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ABSTRACT

Directed cycles are fundamental motifs in natural, social and artificial networks, yet their distinct roles in processing information
remain poorly understood, particularly as higher-order structures. Furthermore, it is unclear how the function of a cycle depends
on the wider network in which it is embedded. Here we show, using information-theoretic measures, that network size, sparsity
and directionality critically shape how directed cycles process information. In networks with no preferred direction, feedforward
cycles enable greater information flow, while feedback cycles support stronger information integration. The relative orientation of
a feedforward cycle, and the structural incoherence it induces, tunes its capacity to generate higher-order behaviour. Introducing
feedback into otherwise feedforward architectures increases the diversity of network activity while modifying the computational
behaviour. In a supervised learning task, feedforward networks train faster and tolerate random node ablations, whereas
feedback makes them robust to input noise. These findings reveal directed cycles as tunable computational units whose
behaviour is set by their structural context.

Introduction
Network science is a tool of choice to disentangle the relationship between the structure and the function of a complex system,1

across domains as diverse as social systems, technological infrastructures, and the human brain1. Graphs are mathematical2

objects representing pairwise relationships between the constituting elements of a system. Used as substrate for dynamics,3

the characterisation of their structural properties have helped to provide deep insight into processes such as contagion2,4

synchronization3, 4, and resilience5. In the past ten years or so, the use of generalisations of graphs to represent more5

complicated interactions has increased dramatically, and are now collectively called as a group higher-order network science.6

The fundamental idea is to introduce a new object that explicitly encodes interactions among more than two elements, for7

example, simplicial complexes6, hypergraphs7, and higher-order Markov models8–11. These structures are then used to define8

new dynamics explicitly relying on these higher-order structures, with the aim of generating emergent behaviours that cannot9

be fully explained by dyadic interactions alone, higher-order behaviour, such as group synchronization12–15, collective decision-10

making16, and higher-order contagion17, 18. However, the equivalence between higher-order structure and behaviour is not as11

clear as one might think19. Rosas et al.19 show that higher-order behaviour can also emerge from specific arrangements of12

pairwise interactions, for example, signed pairwise networks can generate group-level frustration in systems of Ising spins. In13

particular, Rosas et al. argue for the use of information theoretical tools to detect the emergence of higher-order behaviour, in14

particular integrated information that measures the excess information a structure has about its future beyond what is available15

from its parts considered individually, and is thus a measure of emergent or higher-order behaviour.16

Here, we aim to contribute to this discussion by showing that the ability of a network motif to generate higher-order17

behaviour and process information is not only intrinsic, but depends on how it is embedded in the wider network.18

We consider directed networks as directness is a particularly important property in systems that process information, and19

the relative organisation of directed edges defines the function of a system20. Directed networks have been crucial in guiding20

our understanding of the informational architecture of the brain21, the propagation of social influence22, genetic regulatory21

pathways in living systems23, physiology24 and the design of engineered systems such as feedforward and recurrent neural22
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networks25.23

The role and importance of motifs, and in particular cycles, in networks cannot be understated, as they can play a crucial role24

in modulating the dynamics. Unlike undirected cycles, different classes of directed cycles can impact the flow of information25

on the network in fundamentally different ways, acting as minimal structures that generate higher-order functional behaviour -26

introducing memory, path dependencies, and non-Markovian dynamics, thereby shaping both local information processing27

and global system behaviour26. Directed cycles, in particular feedforward and feedback cycles, have been explored across28

biological, neural, social, and engineered systems. Much previous research on the functional roles of these cyclic motifs29

comes from analysis of the structure of gene regulatory networks, which capture interactions between DNA, RNA, and protein30

molecules that collectively control gene expression levels27. Studies in this domain have shown that acyclic motifs contribute31

to dynamic stability in these networks28, 29, with coherent feedforward cycles in particular enhancing robustness against32

update-rule perturbations in Boolean models30. Feedforward cycles have also been shown to act as sign-sensitive filters, with33

coherent variants functioning as persistence detectors that ignore short input fluctuations, and incoherent variants generating34

accelerated or pulse-like responses23. Organisation also matters with coherent coupling between feedforward motifs enlarging35

the basin of attraction of stable states31. In contrast, networks enriched in feedback loops support a larger number of attractors,36

increased state-space complexity, and greater entropy29. Positive feedback cycles in particular can stabilise equilibria against37

perturbations to initial conditions, but this robustness comes at the cost of fragility: unexpected mutations at nodes embedded in38

many feedback cycles are more likely to destabilise the system32.39

Cyclic motifs have also been extensively studied in neuroscience. Primary visual regions of the brain are organised in a40

feedforward manner, transmitting information from lower to higher areas of the visual cortex33. These feedforward networks41

allow creation of multiple copies of the same signal, ensuring robust information transfer through redundancy34. In contrast,42

higher-order visual areas exhibit stronger recurrent feedback cycles that support complex processes such as attention33 and43

enable efficient visual inference in terms of space, time, energy, and data35.44

Beyond biology, cyclic structures are also central to social and computational systems. For instance, extensions of social45

balance theory to directed networks provide a more nuanced view of balance in social groups36, while in scale-free networks,46

feedback cycles have been shown to facilitate echo chambers and polarization37. Simulation studies have shown that the47

presence of feedforward and feedback cycles impacts the synchronizability of a network38. In directed ring networks, an48

abundance of feedback cycles relative to feedforward cycles can facilitate synchronization at lower coupling strengths39. Some49

studies have also mapped the computational capabilities of directed cycles: the in-degrees of source and target nodes in a50

feedforward cycle can modulate the amount of information transfer40, and structurally balanced directed cycles can improve the51

performance of sparse recurrent neural networks41. Together, these findings suggest that cycles are not random by-products52

of network wiring but functional units whose type and embedding critically shape information processing and resilience of53

the graph. Yet so far, functional properties of cycles have been evaluated mainly through system-specific measures such as54

stability in gene regulatory models or synchronizability in coupled oscillator systems. This leaves open the question of how to55

characterise their computational role in a task- and model-independent way42.56

In this paper, our contribution sits at the boundary between higher-order structure, higher-order behaviour and cycle57

information processing capacity in directed networks. We consider the four-node feedback and feedforward cycles that we58

consider as basic computational units43 in processing information and giving rise to higher-order behaviour, making it natural59

to use an information-theoretical characterisation of their roles19, 44, 45, as it enables the quantification of their ability to store60

information about their past, transfer information, and integrate information from different sources. We find that feedback and61

feedforward cycles have intrinsically different capabilities for generating higher-order behaviour, but that the magnitude of these62

capabilities depends strongly on the properties of the environment in which they are embedded. In particular, by embedding63

the feedforward cycles in different relative directions and quantifying the disruption of directionality using a measure of local64

trophic coherence, we can modulate the information processing at these cycles. Our results hold for linear and non-linear65

dynamics, hinting that the information processing properties of the cycles are general rather than dynamics-dependent. In66

particular, we present a simple mechanism that allows us to tune the amount of higher-order behaviour a cycle can generate.67

Results68

Our investigations proceed in two steps: we first characterise the intrinsic properties of feedback and feedforward cycles in terms69

of information-theoretic measures that quantify the capacity of transferring, storing and integrating information using transfer70

entropy (TE), active information storage (AIS) and integrated information (Φ). We then quantify how these characteristics are71

modulated by the network they are embedded in. The analytical component of our results enables the strict characterisation72

of the structural and expected capacity of each type of cycle, while the computational component enables the systematic73

exploration of how key network parameters shape information processing in feedforward and feedback cycles. We vary network74

size, density, and a global directionality parameter to assess their effects on both cycle types. By embedding cycles at different75

positions within the network, we examine how structural context modulates Φ, AIS and TE. In particular, the relative difference76
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between the local directionality of a cycle and the global directionality of the host network can be used to tune the amount of77

higher-order behaviour produced. The relative difference in directionality leads to a natural refinement in the cycle typology,78

with ’aligned’ and ’reversed’ feedforward cycles, whose behaviours are strikingly different. Conversely, we also show that local79

variations in the cyclic structure can propagate back onto the global dynamics of the system by investigating the computational80

advantages that the cycles confer by comparing the task performance of different neural network architectures.81

Together, these experiments allow us to directly compare the computational roles of feedforward and feedback cycles under82

controlled conditions. Our results hold for two different classes of dynamical systems: a linear vector autoregressive model and83

a non-linear leaky integrate-and-fire model, strongly suggesting the results are not due to an interaction between model and84

structure, but a genuine general mechanism.85

Experimental setup86

We quantified spatiotemporal patterns of computation and information processing in networks using information-theoretic87

measures applied to simulated dynamics. Each directed network consisted of nodes i, each associated with a time-varying88

variable Xi(t) and connected to a set Ni of neighbours via directed edges. We consider two types of dynamics: a linear89

Vector Autoregressive (VAR) process and a non-linear Leaky Integrate-and-Fire (LIF) process. The VAR process models a90

diffusion-like dynamics on the graph where each node updates its state as a function of a linear combination of inputs from91

its neighbours with some independent Gaussian noise. This process is computationally efficient to simulate using vectorised92

operations and also analytically tractable for steady-state calculations. The LIF process, on the other hand, models a non-linear93

biological process of spike propagation and integration in spiking neural networks. Here, the nodes (neurons) integrate the94

spikes from their neighbours over time and produce a spike once the integrated input exceeds a threshold. After spiking, the95

neurons go through a refractory period, introducing delays in the propagation of spikes. This model enables us to probe the role96

of cycles to process information in a more complex, non-linear setting where a closed-form solution is in general, not available.97

To map the information-theoretic properties of cycles in a network, we consider active information storage (AIS) (Fig. 1Ai),98

which quantifies the predictive influence of a node’s own past, and transfer entropy (TE) (Fig. 1Aii), which captures directed99

influences from neighbouring nodes. To capture higher-order collective behaviour within these cycles, we compute integrated100

information Φ (Fig. 1Aiii), which quantifies the excess information that the cycle has about its joint future beyond what is101

available from its parts—edges—considered individually. This measure captures the extent to which a cycle in the network102

generates dynamics with higher-order behaviour, producing information that cannot be reduced to the sum of its pairwise parts.103

We applied these measures to cycles embedded in a network, treating them as computational units. We focus on two104

directed cycle types—feedforward and feedback—which represent fundamentally different modes of activity propagation in105

directed networks26. Based on their topology, we expect feedforward cycles to promote robust information transfer through106

redundancy and parallel paths, whereas feedback cycles should support temporal integration by combining inputs from different107

network regions while retaining memory of past activity.108

Feedforward and feedback cycles exhibit contrasting information-processing capacities109

We first compare the information-processing capabilities of feedforward and feedback cycles embedded in sparse Erdős–Rényi110

directed networks with no preferred directionality. Each network contains one embedded cycle with either feedforward or111

feedback directionality. For both VAR and LIF models, we generate an ensemble of 10,000 simulated trajectories and extract112

the activity of the nodes forming a cycle. This ensemble enables time-resolved estimation of the information-theoretic measures113

used in our analysis46 (see Supplementary Note 1 and Supplementary Fig. S1). To isolate the specific contribution of the cycle,114

we compare these values to those obtained from a null model in which the cycle is replaced by a disconnected pair of edges115

(see Network models section in the Methods for description of the null model).116

In the steady-state regime of the VAR model, AIS is significantly higher for the feedback cycle than for the feedforward117

cycle (Figure 1Ci). Within the integrated information decomposition framework47, AIS can be expressed in terms of partially118

overlapping modes of information processing, including TE, which quantifies directed information transfer, and Φ, which119

quantifies information integration. Because the VAR model implements a diffusion-like process, both TE and Φ peak during120

the transient regime, marking the most dynamic phase of information processing (Figure 1Cii–Ciii). Beyond this peak, the two121

cycle motifs diverge: in the feedforward cycle, TE and Φ decay toward low steady-state values, whereas in the feedback cycle122

they stabilise at substantially higher levels. We therefore characterise the information-processing capacity of each cycle by123

the peak value of each measure during the transient. Note that AIS additionally decomposes into other modes of information124

processing, such as unique storage and erasure; consequently, TE and Φ do not sum to AIS but rather correspond to the partially125

overlapping modes on which we focus in this work (see Supplementary Note 2 for details).126

When comparing these temporal maxima in the VAR model, feedforward cycles exhibit higher TE (Figure 1Cii), whereas127

feedback cycles show greater Φ (Figure 1Ciii). Across 1,000 independent network realisations, these differences are statistically128

significant for both measures (Figure 1Di,Dii), confirming that the two cycle types occupy distinct roles in network information129

processing.130
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Figure 1. Information-theoretic measures and their expression in cycles embedded into directed Erdös-Rényi graphs. A
Schematic representation of the information-theoretic measures used in this study. Ai Active Information Storage (AIS):
predictive information stored in the past of a variable (Xt−1) about its current state (Xt ). Aii Transfer Entropy (TE): information
provided by the past of a source (Yt−1) about the present of a target (Xt ), beyond that stored in the target’s own past. Aiii
Integrated Information (Φ): excess information stored in the joint state of variables Xt = {X1

t ,X
2
t ,X

3
t } about their joint future

Xt+1, beyond the information contained in the individual parts (X1,X2,X3). B These measures are applied to time series
extracted from a four-node embedded cycle in a network. C Estimates of each measure at every simulation time step, obtained
from ensembles of directed Erdős–Rényi networks augmented with either a feedback or a feedforward cycle. AIS grows to a
steady state (Ci), TE in the feedforward cycle peaks during the transient phase (Cii), and Φ peaks during the transient in both
cycle types (Ciii). D Information-processing characteristics at the transient peak: TE is significantly larger in feedforward
cycles, whereas Φ is larger in feedback cycles. E The Leaky Integrate-and-Fire model exhibits a phase transition as the external
drive or the Poisson rate of incoming spikes increases. The activity of the network transitions from a quiescent state to a highly
active state. We find that the information processing capabilities of the cycle are maximised in the vicinity of the phase
transition. For our analysis, we stick to the spontaneous phase transition at Iext = 0 and Poisson rate λ = 2Hz. Fi In the LIF
model, the difference in AIS between feedback cycle and the null model is maximised in the vicinity of the phase transition.
The two dimensions of the phase transition are the external drive Iext and the Poisson rate λ of incoming spikes. Fii Feedback
cycles show higher AIS than feedforward cycles, this difference is also maximised in the vicinity of the phase transition. G In
the LIF model, we observe similar trends to the VAR model, with feedforward cycles exhibiting higher TE and feedback cycles
showing greater Φ near the phase transition. All statistical comparisons were performed using a non-parametric permutation
test with 10,000 permutations, and the significance level was set at p < 0.05, with n = 1,000 independent network realisations
for each cycle.

The LIF model, by contrast, generates stationary steady-state dynamics. The nature of these dynamics depends on model131

parameters, in particular the external drive Iext and the Poisson rate λ of spontaneously generated spikes. A parameter sweep132

across (Iext,λ ) reveals that the difference in AIS between feedback and feedforward cycles is maximised in the vicinity of the133

phase transition between the quiescent and highly active states, with the sign of the difference flipping across the transition134
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(Figure 1Fi). We focus our analysis on the spontaneous-transition regime at Iext = 0 and λ = 2 Hz, where both cycles show135

significantly higher AIS than the null. In this regime, we recover trends analogous to the VAR results, with feedback cycles136

showing higher AIS (Figure 1Fii) and Φ (Figure 1Gii) than feedforward cycles. While feedforward cycles show higher transfer137

entropy than feedback cycles(Figure 1Gi).138

These results indicate that feedforward and feedback cycles have distinct computational roles, with feedforward cycles139

primarily facilitating information transfer and feedback cycles supporting information integration. The fact that these differences140

are observed in both linear and non-linear models suggests that they may be fundamental properties of these cycle types, rather141

than artefacts of specific dynamics. However, the magnitude of these effects depends on the specific parameters of the network,142

such as size, density, and directionality, which we explore in the following sections.143

Analytical results for the VAR(1) process on ER graph144

For the VAR(1) process, we can derive an analytical solution for the steady state-covariance matrix Σ of the dynamics of the145

cycle embedded within a sparse directed Erdős–Rényi graph in the mean field approximation (see the Network dynamics146

section in Methods for details). This allows us to compute the steady-state values of AIS, TE and Φ for both feedforward and147

feedback cycles in the weak coupling regime (α < αc ≈ 0.22). We find that the analytical results are in good agreement with148

the numerical simulations. Since the AIS can be written down as a function of the eigenvalues of the covariance matrix, we can149

identify the specific eigenmodes that enhance the AIS in feedback cycles.150

AIS =
1
2

4

∑
i=1

ln
λi(Σ)

σ2 (1)

where λi(Σ) are the eigenvalues of the covariance matrix Σ and σ2 is the variance of the noise in the VAR(1) process. We151

find that AIS is enhanced in feedback cycles as the second largest eigenvalue of the covariance matrix becomes degenerate,152

while in feedforward cycles the eigenvalues are more spread out (Figure 2C). This essentially happens because the VAR process153

on a feedback cycle exhibits oscillatory dynamics and yields two complex conjugate eigenvalues with the same magnitude,154

which enhances the AIS. Furthermore, when comparing the node participation ratios in the eigenmodes of the covariance155

matrix, we find that the feedback cycle has all nodes participating in all the eigenmodes (NPR = 1), whereas the feedforward156

cycle has a more localised participation (NPR < 1) with the target node participating the most and the source node participating157

the least (Figure 2D). This spectral decomposition explains the increased AIS and Φ in feedback cycles.158

Strength of information processing depends on the cycle’s positioning and the network’s global structure159

The information-processing capacity of a cycle is determined not only by its own topology but also by the structural properties160

of the network in which it is embedded. To quantify these effects, we examine how active information storage (AIS) varies161

with network size (N), density (p), and relative global directionality (q) in both VAR and LIF models. Across network sizes162

and densities, AIS decreases as N increases (Figure 3Dii, Fii), reflecting the fact that a cycle captures a larger fraction of the163

dynamics in smaller networks. AIS also decreases with increasing p (Figure 3Di, Fi), consistent with the cycle exerting a164

stronger influence on information flow in sparser networks.165

Finally, to understand how the global directionality of the network affects the information processing capabilities of the166

cycles, we systematically vary the flow of edges on a random directed graph. The direction of each edge is assigned with167

probability q from the lower- to the higher-indexed node, such that q = 1 yields a fully acyclic network and q = 0.5 corresponds168

to no preferred direction. A feedforward cycle itself has a preferred flow direction, which implies that when embedded in a169

network with q ̸= 1, it can be aligned with the network’s preferred direction or reversed. The feedback cycle is not affected by170

this phenomenon due to its symmetry.171

As q increases, AIS rises for both the reversed feedforward and feedback cycles, but remains comparatively unchanged for172

the aligned feedforward cycle (Figure 3Ei) in the VAR model. In the LIF model, however, the aligned feedforward cycle shows173

a significant decrease in AIS with increasing q (Figure 3Gi). Decomposing AIS shows that Φ and TE increase with q for the174

reversed feedforward and feedback cycles (Figure 3E, G), whereas the aligned feedforward cycle exhibits negligible values of175

Φ and a decline in TE in the VAR model (Figure 3Eii, Eiii). The decomposition for the LIF model shows significant deviations176

from the VAR model, especially in the aligned feedforward cycle. Here we observe a significant decline in Φ with increasing q177

(Figure 3Gii), and an increase in TE with increasing q (Figure 3Giii). Furthermore, the TE of the aligned feedforward cycle is178

much higher than the feedback cycle, which is not observed in the VAR model. This deviation from the VAR model can be179

explained by the fact that the LIF model is a non-linear model with a discrete spiking dynamics, which can amplify the effects180

of changes in network structure on information transfer. These results indicate that a cycle’s capacity to process information181

and act as a higher-order structure depends critically on its ability to disrupt and redirect the prevailing flow of information in182

the network.183
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DCiiCi

A

Figure 2. Analytical results for the VAR(1) process on ER graph. A Illustration of the mean field approximation, for a full
derivation, see Supplementary Note 3. B Difference of information theoretical measures between feedback and feedforward
cycles. Both AIS and Φ are higher for feedback cycles, and the difference increases with α . TE is higher for feedforward
cycles, and the difference increases with α . C Eigenvalues of the covariance matrix Σ as a function of α for feedback (i) and
feedforward (ii) cycles. The feedback cycle exhibits a pair of degenerate eigenvalues, which enhances AIS. D Node
participation ratios (NPR) in the eigenmodes of the covariance matrix Σ for feedforward and feedback cycles. The feedback
cycle has all nodes participating in all eigenmodes (NPR = 1), whereas the feedforward cycle has a more localised participation
(NPR ≈ 0.67) which decreases with α .

Cycle-induced perturbations to trophic coherence shape information processing184

To assess how embedded directed cycles disrupt the directional organisation of a network, we measure trophic coherence48.185

This measure is based on assigning each node a trophic level and counting the fraction of edges that violate the trophic ordering,186

defined as the global incoherence F0 (0 = fully coherent, 1 = maximally incoherent, see Methods).187

For small networks, adding a single directed cycle markedly increases F0 (Figure 3A), but the effect diminishes as system188

size grows. To isolate cycle-specific effects independent of network size, we define a local incoherence FC by counting only189

edges within the cycle that violate the trophic ordering. Here, FC = 0 means that the cycle is perfectly aligned with the190

network’s trophic hierarchy, whereas FC ≈ 1 means that, on average, each edge in the cycle violates the ordering once. Values191

FC > 1 indicate that multiple violations occur per edge when the cycle is considered within the network’s trophic framework,192

corresponding to a strong local disruption of directional flow.193

Across large networks, FC is highest for the reversed feedforward cycle, followed by the feedback cycle, while the aligned194

feedforward cycle shows no deviation from the baseline (Figure 4Bi). Varying the global directionality q reveals that FC195

increases linearly for the reversed feedforward cycle as it does for the feedback cycle, also with slope close to 0, and decreases196

linearly for the aligned feedforward cycle (Figure 4Bii).197

Finally, relating FC to the information-theoretic measures shows that AIS and Φ both increase with FC and reach their198

maximum at FC ≈ 1.0, whereas TE peaks at a slightly lower FC (Figure 4Ci–Ciii) for the VAR model. Similar behaviour is199

observed for AIS and Φ in the LIF model (Figure 4Di–Dii). However, TE in the LIF model peaks slightly below FC ≈ 1.0 and200

then declines more sharply than in the VAR model (Figure 4Diii). This essentially reflects the reduced TE observed in feedback201

cycles in the LIF model compared to the VAR model, consistent with the results in Figure 3Giii.202

This indicates that a cycle’s capacity for information storage and integration is greatest when its edges collectively introduce,203

on average, one trophic violation—striking a balance between preserving and disrupting the global flow. In contrast, information204

transfer is optimal under a slightly more ordered configuration, short of being fully acyclic or tree-like. The non-monotonic205

trends further suggest that excessive disruption to the directional flow, approaching random connectivity, can be detrimental to206
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Figure 3. Effect of network directionality on the information processing of embedded cycles. We vary directed
Erdős–Rényi graphs with a preferred directionality by systematically changing three parameters: network size (N), global
directionality (q), and density (p). A Probability q controls the alignment of edges with the global flow: q = 1 corresponds to
complete alignment, while q = 0.5 indicates no preferred direction. B Increasing p adds more edges, producing denser directed
networks. C The presence of a preferred direction in a network, q ̸= 0.5, does not influence feedback cycles due to their
symmetry, but feedback cycles can be embedded as aligned with the preferred direction as reversed with respect to the
preferred direction. D AIS decreases with increasing p (Di, Fi) and N (Dii, Fii) in both VAR and LIF models. E AIS increases
with q for feedback and reversed feedforward cycles, but remains unchanged for aligned feedforward cycles in the VAR model
(Ei). Similar trends are observed in the LIF model, except the null corrected AIS decreases with q for the aligned feedforward
cycle in the LIF model(Gi). Decomposing AIS into TE (Eii, Gii) and Φ (Eiii, Giii) shows that both components increase with
q for feedback and reversed feedforward cycles in both models. In contrast, the aligned feedforward cycle exhibits a slight
decrease in Φ and TE with increasing q in the VAR model, and a more pronounced decrease in Φ in the LIF model. TE of
aligned feedforward cycle increases with q and shows a much higher TE than the feedback cycle, which is not observed in the
VAR model. Errorbands represent the 95% confidence interval of the mean across 1,000 independent network realisations for
each cycle.

all forms of information processing.207

Local cycle structure modulates the diversity of global network dynamics and computation208

Beyond their role in local information processing, directed cycles influence the repertoire of activity patterns a network209

can sustain. We quantify this global impact using network harmonic decomposition49, a Graph Signal Processing (GSP)210

approach that expresses the network’s activity as a sum of spatial modes (Figure5A,Bi). The spatial modes are ordered with211

increasing eigenvalues of the graph undirected Laplacian: lower-index modes capture broad, system-wide fluctuations, whereas212

higher-index modes reflect localised patterns restricted to smaller subsets of nodes50. The distribution of power across these213

modes provides a measure of the diversity of global activity patterns—higher diversity indicates that activity is distributed214

across many spatial scales rather than dominated by a few. Such diversity has been linked to functional richness in biological215

networks, including correlations with levels of consciousness51 and the organisation of resting-state brain networks52, as well216

as to the characterisation of the phases of the XY model53. Further details of the network harmonic decomposition can be found217
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A

Ci

Di

Bi Bii

Cii Ciii

Dii Diii

VAR(1)

LIF

Figure 4. Cycle-induced perturbations to trophic coherence and their impact on information processing. A Global
trophic incoherence (F0) for networks of varying size N with embedded feedback, feedforward, or reversed feedforward cycles,
compared to baseline networks. Small networks show a marked increase in F0 when a cycle is added, but this effect diminishes
with size. Bi Local incoherence (FC) for the same networks, computed using only the edges within the cycle. For large
networks, FC is highest for reversed feedforward cycles, followed by feedback cycles, with aligned feedforward cycles showing
baseline-level FC. Bii Dependence of FC on global directionality q: reversed feedforward cycles increase linearly with q,
feedback cycles increase sublinearly, and aligned feedforward cycles decrease linearly. C Relationship between FC and (Ci)
active information storage (AIS), (Cii) transfer entropy (TE), and (Ciii) integrated information (Φ) In a VAR(1) model. AIS and
Φ peak near FC ≈ 1.0, while TE peaks at slightly lower FC. DThe same behaviour is observed for AIS and Φ in a LIF model
(Di-Dii). However, similarly to the VAR model, TE (Diii) peaks slightly below FC ≈ 1.0 but declines more sharply. Errorbands
represent the 95% confidence interval of the mean across all independent network realisations across both cycles, binned by FC.

in the Network Harmonic Decomposition section in Methods.218

We assess how directed cycles modulate this diversity by embedding them into networks with systematically varied219

global directionality q—from fully aligned flows (q = 1) to no preferred direction (q = 0.5)—and comparing two topologies:220

Erdős–Rényi graphs and multi-layer feedforward networks. In both cases, diversity increases as q decreases, reflecting the221

greater diversity of the signal with a larger prevalence of cycles opposing the dominant flow (Figures 5Ci,Ciii). We further222

confirm this trend by plotting diversity against the global trophic incoherence F0 of the network, which is modulated by the223

presence of directed cycles (Figure 5Cii). The effect is amplified in larger networks and particularly pronounced in multi-layer224

feedforward architectures, where reductions in directionality yield disproportionately large gains in diversity (Figure 5Cii).225

Together, these results reveal that local disruptions to directional flow—such as feedback cycles—can substantially enrich226

the spectrum of spatial activity patterns available to a network, providing a mechanism to enhance its global dynamical227

repertoire.228

Finally, to test if this increase in the diversity of global network dynamics conferred by the presence of directed cycles229

translates into computational advantages, we compare the performance of different neural network architectures on the MNIST230
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digit classification task. We initialised two sparse multi-layer feedforward networks with three layers of 100 nodes and low231

density of edges (p = 0.05). One of the networks is fully feedforward (q = 1), while the other has no preferred direction232

(q = 0.5). We trained both networks using backpropagation for 30 epochs, while enforcing the same level of sparsity in the233

edges. We find that while both networks are able to learn the task (Fig. 5Ei), the feedforward network converges faster and has234

slightly higher accuracy (96% vs. 95% for feedback) on the test set (Figure 5Ei). However, to fully understand the distinct235

computational processes learned by the two trained networks, we deploy two robustness checks: (i) robustness to random bit236

flips in the input, and (ii) robustness to random node ablations. We find that the recurrent network is more robust to input237

noise, while the feedforward network is more robust to node ablations (Figure 5Eii). This suggests that the recurrent network238

is able to suppress the effect of noise by the enhanced integration of information across multiple time steps. On the other239

hand, the feedforward network is more robust to node ablations because of the enhanced transfer of information via multiple240

redundant feedforward paths. These results suggest that different directed cycles can confer distinct computational advantages241

to a network.242

Discussion243

In this work, we investigate the role of directed cycles in local information processing, examine how the network structure244

influences their dynamical properties, and assess their impact on the global activity patterns of the network. We propose local245

trophic coherence first as a measure that explains the relationship between the relative directionality of a cycle and the network,246

and second as a parameter that determines the level of higher-order behaviour generated by feedforward cycles. These findings247

highlight the role of feedforward and feedback cycles as structures which impact both local and global network dynamics.248

Although in this work, we focus on two types of directed cycles of length 4, other arrangements of directed edges can249

generate other cyclic motifs of any length26 with distinct computational properties. The measures and tools presented in this250

paper can be extended to characterize the role of other higher-order structures in networks, as well as to infer local network251

structures from observed activities on nodes in real-world systems where the network structure is unobserved. Alternatively, in252

systems where the network structure is available, but the activity cannot be trivially measured, the measure of local trophic253

incoherence introduced in this paper can serve as a proxy for assessing the information processing capacity of cyclic motifs.254

Since this measure is computationally efficient to estimate, it provides a practical exploratory tool for detecting functionally255

relevant cycles in established networks, particularly in cases where calculating dynamical information measures is hindered by256

data sparsity or limited availability.257

In order to assess the global impact of directed cycles, we adapted the framework of network harmonic decomposition,258

originally proposed for undirected networks. The framework, when applied to time series activity generated from directed259

graphs, is able to explain the spatial decomposition of the global activity; however, at the cost of directionality. While other260

frameworks have been developed54, general interpretability and applicability are still lacking. This allowed us to confirm that261

the differences in the information processing capacities of the two types of cycles is not just dynamical but also functional in262

the sense that they confer distinct computational advantages to a network. When trained as artificial neural networks on a digit263

classification task, the feedforward network converges faster and is more robust to node ablations, while the recurrent network264

is more robust to input noise. This suggests that the enhanced information transfer in feedforward cycles may facilitate faster265

learning and robustness to structural perturbations, while the enhanced information integration in feedback cycles may support266

robustness to input variability.267

Our results hold for two very different categories of dynamics, pointing at a generalisability, at least qualitatively, of our268

findings. Thus, the distinct information-processing capacities of feedforward and feedback cycles, and their dependence on269

network directionality, provide a framework for reinterpreting the role of these motifs in biological systems. For example, in270

transcriptional networks, where directional biases often arise from environmental gradients or hierarchical regulatory cascades,271

the orientation and embedding of cycles may critically shape how information is transmitted or integrated across the system.272

Our findings indicating the differences in behaviour of trained feedforward and recurrent networks are in line with the273

broader literature on the diverse set of partial recurrent neural networks55. The effect of the presence of cyclic motifs could, and274

our ability to predict it, allows theory crafting for the substrate of different types of systems. This could inform the design275

of a neuron or organoid-based ‘brain on a chip’ or reservoir computing architecture56. One could even imagine designing276

time-dependent networks where higher-order behaviour can be enhanced or reduced depending on the needs of the system, for277

example, in a synchronisation context or learning tasks.278

In summary, the findings of the paper reveal that directed cycle motifs can be embedded in a network in a controlled way as279

computational primitives to generate higher-order behaviours in a network, which can significantly enhance the information280

processing capabilities of the network. This paper provides a foundation for future investigations into the role of directed cycles281

in complex networks and how they can be used to design more efficient and robust information processing systems.282

Finally, our results confirm the clear distinction that needs to be made between higher-order structure and function19, i.e.283

that one doesn’t necessarily generate the other, but also highlights that simple alteration to the structure, in our case the relative284
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Figure 5. Directed cycles enhance the diversity of global network dynamics. (A) Network harmonic decomposition
combines the eigenvectors of the symmetrised graph Laplacian with node activity time series from the VAR dynamics on a
directed graph, yielding spatial modes of network activity. (Bi) Modes are ordered by eigenvalue k: low-k modes correspond to
global activity, while high-k modes capture localized fluctuations. (Bii) The power spectrum across modes reveals how strongly
each mode contributes to the network’s dynamics at any time; the Shannon entropy of this distribution quantifies diversity. (Ci)
In directed Erdős–Rényi graphs, diversity increases as the network becomes less directional (q → 0.5) and more feedback
cycles appear; the effect is stronger in larger networks. (Cii) The diversity of global network dynamics increases with the
global trophic incoherence F0 of the network, which is modulated by the presence of directed cycles. (Ciii) Multi-layer
feedforward networks show a similar trend, with even greater gains in diversity as directionality decreases. (D) The setup for
the MNIST digit classification task. We compare a feedforward network (q = 1) and a recurrent network (q = 0.5) with the
same number of layers, nodes, and edges. Prediction accuracy is compared in two robustness tests: random pixel flip and node
ablation. (E) Both networks achieve high accuracy ((Ei)), but the feedforward network converges faster and is more robust to
node ablations (Eii), while the recurrent network is more robust to input noise (Eiii). (Fi) Test AUC under input noise scales
with diversity — mixed networks (q = 0.5, red) cluster at high diversity and high noise robustness. (Fii) Test AUC under node
ablation shows the inverse relationship — feedforward networks (q = 1, blue) cluster at low diversity but high ablation
robustness. Errorbands represent the 95% confidence interval of the mean across 100 different trained networks for each
architecture. Statistical comparisons were performed using a non-parametric permutation test with 10,000 permutations, and
the significance level was set at p < 0.05

directionality of a cycle, can provide explicit mechanisms to tune higher-order behaviour. While a better understanding of285

the interdependence between structure and function is necessary to further our understanding of higher-order behaviours in286

networked systems, we believe this work opens new avenues of research in that direction.287
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Methods288

Simulation approach289

Our analysis proceeds in four main stages: (i) generating directed network topologies with specified structural properties; (ii)290

embedding a tagged set of nodes into a directed cycle (feedforward, reversed feedforward, or feedback); (iii) simulating network291

activity using a first-order vector autoregressive (VAR(1)) process and the Leaky Integrate and Fire (LIF) model; and (iv)292

quantifying both local and global information-processing properties using information-theoretic and graph-spectral measures.293

For each simulation, we generated a network with a prescribed size, density, and global directionality. A selected cycle was294

embedded by tagging four nodes and connecting them in a specific directed configuration. Network dynamics were simulated295

under the two processes from random initial conditions, producing ensembles of 10,000 trajectories per network. From these,296

we extracted the activity of the cycle nodes, along with the full network time series when required. The cycle trajectories were297

used to compute time-resolved measures of active information storage (AIS), transfer entropy (TE), and integrated information298

(Φ), and compared to a null model in which the cycle was replaced by a disconnected pair of edges. In parallel, we computed299

network-level metrics, including global and local trophic coherence, performed network harmonic decomposition and assessed300

their performance as Artificial Neural Networks (ANNs). Each of these steps is described in detail below, in the order required301

to reproduce the analysis.302

Network models303

We considered two directed random network models, each parameterized by size (N), density (p), and global directionality (q),304

along with a null model.305

Directed Erdös–Rényi model. Starting from the classic Erdös–Rényi random graph G(N, p), we assigned a unique integer306

index to each node and connected each unordered pair with probability p. For each existing edge (u,v), direction was assigned307

from the lower to the higher index with probability q, and reversed otherwise. When q = 1, the graph is a directed acyclic graph308

with a perfectly ordered flow; when q = 0.5, edge directions are random with no preferred global orientation.309

Directed multi-layer feedforward model. Nodes were arranged in L layers, with edges between successive layers assigned310

independently with probability p. Directionality was imposed by orienting each feedforward edge from the earlier to the later311

layer with probability q, and flipping its direction otherwise. Thus, q = 1 yields a fully feedforward architecture, whereas312

q = 0.5 produces a recurrent network with no preferred flow between layers.313

Null model. For information-theoretic analyses, we constructed a null model in which the embedded cycle was replaced by a314

pair of disconnected edges with the same source and target. This preserves local degree and global topology, but removes the315

higher-order cyclic structure.316

Directionality of a graph317

In a directed network, global directionality reflects the extent to which edges align with a consistent flow without forming318

feedback loops. A fully ordered directed acyclic graph (DAG) is maximally coherent, while a randomly oriented network is319

less coherent.320

We quantify this property using the trophic coherence framework48. First, each node n is assigned a trophic level hn by
solving

Λh = v, (2)

where vn = ∑m Amn −∑m Anm and Λ = diag(u)−A−A⊤ with un = ∑m(Amn +Anm). The global trophic incoherence is

F0 =
∑m,n Amn(hn −hm −1)2

∑m,n Amn
, (3)

ranging from F0 = 0 (maximally coherent) to F0 = 1 (maximally incoherent).321

Local trophic coherence of a cycle To quantify the extent to which an individual cycle disrupts global directionality, we
define the local trophic incoherence

FC =
∑m,n∈C Amn(hn −hm −1)2

∑mn∈C Amn
, (4)

where C is the set of edges in the cycle. FC = 0 indicates perfect alignment with the global trophic ordering; higher values322

correspond to greater local disruption. Unlike F0, FC can exceed 1 because it is computed over a restricted subset of edges,323

allowing for stronger violations within the cycle than in the network as a whole.324
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Network dynamics325

We use two complementary models to simulate the dynamics of the network: a linear model based on a first-order vector326

autoregressive process (VAR(1)) and a non-linear model based on the Leaky Integrate and Fire (LIF) model. The VAR(1) model327

allows us to derive analytical results for the information-theoretic measures, while the LIF model provides a more biologically328

plausible setting to validate our findings.329

Vector autoregressive models (VAR) have been extensively used in physical sciences and econometrics to quantify the330

interdependencies in a time-evolving multivariate system. Analytical traceability and efficient computational implementation331

make the VAR model a powerful tool for exploring multivariate linear dependencies in a complex system.332

For our analysis, we consider a stationary first-order vector autoregressive (VAR (1)) process defined as

xt+1 = αxtA+ τεt , εt,i ∼ N (0,1) (5)

with the stability condition,

α =
1

λmaxA
(6)

Here, A represents the directed adjacency matrix of the network on which the dynamics are being simulated. For each simulation,333

we extract the trajectories of the four tagged nodes that form the feedback/feedforward cycle for the information-theoretic334

analysis.335

In the mean-field limit, the activity on a four-node cycle embedded in a sparse directed Erdős–Rényi graph can be336

approximated by a VAR(1) process on the cycle with an effective self-coupling term (β ) that captures the influence of the rest337

of the network on the cycle. The full derivation of the mean-field approximation and the analytical solution for the covariance338

matrix of the cycle dynamics is provided in Supplementary Note 3.339

We can then write the VAR(1) process on the cycle as

Xt+1 = PXt + τεt , εt,i ∼ N (0,1) (7)

where P is the effective coupling matrix of the cycle, which depends on the original cycle adjacency W and the self-coupling
term β as follows

P = αW +β I4 (8)

Here, I4 is the identity matrix of size 4. Now, for this stable VAR(1) process, the covariance matrix Σ of the cycle dynamics is
the positive-definite solution of the discrete Lyapunov equation,

Σ = PΣP⊤+ τ2I4 (9)

This equation iteratively converges to a matrix power series solution, which can be expressed in closed form as

Σ = τ2
∞

∑
k=0

(Pk)(Pk)⊤ (10)

This analytical solution allows us to derive closed-form expressions for the information-theoretic measures of interest. In340

particular, for a multivariate Gaussian system, the mutual information between two sets of variables can be computed directly341

from their covariance matrices.342

Leaky Integrate and Fire (LIF) model is a widely used spiking neuron model that captures the essential features of343

neuronal dynamics, including the integration of inputs, generation of discrete spikes and the refractory period. The LIF model344

is defined by the following equations:345

τm
dVi

dt
=−(Vi −Vrest)+R(Isyn(t)+ Ii(t)), (11)

where Vi is the membrane potential of neuron i, τm (set to 20 ms) is the membrane time constant, Vrest (set to -70 mV) is the346

resting potential, Isyn(t) is the synaptic input from other neurons, and Ii(t) is an external DC input. R is the membrane resistance,347

which we set to 1MΩ. When the membrane potential reaches a threshold Vth (set to -54 mV), the neuron emits a spike and the348

membrane potential is reset to a lower value Vreset (set to -80 mV). At every time step, the neuron can also fire spontaneously349

with a Poisson rate which is tuned close to the firing rate transition of the network. The synaptic input Isyn(t) is computed as a350
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weighted sum of the spikes from other neurons, where the weights are determined by the adjacency matrix of the network. The351

adjacency matrix is scaled by a factor of α = 1/λmax to ensure that the network operates in a stable regime. In this study, we fix352

the time delay for all synapses to τd = 1 ms. The LIF model allows us to capture the non-linear dynamics of spiking neurons353

and validate our findings from the linear VAR model in a more biologically realistic setting.354

For conducting the information-theoretic analysis, we extract the spike trains of the four tagged nodes that form the355

feedback/feedforward cycle. We then binarise these spike trains into discrete time bins to create binary time series, which are356

used to compute the information-theoretic measures using a discrete estimator of mutual information. The bin size is chosen by357

sweeping across a range of values and selecting the one that maximises the AIS of the cycle dynamics.358

Information-theoretic measures359

Once we have the trajectories of tagged nodes from the cycles, we can analyze these to quantify various temporal information360

processing measures. For our analysis, we focus on three complementary metrics: Information Storage, Integrated Information361

and Transfer Entropy. These metrics are all based on calculating mutual information in multivariate systems. We briefly define362

these metrics below for a system Xt , where I(X ;Y ) refers to the mutual information between X and Y .363

Active Information Storage (AIS), quantifies the total amount of mutual information between the past and the future of364

the system. This information can further be decomposed into information integration, transfer and other information-specific365

metrics using the integrated information decomposition47. AIS can be simply written for a multivariate system X evolving in366

time t as,367

AIS(Xt) = I(Xt ;Xt+1) (12)

For a multivariate Gaussian system with covariance matrix Σ, the AIS can be calculated in terms of the eigenvalues of the
covariance matrix as,

I(Xt ;Xt+1) =
1
2

ln
|Σ(Xt)|2

|Σ(Xt ,Xt+1)|

=
1
2

4

∑
i=1

ln
λi(Σ)

τ2

(13)

where λi(Σ) are the eigenvalues of the covariance matrix Σ of the system Xt .368

Integrated information (Φ), over the years, various measures of integrated information have been proposed to quantify the369

amount of excess information that a system possesses about its joint future activity as compared to its individual parts43, 57.370

More recently, practical measures of integrated information have been proposed that can be computed in a computationally371

efficient manner on time-series data58. We use the integrated information measure proposed by Barrett and Seth58 ΦE which372

measures the extra information that a system X possesses about its joint future activity, compared to the information that can be373

explained by the minimum information bipartition B = M1,M2 of the system. This measure can be written as,374

ΦE(Xt ,B) = I(Xt ;Xt+1)−
2

∑
i=1

I(Mi
t ;Mi

t+1) (14)

where Mi are the minimum information bipartitions of the system X at time t. The minimum information bipartition is selected375

by choosing the partition that minimises the normalised integrated information such that,376

B = argmin
B

ΦE(Xt ,B)

mini H(Mi
t )

(15)

However, in systems with a lot of redundancy, there is a lot of shared information among the partitions. Thus, the377

∑i I(Mi
t ;Mi

t+1) overcounts this redundant information. This overcounting often leads to a negative value of ΦE for systems with378

a lot of redundancy. Using integrated information decomposition47, a refined measure of integrated information is proposed379

where this redundancy is added back59, providing a better scaled measure of integrated information ΦR. Here, ΦR is defined as380

with respect to the redundancy function Red(Xt ;Xt+1),381

ΦR = ΦE +(N −1)∗Red(Xt ;Xt+1) (16)
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We use the minimum mutual information (MMI) redundancy function to estimate the redundant information among the
parts. The MMI redundancy function has been shown to efficiently capture the redundancy in multivariate Gaussian systems60.
Here, the MMI redundancy function is defined as,

Red(Xt ;Xt+1) = min
i

I(Mi
t ;Xt+1) (17)

Transfer Entropy (TE). A conditional mutual information measure quantifying directional influence from a source to a
target61, 62. For a VAR(1) process, the past is the current timestep, and the delay δ is chosen to maximise T E:

T E(Xi → X j) = I(Xi
t ;X j

t+δ |X
j

t ). (18)

In our four-node cycles, source–target pairs are two edges apart, so information propagates in two timesteps; accordingly, we382

set δ = 2, which matches the known peak of T E at the true coupling delay63.383

Network Harmonic Decomposition384

Fourier transform has enabled the decomposition of a time series in various frequency modes to characterise the activity at385

different timescales. Similarly, Graph Signal Processing (GSP) has enabled Network Harmonic decomposition, which enables386

the characterisation of dynamics at different scales of the network, from local (node level) to global (whole network) and all387

levels of organisation in between. For full reviews and introductions to the field, see50, 64 This Network Harmonic Decomposition388

has enabled the understanding of structure-function correspondence in network dynamics, especially in neuroscience, where it389

has uncovered scale-specific effects in relation to different levels of consciousness51, 65.390

Here, we use the network harmonic decomposition to decompose the power of the signal into different harmonic modes391

on the network. Then we use Shannon entropy to calculate the diversity of different harmonic modes active on the network.392

This diversity metric provides a measure of how many different scales of network organisation are implicated in the overall393

dynamics. The diversity is high when the power is distributed across a lot of different scales of organisation and low when only394

a few modes are active. The power of each network harmonic mode is calculated as described in the previous works51, 65, using395

the eigendecomposition.396

First, the normalised Laplacian matrix (L̃) and its eigenvectors are calculated for the network with adjacency matrix A.397

The out-degree diagonal matrix of A is defined as D = Diag(∑ j Ai, j), where D is a matrix (N x N), with diagonal values as398

out-degrees of the nodes and the off-diagonal elements are zero.399

L̃ = D−1/2LD1/2 where L = D−A

L̃ϕk = λkϕk
(19)

After solving the eigenvalue problem to extract the eigenvector matrix ϕk, it is convolved with the whole network activity Yt to400

estimate the contributions of each independent eigenmode (ωk) using a dot product.401

Yt = ω1(t)ϕ1 +ω2(t)ϕ2 + · · ·+ωN(t)ϕN =
N

∑
k=1

ωk(t)ϕk

ωk(t) = ⟨Yt ,ϕk⟩
(20)

The magnitude or power of the contribution of each harmonic mode k can be calculated from ωk(t) at each timestep as,402

Pk(t) =| ωk(t) | (21)

At each timestep, the distribution of power over the different harmonic modes is normalised, P̃k(t) =
Pk(t)

∑N
k=1 Pk(t)

, and the403

Shannon entropy of the normalised distribution is calculated as a measure of the harmonic diversity of the dynamics. The404

measure of diversity H used here is written as405

H(t) =−
N

∑
k=1

P̃k(t) log P̃k(t) (22)

The measure of diversity is calculated at each timestep, and the results present an average value during the steady state. Since406

the harmonic decomposition requires the estimation of real eigenvalues, we use the normalised Laplacian matrix L̃ of the407

symmetrised adjacency matrix of the directed network. However, the activity of the nodes is generated using the directed408

adjacency matrix A, which is used to simulate the VAR dynamics.409
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Task performance of feedforward and recurrent networks410

To compare the functional advantages the two different kinds of cycles can confer to a network, we test how a completely411

feedforward multi-layer network (q = 1) and a completely recurrent multi-layer network (q = 0.5) perform on the MNIST digit412

classification task. Both networks have three layers of 100 nodes and a low density of edges (p = 0.05). We train the weights413

of both networks using backpropagation for 30 epochs, while using a sparsity mask to enforce the same level of density of414

edges in the networks.415

The MNIST dataset consists of 70,000 images of handwritten digits (0-9), with 60,000 used for training and 10,000 for416

testing. Each image is a 28x28 pixel grayscale image, which we flatten into a 784-dimensional input vector. The output layer417

consists of 10 nodes, each representing one of the digit classes. We use a softmax activation function in the output layer to418

produce class probabilities and optimise the cross-entropy loss function during training. After training, we evaluate the accuracy419

of both networks on the test set and perform robustness checks by introducing random bit flips in the input and random node420

ablations to assess their resilience to perturbations.421
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