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Abstract14

Computational models are increasingly used to relate mouse brain structure,15

neural activity and behavior, but most models still learn from task data with limited16

constraints from biological circuit organization. Here we present DigiMus, a17

connectome-informed spiking framework for multi-region-capable mouse neural-18

behavior modeling. DigiMus combines leaky integrate-and-fire spiking dynamics19

with brain-region-specific motif regularization in a trainable sequence-modeling20

architecture, allowing directed three-node circuit motifs derived from 38,48121

reconstructed neuronal morphologies across approximately 50 brain regions to guide22

recurrent coupling during learning. We evaluate DigiMus on 18 rule-based cognitive23

tasks spanning sensorimotor mapping and perceptual decision-making, and on three24

mouse neural decoding datasets involving auditory discrimination, fixed-interval25

licking and visual decoding. Across synthetic tasks, DigiMus showed stable26

performance relative to TCN, LSTM and Transformer baselines, with stronger27

advantages in more complex decision-making settings. In real neural datasets, single-28

region instantiations of DigiMus produced small, consistent and dataset-dependent29

improvements over a structure-free sequence baseline, while retaining motif-prior30

signatures in trained connectivity. Internal state analyses further linked task-31



dependent state dynamics to behavioral error patterns. These results suggest that32

connectome-derived structural priors can shape neural sequence models, and establish33

DigiMus as a modular, connectome-informed workflow for mouse neural-behavior34

modeling and hypothesis generation, rather than a complete digital reconstruction.35

36
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Introduction41

In recent years, one of the most significant breakthroughs at the biological data42

level has been the release of diverse brain atlases, including multi-scale data resources43

such as genomes, connectomes, transcriptomes, and spatial cellular atlases [1,2].44

These different types of brain-wide scale biological atlases have provided finer45

structural and molecular references for brain research, significantly contributing to46

researchers' understanding and knowledge of neuronal heterogeneity and brain region47

functionality [3-5]. In order to better explore the working principle of the mouse brain,48

a large number of computational models have been proposed one after another, some49

of which try to align and fuse multi-scale data found during biological experiments,50

and some of which predict brain activities and brain behaviors from the perspective of51

computational simulation [6].52

53

However, most of the existing brain activity modeling approaches use generic54

sequential models such as recurrent neural network (RNN) [7], Transformer [8], or55

other deep learning architectures for fitting mapping relationships between neural56

activity, behavior, and external stimuli [9]. While these models have strong end-to-57

end fitting capabilities, the internal states of the models usually have difficulty in58

establishing a clear correspondence with neuronal dynamics, synaptic connections, or59

brain region loop structures, and thus the relationship between their internal60

representations and the real neural system remains more difficult to interpret [9,10].61

In terms of encoding mode, neurons of RNN and Transformer usually rely on static62

nonlinear activation functions, and do not explicitly describe impulsive neuronal63

dynamics processes such as membrane potential accumulation, threshold issuance and64

resetting. In terms of connectivity patterns, the effective connectivity structures of65

these models are usually learned implicitly by the training process and lack66

continuous constraints from sparsity, partitioning, and motif topology in the real67

connectome [11]. As a result, while such models are able to fit the input-output68

relationship between neural activity and behavior, their internal structure still differs69

significantly from the neuronal and loop organization in real biological systems, thus70

limiting their structural traceability and mechanism explanation capabilities.71

Balancing the processing power of biological signals with the multiscale72

interpretability of the model's internal structure is the functional basis of future73



models for realizing brain simulation and computation. Several studies have74

attempted to introduce neural loop structures or motif topologies into neural networks75

to improve the biological plausibility and learning efficiency of models, for example,76

trying to embed biologically rational network features in the initialization stage [12-77

15]. Although these methods can bring some learning advantages, if the structural78

information is mainly used for initialization or weak constraints, the internal79

connections of the model may still gradually deviate from the original structural80

settings during the training process. There are also some methods that try to constrain81

network activity at the level of neural flow shape or population dynamics, such as82

using Transient trajectory as an additional structural feature to constrain network83

activity [16,17].84

85

Although these methods make the network reflect some Transient coding effects86

during the learning process, such constraints usually lack explicit brain region origins87

and loop topology pointers, thus making it difficult to further support structural-level88

explanations. Meanwhile, RNNs trained for a particular task often have limited89

generalization ability and need to be retrained every time they encounter new data or90

paradigms. Although some models combine continuous learning methods with RNNs91

[18], they essentially integrate the parameter weights of different models into a single92

one, and cannot directly solve the problem of the lack of correspondence between the93

internal structure of the model and the specific loop organization of the brain regions.94

95

Recently, Drosophila Cyberfly[19] , which is based on the complete connectome96

of adult Drosophila, has successfully driven a virtual body to perform instinctive97

behaviors in digital space, suggesting that the complete connectome information can98

provide an important structural basis for animal behavior modeling. However, mouse99

brain modeling faces a more complex situation, as currently available structural data100

of the mouse brain are usually derived from cross-scale, heterogeneous, and partially101

sampled brain atlases rather than complete synapse-level connectomes [20-24].102

Neuron-scale structural and connectomic resources of the mouse brain are also being103

mapped at increasing scale, and are becoming an important source of biological data104

to support computational modeling of the mouse brain, along with activity and105

behavioral data [25]. What is special about these connectome data is that the data106

themselves contain a certain amount of structural knowledge that can be used to107



constrain the internal connectivity patterns and the organization of information flow108

within the model, and this structural knowledge is highly relevant to model function,109

brain region function, and so on [26].110

111

Therefore, an intuitive idea is to use brain-region-specific structural knowledge112

as biological prior knowledge, and to constrain or incorporate it into neural networks113

during learning. By allowing structural priors to guide the optimization process, the114

model may better capture region-dependent circuit organization, rather than relying115

solely on data-driven parameter fitting. This strategy of incorporating biological116

structure into model learning differs from traditional purely data-driven models, and117

the combination of data-driven learning and structural constraints provides a new path118

for constructing more interpretable neural simulation models. At the same time, the119

model can also employ spiking neural networks as the underlying computational120

substrate, introducing dynamics-aware spiking neurons, such as LIF neurons, into the121

node-level computational process to further improve biological plausibility. Thus, the122

dual-scale combination of spiking neuron dynamics and connectome-derived motif123

constraints represents a key direction for constructing an interpretable digital mouse124

brain modeling framework.125

126

In this study, we first used 38,481 fine neuronal structures obtained after precise127

tracing with the fMOST technique [27] to analyze projection relationships within and128

across approximately 50 representative brain regions. We further used a large-scale129

Golgi-stained mouse-brain morphology resource containing approximately 1.5130

million registered neuronal instances. This resource was used as a morphology-based131

structural reference for estimating regional neuronal distributions and potential local132

connectivity patterns, rather than as a complete synapse-level whole-brain133

connectome. Our previous work used this morphology resource to map whole-brain134

neuronal distributions and identify 12 broad neuronal classes [28]. On this basis, this135

study proposes DigiMus, a connectome-informed spiking digital mouse brain136

framework. The available multi-scale brain data are transformed into three modeling137

operations: LIF-based spiking dynamics, motif regularization and multi-region-138

capable organization. The core computational unit is the CIS block, namely the139

connectome-informed spiking block. The CIS block represents LIF-based spiking140

dynamics at the node level, while connectome-derived motif statistics are used as141



brain-region-specific motif regularization targets. We further adopt network motif142

analysis [29,30] to classify possible local connection patterns into 13 connected143

directed three-node motif classes, and use a unified 13-dimensional vector to144

represent the network topological features of different brain regions. These brain-145

region-specific motif vectors are further used to reduce the discrepancy between146

model-induced local connectivity patterns and connectome-derived statistical targets147

by applying a motif regularization loss to the low-rank coupling matrix Wr , forming148

an interpretable framework with region-specific structural priors. We evaluated149

DigiMus on an 18-task rule-based cognitive benchmark. For compact visualization,150

we report six representative tasks covering response, delay, matching and perceptual-151

decision paradigms, while the remaining 12 tasks were used to assess performance152

across a broader task set. We further evaluated single-region instantiations of153

DigiMus on three real mouse neural decoding tasks, including action classification154

from A1 calcium imaging during auditory discrimination, lick/no-lick classification155

from M2 extracellular spikes during fixed-interval licking behavior, and drifting-156

grating direction classification from VISp Neuropixels recordings. DigiMus achieved157

average accuracies of 72.68%, 78.63% and 70.20% in these three tasks, respectively,158

and motif-regularized variants outperformed the structure-free Mamba baseline in a159

dataset-dependent manner. Thus, DigiMus provides a structured computational160

framework for digital mouse brain modeling by combining LIF-based spiking161

dynamics, motif regularization and multi-region-capable organization. This162

framework provides a methodological reference for incorporating connectome-163

derived structural information into trainable neural sequence models, and a scalable164

tool for subsequent neuroscience hypothesis generation and computational validation.165

Results166

Multiscale mouse brain data define model inputs167

The types of neuroscience experiments vary widely, and the acquired neural168

signals and structural data are significantly different in spatial scale, temporal scale,169

and data format depending on the recording devices, experimental means, and subject170

animals. In this study, we organized AI-ready mouse brain data from resources such171

as the Brain Data Center and Digital Brain platforms. Neuronal projection structures172

obtained by fMOST imaging and tracing were normalized into standard SWC-like173



representations. This format describes key information such as neuronal location,174

soma size, dendritic branching, axonal projection, synaptic sites, etc. [31,32].175

Meanwhile, previous work at the Allen Institute for Brain Research recorded the176

firing patterns of 1,938 neurons and reconstructed the neuronal morphology of some177

of them [33]. We aligned different categories of cellular activity by neuronal178

morphology, and thus fused the two to form a collection of spiking neurons with179

biological neuronal morphology corresponding to firing activity (Fig. 1a).180

181
Fig. 1 | Multiscale neuronal, network and region-level data used to define DigiMus model inputs. a Neuron-182
scale data include spiking neurons, neuronal firing patterns and morphology-activity alignment. fMOST-traced neuronal183
morphologies were standardized into SWC-like representations, while Allen cell-type electrophysiology data were used to define184
heterogeneous spiking neuron dynamics. b Network-scale data include local circuitry, cortical-column organization and 13185
directed three-node motifs. Potential local connections were estimated from spatial relationships between axonal and dendritic186
structures, and local directed graphs were summarized by motif distributions. c Region-scale data include a brain-region187
reference map, grouped inter-region connectivity and a 3D projection network. Together, the region map, grouped connectivity188
and projection-network views provide region-level structural references for multi-region-capable organization in DigiMus.189

Meanwhile, we summarized the 38,481 neuronal morphologies obtained from190

the collection and aligned them to standard mouse brain structures. For localized191

connections within brain regions, the axons and dendrites of these neurons were192



judged by relative spatial distances to determine whether a potential axon-dendrite193

contact existed or not. When the shortest axon-dendrite distance was less than a preset194

threshold and at least one potential axon-dendrite contact was formed, the neuron pair195

was regarded as having a potential connection; when a certain number of potential196

contacts was reached, it was further determined that the two neurons were considered197

to form a directed potential connection. Based on the idea of inferring potential198

synaptic connections based on neuronal geometric structure, there have been studies199

on neural geometry and Peters' rule that provide the methodological basis [34,35]. On200

this basis, we abstracted the intra-region network as a directed graph structure and201

used directed three-node motifs as network-scale topological statistics. Without202

considering the neuron types, directed three-node motifs can be categorized into 13203

connected directed three-node motif classes (Fig. 1b). These network motif statistics204

containing fixed categories and statistical frequencies can be used as high-205

dimensional information statistics in the hidden layer to represent the local206

topological features of complex networks as 13-dimensional normalized distribution207

vectors [36,37].208

209

These cells are connected through complex networks to form structures such as210

nuclei and brain regions, which serve as the data basis to support digital brain211

simulation. At the brain-region scale, we organized representative brain regions into a212

region-level reference map and further summarized grouped inter-region connectivity213

and 3D projection relationships between brain-region groups, resulting in three214

region-scale representations: a brain-region reference map, grouped connectivity and215

a 3D projection network (Fig. 1c) [38]. These brain-region-scale representations216

provide structural references for DigiMus' subsequent region-level organization and217

potential multi-region routing [39]. On a temporal scale, neural signals characterize218

the dynamic activity of neurons and neuronal populations in cognitive tasks via high-219

throughput electrodes, calcium imaging, or other recording modalities.220

221

Traditional AI for Science methods tend to assign pairs of data, such as neural222

activity, neural structure, neural function, and external behavior, to both model inputs223

and outputs, or align different modalities through multimodal fusion for intermodal224

information prediction. Such methods have strong data fitting capabilities, but it is225



often difficult to establish a clear correspondence between the internal neurons,226

connectivity structures and state dynamics of the model and the neural data recorded.227

228

In contrast, spiking neural networks introduce neuron representations with spike-229

based coding and temporal dynamics, and can further incorporate statistical features230

of connectome-derived local circuits, thus helping to simultaneously balance231

structural traceability inside the model with data prediction ability outside the model.232

233

DigiMus integrates spiking dynamics and motif topology234

On the basis of the above multi-scale mouse brain data, we designed DigiMus, a235

digital mouse brain framework based on deep spiking neural networks. First, we236

mathematically represented neurons with different neurodynamic firing patterns as237

spiking neuron units containing both spatiotemporal dynamics information and spike-238

generation properties (Fig. 2a). Compared with the static ReLU activation function239

commonly used in traditional ANN models, LIF-based spiking activation is capable240

of describing the membrane potential integration, threshold firing and resetting241

processes, thus introducing a form of pulse encoding closer to neural dynamics in242

node-level computations (Fig. 2d) [40,41].243

244

At the network structure level, we counted the intra-region and inter-region245

connectivity maps (Fig. 2b,c). Among them, intra-region connectivity patterns were246

characterized using 13-dimensional motif statistics. Different brain regions have247

different motif distribution characteristics, so these brain-region-specific motif vectors248

can be used as motif regularization targets, and the learnable connectome matrix can249

be continuously regularized by the motif loss function during the network learning250

process (Fig. 2e). This design allows the CIS block to structurally contain statistical251

features of both spiking neuron dynamics and intra-region connectivity patterns252

within brain regions.253

254

Meanwhile, sparse connectivity relationships between brain regions are used as255

structural references for organizing information flow between region-specific256

modules when multiple brain-region inputs or priors are available. Specifically,257

different brain regions can correspond to different region-specific CIS blocks, which258

can be combined through a multi-region-capable routing or aggregation structure259



when an experiment includes multiple brain-region inputs or priors (Fig. 2f) [42]. In260

this structure, the connectivity relationships between brain regions are not directly261

equated to the complete biological connectome, but are used as structural references262

for region-level routing, so that brain-region inputs, outputs and modules can be263

organized with region-scale structural consistency when multi-region information is264

available. The framework was organized as a modular workflow in which spiking265

encoding, motif regularization, region-specific CIS blocks and task-specific readouts266

can be combined or replaced according to the available neural recordings and267

structural priors.268

269
Fig. 2 | DigiMus framework integrating spiking dynamics, motif regularization and multi-region-capable270
organization. a Spiking neuron units derived from heterogeneous neuronal firing patterns. Different firing modes are271
mathematically represented as spiking neuron dynamics and used as node-level computational units in DigiMus. b Intra-region272
connectivity matrix showing local connectivity patterns within brain regions. c Region-level connectivity reference matrix273
summarizing sparse inter-region structural relationships. d Comparison between conventional ReLU activation and LIF-based274
spiking activation. LIF dynamics describe membrane potential integration, threshold firing and reset. e CIS block architecture.275
Brain-region-specific motif statistics are used as motif regularization targets to constrain the learnable connectome matrix. f276
Multi-region-capable organization. Region-specific CIS blocks can be instantiated as modular components corresponding to277
representative brain regions, including MOp, PFC, VIS and SS, and routed or aggregated when multiple brain-region inputs or278



priors are available. g DigiMus is evaluated on 6 primary cognitive tasks and 12 additional tasks. h Single-region instantiations279
of DigiMus are further evaluated on 3 mouse neural-behavior decoding tasks.280

These region-specific CIS blocks define the modular components of the DigiMus281

framework, combining node-level spiking dynamics with local motif-distribution282

constraints. Specifically, DigiMus was evaluated on six representative cognitive tasks283

and further evaluated for its broader task coverage in an additional 12 similar tasks284

(Fig. 2g). In addition, single-region instantiations of this framework were evaluated285

on three real mouse neural-behavioral decoding tasks to assess applicability to real286

neural recordings and behavioral prediction tasks (Fig. 2h). Together, these287

components define a modeling process from node-level spiking encoding and local288

motif regularization to region-specific organization, with multi-region routing289

available when multiple brain-region inputs or priors are provided.290

291

Brain-region priors support task learning across multiple task types292

We selected 18 standardized cognitive computing tasks for evaluating the task293

learning ability across different cognitive demands of DigiMus under different294

cognitive demands. These tasks include sensory-motor mapping-like tasks (Go/Anti295

family) and perceptual-decision-making tasks (DM family) [43]. Among them, there296

are 10 Go/Anti-family tasks, including reactgo, fdgo, delaygo, dmsgo, dmcgo,297

reactanti, fdanti, delayanti, dmsanti, and dmcanti, focusing on mapping sensory inputs298

to behavioral outputs, including both isotropic (Go) and inverse (Anti) responses, and299

cover different time steps such as immediate response, fixed delay and memory-300

driven. The The perceptual-decision task family included eight tasks, including dm1,301

dm2, contextdm1, contextdm2, multidm, delaydm1, delaydm2, and multidelaydm,302

which involve the comparison and integration of sensory information from multiple303

sources to accomplish direction selection decisions.304

305

During the information input encoding process, in order to distinguish between306

different data sources and structural constraint information, we further encoded task-307

related information such as task category, task text description, relevant brain region308

information, and cell type as text embedding and spliced it with the neural recording309

activity data as a unified input representation for the model. This design enables the310

model to model multi-task information in parallel under the same framework, thus311

supporting uniform learning and generalization ability assessment across tasks.312



313

In the multiclass cognitive task modeling framework, DigiMus uniformly314

portrays the mapping relationship between sensory inputs and behavioral outputs.315

Among them, Go-family tasks mainly generate responses based on a single cue, while316

DM-family tasks need to compare multiple sources of inputs and select stronger317

signals, thus reflecting the differences in computational mechanisms across tasks (Fig.318

3a,b). On this basis, we further constructed a set of representative simulation tasks,319

including response-type, fixed-delay-type, matching-type, and multimodal decision-320

type tasks (Fig. 3c), to systematically assess the model's task-learning ability under321

different cognitive demands.322

323

Fig. 3 | Region-specific constraints support cognitive task learning. a Schematic of a Go-family task, in which a324
sensory cue is mapped to a behavioral response after task-specific timing. b Schematic of a DM-family task, in which two325
sensory inputs are compared and the stronger signal determines the output choice. c Representative cognitive tasks used for326
model evaluation, including React Go, FD Go, DMS Go, DM1, Multi DM and Multi delay DM. d Accuracy comparison among327
TCN, LSTM, Transformer and DigiMus across representative cognitive tasks. Bars show mean accuracy across five random328
seeds, and error bars indicate SD across seeds. Exploratory model-level comparisons were performed using two-sided Welch's t-329
tests comparing each baseline with DigiMus; nominal, uncorrected P values are shown. *P < 0.05, **P < 0.01 and ***P < 0.001.330
e Internal state dynamics across representative tasks, including task input, population activity ht� and hidden state ht over time.331

The experimental results show that DigiMus with motif-regularized brain-region332



structural constraints exhibits stable and task-dependent behavioral prediction abilities333

across different types of tasks. In the Fig. 3 comparison, DigiMus denotes334

MotifMamba, the motif-regularized Mamba implementation used within the DigiMus335

framework. Comparisons among individual region priors, including FRP, MOp, CA1336

and AUDp, are reported separately when included in the corresponding analysis.337

DigiMus achieved stable behavioral prediction across the six representative tasks and338

showed task-dependent mean accuracy gains relative to TCN, LSTM and Transformer339

baselines, particularly in selected decision-making tasks (Fig. 3d; Supplementary340

Table 1). Analysis of the internal state dynamics of the model further revealed that341

the input response, group activity, and high-dimensional hidden state evolution of342

DigiMus exhibit task-related temporal patterns under different task drivers (Fig. 3e).343

344

In particular, the input signal reflects the temporal structure of the task stimuli,345

ht� denotes the model population activity over time, and ht denotes the evolution of346

the high-dimensional hidden state at different time steps. This result suggests that347

DigiMus is not only capable of accomplishing behavioral output prediction, but also348

forms dynamic representations that correspond to the temporal structure of the task.349

350

Task-dependent internal state dynamics351

We further analyzed the internal state dynamics of DigiMus in Fig. 4 across six352

tasks selected for internal-dynamics analysis to examine whether the model's internal353

representations change in response to the computational demands of the task. Unlike354

comparing only behavioral prediction accuracy, internal state analysis focuses on the355

hidden-state deviation (h-dev) and output-state deviation (y-dev) trajectories of the356

model under different task conditions, which are used to characterize the degree of357

dispersion and temporal changes of the model state across trial conditions [46,47].358



359

Fig. 4 | Task-dependent internal state dynamics across representative cognitive tasks. a Trial-to-trial trajectories360
of hidden-state deviation (h-dev) and output-state deviation (y-dev) across six tasks selected for internal-dynamics analysis,361
including FD Go, React Go, Delay Go, DM1, Multi DM and DMS Go. Task performance is shown above each panel. Individual362
trial trajectories and the corresponding ±2.56σ envelopes are shown to visualize trial-to-trial dispersion over time. b Trial-to-trial363
bandwidth of h-dev across time and its relationship with task error rate. Bandwidth is quantified as the cross-trial standard364
deviation of state deviation at each time step, and the scatter plot shows task error rate (1−performance) versus peak h-dev365
bandwidth, defined as max σ(t). c Trial-to-trial bandwidth of y-dev across time and its relationship with task error rate. The366
scatter plot shows task error rate versus peak y-dev bandwidth. Wider trial-to-trial bands indicate larger cross-trial variability in367
output-state dynamics.368

The model achieved high task performance in sensorimotor mapping tasks such369

as FD Go, React Go, and Delay Go, with corresponding performances shown in the370

figure as 1.000, 1.000, and 1.000, respectively. Accordingly, the h-dev and y-dev trial-371

to-trial trajectories in these tasks were overall more focused, and showed relatively372

stable temporal state evolution. In contrast, tasks such as DM1, Multi DM, and DMS373

Go, which involve evidence integration, multi-source input comparison, delayed374

maintenance, or matching judgment, performed 0.957, 0.978, and 0.982, respectively.375

h-dev or y-dev trajectories in these tasks showed a wider cross-trial distribution, which376

was particularly evident in the task-relevant processing phase (Fig. 4a).377

378

Subsequently, we further quantified the trial-to-trial bandwidth in terms of the379

cross-trial standard deviation of state offsets at each timing step and analyzed its380

relationship with the task error rate (Fig. 4b,c). For the scatter analyses, each task was381

treated as one effective sample (n = 6), and the peak bandwidth max σ(t) was used as382



the task-level summary metric. In the h-dev analysis, the bandwidth showed task-383

dependent temporal variation, with some tasks exhibiting higher state dispersion at384

specific processing stages. The relationship between task error rate and peak h-dev385

bandwidth showed a positive but non-significant trend (slope = 3.0 × 10³ ± 3.1 × 10³,386

Pearson r = 0.43, R² = 0.18, P = 0.40; Spearman ρ = 0.70, P = 0.12). In the y-dev387

analysis, output-state bandwidth also varied across time and tasks. The relationship388

between task error rate and peak y-dev bandwidth showed a stronger positive but still389

non-significant trend (slope = 6.7 ± 4.0, Pearson r = 0.64, R² = 0.41, P = 0.17;390

Spearman ρ = 0.70, P = 0.12). After Bonferroni correction across the h-dev and y-dev391

association tests, all corrected P values remained non-significant (corrected P ≥ 0.25;392

Supplementary Table 2).393

394

These results suggest that DigiMus is not only capable of multi-task behavioral395

prediction, but also forms internal state dynamics related to task timing structure and396

computational demand. Although the association between task error rate and397

bandwidth did not reach statistical significance in this six-task analysis, the positive398

trend suggests that more demanding tasks may induce broader trial-to-trial state399

dispersion. The higher h-dev or y-dev bandwidth may reflect greater state uncertainty400

during evidence integration, delay maintenance and matching judgment.401

402

Region-specific decoding across mouse neural datasets403

To examine whether DigiMus can be applied beyond synthetic cognitive tasks,404

we evaluated the motif-regularized sequence modeling framework on three mouse405

neural decoding datasets spanning A1 calcium imaging, M2 extracellular spike406

recordings and VISp Neuropixels recordings. In these real-data experiments, neural407

activity from task-relevant single-region recordings was mapped to behavioral or408

stimulus labels, while the same motif-regularized sequence modeling framework was409

preserved. These experiments were designed to test whether connectome-derived410

motif constraints could improve neural decoding performance across different411

recording modalities and task structures.412

413

The first dataset involved an auditory frequency discrimination task in head-414

fixed mice. Neural activity was recorded from the primary auditory cortex (A1) using415

two-photon calcium imaging while mice reported low- or high-frequency pure-tone416



stimuli through left or right licking responses. For each trial, the model used the post-417

stimulus neural activity tensor within a 1 s window as input and predicted the418

behavioral action label from post-stimulus neural activity. This task was used to419

evaluate whether DigiMus could model the transformation from sensory evidence to420

behavioral choice in calcium-imaging recordings (Fig. 5a)[48].421

422

The second dataset involved fixed-interval licking behavior in water-restricted,423

head-fixed mice. Although the source dataset contains extracellular spike recordings424

from multiple brain regions, including M2, VLS and SNR, the present analysis was425

restricted to a single-day M2 recording subset. DigiMus used trial-aligned M2 spike426

sequences as input and predicted whether licking occurred within each time window.427

This experiment was therefore formulated as a single-day M2 lick/no-lick428

classification task and was used to evaluate whether motif-regularized sequence429

modeling could improve decoding of temporally structured licking behavior from430

motor cortical spiking activity(Fig. 5b)[49].431

432

The third dataset was based on the Allen Brain Observatory Visual Coding433

Neuropixels resource. We used extracellular spiking activity from the primary visual434

area (VISp) recorded while awake mice passively viewed drifting gratings presented435

in eight motion directions. The model used population spike trains or firing-rate436

sequences as input and predicted the stimulus direction for each trial. This task was437

used to evaluate whether DigiMus could decode visually evoked cortical activity438

under a multiclass stimulus classification setting (Fig. 5c)[50].439

440

In the A1 calcium action-classification dataset, motif-regularized DigiMus441

variants showed modest but consistent improvements over the structure-free Mamba442

baseline. Vanilla Mamba achieved an average accuracy of 71.21%, whereas Ave,443

MOp and FRP motif-frequency constraints reached 72.68%, 71.54% and 71.39%,444

respectively. Among these variants, Ave obtained the highest mean accuracy,445

improving over vanilla Mamba by approximately 1.47 percentage points (Fig. 5d).446

These results suggest that motif regularization can modestly improve decoding447

performance for calcium-imaging-based action classification, although the magnitude448

of improvement remains moderate.449

450



In the single-day M2 fixed-interval licking dataset, all three motif-regularized451

variants outperformed vanilla Mamba. The baseline achieved an average accuracy of452

77.84%, whereas Ave, MOP and FRP reached 78.52%, 78.63% and 78.58%,453

respectively (Fig. 5e). MOp produced the highest average performance, while FRP454

and Ave also exceeded the baseline. However, this task showed substantial class455

imbalance, with no-lick windows accounting for approximately 74.58% of samples.456

Accuracy alone could therefore overestimate decoding performance. Additional457

diagnostic metrics showed a balanced accuracy of approximately 0.67–0.68 and a lick458

recall of approximately 0.46–0.47. These results indicate that the model did not459

collapse to majority-class prediction, but lick-event detection remained challenging.460

Thus, in the single-day M2 licking task, motif regularization should be interpreted as461

providing a stable, moderate improvement in within-day lick/no-lick decoding rather462

than fully resolving the lick/no-lick imbalance.463

464

In the VISp drifting-grating direction decoding dataset, the improvement from465

motif regularization was smaller than that observed in the other two datasets. Across466

five random seeds, vanilla Mamba achieved an average accuracy of 69.36%, whereas467

Ave, MOp and FRP reached 70.20%, 70.13% and 69.88%, respectively (Fig. 5f). Ave468

obtained the highest mean accuracy, improving over vanilla Mamba by approximately469

0.83 percentage points. MOp and FRP also exceeded the baseline, but their gains470

were smaller. This suggests that the benefit of motif regularization depends on471

recording modality, task structure and dataset heterogeneity. In particular, the visual472

decoding task involved more stimulus classes and stronger session-level variability,473

which may reduce the effect size of a fixed motif-frequency constraint.474

475

Across the three real neural decoding datasets, motif-regularized variants476

consistently improved over the structure-free Mamba baseline. No single motif prior477

dominated across all neural decoding datasets, indicating that the effective structural478

constraint depends on recording modality, task structure and readout target. Ave479

achieved the highest accuracy in the A1 calcium action-classification task and the480

VISp drifting-grating direction decoding task, whereas MOp achieved the highest481

accuracy in the single-day M2 fixed-interval licking task. These results indicate that482

connectome-derived motif regularization can be incorporated into sequence models of483

mouse neural activity without degrading decoding performance, and may provide484



small but consistent improvements in selected neural decoding settings. Importantly,485

the task-dependent variation across Ave, MOp and FRP suggests that motif486

constraints are not universally interchangeable and should be evaluated with respect487

to the neural modality and task readout under study.488

489
Fig. 5 | DigiMus generalizes to mouse neural-behavior decoding datasets. a A1 calcium-imaging action490
classification task. Mice performed an auditory discrimination task and reported their choices through left or right licking491
responses; the model used post-stimulus A1 calcium activity to predict the behavioral action label. b M2 fixed-interval licking492
task using extracellular spike recordings from the M2 subset. Trial-aligned spike sequences were used to predict licking events493
across time windows. c Drifting-grating direction decoding task based on VISp Neuropixels recordings from awake mice during494
passive viewing. d Decoding performance on the A1 calcium action-classification dataset. e Decoding performance on the fixed-495
interval licking dataset. f Decoding performance on the drifting-grating direction decoding dataset. g-i Motif-frequency496
distributions of trained model-induced recurrent connectivity under Average/Ave, MOp and FRP motif constraints across the497
three decoding datasets, including the A1 calcium action-classification dataset (g), M2 fixed-interval licking dataset (h) and498



VISp drifting-grating direction decoding dataset (i). Colored bars indicate model-induced motif-frequency distributions after499
training, and black diamonds indicate the corresponding target motif-prior profiles.500

501

Model-to-data alignment in virtual mouse simulation502

Beyond decoding behavioral variables from recorded neural activity, we further503

examined whether the motif-regularized DigiMus variants retained their prescribed504

structural priors after training on real mouse neural-behavioral datasets. In this505

analysis, the model-induced recurrent connectivity was summarized as directed three-506

node motif-frequency distributions and compared with the corresponding motif-prior507

targets used during training. This analysis was designed to evaluate whether motif508

regularization remained visible in the trained model structure, rather than only509

producing changes in decoding accuracy.510

511

First, we compared the motif distribution of the trained model-induced intra-512

region connectivity with the target motif-frequency profiles defined by Ave, MOp and513

FRP priors. Across the three neural decoding datasets, the induced motif distributions514

generally showed prior-dependent convergence patterns, with Ave-, MOp- and FRP-515

constrained models tending to preserve different motif-frequency signatures after task516

training (Fig. 5g-i; Supplementary Table 3). Thus, Fig. 5g-i should be interpreted as517

a structural-retention analysis of motif regularization, rather than as a full biological518

validation of mouse brain connectivity.519

520

Second, we examined whether these motif-constrained variants maintained521

neural-behavioral decoding performance across different recording modalities. The522

A1 calcium-imaging, M2 extracellular-spiking and VISp Neuropixels datasets523

differed in signal type, brain region and prediction target, but motif-regularized524

variants achieved small and dataset-dependent improvements over the structure-free525

Mamba baseline (Fig. 5d-f). These results suggest that motif constraints can be526

incorporated into neural sequence models without degrading decoding performance,527

although the magnitude of improvement remains moderate and task-dependent.528

529

Third, we assessed whether the best-performing motif prior was consistent across530

datasets. The best-performing prior differed across neural decoding settings, with Ave531



showing stronger performance in the A1 and VISp datasets, whereas MOp showed the532

highest mean accuracy in the M2 licking dataset. This pattern suggests that motif533

priors are not universally interchangeable and that their effects may depend on534

recording modality, task structure, regional origin and behavioral readout.535

536

Together, these analyses provide a conservative model-to-data consistency view537

of DigiMus. Rather than claiming that the trained model structure or activity fully538

reproduces recorded biological neural dynamics, the current Fig. 5 analysis shows539

that motif-regularized DigiMus can retain prescribed structural priors while540

maintaining or modestly improving neural-behavioral decoding performance. This541

result supports the use of connectome-derived motif regularization as a structural542

constraint for mouse neural sequence modeling and provides a basis for future543

analyses that directly compare model activity trajectories with recorded neural544

population dynamics.545

546

Connectome-informed visualization layer for model inspection547

548

Fig. 6 | Connectome-informed visualization layer for DigiMus inspection. a Input and preprocessing panel showing549
representative signal-processing and spike-detection controls used in the visualization workflow. b Three-dimensional550
visualization of registered mouse brain regions with selected projection references. c Behavioral-output panel linking task cues,551
reward events and model-generated responses. d Diagnostic summary panel displaying representative simulation and recording552
metadata. e Activity-monitor panel showing multi-channel neural activity traces used for visual inspection. The interface was553
designed as a diagnostic layer for DigiMus, allowing users to inspect preprocessing settings, brain-region organization,554
projection references, simulated activity and behavior-related outputs within a unified graphical environment.555



Beyond model training and neural-behavioral decoding, we developed a556

connectome-informed visualization and simulation interface to make the internal557

organization of DigiMus inspectable in anatomical, structural and behavioral558

coordinates (Fig. 6). This interface was not intended as a conventional graphical559

display module, but as a structure-function inspection layer linking the main560

components of the DigiMus framework: brain-region priors, region-specific model561

configuration, model-generated activity summaries and behavior-related outputs. By562

placing these components within a unified visualization workflow, DigiMus provides563

an explicit route for examining how connectome-derived structural priors are assigned,564

how model states are organized in brain-region space and how simulated outputs are565

related to task-level behavior.566

567

The interface was organized into five functional views. The input and568

preprocessing view provides access to signal-processing, smoothing, threshold-569

detection and spike-detection settings used before model inspection (Fig. 6a). The570

brain-region visualization view displays a registered three-dimensional mouse-brain571

representation with selected region and projection references, allowing anatomical572

organization and inter-regional structural relationships to be inspected in a common573

visual space (Fig. 6b). The behavioral-output view links task cues, reward-related574

events, response outputs and stimulus labels, providing a compact representation of575

how model-generated outputs can be related to task-level behavior (Fig. 6c). The576

statistics view summarizes essential simulation and recording metadata, including577

playback duration, animal type, sampling rate and sensor status (Fig. 6d). The578

activity-monitor view displays multi-channel activity traces, providing a temporal579

entry point for inspecting activity patterns during model visualization and simulation580

monitoring (Fig. 6e). The original software interface is shown in Supplementary Fig.581

1.582

583



584

Fig. 7 | Structure-function visualization of simulated mouse-brain representations. a Registered mouse-brain585
atlas views showing region-level parcellation used for anatomical visualization. b Simulated mouse-brain region representation586
with rotational views and sectional activity projections. c Structure-function visualization view displaying region-level projection587
references together with simulated activity maps. These visualizations illustrate how DigiMus-associated anatomical references,588
projection networks, motif-related structural priors and model-generated activity summaries can be displayed for figure-level589
inspection and simulation monitoring.590

We further used the interface to generate structure-function visualization outputs591

for mouse-brain representations (Fig. 7). These outputs include registered atlas views,592

rotational views of brain-region structures, sectional activity projections, whole-brain593

projection references and spatial activity-map visualizations. Together, these panels594

illustrate how anatomical references, projection networks and DigiMus-associated595

activity summaries can be inspected within the same visual framework. These596

visualizations should not be interpreted as evidence that DigiMus reproduces the full597

biological mouse brain. Rather, they demonstrate that the framework can organize598

structural priors, model states and behavioral readouts into an inspectable simulation-599

facing environment. Additional simulated mouse-brain visualization assets and600

registered atlas views are shown in Supplementary Fig. 2 and Fig.3.601

602



This visualization layer extends DigiMus from a trainable sequence model into603

an inspectable digital mouse-brain modeling environment. In contrast to purely data-604

driven neural decoders, whose internal representations are usually examined only605

through post hoc analysis, DigiMus allows model configuration, anatomical606

references, state dynamics and behavioral outputs to be inspected within the same607

connectome-informed workflow. This design supports model diagnosis, figure-level608

visualization and future closed-loop validation with richer neural recordings and609

perturbation data.610

Discussion611

DigiMus was developed as a connectome-informed spiking framework for612

linking mouse brain structure, neural dynamics and behavior within a unified613

computational model. Rather than treating neural-behavior modeling as a purely614

input-output mapping problem, DigiMus incorporates two levels of biological prior615

knowledge: node-level spiking dynamics and region-specific motif topology. This616

design allows the model to retain explicit computational elements that can be related617

to neuronal firing, local circuit organization and potential inter-region structural618

routing. Across synthetic cognitive tasks and mouse neural-behavior decoding619

datasets, the present results suggest that such biological priors can be incorporated620

into sequence models without sacrificing task performance, while providing a more621

interpretable internal organization than structure-free deep learning models [6,9]. In622

this sense, DigiMus should be viewed not as a complete digital replica of the mouse623

brain, but as a biologically constrained modeling framework for testing how structural624

priors may shape neural computation.625

626

A central feature of DigiMus is the use of motif statistics as a compact627

representation of brain-region-specific circuit organization. Network motifs have long628

been considered recurring local building blocks of complex biological networks,629

including neural systems [11,14,37,51,52]. Compared with simple degree, hub or630

small-world measures, directed three-node motifs provide a higher-order description631

of local connectivity patterns and may capture circuit properties that are relevant to632

information integration, recurrent amplification and state stabilization. In DigiMus,633

motif distributions are not used merely as descriptive statistics, but as regularization634



targets that constrain the learnable connectome matrix during training. This provides a635

practical route for embedding connectome-derived structural knowledge into trainable636

neural models. However, motif regularization remains a coarse approximation of637

biological circuitry. It does not yet capture synaptic weights, cell-type-specific638

connectivity, dendritic integration, neuromodulation or activity-dependent plasticity.639

Future versions of DigiMus should therefore integrate motif priors with640

transcriptomic, electrophysiological and synapse-level resources as these data become641

more complete [53,54].642

643

The performance of DigiMus across 18 cognitive tasks and three neural-behavior644

decoding datasets suggests that biological structure and computational flexibility can645

be combined within a single modeling framework. The synthetic tasks show that646

region-specific structural priors can support diverse cognitive computations, whereas647

the real mouse datasets indicate that motif-regularized variants can achieve modest648

but reproducible gains in selected decoding settings. Importantly, these improvements649

are dataset-dependent rather than universal. This is a strength of the current650

interpretation: the results do not imply that one fixed motif prior is optimal for all651

neural modalities or behavioral tasks. Instead, they suggest that different structural652

priors may interact with recording modality, task complexity and behavioral readout.653

The internal-state analyses further indicate that trial-to-trial state dispersion varies654

across task classes, consistent with the broader view that neural computation is655

organized through task-dependent population dynamics rather than static feature656

extraction [10,55–57].657

658

Several limitations define the current scope of DigiMus. First, the neuron types659

used in the model are still simplified representations derived from morphology and660

electrophysiology. Real neuronal identity is shaped by morphology, firing pattern,661

transcriptomic state, projection target and developmental history, and future digital662

brain models will need to incorporate these axes jointly [53,58]. Second, the structural663

connectome used here is inferred from available morphology- and atlas-derived664

resources rather than a complete synapse-level mouse brain connectome. Potential665

contact-based connectivity and motif statistics provide useful structural priors, but666

they should not be interpreted as direct measurements of all biological synapses.667

Third, the present model-to-data alignment analyses remain preliminary and should be668



strengthened with quantitative comparisons of motif similarity, neural activity669

trajectories and behavioral output consistency across trials, sessions and animals.670

Finally, prospective experimental validation will be needed to test whether model-671

derived region or motif predictions can guide new neural recordings, perturbation672

experiments or task designs.673

674

Together, these findings support DigiMus as a step toward biologically675

constrained digital mouse brain modeling. Its main contribution is not simply higher676

decoding accuracy, but the construction of a modeling framework in which spiking677

dynamics, connectome-derived motif priors and multi-region-capable organization are678

jointly represented. This framework provides a white-box alternative to purely data-679

driven neural-behavior models and offers a platform for comparing model activity680

with biological structure and behavior in a measurable way [6,9]. As richer mouse681

brain atlases, neural recordings and connectomic datasets become available, DigiMus682

can be extended from the current motif-regularized framework toward more detailed,683

testable and experimentally grounded digital brain simulations.684

Methods685

Data resources and prior digital-brain platforms686

DigiMus was developed as a computational modeling framework using synthetic687

cognitive tasks, retrospective mouse neural-behavioral recordings, and publicly688

available mouse brain morphology, electrophysiology and connectome-related689

resources. No new neural recording, behavioral training, surgery or prospective690

animal experiment was conducted specifically for this study. Instead, the present work691

focused on reorganizing existing brain data resources into a trainable connectome-692

informed spiking framework.693

The data organization and structural-prior design of DigiMus were informed by694

public brain data and digital-brain resources, including the Brain Science Data and695

Computing Center of the Center for Excellence in Brain Science and Intelligence696

Technology, Chinese Academy of Sciences, and the Digital Brain / Mouse Brain697

Atlas platforms [59-61].698

699



These resources provide important references for brain data management,700

computational analysis, atlas-based visualization, neuronal reconstruction and region-701

level structural organization. In DigiMus, these resources were not used to claim a702

complete biological replica of the mouse brain, but to support the construction of a703

structurally constrained computational framework in which brain-region priors,704

neuronal dynamics and neural-behavioral decoding can be jointly represented.705

706

DigiMus is also positioned in relation to prior digital-brain and digital-twin-brain707

modeling efforts. Earlier digital-brain platforms emphasized the integration of brain708

databases, computational brain phantoms, knowledge bases and intelligent research709

assistants for brain research [62]. More recent digital twin brain frameworks have710

further proposed the use of brain structure, bottom-level generative models and711

application-oriented simulations to bridge biological intelligence and artificial712

intelligence [63]. In addition, large-scale brain models constrained by multimodal713

neuroimaging data have shown that computational simulations can reproduce714

experimentally observed whole-brain response patterns, such as steady-state visual715

evoked potentials, and can be used to investigate the dynamic mechanisms underlying716

brain activity [64,65].717

718

Compared with these previous digital-brain and human neuroimaging-based719

digital twin brain studies, DigiMus focuses specifically on mouse neural-behavioral720

modeling. Its main methodological distinction is the integration of LIF-based spiking721

dynamics, connectome-derived directed three-node motif regularization and multi-722

region-capable model organization. Thus, DigiMus should be interpreted as a723

connectome-informed computational framework for testing how mouse brain724

structural priors may shape neural sequence modeling, rather than as a complete725

digital reconstruction of the biological mouse brain.726

727

Cognitive task datasets728

The synthetic cognitive-task datasets were generated from rule-based task729

paradigms commonly used in computational cognitive neuroscience. The task set730

contained 18 simulated cognitive tasks covering sensory-guided response, delayed731

response, rule-dependent mapping and perceptual decision-making processes. These732

tasks were designed to provide controlled benchmarks for evaluating whether733



DigiMus could learn diverse input-output mappings while maintaining biologically734

constrained internal dynamics.735

736

The 18 tasks were grouped into two broad families according to their dominant737

computational demands. The first family comprised sensorimotor mapping tasks,738

including Go and Anti-Go variants. In these tasks, the model was required to739

transform sensory input into an appropriate behavioral response, either in the same740

direction as the stimulus or in the opposite direction. This family further included741

different temporal structures, such as immediate reaction, fixed-delay and memory-742

guided response tasks. The second family comprised perceptual decision-making743

tasks, in which the model compared or integrated sensory evidence across one or744

more input modalities before generating a choice. Some tasks additionally included745

delay periods, requiring the model to maintain task-relevant information before746

response generation. The general task structure followed established multi-task747

cognitive modeling paradigms [43,55].748

749

All tasks used a unified trial-based input-output format. Each input sequence750

contained three components: a fixation input indicating whether the model should751

maintain a waiting state or enter the response period; sensory stimulus inputs752

consisting of two sensory modalities, each represented by a population of ring-tuned753

units encoding continuous stimulus variables such as direction; and a task-rule input754

specifying the task identity for the current trial. The output sequence contained a755

fixation output and a continuous response-direction output, which together defined the756

expected behavioral response.757

758

Each trial consisted of temporally structured epochs, including a fixation period,759

stimulus period, optional delay period and response period. For tasks without a760

memory component, the model could generate the behavioral response after stimulus761

presentation. For delay or decision-making tasks, the model was required to maintain762

or integrate task-relevant information across time before producing the correct output763

during the response epoch. Training targets were generated according to the rule of764

each task, and task performance was evaluated by comparing the model output with765

the corresponding target response during the response period.766

767



Mouse Neural-Behavioral Datasets768

DigiMus was evaluated on three mouse neural-behavioral decoding datasets that769

differed in recording modality, brain region and behavioral or stimulus paradigm.770

These datasets were used to examine whether the connectome-informed spiking771

framework could be applied beyond synthetic cognitive tasks to neural-to-behavior or772

neural-to-stimulus decoding under heterogeneous experimental conditions.773

774

The first dataset was an auditory two-alternative forced-choice dataset with775

simultaneous two-photon calcium imaging from primary auditory cortex (A1) and776

behavioral recordings [48]. In the original task, mice categorized auditory stimuli as777

low- or high-frequency tones and reported their choices by licking the left or right778

water port. For the experiments reported here, trial-aligned A1 calcium activity was779

used as the neural input, and only the behavioral action label was used as the780

supervised target. Frequency and reward labels were not used as prediction targets in781

the present analysis. This dataset was therefore used to evaluate action classification782

from A1 calcium-imaging recordings.783

784

The second dataset contained aligned neural spiking activity and licking785

behavior recorded from thirsty mice [49]. Although the source dataset includes786

recordings from M2, VLS and SNR, the experiments reported here used only the M2787

subset. Trial-aligned M2 spike sequences were used as model inputs, and lick/no-lick788

labels were used as decoding targets. This dataset was used to evaluate whether789

DigiMus could predict temporally structured licking behavior from M2 population790

spiking activity. Train, validation and test partitions were generated within the M2791

subset according to the preprocessing protocol used for the reported experiments.792

793

The third dataset was derived from the Allen Brain Observatory Visual Coding794

Neuropixels resource [50]. We used spike-train or firing-rate sequences from selected795

visual cortical recordings during drifting-grating stimulation. The supervised target796

was defined as the stimulus direction category. When the analysis was restricted to797

primary visual cortex, units were selected from VISp before model training. This798

dataset was used to evaluate stimulus decoding from visually evoked cortical799

population activity under a multiclass classification setting.800

801



For all three datasets, neural activity was converted into trial-aligned temporal802

sequences before model training. Dataset-specific preprocessing included temporal803

window selection, binning or resampling of neural activity, label extraction,804

normalization and train-validation-test splitting. For each dataset, all compared805

variants used the same preprocessing, train-validation-test split, input sequence format806

and supervised target; only the motif-prior constraint differed between motif-807

regularized variants and the structure-free Mamba baseline. Model performance was808

evaluated using the metrics reported for each dataset. Accuracy was used for balanced809

multiclass decoding tasks, whereas imbalance-aware metrics, including balanced810

accuracy and event recall, were additionally reported for licking-behavior decoding811

when class imbalance was present.812

813

Model architecture and training814

We next describe the DigiMus model components used for these decoding and815

cognitive-task experiments. The framework combines LIF-based spiking encoding,816

connectome-informed CIS blocks, motif regularization, multi-region-capable817

organization and task-specific readout layers within a unified trainable sequence-818

modeling pipeline.819

820

LIF spiking encoding. For any input time series xt∈Rd , we first map it to the input821

current It,of the spiking neuron. The membrane potential of each spiking neuron is822

updated according to the LIF-based spiking dynamics:823

τm
dV(t)
dt

=− V(t)−Vreset +RI(t) (1)

where τm is the membrane time constant, V(t) is the membrane potential at824

moment t , Vreset is the reset potential, R is the membrane resistance, and I(t) is the825

external input current. The spiking neuron generates a pulse when the membrane826

potential exceeds the threshold:827

St=H Vt−Vth (2)

where H(⋅ ) denotes the Heaviside step function. When St=1 , the membrane828

potential was reset to Vreset.829

830

Because the threshold function is non-differentiable, we used a surrogate831

gradient for back-propagation:832



∂Si
∂Vt

≈ϕ Vi−Vth (3)

where ϕ(⋅ ) denotes the surrogate derivative. In the current implementation,833

ϕ(⋅ ) was set as the derivative of a sigmoid function. After LIF encoding, the834

continuous input sequence was converted into a spike sequence:835

S= S1,S2,…ST (4)

836

CIS block architecture. After LIF encoding, the spike sequence was passed into a837

connectome-informed spiking (CIS) block for temporal modeling. The CIS block838

used a Mamba-style state-space temporal backbone and introduced a low-rank839

recurrent coupling term to support cross-channel state interaction. Let the input spike840

sequence be ut and the hidden state be ht∈Rn . The standard discrete state update was841

written as:842

ht=A� tht−1+B� tut (5)

where A� t and B� t denote input-dependent state transition and input projection843

matrices.844

845

To enhance information exchange across hidden dimensions, we added a846

recurrent coupling matrix Mt∈Rn×n:847

ht=A� tht−1+M� tht−1+B� tut (6)

To control parameter size and computational cost, Mt∈Rn×nwas parameterized848

in low-rank form:849

Mt=ΔtMIMJ,MI∈Rn×r,MJ∈Rr×n,r<<n (7)

This low-rank coupling can be viewed as a cross-channel temporal mixing850

mechanism that preserves the efficiency of the state-space backbone while adding851

structured recurrent interaction.852

853

Motif regularization. To incorporate connectome-derived structural information, the854

recurrent coupling matrix was treated as an induced directed weighted graph. From855

this graph, we computed the distribution of directed three-node motifs:856

f(M)= f1,f2,…,fK (8)



Here, K=13 denotes the 13 connected directed three-node motif classes used in857

this study, and f(M) describes the motif-count distribution induced by the model-858

internal recurrent structure.859

860

For each brain region, a target motif vector f∗ was estimated from the861

corresponding connectome-derived regional topology statistics. The motif loss was862

defined as the discrepancy between the model-induced motif distribution and the863

biological target motif distribution:864

ℓmotif= f(M)−f∗
2

2
(9)

This constraint was designed to preserve local connection-pattern information865

while allowing the model to learn task-relevant temporal dynamics.866

867

Multi-region organization. DigiMus can be instantiated with multiple region-868

specific CIS blocks when an experiment includes inputs or priors from more than one869

brain region. When only one recorded brain region was available, the aggregation870

operator reduced to the identity mapping and the model was evaluated as a single-871

region DigiMus instantiation with the corresponding motif prior. For a modeled872

region r, the corresponding regional block Er receives the region-specific input xr and873

produces a latent temporal representation:874

zr=Er xr (10)

The structural prior of each regional block is defined by the motif statistics of the875

corresponding brain region, allowing different blocks to encode region-dependent876

local topology.877

878

When multiple region-specific CIS blocks were used, their outputs were879

integrated by the aggregation rule implemented for the corresponding experiment:880

zmulti=A z1,z2,…,zR (11)

Where R denotes the number of modeled brain regions and A(·) denotes the881

code-level aggregation operation.882

883

The integrated representation was then passed to a task-specific readout head for884

behavioral, stimulus or outcome prediction.885

886



Training objective. When motif regularization was used, the training objective was887

written as:888

ℓ=ℓtask+λℓmotif (12)

where ℓtask denotes the supervised loss for the corresponding behavioral or889

decoding task, ℓmotif denotes the motif-constrained loss and λ controls the strength of890

the structural constraint.891

892

For synthetic cognitive tasks, ℓtask was defined by the discrepancy between the893

model output and the rule-generated target response. For neural-behavioral decoding894

datasets, ℓtask was defined according to the prediction target, including behavioral895

choice, licking event or stimulus category. In real mouse neural behavioral decoding896

experiments, motif-frequency constraints including Ave, MOp and FRP were897

compared with a structure-free Mamba baseline.898

899

Baseline models. We compared DigiMus with several sequence-modeling baselines900

commonly used for temporal neural and behavioral data. The baseline models901

included a temporal convolutional network (TCN), a long short-term memory902

network (LSTM), a Transformer encoder and a structure-free Mamba model. These903

baselines were selected to cover convolutional, recurrent, attention-based and state-904

space sequence modeling strategies.905

906

The TCN baseline used one-dimensional causal convolutions with dilated907

convolutional layers to expand the temporal receptive field while preserving temporal908

ordering. The LSTM baseline used gated recurrent units with input, forget and output909

gates to model temporal dependencies and reduce vanishing-gradient effects in long910

sequential inputs. The Transformer baseline used self-attention layers to model911

pairwise dependencies across time steps. The structure-free Mamba baseline used the912

same temporal state-space backbone as the DigiMus implementation, but did not913

include region-specific motif regularization or multi-region-capable structural914

organization.915

916

For all baselines, the input format, output targets, training data, validation data917

and test splits were kept identical to those used for DigiMus. Model width, depth and918



hidden dimensions were adjusted to keep the overall parameter scale comparable919

across models whenever possible. All baseline models were trained using the same920

task loss as DigiMus, but without connectome-derived motif regularization, region-921

specific CIS blocks or multi-region-capable organization. This design allowed us to922

evaluate whether the performance differences arose from the connectome-informed923

spiking and motif-regularized components rather than from differences in data924

preprocessing or task definition.925

926

Cognitive-task evaluation and statistical analysis927

DigiMus and baseline models were evaluated on rule-based cognitive tasks using928

the same input-output task format, train-validation-test protocol and performance929

metric. The cognitive-task benchmark contained 18 tasks covering Go/Anti930

sensorimotor mapping tasks and decision-making tasks. In Fig. 3, six representative931

tasks were shown for compact visualization: React Go, FD Go, DMS Go, DM1, Multi932

DM and Multi delay DM.933

934

For each task, DigiMus was compared with three sequence-modeling baselines:935

temporal convolutional network (TCN), long short-term memory network (LSTM)936

and Transformer encoder. The DigiMus bar in Fig. 3d corresponds to MotifMamba,937

the motif-regularized Mamba implementation evaluated under the DigiMus938

framework. Each model was evaluated across five independent training runs using939

random seeds 0-4. Task performance was quantified as accuracy on the held-out test940

set and reported as percentage accuracy.941

942

Bars in Fig. 3d show the mean accuracy across five random seeds. Error bars943

indicate the standard deviation (SD) across the same five seed-level accuracies.944

Statistical comparisons were performed as exploratory model-level analyses between945

each baseline model and DigiMus separately for each task using two-sided Welch's t-946

tests on the five seed-level accuracy values. These comparisons were used as947

exploratory pairwise model-level comparisons. Significance levels were annotated as948

*P < 0.05, **P < 0.01 and ***P < 0.001; non-significant comparisons were not949

annotated. Reported P values were nominal and unadjusted, and no multiple-950

comparison correction was applied for Fig. 3d, these P values should therefore be951

interpreted descriptively rather than as confirmatory statistical evidence.952



953

Internal dynamics analysis954

To quantify the internal dynamics shown in Fig. 4, we extracted the hidden state955
and output state of the trained DigiMus model from held-out test trials for each task956
included in the Fig. 4 internal-dynamics analysis. For task k, hk,i,t denotes the hidden-957
state vector and yk,i,t denotes the output-state vector of trial i at Mamba step t . The958
number of test trials is denoted by Nk , and the hidden-state and output-state959
dimensions are denoted by Dh and Dy, respectively.960

961
For each task and each time step, the cross-trial mean hidden and output states962

were computed as963

μkh(t)=
1
Nk i=1

Nk

hk,i,t� ,  μk
y(t)=

1
Nk i=1

Nk

yk,i,t� . (12)

The h-dev and y-dev trajectories in Fig. 4a were defined as signed population-964
averaged deviations from the corresponding time-specific cross-trial mean. We denote965
them as Δhk,i(t) and Δyk,i(t):966

Δhk,i(t)=
1
Dh d=1

Dh

hk,i,t,d−μk,dh (t)� ,  Δyk,i(t)=
1
Dy d=1

Dy

yk,i,t,d−μk,d
y (t)� . (13)

Because the deviations are centered by the time-specific cross-trial mean, their967
cross-trial average at each time step is zero up to numerical precision. Trial-to-trial968
bandwidth was therefore quantified at each time step as969

σkh(t)=
1

Nk−1 i=1
Nk Δhk,i(t)−Δhk(t)

2
� ,970

σk
y(t)= 1

Nk−1 i=1
Nk Δyk,i(t)−Δyk(t)

2
� . (14)971

Where,972

Δhk(t)=
1
Nk i=1

Nk Δ� hk,i(t),973

Δyk(t)=
1
Nk i=1

Nk Δ� yk,i(t). (15)974

For visualization in Fig. 4a, individual trial trajectories were plotted together975
with dispersion envelopes defined as976

Bkh=maxt∈Ta
σkh (t), Bk

y=max
t∈Tq

σk
y (t) (16)

Task error rate was defined as977
ek=1−pk (17)

Where pk denotes the task performance shown above each Fig. 4a panel.978
Associations between task error rate and peak bandwidth were evaluated across the979
six representative tasks, with each task treated as one effective sample (n=6). The five980
random seeds were not treated as independent samples for this task-level association981
analysis.982

983



Linear trends in Fig. 4b,c were fitted separately for hidden-state and output-state984
bandwidth:985

Bkh=β0h+β1hek+εkh,986

  Bk
y=β0

y+β1
yek+εk

y. (18)
Pearson correlation, R², Spearman rank correlation and corresponding P values987

were reported as exploratory association statistics. Bonferroni correction was applied988
across the h-dev and y-dev association tests.989

990
Visualization software for DigiMus inspection991

The DigiMus inspection interface was implemented as a modular visualization992
layer for linking model outputs with anatomical and behavioral displays. The software993
supports brain-atlas exploration, motif-prior configuration, region-specific CIS block994
assignment, activity visualization and behavioral-output inspection. Registered995
mouse-brain structures, projection references and motif-related priors can be loaded996
as structural references, while model-generated activity summaries can be displayed997
as temporal traces, spatial maps or sectional views.998

999
The simulation-facing component was linked to MuJoCo-based modules, with1000

three-dimensional anatomical and behavioral assets prepared using Blender and1001
SolidWorks according to the visualization and experimental requirements. A1002
communication interface was used to connect the DigiMus controller with the1003
simulation environment, receive model-generated action commands and return1004
behavior-related outputs for inspection. This software layer was used to support1005
model visualization, structure-function inspection and simulation monitoring, rather1006
than to provide independent validation that DigiMus fully reproduces the biological1007
mouse brain.1008

1009

Supplementary Fig. 1: Original DigiMus visualization interface.1010

Supplementary Fig. 2: Simulated mouse-brain region and activity visualization.1011

Supplementary Fig. 3: Registered mouse-brain atlas views used for visualization1012

1013

Supplementary Table 1: Statistical reporting used for Fig. 3d.1014

Supplementary Table 2: Association between task error rate and peak trial-to-trial1015
bandwidth in Fig. 4b,c.1016

Supplementary Table 3: Regional motif-frequency priors in Fig.5g-i.1017
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Supplementary Figure1209
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Supplementary Fig. 1. Original DigiMus visualization interface.1211

1212

1213

Supplementary Fig. 2. Simulated mouse-brain region and activity visualization.1214

https://github.com/Ap1rate/DigiMus.


1215

1216

Supplementary Fig. 3. Registered mouse-brain atlas views used for visualization.1217

1218

1219

Supplementary Tables1220

Supplementary Table 1. Statistical reporting used for Fig. 3d.1221

Item Reporting choice

Representative tasks React Go, FD Go, DMS Go, DM1, Multi DM and Multi delay DM

Compared models
TCN, LSTM, Transformer encoder and DigiMus (MotifMamba

implementation)

Independent runs Five random seeds per model and task, seeds 0-4



Metric Test-set accuracy, reported as percentage accuracy

Bar height Mean accuracy across five seeds

Error bar SD across five seeds

Statistical test Two-sided Welch's t-test comparing each baseline with DigiMus

Significance threshold *P < 0.05, **P < 0.01 and ***P < 0.001

Multiple-comparison
correction

Not applied; displayed P values are nominal and unadjusted

1222

Supplementary Table 2. Association between task error rate and peak trial-to-1223

trial bandwidth in Fig. 4b,c.1224

Item y-dev h-dev

Effective sample size n = 6 tasks n = 6 tasks

Bandwidth summary peak max σ(t) peak max σ(t)

Slope 6.7 ± 4.0 3.0 × 10³ ± 3.1 × 10³

Pearson r 0.64 0.43

R² 0.41 0.18

Pearson P 0.17 0.4

Spearman ρ 0.7 0.7

Spearman P 0.12 0.12

Bonferroni-corrected P ≥ 0.25 ≥ 0.25

Interpretation positive, non-significant trend positive, non-significant trend

1225

Supplementary Table 3. Regional motif-frequency priors used in Fig. 5g-i.1226

Region Freq. Region Freq.

NOD 0.64% PFL 0.57%

PRM 0.56% DCO 0.55%

SIM 0.54% VCO 0.54%

MOB 0.53% FL 0.53%

AN 0.53% SPVI 0.52%

CUL 0.52% CENT 0.51%

PYR 0.49% SPVC 0.48%

LAV 0.47% FN 0.47%

IP 0.46% SPIV 0.43%

MV 0.43% PSV 0.37%

1227
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