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Abstract15

Understanding how neural systems develop modular organization is fundamental to both neuroscience16

and artificial intelligence. Although modular architectures can improve adaptability and cognitive per-17

formance, the processes leading to their emergence are poorly understood. Here we demonstrate that18

multitask and incremental learning enhance modularity in recurrent neural networks (RNNs) compared19

to single-task learning, revealing how functional demands influence the structural organization of neu-20

ral networks. We trained RNNs on cognitive tasks under three distinct learning paradigms: single-task,21

simultaneous multitask, and incremental multitask learning. Our results suggest that networks adopting22

multitask learning show an enhanced degree of modularity compared to single-task training, especially23

when the task load exceeds the network’s representation capacity. Those trained with incremental multi-24

task learning, in particular, develop the highest degree of modularity, maintaining superior performance25

even when connections are selectively pruned. Furthermore, these task-induced networks exhibit struc-26

tural properties more closely resembling those of biological brain networks than those based solely on27

spatial constraints, particularly in clustering coefficients and edge length distributions. Collectively, these28

findings suggest that modular brain architecture emerges not only from physical constraints but as an29

adaptive response to the sequential introduction of complex cognitive tasks, providing a causal explanation30

for how functional demands shape network topology. Our findings also illustrate how the developmen-31

tal and evolutionary context of the brain, wherein multiple tasks are learned, can inform the design of32

artificial systems well-suited for similar environments.33
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Introduction34

Brain networks display strikingly modular patterns in both structural and functional connectomes, with35

groups of brain regions densely connected within themselves but sparsely connected to other modules [1].36

While a single node in a network has limited representational capacity, modules have been hypothesized37

to enrich the brain’s ability to integrate and process information, thereby contributing to learning and38

adaptability [2]. The modular structure of the brain is also related to the maturity of the central nervous39

system [3] and cognitive abilities in different species and different ages [4, 5]. Yet, despite considerable40

research exploring the role of brain modules in cognition, the causal processes leading to the emergence of41

modular structure remain insufficiently understood.42

Prior work has posited that modularity is an evolutionary response to physical constraints, such as the43

need to minimize wiring costs [6–8]. However, the clustering of representations in neurons and brain regions,44

particularly their functional and temporal variations, extends beyond what can be explained by network45

geometry alone. In addition to spatial constraints, biological organisms must constantly adapt to multiple46

complex tasks composed of elementary sensory, motor, and cognitive processes [9]. Yet, a critical question47

remains largely unexplored: how does the compositional nature of task representation influence the modular-48

ization of brain networks? From an evolutionary perspective, we can observe that gradual adaptation to an49

increasing variety of tasks has shaped neural systems into their current state [10–12]. However, whether and50

how multitask learning and incremental execution causally influence network topology throughout evolution51

is presently unknown.52

Unfortunately, studying the effect of multitasking and incremental learning on network topology presents53

significant challenges. In biological organisms, such studies would require imposing different functional54

demands (e.g., different task sets) on an organism and observing the resulting effects on the structural con-55

nectome across many generations. In fact, it has also proven difficult to characterize the precise way in which56

modularity influences task performance, as this would require causally disrupting such modular structure57

while maintaining the general integrity of the network. Our study circumvents these methodological issues58

by modeling the brain through artificial neural networks [9, 13]. By systematically varying model conditions59

and learning paradigms for multiple tasks, we can track learning curves and identify the impact of tasks on60

network topology throughout the learning process and across different model instances.61

In this work, we examine three fundamental questions related to network modularization: (1) whether62

and how multi-task learning leads to the emergence of modular patterns in underlying networks; (2) whether63

and how different task-learning approaches affect modular patterns; and (3) whether task-learning-induced64

networks more closely resemble biological brain networks than models based solely on spatial constraints. To65
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answer these questions, we trained recurrent neural networks (RNNs) with varying numbers of hidden-layer66

units to execute 20 cognitive tasks. We explored how the RNNs learn the tasks in three different modes. In67

Training Mode I, we train each RNN to learn on a single task. In Training Mode II, we train each RNN on68

all 20 tasks simultaneously. In Training Mode III, we train each RNN on all 20 tasks while we incrementally69

update the network structure from partial to complete architecture, mimicking the evolution of neural systems70

with an increasing number of synapses. Through a systematic examination of these three training modes, we71

find that the incremental learning of multiple tasks leads to network topologies with higher modularity than72

those trained on single tasks. We also find that the network with edge locations induced from the learned73

module maintains a higher performance than the randomized masked network with the same amount of74

edges. Finally, we demonstrate that the multi-task-learning-induced weights improve the generative model of75

network formation with a higher similarity to the brain network connectome as measured by the distribution76

of graph measurements. Together, our results provide a causal structural explanation for the emergence and77

function of the brain’s modular topology.78
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Fig. 1: Recurrent Neural Networks in Different Training Modes. Here we demonstrate the archi-
tecture and training progression of the recurrent neural network. a, Task configurations range from simple
cognitive tasks like Go/No-Go to complex ones like value-based decision-making. Inputs include fixation
and rule-based stimuli. b, The models are trained in three modes. Mode I: Single-Task Learning, where the
network learns tasks individually; Mode II: All-at-Once Multi-Task Learning, which involves simultaneous
training on multiple tasks; Mode III: Connection-incremental Learning, where tasks are introduced progres-
sively over time. The network undergoes training through multiple epochs (Epoch 1 to Epoch N) to capture
the development of task-specific and generalized neural modules. c, Correspondingly, the trained networks
are categorized into feature representation network, task and feature representation network, and trajectory,
task, and feature representation network, which denote the factors that affect the emergent modular struc-
ture.
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Results79

To examine how task requirements influence network structure, we trained RNN models (Fig. 1b) to execute80

a series of inter-related cognitive tasks. Most of these tasks are digital analogs of those frequently employed81

in neurophysiological research, encompassing variants of memory-guided responses[14], simple perceptual82

decision-making (DM)[15], context-dependent DM[16, 17], multi-sensory integration[18], parametric working83

memory[19], inhibitory control[20], delayed match-to-sample[21], and delayed match-to-category tasks[22].84

Following the approach described in a prior study [9], the network is subjected to three distinct categories85

of noisy inputs (Fig. 1a). It subsequently employs recurrent neurons to evaluate all pertinent information86

and delivers this data to the output layer, which comprises the fixation unit and motor units. The fixation87

unit determines if the network is ‘fixating’ or ‘responding’ to the inputs, whilst the motor units encode the88

response direction on a circular array of outputs. For additional information concerning the setup, please89

refer to the Materials and Methods section and the previous research undertaken by [9].90

a b c d

e f g h

Fig. 2: Multitask Training Enhances Modularity. a, Performance of models of varying sizes (# Hidden
Neurons) trained on a single task. b, Performance of models trained on multiple tasks all-at-once. c, Examples
of correlation matrices of the hidden recurrent layer activation values for models trained with different
numbers of tasks. d, Multitask learning leads to a more modularized network compared to that induced
by single-task learning (the models in the example have # Hidden Neurons set to 16). e-h, the resulting
modularity is co-affected by the number of hidden neurons and the number of tasks. (For details on the
composition of these task sets, please refer to the Appendix.) Solid lines are the mean over 20 independent
runs. Shaded areas indicate the standard error.
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Multi-task Training Promotes Modularization via Co-embedding91

Emergence of Task Co-embedding in Capacity-Limited RNNs92

While the dimension of cognitive tasks could be infinite in theory, the brain maintains the tasks with limited93

dimensions of modularized functional representation. In order to characterize the formation of such modu-94

larized functional representation, we trained a series of RNN models of varying sizes under both single-task95

and multi-task setups. For single-task learning, we only assigned a single task to each network configuration96

and assessed the average performance on the set of 20 tasks after training (Fig. 2a). For multi-task learn-97

ing, we trained RNN models with tasks randomly interleaved at each iteration to perform all tasks together98

(Fig. 2b). First of all, it is noticeable that for both learning paradigms, the increase in the number of hidden99

neurons enhances the model’s task performance in both learning speed and final accuracy (# Hidden Neu-100

rons: 8, 16, 32, 64 as illustrated in Fig. 2a, b). In addition, models trained on multi-task learning perform101

generally worse than models trained on single-task learning (FDR q < 0.05 after Bonferroni’s correction102

for different setups of # Hidden Neurons). This discrepancy suggests that the networks make concessions103

in the representation of each individual task in every updating step to manage and accommodate multiple104

tasks concurrently. As a cost, the overall accuracy at a given time step drops even though the final perfor-105

mance might be as high once the overall capacity is sufficient. Consistent with [9], we observe the similar106

phenomenon of co-embedding functionally similar tasks for reducing the demand of hidden nodes. Indeed, a107

single model with a sufficient number of hidden units (e.g., # Hidden Neurons = 32) trained under multi-task108

learning (Fig. 2b) achieves comparable average performance to separate models, each with a small number109

of hidden units (e.g., # Hidden Neurons = 8 for 20 tasks, which means 160 units in total) trained under110

single-task learning (Fig. 2a). Overall, such observations verify the emergence of task co-embedding when111

the network is trained for learning multiple tasks with limited capacity.112

Modularization as the Structural Response to Task Co-embedding113

Our working hypothesis is that brains display modular structure to promote adaptation and increase flexibil-114

ity in response to a changing environment [23]. How does this happen? If we adopt the dogma from Donald115

Hebb that “Neurons that fire together, wire together” [24], here we can hypothesize that the co-embedding116

of tasks leads to the modularization of the functional covariance of the hidden layer, which further facil-117

itates the structural wiring. To validate this hypothesis, we applied a widely used community detection118

technique [25] to the recurrent layer of the RNN model and examined the modular structure through model119

training. Specifically, hidden neurons in the recurrent layer were grouped into communities, exhibiting dense120

intra-community connections and sparse inter-community connections, based on the absolute values of the121
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recurrent weights (Fig. 2c). To assess how task learning shapes the network, we computed the modularity of122

the RNNs in both single-task (Mode I) and multi-task (Mode II) learning (Fig. 1 b). We find that for the123

RNN with a fair number (e.g., ≥ 16) of hidden neurons (Fig. 2d), multi-task learning induces significantly124

higher levels of modularization compared to single-task learning by a substantial margin (p < 0.05 for a two-125

sample t-test at any selected iteration after 10000; see Fig. A1 for more detailed results). In addition to a126

more modularized structure, multi-task learning also facilitates a more enduring process of modularization127

compared to single-task learning. In the initial stage of learning, both modes displayed a rapid increase of128

modularity, probably due to the embedding of input features. In the subsequent learning phase, however, the129

modularity of the multi-task learning model exhibits a sustained upward trajectory, while the modularity of130

the single-task learning model reaches a plateau. This difference may be a result of additional demands of131

task embedding together with the feature embedding, underscoring the differential durations of adaptation132

made by the model in response to the task contents and types.133

To obtain a more comprehensive understanding of modularization under different balances of model134

capacity and task load, we varied the parameters of task number and hidden neuron number at a finer135

granularity, as illustrated in Fig. 2 d, e, f, and g (for details of the four task sets, see the Supplementary136

Methods). When the numbers of hidden neurons are sufficiently large (e.g., ≥ 32 for the current setup), it is137

almost possible to represent three tasks in separate, non-overlapping populations. Thus, incorporating more138

tasks may not result in a more significant modularization given Eqn. 2. With relatively few hidden units139

(e.g., 16 and 8), the task embedding will make a difference and lead to a higher level of modularity. Such140

findings raise an intriguing possibility that the emergence of modular structures in the brain may serve as a141

structural cause to address the limitations of model capacity while supporting multiple tasks.142

A Causal Explanation for the Emergence of Modularization143

To further elucidate how the task co-embedding in the hidden layer representation causes the emergence of144

modularization, we turned to an examination of the relationship among tasks in embedding and performed145

the representational similarity analysis on task representations.146

Co-embedding of Tasks into the Neuronal Representation147

For the relationship among tasks regarding their interaction in the embedding, we illustrate three typical148

phenotypes based on the overlap of embedding neurons in the hidden layer (Fig. 3a). For each task pair,149

we compared single-task learning (blue and orange) and interleaved learning (green), and determined the150

minimal number of hidden neurons required to achieve ≥ 95% accuracy. Left-column subplots (1, 3, 5) show151
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Fig. 3: Emergence of Modular Structure over Task Learning. a, Three examples illustrating the
typical relationship between tasks in terms of their neuronal embedding. The dark curve represents the mean
of 10 independent runs, with the shaded area indicating the standard error. b, A representational similarity
analysis method is adapted and tailored to quantify the neuronal similarity with respect to their response to
different tasks. c, Building on panel b, neurons are clustered into modules that evolve throughout training.
d, A significant positive correlation between modularity and task performance is observed in capacity-limited
models. Each green dot represents one of 200 model instances under different seeds. The green dashed line
denotes the False Discovery Rate-adjusted p-value threshold of 0.05, on a log scale.
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single-task learning with minimal sufficient capacity, while right-column subplots (2, 4, 6) show interleaved152

learning with sufficient capacity for both tasks. Our results reveal three types of task relationships:153

Exclusive Representation (Subplot 1 &2): Tasks fdgo and fdanti each require only 4 hidden neurons154

when trained independently. However, when trained jointly in an interleaved fashion, the network requires155

10 neurons to reach the same performance. This sharp increase indicates that the tasks use non-overlapping156

neuronal populations, consistent with their contradictory objectives.157

Partially Shared Representation (Subplots 3 & 4): Tasks contextdm1 and contextdm2 each require 26158

neurons when learned independently, while 44 neurons are sufficient for interleaved learning. The difference159

suggests that the network allocates some shared neurons alongside private subpopulations, similar to [9].160

Inclusive Representation (Subplots 5 & 6): Task fdgo is a simplified variant of delaygo. The minimal161

network required for learning them jointly is nearly identical to that for delaygo alone, indicating that fdgo162

can be fully embedded within the representational space of delaygo without the need for additional capacity.163

When multiple tasks are learned together, the network can exploit shared neural representations, resulting164

in only a modest increase in capacity relative to single-task learning, suggesting overlapping neural substrates.165

We identify three representative task-pairing regimes—exclusive, partially shared, and fully inclusive—that166

illustrate distinct patterns of representational modularity. In the case of exclusive tasks (e.g., fdgo and fdanti),167

the network forms separate modules, as their contradictory objectives require task-specific representations,168

reflecting the need for non-overlapping representations due to conflicting task objectives. In contrast, partially169

shared (e.g., contextdm1 and contextdm2 ) and fully inclusive (e.g., fdgo and delaygo) tasks promote the170

reuse and reinforcement of shared modules, thereby enhancing representational robustness and integration.171

Together, these patterns demonstrate how task interactions can shape the modular organization of neural172

representations, either by driving the emergence of distinct functional modules or by strengthening shared,173

adaptable ones.174

Neuronal Similarity Analysis of Task Involvement175

Building on the observation that task similarity influences co-embedding patterns, we further analyze how176

individual neurons are engaged across tasks. Inspired by representational similarity analysis (RSA) [26], we177

introduce a metric to quantify neuronal similarity based on activation patterns during task execution, thereby178

enabling a fine-grained assessment of shared versus task-specific neural involvement. Specifically, for each179

neuron u, we extracted its activity distributions across tasks and computed the pairwise correlation among180

these distributions to form a task representation similarity matrix (Fig. 3b). We then vectorized the upper181

triangular portion of each matrix and used it as a feature vector to quantify task activation similarity between182
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neurons. By clustering the neuronal representational similarity matrix defined in Fig. 3b, we grouped neurons183

with similar task representations into distinct communities (Fig. 3c). Early in training (≤ iteration 500), a184

single dominant community emerged, indicating a homogeneous embedding of all tasks across neurons. As185

training progressed, this community gradually split into multiple modules (iterations 3500–15500), which186

further sharpened in contrast to non-community regions (iterations 18500–39500), eventually stabilizing into187

a consistent modular structure. These dynamics suggest that co-embedding of related tasks progressively188

drives modularization in the neuronal representation space, as measured by task activation similarity.189

Modularity as an indicator of Model Performance190

Previous analyses demonstrated that learning multiple tasks induces modularization in task-related neuronal191

representations, consistent with evidence linking modular organization to cognitive capacity in the brain192

[27]. Here, we investigate whether modularity can serve as a performance indicator, analogous to its role193

in explaining individual differences in human cognition on brain networks. Specifically, we calculated the194

correlation coefficients between the network modularity and model accuracy across 200 model instances195

along 20,000 training iterations (Fig. 3d). A significant positive correlation emerges during the formation of196

modular structures but tends to diminish in later stages. The strength of this relationship depends on the197

effectiveness of multi-task co-embedding, which is modulated by both task demands and representational198

capacity. Such variation in co-embedding effectiveness leads to clear differences between smaller models (e.g.,199

8 or 16 hidden neurons), where the correlation is more pronounced, and larger models (e.g., 32 or 64 hidden200

neurons), where the correlation weakens. For example, at the peak iteration for the 8-neuron models, we201

observed a significant positive correlation (r = 0.34, p < 1.0 × 10−6). Together with the findings in Fig.202

2, these results suggest that when representational capacity is constrained, modularization emerges as a203

compensatory procedure to improve the neural efficiency in representation. In contrast, when the model’s204

capacity is sufficiently large, the model exhibits a certain degree of over-parameterization, endowing it with205

inherent robustness. In the late iterations of training, further perturbations in the weights have minimal206

impact on task performance, leading to a weakened correlation between modularity and performance.207

Further Modularization from Connection-incremental Learning208

The brain reaches its structural complexity through a gradual evolutionary trajectory rather than beginning209

with all its current neurons and a fully connected architecture. To investigate the impact of this developmental210

paradigm on modularization, we designed a connection-incremental learning strategy in which RNN models211

start with no recurrent connections—functionally equivalent to feed-forward networks (Fig. 4a top left)—212

and recurrent connections are progressively added as new tasks are introduced (Fig.4b left; each colored line213
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denotes a task). Over time, the networks eventually result in sparse RNNs that resembles the structural214

sparsity observed in biological brain networks (Fig.4a top right). As a control, we also trained standard RNN215

models with the full set of recurrent connections initialized from the outset, matched in configuration to216

their incremental counterparts (Fig.4a bottom).217

ed

a cb

Fig. 4: Sequential introduction of tasks and incremental addition of connections during learn-

ing leads to higher modular structures and the lottery hypothesis for modular structures. a,
Schematic of incremental addition of connections vs. all connections that exist at first. b, Tasks are intro-
duced sequentially with an increasing number of connections. Each line with different color represents a task
(left). The incremental models show a higher modularity than those trained all-at-once (right). c, In the pro-
cess of dissecting the connected components emerged during the growing process of the incremental models,
we found notably high modular subgraphs. d, Schematic of the masks of modular structures (orange) and
of random structures (blue). e, Connections masked by the emerging modular structures after training are
the winning tickets that refer to the subnetworks being able to reach comparable accuracy when trained in
isolation by the Lottery Ticket Hypthesis. They can enhance the learning compared to connections masked
randomly. Solid lines represent the median over 20 i.i.d. random masks, and shaded areas show the interquar-
tile range (25th to 75th percentile).

The modularity of connection-incremental models consistently exceeds that of all-at-once training by a218

significant margin (Fig.4b right; p < 0.05 via a two-sample t-test at all selected iterations after10000; see219

Fig. A1 for extended results). To examine the underlying structural change, we partitioned the incremen-220

tally trained networks into their evolving connected components and extracted their corresponding induced221

subgraphs from the all-at-once models for comparison (Fig. 4c). As shown in Fig. 4b, c, with each successive222

addition of connections, the gradual addition of recurrent connections leads to the emergence of distinct,223

isolated communities of hidden neurons, each exhibiting strong modular organization to accommodate the224

growing complexity of multi-task demands. This results in a more modular recurrent structure than that225

produced by all-at-once learning. These findings suggest that modularization is shaped not only by task226

co-embedding but also by the learning dynamics imposed by the connection-incremental paradigm.227
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Given the observed emergence of modularization in the multi-task learning process, a natural yet unan-228

swered question is whether the induced modularized structure, in turn, computationally facilitates more229

efficient task embedding. Drawing inspiration from the so-called lottery ticket hypothesis in network pruning230

[28], we investigated this question by identifying the emergent communities after training (Fig. 4d, orange)231

and treating them as sub-networks for reinitialization and retraining. Specifically, we defined a community232

mask by preserving all the intra-community connections and the top 15% high-magnitude inter-community233

connections, thereby maintaining the interactions between different modules. As a control, we trained models234

with an equal number of randomly selected connections (random mask, Fig. 4d blue). The network initialized235

with the community mask exhibited superior performance over those marked by the random mask (Fig. 4e).236

Notably, this performance advantage was especially pronounced in models with smaller capacity, consistent237

with earlier results shown in Fig. 1 and Fig. 2. These findings support the functional utility of modularized238

structure under capacity constraints, while leaving an open question about their role in very large models239

with extensive task loadings.240

Task-driven Adaption Enhances More Brain-like Structural Organization241

The formation of brain network structure has been extensively studied, ranging from graph-based approaches242

[8] to the RNN-based spatial embedding [6]. In the previous sections, we demonstrated that, beyond spatial243

constraints, functional adaptation to multi-task learning can also drive the emergence of modularized struc-244

ture within networks. Thus, there arises a natural question: does task learning explain additional aspects of245

brain-like connectivity beyond those accounted for by spatial embedding alone? To answer this question, we246

employed generative network modeling [8] to reconstruct network connectivity based on unsupervised wiring247

rules and assessed whether the task loads induced more brain-like structural features. Specifically, here we248

compared four groups of generative models (Fig. 5b), each comprising 200 model instances. The ‘random’249

models connect node pairs with equal probability. The ‘spatial’ models encode the biological wiring costs250

based on the Euclidean distances, serving as the baseline models. The ‘task’ models disregard the spatial251

constraints and define the feature kernel K(u, v) using the functional connectivity matrices of the trained252

RNNs. The ‘spatial+task’ models integrate both spatial constraints and functional connectivity in the kernel.253

As discussed in prior work [6, 8], the ‘spatial’ models, improve the fitness to empirical brain connectivity254

by favoring the short-range connections to enhance the local clustering following the nodal degree distribution255

(Fig. 5c). When applied separately, the ‘task’ models similarly outperform random baselines, indicating that256

task-induced functional organization also contributes to brain-like structure (Fig. 5c). To evaluate structural257

fidelity more precisely, we assessed four key topological properties: node degree (KSk), clustering coefficient258

11



Generative model of network formation

a c

clustering 

coe�cient

betweenness 

centrality
edge

length

random spatial task spatial+task 

b

random spatial task spatial + task node

degree
Energy Generative Model: 

d e

node degree clustering coe�cient

f g
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Fig. 5: Tasks induce more brain-like structures. a, The generative model characterizes the wiring of
networks based on the Euclidean distance E(u, v) and feature kernel K(u, v). The energy function quantifies
the disimilarity between simulated and observed networks with Kolmogorov–Smirnov (KS) statistics. b,
Energy distributions of 4 generative models. ”Random” means the connections are randomly determined.
”Spatial” means that the connections follow the distribution determined by the spatial constraints. ”Task”
means that the feature kernel K(u, v) adopts the functional connectivity matrix during the inference of the
tasks by the trained RNNs. Each box denotes the distribution of the lowest energy of synthetic networks.
Each model generates 200 model instances. c The detailed distribution of Kolmogorov–Smirnov statistics
for each argument in the energy form defined in panel a. d-f, Detailed comparisons of the distributions with
respect to the graph measurements in panel c. As a consequence, the task-induced generative models provide
better predictions of the long-range edges and high-clustered structures.

(KSc), betweenness centrality (KSb) and edge length (KSe). For node degree, the ‘spatial’ models achieved259

strong alignment with empirical data. For clustering, ‘spatial’ models generated networks with slightly lower260

clustering than the real brain, while task-induced networks shifted higher, likely reflecting the increased local261

connectivity required to support task co-embedding, as previously discussed. For betweenness centrality, both262

‘spatial’ and ‘task’ models produced positively biased fits. For the edge length, spatial models exhibited a263

negative bias due to their preference for short connections, whereas task-based models captured more long-264

range connectivity and even reproduced the brain’s characteristic multi-peak distribution. This pattern of265

findings suggests that long-range connections in the brain might support not only small-world organization266

[29] but also functional integration demanded by task load [30, 31]. Taken together, these findings indicate267

that combining spatial constraints with task-driven connectivity in the ‘spatial+task’ model can result in268

superior structural fidelity. Indeed, ‘spatial+task’ models significantly outperformed spatial-only models269

12



(t = 47.04, p < 1× 10−163, Fig. 5b) and task-only models (t = 29.20, p < 1× 10−99, Fig. 5b). These results270

support a complementary view of the brain: not only as a dynamical system shaped by physical constraints,271

but also as an information-processing system optimized for functional demands, as exemplified by RNNs272

trained on multi-task learning.273

Crucially, they suggest that modularization in artificial networks, emerging through task-driven adap-274

tation, may reflect a computational principle underlying the formation of brain-like connectivity, offering275

valuable insights for both neuroscience and neuroAI system design.276

Discussion277

In this work, we investigated the emergence of modularization in recurrent neural networks (RNNs) dur-278

ing multi-task learning. We first showed that modularization is a general phenomenon associated with the279

embedding of input features into the network’s internal representation. Beyond feature-level organization, the280

demand to encode multiple tasks introduces additional representational constraints, which further increases281

the modularity of the trained network. Furthermore, introducing tasks gradually via a staged unfreezing282

of connections promotes even stronger modular structure, highlighting the influence of learning dynamics283

on architectural organization. Notably, networks shaped by multi-task-induced constraints exhibit greater284

structural similarity to empirical brain networks than those trained under static structural constraints alone.285

It has been an emerging trend in both neuroscience and AI to model the brain’s computational and cogni-286

tive function using recurrent neural networks (RNNs). The existing research approaches this bidirectionally.287

On one hand, RNNs are used to replicate the brain system to empower the modeling of internal neural288

dynamics [32–34] and the generation of external behavior aligned with experimental observations [9, 35, 36].289

On the other hand, RNNs can also serve as virtual experimental platforms to assess whether specific brain290

mechanisms facilitate task learning [37, 38] or emerge from the physical and structural constraints [6, 36].291

Our work spans both perspectives: it models internal dynamics while also demonstrating how adaptation to292

external task demands induces modular organization in network connectivity. While prior studies on image293

classification with network architecture search suggest that the feature representation alone may not give rise294

to the brain-like topology [39], our findings, alongside recent ones on familiarity detection [13], functional295

specialization [37], and spatial modularization [40], support a task-driven view of brain-like organization.296

Our findings also align with recent perspectives in cognitive neuroscience that emphasize the role of task297

demands and generalization [35], suggesting that the modularization and other topological features in the298

brain may emerge to support complex task environments, including multitasking and continual learning,299

over the long-term evolutionary scales.300
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Network neuroscience traditionally views the brain as a dynamical system governed by physical con-301

straints [10]. Combined with brain imaging techniques, this methodology enables researchers to infer brain302

properties and map external behaviors onto internal network topologies [41–43]. However, such investigations303

are often correlational rather than causal in nature [44] as there is a fundamental gap in the methodolo-304

gies between the dynamical system and the information processing system [45]. Specifically, the dynamical305

system pays attention to the physical constraints like spatial embedding and metabolic cost [46], while the306

information processing system focuses on the representational efficiency and computational utility [40, 47].307

This distinction raises important questions about the limitations of correlational analyses in revealing how308

neural structures emerge or adapt. By contrast, computational models such as RNNs offer a tractable testbed309

for probing how functional demands shape network organization, enabling causal insights that complement310

empirical observations. In this sense, our work contributes to bridging the theoretical gap by demonstrating311

how modularity can arise as an emergent property of task optimization under representational constraints.312

In the context of multi-task learning, both cognitive neuroscience [48, 49] and RNN-based task modeling313

[9] have recognized the compositional nature of task representation. This compositionality gives rise to the314

hierarchical modular representation in the task space, which may in turn induce the modularization in brain315

networks, a pattern that echoes the task-cortical mappings analogous to the well-studied retino-cortical map316

[50, 51]. Such a view, along with its underlying rationale, provides a causal explanation for why modular-317

ity and its variation across learning can be informative for understanding both the acquisition of cognitive318

functions [13, 52] and their changing trajectory through neurodevelopment[3, 4].319

Despite providing a causal explanation of how multitask learning induces modularization in network320

topology, some limitations remain, both theoretically and practically. Although we compare the model per-321

formances with regard to the generative model [7, 53], the proposed protocol here is not fully biologically322

validated and remains a simplified abstraction. The use of RNNs enables tractable analysis of modularity323

emergence, but both the human brain and the modern foundation models [54] are far more complex, wherein324

there may be no single principle to explain the generation of intelligence on both sides. Thus, it remains to325

be explored whether such investigation can be extended to explain other characteristics of brain function326

and yield generally efficient machine learning algorithms.327

In conclusion, in spite of these limitations, our work contributes a function-to-structure perspective,328

complementing traditional structure-to-function approaches, and offers a pathway for understanding how the329

brain’s specialized topology may emerge through task-driven adaptation. Future progress along this direction330

may help illuminate why the brain is organized as it is and how its principles can inform the design of more331

effective computational systems.332
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Materials and Methods333

Recurrent Neural Networks and Cognitive Tasks334

We adopt a recurrent neural network whose network activities r follow a continuous dynamical equation:335

τ
dr

dt
= −r+ f(Wrecr+Winu+ b+

√

2τσ2
recϵ) (1)

where τ is a time constant(100 ms), Wrec are the weights of the recurrent layer, Win are the weights of the336

input layer, u is the input to the model, b is the bias, f(·) is the nonlinearity activation (e.g., ReLU function337

[55]), and
√

2τσ2
recϵ is the Gaussian white noise. The neurons of the output layer read out the network338

activity r nonlinearly as o = g(Woutr), where g(·) is the sigmoid function, and Wout are the weights of the339

output layer. For each task, the RNN receives inputs of three types: fixation, stimulus, and rule (Fig.1a).340

The fixation input instructs the network to ‘fixate’ or respond (e.g., ‘saccade’). When the fixation input is341

turned off, the network receives a ‘go’ signal. The stimulus inputs consist of two modalities, each represented342

by a ring of input units that encode a one-dimensional circular variable that indicates the motion direction of343

color on a color wheel [56]. Task identity is provided via a one-hot encoded rule input, in which a single unit344

is activated per trial to instruct the network on which task to perform. The network is trained to generate345

output through a fixation unit and a set of motor output units arranged in a circular array, representing346

response direction. For more details on the task RNNs and the full task set implementation, please refer to347

the prior work [9].348

Modularization349

The modularity statistic Q quantifies the extent to which the network can be subdivided into clearly delin-350

eated groups. Here, we employ a widely used community discovery technique on the recurrent weight matrix351

to calculate its modularity value [25], which can be written as352

Q =
1

2m

∑

ij

[

Aij −
kini koutj

2m

]

δ(ci, cj) (2)

where Aij denotes the absolute value of Wij (an element of the recurrent weight matrix of the RNN model),353

2m =
∑

i(k
in
i + koutj ) denotes the overall weight, δ is the Kronecker delta symbol, and ci is the label of the354

community to which vertex i is assigned.355
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Representational Similarity between Neurons356

In order to characterize the representational similarity of neurons, we conduct a tailored two-level represen-357

tational similarity analysis [26] during the training process. On the first level, we calculate the similarity358

between tasks based on the activation distribution, following a similar approach in [9]. On the second level,359

we further model the similarity of neurons based on their similarity matrices over different tasks. Specifi-360

cally, we employ an RNN model to perform the 20 tasks and partition the task-specific activity distribution361

of each neuron into 50 bins as distui = histogram(Au
i , 50), where Au

i = [aui (1), ..., a
u
i (t), ..., a

u
i (T )] and aui (t)362

denotes the activation value of neuron u at the t-th time step of task i, and histogram(·) is a function that363

counts how many activation values fall into each of the 50 bins. Therefore, the distui is a 50-element vector364

representing the activity pattern of neuron u during the execution of the i=th task. Next, for each neu-365

ron u, we compute the task similarity matrix as the correlation matrix Su, where each element represents366

the Pearson’s correlation coefficient between two task-specific activity patterns, i.e. Su
ij = corr(distui , dist

u
j ).367

This resulting correlation matrix Su provides structural insights into the specialization of neuron u across368

tasks, capturing its neural relationships for different task pairs. We vectorize its upper triangle to serve as369

the signature vector of neuron u. Building on this approach, we consequently define the similarity between370

two neurons as the Pearson correlation coefficient between their signature vectors,371

Sim(u, v) = corr(vectorize(triu(Su)), vectorize(triu(Sv))) (3)

where triu(Su) denotes the upper triangle of matrix Su, and vectorize(·) is a function that flattens the matrix372

into a vector. The element Sim(u, v) then captures the similarity between neurons u and v with respect373

to their neuronal signatures. By applying a community discovery technique like Eqn. 2, we can group the374

neurons into different communities based on their similarities and analyze the entire training process.375

Connection-incremental Learning376

To implement the connection-incremental learning shown in Fig. 4a, we first generate a series of binary masks,377

each containing an increasing number of connections, with 25 new connections added every 500 iterations,378

culminating in a total of 2000 connections. For the regular models, we apply the final mask from the series to379

the recurrent layer, ensuring that the set of connections matches the final set obtained from the connections-380

incremental learning. In line with the setting outlined in 7, the weights of nonexistent connections are381

scaled down to 0.1 of their initial values to serve as background, thereby preventing numerical issues when382
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calculating modularity. During forward propagation, the aforementioned mask is applied to the recurrent383

connection weights, allowing only the existing connections to facilitate information flow.384

Generative Network Modeling385

Generative network models have been employed in recent years to validate whether a wiring rule can be used386

to simulate an empirical network topology. The idea is to start from an empty network and at each step we387

allow for the possibility that any pair of unconnected nodes, u and v, will be connected, where the relative388

probability of connection formation is given by389

P (u, v) = E(u, v)η ×K(u, v)γ (4)

where E(u, v) denotes the Euclidean distance and K(u, v) denotes a feature kernel characterizing the non-390

geometric relationship between nodes u and v, the exponent η controls the characteristic connection length,391

and the value of γ scales its relative importance. In this work, we include four generative models. For the392

‘random’ models, we set both E(u, v) and K(u, v) to be the identity matrices. For the ‘spatial’ models,393

E(u, v) is assigned as the Euclidean distance between the centers of different cortex regions, while K(u, v) is394

set to the identity matrix. In the ‘task’ models, E(u, v) is set to the identity matrix and K(u, v) is assigned395

as the functional connectivity of the trained RNN’s recurrent layer. For the ‘spatial+task’ models, we set396

E(u, v) as the Euclidean distance between the centers of different cortex regions and K(u, v) as the functional397

connectivity of the trained RNN’s recurrent layer.398

Functional Connectivity of Network Activity399

Analogous to brain networks, to obtain functional connectivity as demonstrated in previous work [13], we col-400

lected the activation from the recurrent layer in response to task inference. This process allows us to construct401

functional networks by analyzing correlations within time windows. To be specific, we first train an RNN402

while considering the communication cost, where the optimization term simulates the cost of information403

flow between neurons spatially embedded in a 3D Euclidean space:404

L = Ltask + γ

T
∑

t=1

N
∑

u=1

N
∑

v=1

(Distance(u, v) ·W rec(u, v) · au(t)) (5)

where γ is set to 1 × 10−6, and u, v denote two neurons separated by a distance Distance(u, v), and au(t)405

denotes the activation of neuron u at the t-th time step. After training, we utilize the obtained RNN to406
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perform the tasks and collect its neural activity during inference. Specifically, we record the activity of the407

hidden layer comprising N neurons over T time steps for a specific task, represented as AH = {au(t)} with408

dimension N × T . The functional connectivity is then defined as the Pearson correlation coefficient for each409

row in the AH , resulting a connection matrix of dimension N × N . Given that the correlation values fall410

within the interval [-1, 1], we adapted the matrix as a feature kernel in Eqn. 4 by replacing all negative values411

with zeros. This adjusted functional connectivity enables us to infer functional interactions among neurons412

embedded across space, mimicking the interplay observed in various regions of the cortex. Building on this413

approach, we derived the ‘task’ and ‘spatial+task’ models shown in Fig. 5.414

Data and Code Availability415

The structural connectivity data used in this work were derived from the Human Connectome Project’s416

(HCP) [57]. We selected only 84 cortical areas and obtained the mean distance matrix between these417

regions, as well as the structural connectivity matrix. The code for the analysis is currently available at418

https://github.com/brain-intelligence-lab/modular-brain-rnn and will be moved to a permanent address419

upon acceptance.420
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