably, 

the decrease in population loss was consistently paralleled by an 

increase in population ψ (Figure 3A). The increase in ψ was due to 

both increased self-predictive information of the macroscale 

feature (i.e., the forecast) and reduced predictive information 

held by single-reservoir neurons (Figure S2). Indeed, we found 

significant negative correlations (p < 0.0001; see the correlation 

coefficients in the bottom image of Figure 3A) between the evolu

tionary trajectories of loss and ψ in all populations. These find

ings replicated across all tested task environments (Figure S3).

Further analysis uncovered that the inverse relationship be

tween loss and ψ is bidirectional: evolving 10 additional popula

tions, which were initialized identically to those optimized for 

minimal loss, with the objective to maximize ψ (optimization 

objective II), led not only to an increase in ψ (as we should expect) 

but also to a simultaneous decrease in population loss over the 

course of artificial evolution (Figure 3B). Notably, optimizing for 

high ψ occasionally resulted in transient spikes in the loss curve, 

suggesting that ψ maximization may introduce some instability 

to the reservoir dynamics, leading to attenuated prediction per

formance. However, the spikes in loss were short-lived, implying 

that ψ optimization effectively pruned hyperparameter configu

rations associated with poor performance.

To ensure that the observed relationship between loss and ψ 
was not primarily driven by RCs with particularly poor perfor

mance and highly synchronized (i.e., redundant) reservoir neu

rons, we examined the coupling between emergent (ψ > 0) and 

successful (loss < 1) predictions across the hyperparameter 

search space. To this end, we sampled 4,000 RCs with random 

hyperparameter configurations and estimated their marginal and 

joint probabilities of producing emergent dynamics and suc

cessful predictions for each of the six task environments.

Remarkably, emergent predictions were found to be signifi

cantly more likely to be successful, as indicated by positive 

pointwise mutual information between success and emergence 

(PMI(S,E) > 0; Figure 4A). The precise form of this relationship 

varied by environment: in some cases, we observed strongly 

emergent reservoirs (high P(E)) with limited success (low P(S)), 

while in others, there were reservoirs that succeeded without 

emergence (low P(E) and high P(S)) (Figure S5). To further char

acterize these differences, we adopted graded, observational 

definitions of sufficiency and necessity from Comolatti and 

Hoel,22 with sufficiency defined as P(S|E) and necessity as 1 – 

P(S|¬E). We found that sufficiency values were consistently 

high across environments, with median P(S|E) exceeding 0.8 

(Figure 4B). Furthermore, in Sprott B, G, K, and R, the absence 

of emergence was highly predictive of unsuccessful prediction, 

resulting in high necessity values (Figure 4C).

Given that ψ > 0 represents a sufficient criterion for emer

gence, these results complement our previous findings with 

the supporting evidence that prediction performance is indeed 

linked to emergence and not solely to the reduced correlation 

of reservoir neuronal activity, leading to higher but possibly still 

negative ψ values.
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Our previous analyses focused on the relationship between 

emergence and prediction performance across different hy

perparameter configurations. Next, we aimed to explore the 

relationship between emergence and prediction performance 

within a single RC while varying the size of the training dataset. 

Specifically, we trained an RC employing the hyperparameter 

configuration that yielded the lowest loss across all 10 loss- 

optimized populations. The RC was trained on 100 different 

training inputs from the Lorenz environment, and each training 

was evaluated on the same set of 10 test time series. 

Crucially, instead of training the RC on the entire length of 

the input data (2,000 time steps), we trained it on truncated 

versions with varying sample sizes, i.e., numbers of time steps 

(n = {10, 20, …,2,000}).

Figure 4E displays the average log(loss) and P(E) across all 

evaluations for each training sample size n. As expected, loss 

decreases with increasing training sample size. Interestingly, 

larger training sample sizes not only led to lower loss but also 

to a higher probability of emergence, suggesting that fitting the 

output weights with more data results in enhanced readout of 

emergent dynamics.

A further analysis revealed that those emergent dynamics are 

indeed likely to encode task-relevant information (Figure 4F): We 

trained and subsequently evaluated the same loss-optimal RC 

100 times, each time on a new set of 1 training and 1 test time se

ries from the Lorenz environment. Additionally, during each repe

tition, we also computed the loss and ψ with respect to a random 

readout of the RC, which was obtained by randomly permuting the 

trained readout weights, while preserving the weight distributions 

of the mappings from reservoir neurons to each of the target vari

ables. Unsurprisingly, random readouts yielded significantly 

greater loss than the predictions generated with trained readout 

weights (g = − 1.70, t = − 12.33, p < 0.0001, degrees of freedom 

[df] = 99). More interestingly, random readouts were also associ

ated with significantly and substantially lower ψ values (g = 3.47, 

t = 37.63, p < 0.0001, df = 99). Of note, this trend was found to 

be even more pronounced when repeating the analysis with an 

RC that employed ψ-optimized, rather than loss-optimized, hy

perparameters, where trained readouts nearly always achieved 

ψ > 0, whereas random readouts never did (Figure 4G) (loss com

parison: g = − 1.00, t = − 7.36, p < 0.0001, df = 99; ψ comparison: 

g = 5.96, t = 51.37, p < 0.0001, df = 99).

A B

Figure 3. Inverse relationship between loss and ψ during evolutionary optimization 

(A) Top: trajectories of average loss (black) and ψ (red) of 10 populations over the course of evolutionary optimization with the objective to minimize loss 

(optimization objective I). Bottom: average loss plotted against average ψ across generations. Each population is plotted in a different color. The corresponding 

Spearman correlation coefficients of all populations are summarized in the boxplots (all correlations were significant; p < 0.0001). 

(B) Analogous to (A) but for evolutionary optimization with the objective to maximize ψ (optimization objective II).
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Emergence-based optimization can facilitate transfer 

learning to unfamiliar environments

We next investigated whether hyperparameter optimization to 

maximize emergence may offer advantages over performance- 

focused optimization in the challenging context of transfer 

learning. Specifically, based on previous work showing that syn

ergistic information processing facilitates general-purpose 

learning in ANNs,23 we wondered whether hyperparameter tun

ing toward a higher tendency to exhibit emergence—which, by 

definition, relies on synergistic information13—would prime 

RCs to perform well on a range of unfamiliar environments 

(that they were not evolved to).

To test this hypothesis, we evolved RCs to maximize various 

weighted combinations of P(S) and P(E). More precisely, our 

optimization objective was defined as κ*P(S) + (1 – κ)*P(E), where 

κ ranged from 0.0 to 1.0 in increments of 0.25. Hence, κ = 0.0 cor

responds to 100% optimization for P(E) and 0% for P(S), and vice 

versa in the case of κ = 1.0. For each κ value, we evolved 10 pop

ulations for 3,000 generations, each comprising 100 randomly 

initialized RCs, to a given task environment. The analysis was 

conducted with four different task environments, the Lorenz at

tractor and selected Sprott systems (A, B, and R), which were 

chosen based on the effectiveness of the hyperparameter opti

mization for these environments in the previous analysis. Finally, 

the best hyperparameter configuration from each population, 

which was evolved with a specific κ value and to a specific envi

ronment i, was evaluated once on a new set of 100 test time se

ries from the optimized environment i and additionally on a set of 

100 test time series from each of the 3 other environments j ∕= i.

Figure 5 summarizes the test performance (P(S)) in the opti

mized environment (top row) and the average test performance 

across all non-optimized environments (bottom row) of the fittest 

A D

E F G

CB

Figure 4. Relationship between emergence and prediction performance across hyperparameter configurations and training sample sizes 

(A) 4,000 RCs with randomly sampled hyperparameter configurations were evaluated 100 times on each of the six task environments. The boxplots summarize 

pointwise mutual information (PMI) between emergence (ψ > 0) and success (loss < 1) for each environment. In all cases, PMI values were significantly greater 

than zero (one-sample t test, p < 0.0001 after FDR correction). 

(B) Sufficiency, quantified as the probability of success given emergence P(S|E). 

(C) Necessity, quantified as 1 – P(S|¬E). 

(D) Schematic Venn diagrams of emergence and prediction success in the different task environments, inferred from the results in (B) and (C). 

(E) Average log(loss) and probability of emergence achieved by the loss-optimized RC when trained with different training sample sizes (n). 

(F) Comparison of loss and ψ values of predictions produced by the loss-optimized RC employing trained versus randomized readout weights. 

(G) Analogous to (F), but the predictions were produced by the ψ-optimized RC. Asterisks (***) denote statistically significant differences after FDR correction 

(p < 0.0001).
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RC from each evolved population. As expected, we found that 

optimizing for P(S) alone (i.e., κ = 1.0) tends to yield the best 

test performance in the optimized task environment. When the 

RC is evaluated on a different task environment, optimizing for 

P(E) may be advantageous in some cases—although not all. 

While further investigation is needed, the fact that optimization 

for emergence alone yielded solutions with competitive, and oc

casionally superior, test performance in non-optimized environ

ments hints at the potential value for future research into the con

ditions where emergence optimization may be beneficial.

Bio-inspired human connectome topologies offer no 

performance or emergence advantage over random 

networks

In standard reservoir computing, reservoir neurons are typically 

randomly connected such that every neuron is connected to all 

other neurons with a fixed probability p.1,2 Recently, there has 

been a trend toward leveraging RCs with bio-inspired reservoir 

topologies, where the reservoir neurons are connected like brain 

regions in empirically derived structural brain networks.5–7 This 

approach has been proposed for relating structural properties 

of brain networks to computational functions.

The RCs analyzed above were all constructed using empirical 

brain network data. To test whether this mattered, we compared 

the prediction performance and emergence of randomly con

nected RCs with those of our bio-inspired RCs. More precisely, 

for each reservoir type (human connectome or random network) 

and for each of the six task environments, we evolved 10 popu

lations of 100 RCs for 3,000 generations, optimizing for minimal 

prediction loss. To improve comparability, we ensured that for 

each population of bio-inspired RCs in a given environment, 

there was a sister population of randomly connected RCs in 

A

B

Figure 5. Test performance of reservoir computers, evolved to maximize performance or emergence, across optimized and non-optimized 

environments 

(A) Means ± standard deviations of the test performances (P(S)) of the fittest RCs that were evolved to maximize κP(S) + (1 – κ)P(E) in a particular environment, 

indexed by the column and the line plot color and evaluated on the same environment. Each dot in the line plot summarizes the performance of the fittest RC from 

each of the 10 populations that were evolved for the given environment (column) and κ value (y axis). 

(B) Analogous to (A), but the x axis displays the average test performance of the RCs across all other (non-optimized) environments.
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the same environment, which was identically initialized at gener

ation 0.

Evaluating the best solution from each evolved population on 

100 test time series from the optimized environments revealed 

no significant differences between bio-inspired versus randomly 

connected RCs in success or emergence probability (Figure 6). 

In other words, we found no evidence for systematic differences 

in prediction performance (P(S)) or emergence (P(E)) between 

bio-inspired and random reservoirs. Thus, the coupling between 

performance and emergence is not specific to human connec

tome topology but rather appears to be a more general property 

of reservoir computing networks.

Previous studies comparing RCs with bio-inspired, human 

connectome-based reservoirs to those with randomly con

nected reservoirs have yielded seemingly conflicting results: 

some found worse performance for bio-inspired RCs or equal 

performance when a slight weight randomization is employed,7

while others reported better performance for bio-inspired 

RCs.5 In this context, our results emphasize the need for further 

research to determine when reservoir computing represents a 

suitable model for computation in the human brain. Which as

pects are captured, and which ones are not? Furthermore, the 

mentioned studies5,7 and our study all differ in their methods, 

underscoring the importance of identifying which approaches 

are appropriate for specific types of questions.

Besides pointing out the crucial need for those methodological 

clarifications, our result suggests that the relationship between 

emergence and prediction performance observed in previous 

analyses is not specific to the bio-inspired RC architecture em

ployed in our study, but rather, it may represent a more general 

principle. Indeed, we confirm that the strong inverse correlations 

between ψ and loss during hyperparameter optimization are 

recapitulated in randomly connected RCs (Figure S4).

DISCUSSION

Our study reveals a bidirectional relationship between prediction 

performance and emergence in reservoir computing, which is 

consistent across task environments and reservoir topologies. 

Optimizing hyperparameters for performance enhances emer

gent dynamics, and vice versa. Emergent dynamics are highly 

sufficient for prediction success in all environments and neces

sary in most. Training RCs with larger sample sizes increases 

the readout of emergent dynamics, indicating that task-relevant 

information is encoded in synergistic neuronal interactions. 

Additionally, our results suggest that emergence-based hyper

parameter optimization in one environment may promote perfor

mance in other, non-optimized environments.

Weak learners collectively become strong through 

emergence

Our findings highlight the importance of considering emergent 

dynamics when studying computation in weak learner systems 

such as RCs. But what exactly do we gain from an emer

gence-based approach? Emergence-based approaches typi

cally provide tools for identifying optimal representations, or 

‘‘coarse grainings,’’ of the system that enable better prediction 

and/or control of its behavior—with different definitions of emer

gence offering complementary insights. For instance, according 

to Barnett et al.’s dynamical independence framework,12 emer

gence occurs when a coarse graining is optimally predicted 

based on its own history alone, without requiring further knowl

edge about the underlying microscale dynamics. Furthermore, 

Hoel et al. introduced the notion of causal (i.e., interventionist) 

emergence,24,25 where the system’s response to interventions 

can be predicted more easily in the macroscale than in the 

microscale. This approach reveals coarse grainings that allow 

for more effective control over the system’s behavior.

In our study, we used the causal emergence framework by 

Rosas et al.,13 where the macroscale representation has excess 

self-causing powers due to synergistic interactions at the 

microscale. Unlike Hoel et al.’s framework,24,25 which is based 

on interventionist causality,26 the notion of causal emergence in 

our study is grounded in Granger causality.16 Hence, causality 

ought to be understood in the predictive sense, i.e., the macro

scale possesses self-predictive powers. Yet, unlike the dynam

ical independence framework,12 Rosas et al.’s approach13 re

quires emergent features to have self-predictive powers that 

exceed what is encoded in the microscale dynamics. This 

makes it particularly suitable for studying time-series prediction 

in neural networks because it allows for the detection of higher- 

order interactions between neurons that carry task-relevant 

information.

To understand why synergy-based causal emergence may 

be key to enabling environmental predictions in reservoir 

computing, it is useful to conceptualize each reservoir neuron 

as a weak learner with limited predictive information about the 

environment. In the worst-case scenario, all neurons are 

A B Figure 6. Comparing prediction perfor

mance and emergent dynamics of bio- 

inspired and randomly connected reservoir 

computers 

The analysis involved evolving 10 populations for 

each task environment and reservoir network 

type. 

(A) Performance (P(S)) of the fittest RC from each 

evolved population of RCs with bio-inspired 

reservoir topology, informed by the human con

nectome (dark blue) and RCs with randomly con

nected reservoirs (light blue). 

(B) Emergence (P(E)) of the same RCs as in (A). 

There were no significant differences in perfor

mance or emergence between bio-inspired and 

randomly connected RCs.
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perfectly synchronized (fully redundant), rendering the predictive 

power of the reservoir reducible to that of a single neuron. If 

instead some neurons provide unique information about the 

environment, the reservoir can achieve improved predictive po

wer by aggregating the redundant and unique information from 

each neuron. Additionally, task-relevant information may also 

be encoded synergistically in any possible combination of neu

rons. Thus, exploiting synergistic information dynamics allows 

for greatly amplified representational power, effectively uniting 

weak learners to form a powerful prediction machine with greater 

computational capacity than the sum of its parts.

Based on these considerations, one might expect RCs to rely 

more heavily on emergent dynamics for more challenging tasks. 

Indeed, some prior work is in line with this idea: one study, 

evolving ANNs to task environments of varying complexity, 

demonstrated that integrated information, a metric related to 

synergy,27,28 increases over the course of artificial evolution, 

with the most significant increases occurring in more complex 

environments29 (see also Seth30 for an earlier example, showing 

increased [Granger] causal connectivity in networks evolved in 

complex relative to simple environments). However, our explor

atory analyses relating sufficiency and necessity to sample en

tropy and Lyapunov exponents did not reveal a consistent 

pattern across environments (Figure S6). Future work should 

examine in more detail how different notions of task complexity 

shape the reliance of RCs on emergent dynamics.

Our results may seem to suggest that maximizing emergence, 

and thereby maximizing synergy over redundancy, always leads 

to improved performance. However, previous studies indicate a 

trade-off between synergy and redundancy regarding prediction 

performance.8,23,31 Greater synergy enhances the capacity to 

integrate information but can lead to unstable, chaotic dy

namics.23,31 Conversely, greater redundancy provides stable 

dynamics and robustness to perturbations but results in poor in

formation integration.8,23,31 This suggests that the relationship 

between emergence and performance may in fact be non-linear. 

Indeed, although maximizing ψ reduces overall loss, we 

observed transient spikes in the evolutionary loss trajectories, 

suggesting that certain hyperparameter configurations yield 

poor performance despite emergent dynamics. Notably, these 

spikes were especially prominent when ψ exceeded the levels 

achieved by RCs optimized for performance (low loss) rather 

than emergence (high ψ). Overall, we conclude that optimal per

formance requires (1) a balance between synergy and redun

dancy and (2) significantly more synergistic dynamics than 

randomly initialized RCs.

Possible implications for biological neural networks

Our findings allow for several speculations about the relationship 

between emergence and prediction performance in biological 

neural networks.

First, we found that learning a mapping from neural activity to 

environmental dynamics leads to an increased readout of task- 

relevant synergistic information and that emergent dynamics 

may be especially important for solving challenging tasks. Given 

these results, we should expect to find emergent dynamics, 

particularly in brain areas that are implicated in learning and per

forming complex tasks, such as the higher-level association 

cortices. In support of this idea, recent work revealed a gradient 

of increasing synergistic compared to redundant dynamics from 

lower-level sensory to higher-level association cortices.32,33

Future studies could investigate the levels of synergistic or emer

gent dynamics in empirical neuroimaging data from subjects 

performing cognitive tasks with varying degrees of difficulty.

Second, the robust correlation between emergence and pre

diction performance during evolutionary hyperparameter optimi

zation raises the possibility that human brain evolution may have 

been influenced by emergence-favoring selection pressure. 

Notably, a recent study showed that the proportion of synergistic 

interactions between brain regions is significantly higher in hu

mans compared to macaques, while the proportion of redundant 

interactions remains preserved.32 The same study also found 

that brain regions with highly synergistic dynamics have under

gone the greatest expansion during human evolution and display 

the highest synaptic density and plasticity. Furthermore, den

drites of human pyramidal neurons are capable of purely syner

gistic computations such as separating linearly non-separable 

inputs—a feature that has not been shown in non-human 

neurons.8,34,35

Interestingly, a recent theoretical account proposed a poten

tial mechanism for these empirical observations: greater synap

tic turnover, and ultimately higher synergy, may have been facil

itated by metabolites downstream of a non-oxidative glycolysis 

pathway that brain regions increasingly relied on as their evolu

tionary expansion outpaced the oxygen delivery capacity of 

the vascular system.36 Given these findings, it would be inter

esting to compare the synergistic or emergent dynamics in 

RCs with reservoir topologies of different species, perhaps 

following the approaches of Damicelli et al.7 or using the toolbox 

of Suárez et al.6

If the human brain’s structure was indeed shaped by evolu

tionary pressure to support emergent dynamics, what are the 

precise structural properties that promote these dynamics? 

The architecture of the human brain exhibits a number of fea

tures, including modular organization and small-world character, 

that clearly distinguish it from random networks.37 Yet, our re

sults did not show a significant difference in emergence or per

formance between RCs employing the human connectome 

versus Erdös-Réyni-type random networks as reservoirs. How

ever, Suárez et al., comparing different randomized versions of 

the human connectome, did find that preserving the modular or

ganization and topology of the human connectome was essen

tial for optimal RC performance on a memory task.5 Additionally, 

two independent whole-brain modeling studies demonstrated 

that changes in emergent or synergistic dynamics in healthy ag

ing volunteers38 and coma patients11 could be explained by un

derlying structural changes in their connectomes. These findings 

suggest that the human brain’s structure promotes both compu

tational performance and emergent dynamics that our method 

may have failed to pick up on. Replicating Suárez et al.’s study5

while measuring both performance and emergence could pro

vide further insights.

Finally, our analysis provokes the question: was the develop

ment of emergence-promoting structural properties in biological 

brains accelerated by evolutionary pressure to maximize predic

tive power over diverse environments? While our evidence for 

emergence enhancing performance in unfamiliar environments 

is preliminary, it aligns with the findings from Proca et al., who 
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trained ANNs on a diverse set of tasks, demonstrating the critical 

role of synergy in facilitating multi-purpose learning.23 Exploring 

the conditions under which optimizing for emergence enhances 

transfer learning abilities to unfamiliar task environments prom

ises to yield important insights not only into brain evolution but 

also for developing improved artificial intelligence.

Limitations and future work

While computational models offer full observability (in contrast to 

the drastic partial observability of in vivo biological networks), 

their major drawback lies in their inherent abstraction from the 

real-world system of interest. Our finding that bio-inspired RCs 

with human connectome topology fail to outperform their 

randomly connected counterparts implies that critical aspects 

of brain computation are not captured by our model—at least 

not at the resolution of macroscale brain networks, where reser

voir neurons represent brain regions. Notably, reservoir 

computing theory indicates that RCs rely on rich internal repre

sentations, which partly depend on some randomness in the res

ervoir’s connections.39 This may explain why the specific topol

ogy of the human connectome did not improve prediction 

performance in our study. However, we do note that others 

have arrived at opposite conclusions,5 highlighting the need for 

further research to resolve these conflicting results. In the mean

time, replicating our analysis in an alternative bio-inspired 

computational framework, such as spiking neural networks,40

could fruitfully complement our findings. Additionally, invasive 

neuroimaging techniques such as optogenetics41 and two- 

photon calcium imaging42 can be employed to enhance the 

observability of biological neural networks and measure emer

gent dynamics during task performance in animal studies.

Another limitation of our study is that it does not prove a causal 

relationship between emergence and prediction performance. 

The interventionist approach to causality, widely considered 

the gold standard, establishes causation if a controlled interven

tion on X elicits a response in Y.26 While our computational model 

theoretically allowed for controlled interventions, emergence is a 

property of the system’s dynamics, which depend on various 

factors, rendering a specific perturbation of emergence infea

sible. This raises the possibility that we optimized a hidden var

iable, affecting both performance and emergence without a 

direct causal link between the two.

However, two arguments support a causal relationship. Firstly, 

emergence and performance were bidirectionally coupled not 

only during evolutionary hyperparameter optimization but also 

when sampling across the entire hyperparameter space, where 

emergence was highly sufficient and necessary for prediction 

success in most environments. Secondly, randomly permuting 

the readout weights of a trained RC, which dramatically impairs 

prediction performance, resulted in highly non-emergent dy

namics. This suggests that the observed emergence is not 

merely due to autocorrelation effects in the RC’s forecast but 

that it encodes task-relevant information. In essence, when we 

detect emergence in our study, it means that the RC utilizes syn

ergistic information to compute the next prediction output. We 

show that this coincides with good performance and that the 

synergistic information is likely task relevant. Note, however, 

that these results may depend on the chosen tasks and temporal 

scale. In our analyses, emergence was computed between 

consecutive time steps (t and t + 1), which is appropriate for 

the first-order Markovian systems considered here. Whether 

similar relationships hold for non-Markovian or qualitatively 

different systems (e.g., discrete) remains an open question for 

future work.

The lack of consensus on defining the partition of information 

into redundant, unique, and synergistic atoms poses a limitation 

on all studies using PID.43,44 However, although causal emer

gence in our study is defined based on PID,13 the metric we 

used to measure emergence, ψ, does not require the computa

tion of PID information atoms. Instead, it relies on the well-estab

lished Shannon mutual information.13

On the downside, however, ψ only provides a lower bound on 

emergence. That is, while ψ > 0 is sufficient for emergence, it is 

not necessary. This may have masked part of the effect in our 

analysis, suggesting that the true relationship between predic

tion success and emergent dynamics could be even stronger 

than measured. Future research should aim to develop more 

exact measures of emergence that are equally efficient to 

compute.

Furthermore, ψ does not provide insights into the precise 

causal architecture underlying the observed emergent dy

namics. Tantalizingly, recent work has introduced a framework, 

utilizing ϵ machines to map emergent mechanisms across multi

ple scales.45 Although estimating ϵ machines from empirical data 

remains challenging in practice, a promising approach employ

ing kernel methods has been proposed.46 Applying this method 

to our reservoir computing paradigm could elucidate emergent 

mechanisms during environmental prediction.

Conclusion

We have uncovered a (causal) bidirectional relationship between 

causal emergence and prediction performance in a bio-inspired 

reservoir computing model of forecasting environmental dy

namics. This emphasizes the need for leveraging tools capable 

of capturing synergistic higher-order interactions, such as the 

ones used here, when studying computation in biological neural 

networks. Future research expanding on our work should focus 

on identifying characteristic features of biological neural net

works that promote emergent dynamics. Additionally, under

standing the conditions under which optimizing for emergence 

enhances transfer learning to unfamiliar environments remains 

an important open question. Addressing these questions not 

only could provide insights into brain evolution but also hold po

tential for advancing artificial intelligence.

METHODS

Causal emergence

Emergence was measured using the framework of Rosas et al.13

The framework posits that a macroscale feature, Vt, is an emer

gent feature of a multivariate system, Xt, if (1) it is supervenient on 

Xt and (2) it predicts the future of Xt better than any subset of sys

tem parts. The condition of supervenience requires Vt to be fully 

determined by Xt at any time point t, such that there exists a 

possibly noisy function F(Xt) = Vt + ϵ, where ϵ is an independent 

noise term.

More formally, this notion of causal emergence can be ex

pressed in the language of PID14: by decomposing the 
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information that the sources Vt and all subsets Xα
t of the N- 

dimensional system Xt with α ⫅ A and A = {1, 2, …,N} at time t 

provide about the target Xt′ with t′ > t, we obtain redundant, 

unique, and synergistic information. Causal emergence can 

then be quantified as the unique information of the source Vt 

about Xt that is not contained in any Xα
t for all α. If this 

quantity is greater than zero, then Vt is said to be emergent. Vt 

is emergent if

Un
(
Vt; Xt

⃒
⃒Xα

t

)
> 0 ∀:

Given the super-exponential growth of the number of possible 

subsets Xα
t with increasing system size, Rosas et al.13 introduced 

the notion of k-th order causal emergence, which occurs when Vt 

encodes information about the future of Xt beyond what is con

tained in any set of k or less parts of the system with k < N. Note 

that it is generally more difficult for a feature to meet the require

ments for causal emergence of higher orders. In this work, we 

restrict our analysis to first-order causal emergence, i.e., 

Un(1)
(
Vt; Xt

⃒
⃒Xi

t

)
> 0 for all i∈{1, 2, …,N}. Furthermore, we capi

talize on a computationally efficient proxy measure for causal 

emergence, which was defined by Rosas et al.13 as follows 

(here, it is only shown for k = 1).

ψ t;t′ (V) = I(Vt; Vt′ ) −
∑

j

I
(
Xi

t; Vt′

)

As can be seen, ψ aims to capture the information that a super

venient feature Vt provides about its own future, beyond what is 

already known after considering each of the system’s parts Xi
t 

separately. Importantly, ψ > 0 constitutes a sufficient criterion 

for Vt to exhibit causal emergence. Note, however, that ψ ≤
0 does not necessarily imply the absence of causal emergence. 

This is due to the fact that the system parts Xi
t may share redun

dant information about the future of Vt, which is then subtracted 

multiple times. In fact, for this reason, it is generally harder to 

detect causal emergence using ψ in systems with high redun

dancy and many parts.

It is worth pointing out that ψ is always calculated for a spe

cific supervenient feature Vt and a time interval τ that deter

mines the future time point t′ = t + τ of the prediction target 

Vt′ . In this study, Vt represents the computational output of an 

RC. Furthermore, we chose τ = 1, which is the most meaningful 

choice in the context of one-step-ahead prediction as per

formed by the RCs. Finally, ψ was computed using the software 

accompanying the theoretical work13 (available at https:// 

github.com/pmediano/ReconcilingEmergences).

As every mutual information estimate on a finite sample is sub

ject to bias, we performed a bias analysis to confirm that our re

sults are not affected by biased ψ estimates (Figure S7). Note 

that ψ depends on both reservoir dynamics and the statistical 

structure of each input trajectory. Thus, we computed ψ sepa

rately for each test time series and averaged across time series 

to estimate the extent to which a reservoir relies on emergent dy

namics on average.

Human connectome data

To construct bio-inspired RCs with human connectome topol

ogy, we used diffusion tensor imaging (DTI) data from the cohort 

of 100 unrelated, healthy subjects (46 males; 22–35 years) of the 

HCP.20 The DTI scans were acquired in a 3T Siemens Skyra47

(acquisition scheme = monopolar gradient echo planar imaging 

[EPI]; voxel size = 1.25 mm isotropic; repetition time [TR] = 

5,500 ms; echo time [TE] = 89.50 ms; b values = 1,000, 2,000, 

and 3,000 s/mm2; sampling directions = 90 directions per shell + 

6 b0 images; flip angle = 2 apodized sinc radio frequency (RF) 

pulses: 78◦ and 160◦; 111 slices without a gap).

A minimally preprocessed version48 of the data with correc

tions for eddy current distortions, susceptibility, and motion ar

tifacts was downloaded from the open-access HCP database. 

Subsequent preprocessing steps, as detailed by Luppi and 

Stamatakis,49 included transformation to Montreal Neurolog

ical Institute (MNI)-152 standard space using the q-space dif

feomorphic reconstruction tool, implemented in diffusion spec

trum imaging (DSI) Studio,50 and a non-linear registration 

algorithm from the statistical parametric mapping software 

(diffusion sampling length ratio = 2.5; output resolution = 

1 mm). Finally, white matter fibers were reconstructed with fiber 

assignment by continuous tracking (FACT),51 a deterministic 

tractography algorithm (angular cutoff = 55◦; step size = 

1.0 mm; minimum length = 10 mm; maximum length = 

400 mm; spin density function smoothing = 0.0; the quantitative 

anisotropy threshold was determined by the signal in the cere

brospinal fluid). A white matter mask was generated by thresh

olding the resulting images at a quantitative anisotropy of 0.6, 

and reconstructed fibers that terminated outside of this mask 

were removed. The tractography algorithm was iterated until 

the maximum number of 1 million reconstructed streamlines 

was reached. The streamlines of neighboring voxels were 

aggregated into 100 parcels representing brain regions accord

ing to the Schaefer parcellation,19 resulting in a symmetric 

100 × 100 matrix per subject encoding the number of axonal fi

bers between each pair of brain regions. Such a matrix is 

commonly termed ‘‘connectome.’’52

Finally, we derived one group-level consensus connectome 

from the 100 subject-individual connectomes by averaging the 

streamline counts between each pair of brain regions across 

subjects and then setting all matrix entries, which were zero in 

more than half of the subjects, to zero. Bio-inspired RCs were 

constructed using the consensus human connectome.

Reservoir computing

Initialization

The basic architecture of an RC in this study comprises (1) a 

3-dimensional input layer; (2) the reservoir, a network of 100 

recurrently connected neurons; and (3) a 3-dimensional output 

layer. Input and output layers are fully and linearly connected 

to the reservoir via the weight matrices Win and Wout, respec

tively. The recurrent connections of the reservoir neurons are 

given by a symmetric matrix C, which is either a human connec

tome or a symmetric, random matrix with uniform weights from 

0 to 1. Upon initialization of each RC, the density of the reservoir 

network C (ρ) was adjusted by setting the weakest weights in C to 

zero. We chose to discard the weakest weights because tractog

raphy-based reconstructions of brain structural connectivity are 

prone to producing false positives, and stronger weights are 

more likely to represent true axonal fibers.53 After adjusting the 

network density, the weights of C were scaled to a range from 

0 to 1 and subsequently multiplied by the desired spectral radius 
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(α). Finally, all diagonal elements in C were set to zero to improve 

the comparability between RCs with human connectome and 

random network topology, as the human connectome lacks 

self-connections.

Workflow

Following Platt et al.,54 our reservoir computing paradigm in

volves three key operations: drive, train, and forecast. Firstly, 

during the drive operation, the reservoir dynamics are synchro

nized with those of the task environment by feeding an environ

mental input time series to the RC while updating the reservoir 

states rNx1
t according to

rt+1 = h tanh(Crt + Winut + θ)+ (1 − h)rt; (Equation 1) 

where ut encodes the input at time t, θ is the input bias, tanh() de

notes the hyperbolic tangent, and h = 0.005 is the forward-Euler 

step size. Secondly, the train operation implements the compu

tation of the RC output weights Wout via Tikhonov ridge 

regression.

Wout = urT
(
rrT+β

)− 1
(Equation 2) 

Here, βNxN is a diagonal matrix with the Tikhonov regularization 

parameter on its diagonal elements, and u and r, respectively, 

denote the input and reservoir-state time series that were gener

ated during a preceding drive operation.

Thirdly, the forecast operation produces the forecast of the 

environmental dynamics in an iterative one-step-ahead predic

tion approach, where ut in Equation 1 is replaced with Woutrt.

rt+1 = h tanh(Crt + WinWoutrt + θ)+ (1 − h)rt (Equation 3) 

Building on these three operations, RCs were trained and 

evaluated as follows. First, the RC was driven with the initial 

500 time points of the train input. This short drive operation, 

a.k.a. spin-up,54 serves to synchronize the RC with the environ

mental dynamics. Reservoir states generated during spin-up 

are not used to compute Wout. Following spin-up, the RC was 

driven with the remaining training input, and the reservoir states 

generated during this longer drive operation, which, by default, 

lasted 2,000 time steps, were subsequently used to compute 

Wout. Next, the now-trained RC was spun up (i.e., driven) with 

the first 500 time steps of the test input. This step may be 

seen as passing the initial condition of the prediction target to 

the RC. Finally, the environmental dynamics were forecast 

for 1,000 time steps, and the prediction performance was 

evaluated.

Evaluation

Inspired by Platt et al.,54 we defined prediction loss as follows. 

Let ϵi(t) be the standardized error of predicting the dynamics of 

the i-th environmental variable:

ϵi(t) : = |ŷ i(t) − yi(t)|
1

σi

; (Equation 4) 

where |.| denotes the absolute difference; ŷ i(t) and yi(t) are the 

forecast and ground-truth trajectories of the environmental vari

able i at time point t, respectively; and σi is the standard deviation 

of yi(t) across time. Then, we define

loss : =
1

TD

∑T

t = 1

∑D

i = 1

ϵi(t)e
− t
T ; (Equation 5) 

where T = 1,000 is the length of the forecast and D = 3 is the num

ber of environmental variables. Later error terms are given expo

nentially less weight to account for the exponential growth of 

prediction error due to the chaotic nature of the environmental 

systems. We also estimated the emergence of each RC test 

output with respect to the reservoir states using ψ. Additionally, 

by thresholding loss and ψ, we derived two metrics with 

improved scalability and less sensitivity to outliers: the probabil

ity of emergence P(E), where E denotes the event of ψ > 0, and 

the probability of prediction success P(S), with S denoting the 

event loss < 1. By default, loss and ψ values are reported as av

erages across 1 train and 100 test time series, and P(E) and P(S) 

are estimated based on the same 100 test time series.

Hyperparameter optimization

We optimized five RC hyperparameters: the spectral radius of 

the reservoir adjacency matrix C (α), the density of C (ρ), the Ti

khonov ridge regularization parameter (β), input strength (σ), 

and input bias (θ) (Table 1). Hyperparameters were tuned for 

each type of reservoir network (human connectome or random) 

and for each task environment separately using a microbial ge

netic algorithm21 and optimizing either for performance or for 

emergence. When optimizing for performance, the utility to be 

maximized, a.k.a. ‘‘fitness,’’ was given by negative loss or P(S). 

When optimizing for emergence, we maximized ψ or P(E) 

instead.

Table 1. RC hyperparameters

Name Description Initialization

N number of reservoir neurons 100

C reservoir connection weights human connectome or random 

weights ci,j∈[0;1] with ci,j = cj,i and ci,i = 0

α* spectral radius of C α = {0.1, 0.2, …,2.0}

β* Tikhonov regularization parameter β = {1.0, 1.5, …,1.0} × 10− 8

ρ* connection density of C, defined as 2E/(N(N – 1)), 

where E are the number of non-zero weights in C

ρ = {0.01, 0.02, …, 0.15}

σ* maximum absolute input weight; weights in Win 

were uniformly sampled from win∈[–σ; σ]

σ = {0.01, 0.02, …, 0.1}

θ* input bias θ = {0.1, 0.3, …, 1.9}

Hyperparameters marked with ‘‘*’’ were optimized.
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Genetic algorithms work by ‘‘evolving’’ a population of solu

tions with different hyperparameter combinations, encoded in 

so-called genotypes, toward high fitness through random muta

tions and competition between genotypes. We evolved 

populations of 100 RCs with different genotypes toward maximal 

prediction performance or emergence. Upon initialization, 

the hyperparameters of each RC in the population were sampled 

from a hyperparameter-specific discrete search space (Table 1). 

The search spaces for β, σ, and θ were based on the respective 

hyperparameter choices in a similar study.54 The search space 

for α was based on the widely accepted rule of thumb that 

RCs tend to transition from a stable to a chaotic regime at a 

spectral radius of about 1.5,55 Lastly, the search space for ρ 
was constrained so as not to exceed the density of the 

consensus human connectome.

Prior to each evolutionary optimization, we generated 1 

training and 100 test inputs from the given task environment, 

which provided the input data throughout the optimization. Sub

sequently, populations evolved for 3,000 generations: first, the 

fitness of two randomly selected RCs in the population was 

compared. Next, each hyperparameter of the inferior genotype 

had a 20% chance of being ‘‘mutated,’’ i.e., shifted to the next 

higher or lower value in the corresponding search space. The di

rection of shift was chosen randomly if possible under the 

constraint that the new value remained within the search space. 

Following the mutation, each hyperparameter of the inferior ge

notype was set to the corresponding hyperparameter value of 

the superior genotype with a probability of 0.2.

Task environments

We implemented six 3-dimensional chaotic dynamical systems, 

which represented the task environments of the RCs: the Lorenz 

attractor17 and five Sprott chaotic flow systems.18 Sprott identi

fied 19 algebraically simple systems with complex chaotic dy

namics. From these, we selected systems A, B, G, K, and R 

due to their tendency to maintain values within manageable 

ranges. The ordinary differential equations (ODEs) describing 

the dynamics of each environment are listed in Table 2. The envi

ronmental systems were simulated using forward Euler with a 

step size h = 0.005 and h = 0.05 for the Lorenz and Sprott sys

tems, respectively. The initial condition of each generated time 

series was sampled by first drawing from a uniform distribution 

over the approximate value range of each system variable 

(Table 2) and then iterating the system for a random number of 

time steps between 1 and 1
h
. The resulting position of the system 

was used as the initial condition of the input time series to be 

generated.

Statistical analysis

Statistical tests were performed using a permutation-based 

t test and bootstrapping 10,000 times. Effect sizes were 

measured with Hedge’s g. p values were false discovery rate 

(FDR) corrected for multiple comparisons.
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5. Suárez, L.E., Richards, B.A., Lajoie, G., and Mi�si�c, B. (2021). Learning 

function from structure in neuromorphic networks. Nat. Mach. Intell. 3, 

771–786. https://doi.org/10.1038/s42256-021-00376-1.
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