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Abstract 

Large-scale mechanistic brain models remain challenging to construct from 

heterogeneous anatomical and physiological data, simulate over behavioral timescales, 

and optimize against network-level activity. Here, we introduce a GPU-accelerated 

computational framework that transforms population-level anatomical measurements into 

explicit, single-neuron-resolution connectivity and integrates cell-type-specific neuronal 

and synaptic dynamics. A two-stage optimization strategy combines calibration against 

unitary synaptic responses with physiologically informed network-level optimization, using 

online parameter updates during continuous simulation. We demonstrate the framework 

in a hippocampal network comprising approximately 250,000 neurons, 20 million 

synapses, and 25 neuronal types. The optimized network reproduces population firing 

statistics and oscillatory dynamics and generates spatially selective hippocampal activity 

without explicit place-field tuning. The model achieves a runtime factor of approximately 

20 relative to biological time, with scaling analysis predicting approximately 50 at full scale, 

supporting simulations over behavioral timescales. This framework provides a scalable 

approach for constructing and functionally optimizing anatomically constrained neural 

circuit models. 
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Introduction 

Understanding hippocampal function requires computational models that preserve 

anatomical and electrophysiological realism and can simulate behaviorally relevant 

timescales. The hippocampus integrates spatial1–5, temporal6–8, and sensory9–13 

information through complex neuronal networks across its subfields, giving rise to 

memory encoding14–18, consolidation19–21, and navigation22–24 behaviors that unfold over 

seconds to minutes. While mechanistic spiking network models have yielded important 

insights into local circuit dynamics and synaptic mechanisms, existing modeling 

frameworks face a fundamental limitation: achieving anatomical fidelity, large-scale 

network size, and long simulation durations simultaneously remains challenging. Models 

that preserve detailed anatomy are typically restricted to sub-second simulations25–32, 

whereas models capable of extended simulations often rely on simplified or abstract 

connectivity33–36. This tradeoff has limited the ability of realistic hippocampal models to 

address behaviorally relevant questions. 

Here we present a GPU-accelerated modeling framework for anatomically and 

electrophysiologically constrained simulations of the hippocampus (Fig. 1). The 

framework integrates multiscale anatomical data with biophysically grounded spiking 

dynamics, enabling biologically realistic simulations of large hippocampal networks over 

behaviorally relevant timescales without sacrificing anatomical fidelity. 

The framework is built upon a connectivity-generation pipeline that constructs single-

neuron-resolution networks directly from experimental anatomical data31,37–40. Previous 

studies have revealed the highly differentiated molecular and anatomical organization of 

hippocampal circuits, including distinct functional domains along the longitudinal axis and 

topographically organized projection networks41–43. Comprehensive knowledge bases 

such as Hippocampome.org have further characterized hippocampal neuron types based 

on their morphological, molecular, and electrophysiological properties44,45. Building on 

these advances, our framework integrates cell-type-specific anatomical properties, 

tracer-derived projection maps, axonal density distributions, and lamina-specific 

convergence and divergence constraints to generate anatomically organized intra- and 

inter-regional connectivity. Rather than relying on manually specified connection patterns 
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or generic statistical connectivity rules, the resulting network preserves experimentally 

derived structural constraints while explicitly representing synaptic connections between 

individual neurons. 

To support long-duration simulations of these networks, the framework leverages GPU 

acceleration to efficiently simulate hundreds of thousands to millions of neurons and tens 

of millions to billions of synapses. This computational scalability enables investigations 

into sustained hippocampal dynamics, including oscillations, navigation-related dynamics, 

and other temporally extended computations that are difficult to study with existing large-

scale spiking models. 

The framework further incorporates a hierarchical optimization strategy that constrains 

model behavior at both the single-neuron and neuronal-network levels. Synaptic 

parameters are first optimized to reproduce experimentally measured unitary 

postsynaptic potentials and intrinsic firing properties and are subsequently refined to 

match population-level electrophysiological targets such as firing rates, spatial correlation, 

and oscillatory activity. Crucially, network optimization is performed online, allowing 

synaptic weights to be updated during simulation without rebuilding or restarting the 

model. 

Network-level optimization is performed using a novel physiologically informed Nelder–

Mead simplex method. The Nelder–Mead component provides robustness in regimes 

where gradients are unavailable or unreliable, whereas physiological insights accelerate 

convergence by providing targeted parameter initialization and simplex vertices during 

optimization. This hybrid strategy scales favorably with the complexity of the optimization 

objective, making it well-suited for fitting nonlinear, complex, emergent network dynamics 

and functional mappings in large-scale spiking models. Together, these features enable 

stable and efficient fitting of complex hippocampal network behavior without 

compromising simulation performance or biological realism. 

We demonstrate the framework using a one-tenth-scale model of the rat hippocampus 

containing approximately 250,000 neurons and 20 million synapses. The model 

reproduces key anatomical and electrophysiological features of hippocampal circuits 

while supporting simulations ranging from tens of seconds to hours. Because the 
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framework scales directly to full hippocampal size without architectural modification, it 

provides a practical path toward whole-hippocampus simulations at behaviorally relevant 

timescales. 

Together, this framework establishes a general platform for anatomically and 

electrophysiologically constrained large-scale brain simulations. By bridging single-

neuron physiology, circuit architecture, emergent network dynamics, and systems-level 

function, it enables mechanistic studies of hippocampal computation across spatial and 

temporal scales and can be readily extended to other anatomically organized brain 

regions. 

 



   

 

 6 

 

Fig. 1 | Overview of the anatomically constrained, large-scale hippocampal network 

modeling framework. a, Connectivity parameterization. Hippocampal anatomy is 

transformed into flattened spatial coordinates, and experimentally derived axonal 

projection patterns are parameterized as continuous probability density functions. Single-

neuron-resolution connectivity is generated through anatomically constrained, 

competitive stochastic sampling. b, Single-neuron-resolution modeling. Neuronal 

dynamics are represented using the nine-parameter Izhikevich model, with cell-type-

specific electrophysiological properties and conductance-based excitatory and inhibitory 

synapses. c, Large-scale simulation. The GPU-accelerated CARLsim6 platform enables 

efficient simulation of large spiking networks and online synaptic parameter updating 

without interrupting ongoing network activity. d, Two-stage optimization. Synaptic 

parameters are first calibrated against experimentally measured postsynaptic potentials 

at the single-neuron level and subsequently optimized at the network level to reproduce 

physiologically constrained population firing rates, correlations, and oscillatory dynamics. 

e, Emergent network properties. The resulting model generates biologically relevant 

network dynamics and spatially selective firing patterns during simulated behavior, 

demonstrating the emergence of higher-level functional properties from anatomically and 

electrophysiologically constrained neuronal circuits. 
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Results 

Anatomically constrained single-neuron–level connectivity of the whole 

hippocampus 

To reconstruct hippocampal connectivity at single-neuron resolution, we developed an 

anatomically constrained modeling framework that transforms population-level 

anatomical tracer data into explicit synaptic connections between individual neurons (Fig. 

1a). Although tracer studies provide spatial maps of axonal projections and terminal fields, 

they do not resolve connectivity between individual neurons. Our framework bridges this 

gap by integrating tracer-derived projection maps, probabilistic axonal terminal 

distributions, and anatomical constraints on convergence, divergence, and laminar 

targeting to generate biologically realistic single-neuron connectivity (Fig. 2a, b, c). This 

pipeline preserves experimentally observed projection topography while producing 

explicit synaptic networks suitable for large-scale simulations. 

The resulting model encompasses the major hippocampal regions, including the 

entorhinal cortex (EC), dentate gyrus (DG), CA3, and CA1, with realistic neuronal spiking 

dynamics, laminar organization, and cell-type composition. Both long-range feedforward 

pathways and local recurrent circuits are represented, allowing reconstruction of the 

canonical hippocampal circuit together with its intrinsic microcircuitry. 

Consistent with the known trisynaptic organization, inter-regional connectivity includes 

projections from EC to DG, DG to CA3, and CA3 to CA1, together with direct EC inputs 

to CA3 and CA1 (Fig. 2b). The resulting neuron-type connectivity graph captures all major 

feedforward projections between hippocampal subregions (Fig. 2d). At single-neuron 

resolution, tracer-derived topographic organization gives rise to structured connectivity 

maps along the dorsal–ventral axis (Fig. 2e). Most projections exhibit diagonal 

connectivity bands, reflecting topographic organization in which neighboring neurons 

preferentially connect with neighboring targets, whereas broader bands indicate more 

spatially diffuse projections. 

Within each hippocampal subregion, the framework reconstructs local excitatory, 

inhibitory, and recurrent connectivity among all major neuronal populations (Fig. 2f). The 

resulting single-neuron connectivity maps reveal that most neuronal populations exhibit 
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local connectivity concentrated along the diagonal, consistent with a single-peak spatial 

organization (Fig. 2g). In contrast, dentate gyrus mossy cells display a distinctive bimodal 

connectivity pattern with two separate connectivity peaks, consistent with their 

characteristic long-range associational projections46,47. Together, these results 

demonstrate that the framework reconstructs anatomically realistic hippocampal 

connectivity from the level of neuronal populations to explicit synaptic connections 

between individual neurons. 
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Fig. 2 | Anatomically constrained generation of whole-hippocampus connectivity 

at single-neuron resolution. a, Anatomical coordinate transformation. Hippocampal 

subregions are transformed from native three-dimensional atlas coordinates into 

standardized flattened two-dimensional coordinates, enabling integration of anatomical 

and tracer-derived projection maps. b, Topographically organized axonal projections. The 

canonical hippocampal circuit and representative tracer-derived projection patterns 

illustrate the spatial organization of entorhinal, dentate granule cell mossy fiber, and CA3 

associational and Schaffer collateral pathways. Anatomical projection maps are 

parameterized as continuous axonal probability density functions that preserve 

experimentally observed topography. c, Competitive stochastic connectivity generation. 

For each postsynaptic neuron, presynaptic axonal densities are weighted by axon length 

and normalized to generate a probability distribution. Synaptic connections are assigned 

through successive stochastic sampling while respecting anatomical convergence, 

divergence, and laminar constraints. (d,f) Cell-type-specific connectivity. Inter-region (d) 

and intra-region (f) connectivity graphs illustrate excitatory and inhibitory projections 

among neuronal populations in EC, DG, CA3, and CA1. Nodes represent neuronal types, 

with principal cells shown in black, mossy cells in gray, and interneuron classes color-

coded. Directed edges indicate synaptic projections, with open and filled circles denoting 

excitatory and inhibitory connections, respectively. Numbers within nodes indicate 

estimated neuronal population sizes. (e,g) Single-neuron-resolution connectivity. Inter-

region (e) and intra-region (g) connectivity matrices illustrate anatomically constrained 

connections among individual neurons in DG, CA3, and CA1. Gray histograms indicate 

neuronal density distributions along the dorsoventral axis, and grayscale matrices 

represent spatially organized connectivity between presynaptic and postsynaptic 

populations. Narrow diagonal bands reflect highly topographic or locally restricted 

connectivity, whereas broader or multiple bands indicate more spatially distributed 

projections, including the characteristic bimodal connectivity of dentate mossy cells. 
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GPU-accelerated platform with electrophysiologically constrained single-neuron 

properties 

To support the simulation of anatomically realistic networks at scale, we implemented the 

hippocampal model on CARLsim648, a GPU-accelerated simulation platform that 

integrates electrophysiologically constrained neuron and synapse models (Fig. 1c). 

Single neurons were represented using customized nine-parameter Izhikevich 

formulations49, which enabled the reproduction of characteristic spiking behaviors while 

maintaining computational efficiency (Fig. 1b). The single-neuron-level connectivity was 

loaded into the model to connect these neurons to form the large-scale neuronal model 

of the whole hippocampus. Based on the neuron types and hippocampal subregions, 

connectivity was realized as either excitatory (AMPA and NMDA) or inhibitory (GABAA 

and GABAB) synapses with tunable parameters (Fig. 1b).  

The model includes 25 distinct neuron types spanning principal neurons and major 

interneuron classes across DG, CA3, and CA1 (Figs. 3). Each neuron type was 

parameterized to reproduce experimentally recorded firing patterns, resting membrane 

potentials, instantaneous threshold potential, and adaptation properties. Neurons in the 

entorhinal cortex were modeled as point processes, consistent with the abstraction level 

of the present framework and the focus on hippocampal circuit dynamics. Together with 

conductance-based synapses, the model reproduces physiologically realistic unitary 

synaptic responses both between hippocampal subregions and within local microcircuits 

(Figs. 3). Although synaptic weights were further refined during network-level 

optimization, the resulting PSP waveforms remained consistent with experimentally 

constrained single-neuron responses, preserving biologically realistic synaptic 

transmission throughout the optimized network. 
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Fig. 3 | Electrophysiologically constrained neuronal spiking properties and unitary 

postsynaptic potentials across the hippocampal circuit. a, Inter-regional unitary 

PSPs. Representative postsynaptic responses to single presynaptic spikes across the 

major feedforward pathways connecting EC, DG, CA3, and CA1. DG neurons receive 

inputs from layer II neurons of the lateral and medial entorhinal cortex (LEC-II and MEC-

II); CA3 neurons receive inputs from EC layer II and DG granule cells (DG-GC); and CA1 

neurons receive inputs from EC layer III (LEC-III and MEC-III) and CA3 pyramidal cells 

(CA3-PC). Circuit schematics highlight the corresponding pathways. b, Intra-regional 

neuronal spiking properties and unitary PSPs. Representative intrinsic firing patterns and 

synaptic responses among neuronal types within DG, CA3, and CA1. Traces in the 

leftmost column illustrate cell-type-specific firing patterns evoked by step-current injection, 

as reproduced by the nine-parameter Izhikevich neuron models. Connectivity matrices 

show unitary PSPs with presynaptic neuron types arranged in rows and postsynaptic 

neuron types in columns. In both panels, red and blue traces indicate excitatory (EPSPs) 
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and inhibitory (IPSPs) postsynaptic potentials, respectively, elicited by a single 

presynaptic spike. Colored traces represent synaptic responses after network-level 

optimization, whereas gray traces indicate initial single-neuron-level calibration results for 

connections with available experimental unitary PSP measurements. 
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Using this implementation, we simulated a one-tenth-scale hippocampal model 

comprising approximately 250,000 neurons and 20 million synapses on a single GPU 

(NVIDIA Quadro RTX 6000,128 GB CPU RAM, 25 GB GPU memory) while preserving 

the complete anatomical organization of the hippocampus. To estimate the computational 

resources required across different simulation scales, we quantified the scaling of setup 

time, the runtime factor (wall-clock execution time divided by simulated biological time, 

excluding network setup time), and CPU/GPU memory usage as functions of network 

size. Results show that setup time and CPU/GPU memory usage scaled approximately 

linearly with network size, with power-law exponents close to 1, whereas the runtime 

factor exhibited sublinear scaling with an exponent of approximately 0.6 (Fig. 4a). 

Extrapolation to the full-scale model, based on the neuron count, predicted a setup time 

of 14,973 s (4.16 h), a runtime factor of 49.9, and memory requirements of 694 GB of 

CPU RAM and 143 GB of GPU RAM. Independent extrapolation based on synapse count 

yielded similar estimates: a setup time of 4.17 h, a runtime factor of 50.1, and memory 

requirements of 711 GB of CPU RAM and 144 GB of GPU RAM. A runtime factor of 

approximately 50 corresponds to ~16.7 h of wall-clock execution for 20 min of simulated 

biological activity, excluding network setup. Although these memory requirements exceed 

the 128 GB of CPU RAM and 25 GB of GPU memory available on the current workstation, 

they are within the capacity of modern high-memory computing systems, supporting the 

feasibility of full-scale hippocampal simulations on appropriately configured, potentially 

multi-GPU, high-memory platforms. 
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Fig. 4 | Computational scaling and two-stage optimization of the large-scale 

hippocampal network model. a, Computational scaling. Setup time, runtime factor, CPU 

memory usage, and GPU memory usage as functions of neuron number (top) and 

synapse number (bottom). Measurements were obtained from ten progressively scaled 

DG networks, each simulated for 10 s of biological time. Filled circles indicate measured 

values (black, included in fitting; gray, excluded), and open circles indicate extrapolated 

values for the full-scale network (~1.42 million neurons and ~8.84 billion synapses). Gray 

lines show power-law fits to the seven largest measured networks. Fitted equations and 

coefficients of determination (R²) are indicated in each panel. b, Two-stage hierarchical 

optimization. At the single-neuron level (left), synaptic conductance weights and decay 

time constants are optimized to reproduce experimentally measured unitary PSP 
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amplitudes (AMP) and half-height widths (HHW). The resulting parameters initialize the 

large-scale CARLsim6 network simulation (right), where synaptic weights are further 

optimized against population-level physiological targets while decay time constants 

remain fixed. Physiologically informed initialization and simplex operations are 

incorporated into the Nelder–Mead algorithm to accelerate convergence. c, Optimization 

performance. Comparison of conventional Nelder–Mead (NM), NM with physiologically 

informed initialization (Phys-I), NM with physiologically informed simplex operations 

(Phys-O), and NM combining both strategies (Phys-O+I). The combined method achieves 

the fastest convergence and lowest final total loss (Ln), as well as reduced individual 

losses for mean firing rates (LR), spatial correlation (LC), and oscillatory power (LO). d, 

Multi-objective optimization of network dynamics. Synaptic weights are optimized to 

produce four target combinations of low or high beta-band power (Pβ) and spatial 

correlation (S-C). Representative results for each target state (Low/Low, Low/High, 

High/Low, and High/High) show, from left to right, population spike rasters, spatiotemporal 

correlations (ST-C), spatial correlation distributions (S-C), and power spectral densities 

(PSD). The optimized networks reproduce distinct combinations of oscillatory power and 

spatial correlation, demonstrating flexible control of multiple population-level activity 

features. 
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Two-stage hierarchical optimization of the large-scale hippocampal model 

To calibrate the large-scale hippocampal model while preserving anatomically 

constrained connectivity, we developed a two-stage hierarchical optimization framework 

that integrates single-neuron and network-level constraints (Fig. 4b). In the first stage, 

synaptic parameters were optimized using isolated neuron pairs to reproduce 

experimentally measured unitary PSPs. Synaptic weights and decay time constants were 

fitted to match both PSP amplitude and temporal profile, establishing physiologically 

realistic synaptic dynamics for each connection. 

These optimized synaptic parameters were then used to initialize the large-scale 

hippocampal network, where synaptic weights were further refined to reproduce 

population-level electrophysiological properties, such as the mean firing rates of individual 

neuronal populations. Unlike conventional approaches that repeatedly restart simulations, 

synaptic weights were updated online during continuous network simulation, allowing 

optimization to be performed without disrupting ongoing network activity or re-establishing 

transient dynamics. This strategy enables efficient fitting of emergent network behavior 

over behaviorally relevant timescales while preserving biologically realistic single-

synapse properties. 

To efficiently optimize the high-dimensional parameter space, we developed a 

physiologically informed Nelder–Mead algorithm that incorporates anatomical and 

physiological knowledge into both parameter initialization and simplex construction50 (Fig. 

4b). Compared with conventional Nelder–Mead optimization51, physiologically informed 

initialization or simplex construction alone each improved convergence, whereas 

combining both strategies produced the fastest convergence and the lowest overall loss 

across all optimization objectives, including neuronal firing rates, spatial correlation, and 

oscillatory activity (Fig. 4c). 

The optimization framework supports simultaneous fitting of multiple emergent network 

features with minimal additional computational overhead. By specifying different target 

combinations of beta-band oscillatory power and spatial correlation with the same 

meaning firing rates, the optimized networks reproducibly converged to distinct activity 

states while preserving stable circuit dynamics (Fig. 4d). These results demonstrate that 
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the framework can independently and jointly regulate multiple population-level activity 

features through physiologically constrained optimization of synaptic connectivity. 

Taken together, this hierarchical optimization strategy bridges experimentally constrained 

single-neuron physiology and emergent network dynamics, providing an efficient and 

scalable approach to calibrating anatomically realistic hippocampal models. 

Emergent functional organization and network dynamics 

To evaluate whether the anatomically and electrophysiologically constrained model 

reproduces hippocampal function at behavioral timescales, we simulated virtual spatial 

exploration in which the network received continuous input from the EC. Medial entorhinal 

cortex (MEC) neurons provided position-dependent grid-cell activity, whereas lateral 

entorhinal cortex (LEC) neurons supplied non-spatial contextual input. These 

anatomically organized inputs drove the complete hippocampal circuit continuously 

during virtual navigation, allowing network activity to evolve through recurrent interactions 

over extended simulations52. 

The optimized network generated rich spatiotemporal firing patterns across all 

hippocampal subregions. Population raster plots revealed coordinated activity among 

principal neurons and interneurons in the DG, CA3, and CA1, with distinct firing statistics 

emerging for each neuronal population (Fig. 5a). Quantitative analyses further showed 

neuron-type-specific firing-rate distributions, spatiotemporal correlation structures, and 

PSDs, demonstrating diverse yet highly organized population dynamics across the 

hippocampal circuit. Oscillatory activity emerged naturally in the theta and gamma 

frequency bands through interactions between excitatory and inhibitory populations, 

providing an additional physiological validation of the network dynamics. 

Beyond reproducing population activity, the model generated physiologically realistic 

spatial representations. Without imposing explicit spatial tuning or place-field constraints, 

stable place-selective firing emerged spontaneously throughout the hippocampal circuit 

from anatomically constrained connectivity, experimentally calibrated neuronal and 

synaptic properties, and ongoing network interactions (Fig. 5b). Spatial representations 

transformed progressively across hippocampal subregions. EC neurons exhibited 

multiple grid-like spatial firing fields as designed, whereas DG granule cells frequently 
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developed multiple discrete place fields. In contrast, CA3 and CA1 pyramidal neurons 

predominantly exhibited single, spatially localized place fields, consistent with 

experimental observations of spatial coding along the trisynaptic pathway53. 

Quantitatively, spatial information increased progressively from EC through DG and CA3 

to CA1 (Fig. 5c), indicating increasingly informative spatial representations along the 

hippocampal circuit. This transformation emerged without explicit place-field tuning, 

suggesting that anatomically organized connectivity and neuronal dynamics can support 

the progressive refinement of spatial coding. These place fields remained stable 

throughout extended simulations, demonstrating that the model preserves coherent 

spatial coding over behavioral timescales. 

Together, these results demonstrate that the framework reproduces both the 

physiological dynamics and functional organization of the hippocampus at the scale of 

the entire circuit. The emergence of coordinated population dynamics, physiologically 

relevant oscillatory activity, and stable spatial representations from anatomically 

constrained connectivity and electrophysiologically calibrated neuronal models 

establishes the framework as a platform for investigating the circuit mechanisms 

underlying spatial navigation and other hippocampus-dependent functions over 

behaviorally relevant timescales. 
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Fig. 5 | Emergent network dynamics and spatial representations across the 

hippocampal circuit during virtual navigation. a, Spatiotemporal network activity. 

Representative spike rasters (3-s duration) for neuronal populations in DG, CA3, and CA1, 

with neurons ordered along the dorsoventral axis. Each dot represents an action potential. 

Corresponding panels show spatiotemporal correlations of population spiking activity, 
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distributions of neuronal mean firing rates (with population means indicated), and power 

spectral densities (PSD), illustrating cell-type-specific firing statistics, coordinated activity, 

and oscillatory dynamics. b, Spatial firing maps. Representative spatial firing maps of five 

neurons from each population, medial entorhinal cortex stellate cells (MEC-SC), DG 

granule cells (DG-GC), CA3 pyramidal cells (CA3-PC), and CA1 pyramidal cells (CA1-

PC), sampled across the dorsoventral axis. Maps were reconstructed from spike trains 

and virtual-animal trajectories in a 60 × 60 cm arena using 4 × 4 cm spatial bins and 

Gaussian smoothing (σ = 3 cm). Maps were independently normalized and color-scaled, 

with warmer colors indicating higher relative firing rates. MEC grid fields were prescribed 

by the input model, whereas hippocampal spatial firing patterns emerged without explicit 

place-field tuning. MEC neurons exhibit multiple grid-like firing fields, DG granule cells 

frequently display multiple spatial fields, and CA3 and CA1 pyramidal neurons exhibit 

more spatially localized firing patterns. c, Spatial information . Population distributions of 

spatial information (bits/spike) for MEC-SC, DG-GC, CA3-PC, and CA1-PC neurons. 

Dashed vertical lines and numerical values indicate population means.  

 



   

 

 22 

Comparison with existing large-scale network models 

Having demonstrated anatomically constrained connectivity, electrophysiologically 

calibrated neuronal dynamics, efficient large-scale simulation, and emergent 

hippocampal activity, we compared the capabilities and computational performance of 

our framework with representative large-scale neuronal network models implemented 

using CPU- and GPU-based simulators (Table 1). Because these models differ in network 

size, neuronal complexity, numerical methods, and hardware, direct performance 

comparisons are limited. We therefore evaluated both computational efficiency and 

biological modeling capabilities, with detailed benchmark information provided in 

Supplementary Table 1. 

Existing CPU-based platforms, including NEST and CoreNEURON, support large 

networks with anatomically constrained connectivity and, in some implementations, 

morphologically detailed neuronal models54,55. However, the representative models 

considered here required substantial computational resources, with reported runtime 

factors ranging from approximately 50,000 to 2 million. GPU-based platforms, including 

NEST GPU and Brian2CUDA, achieve substantially greater computational efficiency, 

supporting simulations of millions of neurons with runtime factors of approximately 50–

200, although the compared implementations generally employ simplified neuronal 

representations56,57. After normalization for GPU double-precision performance, our full-

scale hippocampal model yielded an estimated adjusted runtime factor of 134, compared 

with 213 and 199 for the representative GPU-based models. Although these values do 

not constitute a controlled benchmark, they suggest that the present framework achieves 

competitive computational efficiency while incorporating anatomically constrained single-

neuron connectivity and electrophysiologically calibrated neuronal and synaptic dynamics. 

An additional advantage of the framework is its support for online parameter optimization. 

Network initialization can impose substantial computational overhead in large-scale 

simulations, particularly when repeated across hundreds of optimization iterations. By 

updating synaptic parameters during continuous simulation, CARLsim6 avoids repeated 

network initialization and enables efficient optimization of emergent network dynamics. 

Together, these capabilities provide a practical balance between biological realism, 
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computational scalability, and functional optimization over behaviorally relevant 

timescales. 

Table 1: Comparison of Large-Scale Neuronal Network Models Across Simulators 

Model 
Rat Hippocampal  

DG–CA3–CA1  

Macaque 

Visual 

System  

Excitatory/ 

Inhibitory 

Network 

Human 

Hippocampal 

CA1 

Rat 

Hippocampal 

CA1 

Publication This Study 
Tiddia et al., 

2022 

Alevi et al., 

2022 

Gandolfi et 

al., 2023 

Romani et al., 

2024 

Simulator CARLsim6 NEST GPU Brian2CUDA NEST CoreNEURON 

Hardware GPU GPU GPU CPU CPU 

Number of Neurons 240,000 1,900,000 4,100,000 320,000 5,280,000 470,000 

Setup Time (minutes) 74 966 16 4 23 N/A 

Adjusted Runtime Factor 48 134 213 199 54,270 2,244,648 

Anatomically Constrained 

Connectivity 
✓ ✓ × × ✓ ✓ 

Electrophysiologically 

Constrained Neuron Models 
✓ ✓ × × ✓ ✓ 

Morphologically Realistic 

Neuron Models 
× × × × × ✓ 

Behavioral-Timescale 

Simulation 
✓ ✓ ✓ ✓ × × 

Online Optimization ✓ ✓ × × × × 
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Discussion 

We present a computational framework for constructing and simulating large-scale 

spiking neural networks with single-neuron-level connectivity constrained by multiscale 

anatomical and electrophysiological data. Applied to the hippocampus, the framework 

integrates cell-type composition, spatial distributions, laminar organization, 

topographically organized projections, neuronal electrophysiology, and synaptic 

dynamics within a unified model. When driven by behaviorally relevant inputs, the network 

generates population dynamics and spatial representations characteristic of in vivo 

hippocampal activity. The framework therefore provides a bridge between increasingly 

detailed structural descriptions of neural circuits and their emergent function during 

behavior. 

This capability is particularly relevant as large-scale efforts such as the BRAIN Initiative 

Cell Census Network (BICCN) generate increasingly comprehensive descriptions of 

neuronal cell types, spatial organization, connectivity, and molecular and 

electrophysiological properties58. Studies integrating gene expression and anatomical 

connectivity have further revealed the multiscale organization and functional 

heterogeneity of hippocampal networks41–43. Complementary efforts, such as 

Hippocampome.org, have systematically characterized hippocampal neuron types and 

their morphological, molecular, and electrophysiological properties, highlighting the 

importance of axonal and dendritic organization in defining neuronal identities and circuit 

connectivity44,45,59. Our framework builds on these advances by integrating 

heterogeneous anatomical and physiological measurements into explicit, single-neuron-

resolution network models, enabling the functional consequences of spatially organized 

circuit architecture to be investigated directly. 

A key result is that biologically relevant network dynamics emerge without being explicitly 

prescribed at the level of individual hippocampal neurons. Behaviorally structured 

entorhinal input is progressively transformed across DG, CA3, and CA1, producing 

spatially selective hippocampal activity. Thus, spatial representations arise from 

interactions among structured input, anatomically organized connectivity, intrinsic 

neuronal dynamics, and recurrent circuitry rather than from explicitly assigned place fields. 
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This provides a functional test of whether anatomical and electrophysiological constraints 

assembled primarily from lower-level experiments can collectively generate network 

properties observed during behavior. 

A major challenge in biologically realistic network modeling is balancing anatomical and 

electrophysiological detail with computational efficiency. Existing large-scale models 

span a wide range of biological complexity and computational performance, with detailed 

CPU-based models often requiring substantial computing resources and GPU-based 

approaches achieving greater efficiency through simplified neuronal representations. Our 

framework helps bridge this gap by combining anatomically constrained single-neuron 

connectivity and electrophysiologically calibrated neuronal dynamics with GPU-

accelerated simulation over behaviorally relevant timescales. Importantly, computational 

scalability not only enables longer simulations but also makes iterative optimization of 

large mechanistic networks increasingly practical. 

Conventional bottom-up modeling constrains neuronal and synaptic parameters using 

measurements at corresponding biological scales, but reproducing these local properties 

does not guarantee realistic population dynamics. Our two-stage framework addresses 

this limitation by combining bottom-up calibration of unitary synaptic responses with top-

down optimization against population firing rates, correlations, and oscillatory activity. 

Together with online parameter updating, this approach enables large-scale mechanistic 

networks to be optimized directly against emergent functional properties while preserving 

experimentally constrained anatomical organization. More broadly, the same strategy 

could incorporate spatial tuning, neural population trajectories, and behavioral 

performance as additional functional constraints, providing a systematic means of linking 

cellular and circuit mechanisms to higher-level brain function. 

The ability to simulate and optimize biologically constrained networks at scale also 

creates opportunities for integration with data-driven machine-learning and AI 

approaches. These methods are powerful tools for extracting structure from high-

dimensional neural data and predicting neural activity or behavior60–62, but predictive 

accuracy alone does not necessarily reveal the underlying neuronal, synaptic, and circuit 

mechanisms. Mechanistic models provide a complementary approach by explicitly 
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representing biological components and their interactions, allowing emergent network 

properties to be investigated through targeted perturbations and sensitivity analyses. 

The two approaches are therefore complementary rather than competing38,39,63,64. AI 

methods could help estimate poorly constrained parameters, identify structure in neural 

activity, and accelerate optimization, whereas biologically constrained network models 

can provide mechanistic priors and interpretable substrates for hypothesis testing. Their 

integration offers a potential route toward models combining the predictive capabilities of 

AI with the biological interpretability of mechanistic neuroscience. 

Several limitations define priorities for future development. First, neurons are represented 

using single-compartment Izhikevich models, which efficiently reproduce diverse firing 

phenotypes but do not capture spatially distributed and nonlinear dendritic computations. 

This is particularly relevant in CA1, where entorhinal and CA3 inputs target distinct 

dendritic domains. Reduced multi-compartment models could capture key aspects of 

dendritic integration while remaining computationally tractable and could additionally 

support more biophysically grounded calculations of dipoles and local field potentials65. 

Second, the model is not yet anatomically complete. The current implementation includes 

MEC, LEC, DG, CA3, and CA1 together with major feedforward pathways and extensive 

intra-subfield circuitry but does not include CA2 and several inter-subfield and feedback 

projections. Future extensions should also incorporate additional functional populations 

in MEC and LEC, inputs from other brain regions, and experimentally constrained 

synaptic plasticity to address learning, remapping, memory formation, and consolidation. 

Finally, network-level optimization does not necessarily identify a unique set of 

microscopic parameters. Different combinations of synaptic strengths may produce 

similar population dynamics, and optimized parameters should therefore be interpreted 

as configurations consistent with the imposed anatomical, electrophysiological, and 

functional constraints rather than direct estimates of biological synaptic strengths. 

Sensitivity analyses, targeted perturbations, and validation against independent 

experimental measurements will be important for identifying robust mechanistic 

predictions. 
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Despite these limitations, the framework establishes a scalable foundation for integrating 

anatomical structure, cellular and synaptic physiology, network dynamics, and behavior 

within a common computational model. As more comprehensive experimental data 

become available, iterative integration of experimental constraints, large-scale 

simulations, optimization, and model-driven predictions can progressively yield more 

complete and experimentally testable models of hippocampal circuit function. 
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Methods 

We developed an anatomically constrained, large-scale spiking network model of the 

hippocampus that integrates multiscale anatomical data with electrophysiologically 

grounded neuronal and synaptic dynamics (Fig. 1). This section describes the 

construction of the spatial framework, neuron placement, and connectivity generation, as 

well as the neuron and synapse models used to simulate hippocampal activity. We further 

detail the optimization procedures used to align model dynamics with experimental 

constraints, as well as the GPU-accelerated simulation platform that enables long-

duration, large-scale simulations, and optimization. Together, these methods establish a 

reproducible framework for modeling the whole hippocampus at single-neuron resolution 

and behaviorally relevant timescales. 

Spatial framework and coordinate systems 

The hippocampus exhibits a highly curved and interlocked three-dimensional anatomy, 

with substantial anatomical and molecular heterogeneity along its longitudinal and 

transverse axes. This spatial organization underlies distinct connectivity patterns and 

functional specialization across hippocampal subregions41–43. To preserve this 

organization while facilitating spatial modeling and connectivity analysis, we adopted a 

flattened hippocampal coordinate system widely used to characterize anatomical and 

connectivity gradients66,67. In this representation, hippocampal subfields are unfolded into 

a two-dimensional plane, while laminar organization is preserved along the third spatial 

dimension (Fig. 2a). Thus, the flattened representation retains the model's three-

dimensional anatomical organization while providing an interpretable coordinate system 

that can be mapped back to the native hippocampal geometry. 

Mapping between flattened and anatomical coordinates was generated using the 

Ropireddi hippocampus atlas68, which provides longitudinal and transverse coordinates 

for three-dimensional hippocampal space. Interpolation was used to construct a 

continuous transformation between flattened and unflattened representations, enabling 

all neurons and synaptic connections to be defined in flattened space while retaining the 

ability to visualize and analyze results in anatomical coordinates (Fig. 2b). 
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In the flattened coordinate system, the longitudinal axis, also referred to as the septo-

temporal or dorso-ventral axis, corresponds to the primary axis along the length of the 

hippocampus and is represented as the y-axis in figures. The transverse axis, 

represented as the x-axis, is perpendicular to the longitudinal axis and spans 

hippocampal subfields in the following order: the infrapyramidal and suprapyramidal 

blades of DG, CA3c, CA3b, CA3a, and proximal and distal CA1. Anatomical boundaries 

for each subfield were derived from published flattened maps of the hippocampus and 

entorhinal cortex (Supplementary Table 2). 

The EC, which lies outside the hippocampus proper, was modeled using a separate, 

flattened coordinate system that reflects its distinct anatomy and topographic organization. 

Flattened maps for the medial and lateral entorhinal cortices (MEC and LEC) were 

obtained from Dolorfo and Amaral69 and preserve the dorsoventral and mediolateral axes 

known to underlie topographic hippocampal input. 

Flattened maps for the dentate gyrus were derived from Gaarskjaer70, which quantified 

the widths of the infrapyramidal and suprapyramidal blades relative to the crest at 

successive longitudinal positions. Flattened maps for CA3 and CA1 were derived from 

Ishizuka et al71, which presented tracer-based connectivity data across multiple animals 

in a consistent flattened coordinate system encompassing CA1, CA2, and CA3. Boundary 

coordinates for all subfields were obtained by digitizing published figures and applying 

reported scale bars. 

Neuron placement 

Neuron placement was defined independently for each cell type by specifying both the 

total number of neurons and their spatial distribution within the corresponding 

hippocampal subfields. Spatial distributions were defined based on somatic location and 

could vary along the longitudinal and transverse axes, although experimentally measured 

density profiles are most commonly available along the longitudinal axis. Accordingly, 

longitudinal density gradients were used as the primary constraint for neuron placement, 

with transverse distributions assumed to be uniform within subfield boundaries unless 

otherwise reported. 
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For principal neurons, total cell counts and detailed longitudinal density profiles are well 

established and incorporated directly from the literature72. For GABAergic interneurons, 

total neuron counts were estimated using marker-based cell counts, with chemical marker 

expression used to assign putative interneuron identities. See Supplemental Table 3 for 

a list of all cell counts. Where available, studies reporting lamina-specific distributions of 

interneurons were used to further partition total counts across hippocampal layers. In 

cases where only coarse dorsal–ventral distributions were reported, these measurements 

were used to constrain longitudinal placement. 

Somatic positions were generated using a rejection-sampling (thinning) procedure. 

Experimentally measured somatic density profiles were normalized to define probability 

density functions along the longitudinal axis. Candidate longitudinal positions were drawn 

from a uniform distribution and accepted or rejected based on the local probability defined 

by the normalized density. This process was repeated until the required number of 

neurons for each cell type was obtained. 

For each accepted longitudinal position, the transverse coordinate was sampled uniformly 

within the anatomical boundaries of the corresponding subfield. Laminar positions were 

then assigned according to cell-type–specific layer distributions, ensuring that neurons 

were placed only within anatomically appropriate layers. Together, this procedure 

ensured that neuron placement respected experimentally observed density gradients 

while maintaining flexibility in regions where detailed spatial measurements are 

unavailable. 

Single-neuron level connectivity generation 

Synaptic connectivity was generated using an anatomically constrained, stochastic 

framework that integrates spatial organization, axonal projection patterns, and cell-type–

specific synaptic statistics. Connectivity was instantiated at single-neuron resolution, such 

that each synaptic connection was defined explicitly between individual presynaptic and 

postsynaptic neurons. The procedure combines convergence and divergence constraints 

with spatially defined axonal probability density functions (PDFs) to produce biologically 

realistic wiring patterns across hippocampal subfields and laminae (Fig. 2c). 
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Convergence and divergence constraints 

Synaptic connectivity was constrained using experimentally derived estimates of synaptic 

convergence (the number of inputs per neuron) and, where available, divergence (the 

number of outputs per neuron). Convergence for excitatory inputs was estimated from 

measurements of total dendritic length and spine density73 , using lamina-specific values 

when reported (Supplemental Tables 4-12). These measurements were used to 

compute the number of excitatory synapses allocated to each postsynaptic neuron, 

partitioned across laminae according to dendritic distribution. 

Inhibitory convergence was estimated based on the synaptic density of GABAergic 

synapses where available74,75, or else using bulk tissue measurements of excitatory-to-

inhibitory synapse ratios, allowing inhibitory synapse counts to be inferred from excitatory 

spine estimates76 (Supplemental Tables 13-15). Lamina-specific inhibitory distributions 

were incorporated to restrict inhibitory synapses to anatomically appropriate layers. 

Divergence constraints based on axon bouton counts were applied selectively, as full 

axonal reconstructions are limited for most hippocampal cell types. An important 

exception was the dentate granule cell mossy fiber projection to CA3, for which 

divergence estimates are well characterized and were applied explicitly77. 

A convergence-based formulation was used for most projections, ensuring that synaptic 

input density per neuron was preserved under network scaling. This approach allows 

reduced-scale models to retain biologically meaningful synaptic statistics while supporting 

systematic expansion to larger network sizes. 

Axonal probability density functions 

Axonal PDFs were defined to capture both the spatial extent and topographic organization 

of presynaptic projections.  

For intra-subfield projections, axonal distributions were typically centered on the 

presynaptic soma, reflecting locally distributed arborizations. These distributions were 

parameterized using Gaussian functions fitted to the reported axon density 

measurements or estimates of axonal extent (Fig. 2c, Supplemental Tables 16 and 17). 
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For inter-subfield projections, axonal PDFs incorporated experimentally observed 

topographic gradients derived from tracer injection studies. In these cases, the location 

parameters of the PDFs varied as a function of presynaptic position, while shape 

parameters (e.g., variance and skew) captured the spatial spread of axon terminals (Fig. 

1a). Skew-normal distributions were used for projections such as CA3 associational and 

Schaffer collateral pathways, with parameters fitted to tracer-derived projection maps and 

interpolated across the presynaptic population. Axonal PDFs were further restricted to 

laminae in which synaptic contacts have been experimentally observed. 

Standardization of tracer-derived projection maps 

Tracer injection studies were used to constrain both the topographic organization and 

spatial extent of inter-subfield projections. Because individual tracer studies were 

conducted across multiple animals and reported using heterogeneous coordinate 

systems, all tracer-derived maps were transformed into a standardized flattened 

reference space (Fig. 2a). Subject-specific maps were aligned and averaged where 

appropriate to define population-level projection profiles and then mapped back into 

anatomical coordinates for implementation in the model. This procedure ensured 

consistency across datasets while preserving experimentally observed gradients and 

projection asymmetries. 

Axon distribution parameterization 

For each inter-subfield projection, axonal terminal fields were parameterized using two-

dimensional, rotated skew-normal PDFs to capture both spatial extent and topographic 

organization (Fig. 2b). Tracer-derived labeling maps were first converted into a 

standardized square coordinate space to enable consistent parameter estimation across 

studies. Within this standard space, published tracer data were discretized into three 

qualitative levels: no labeling, low-density labeling, and high-density labeling. To enable 

quantitative fitting, numerical values between 1 and 10 were assigned to the low- and 

high-density labels, with the high-density values constrained to exceed the low-density 

values. Model parameters were optimized in the standardized space and subsequently 

mapped back into anatomical, subject-specific coordinates for network instantiation. 



   

 

 33 

The skew-normal formulation extends the Gaussian distribution by introducing 

asymmetry, enabling the representation of nonuniform and directionally biased axonal 

terminal fields. The standard normal probability density function and its cumulative 

distribution are defined as 

𝜙(ݔ) = ߨ2√1 ݁−௫22
 

Φ(ݔ) = 12 [1 + ݂ݎ݁ (  [(2√ݔ
where ݂݁ݎ(⋅) denotes the Gaussian error function. The one-dimensional skew-normal 

PDF is given by 

(ݔ)݂ = 2߱ 𝜙 ݔ) − ߱ߦ ) Φ ߙ) ݔ) − ߱ߦ ))  

 

where ߦ is the location parameter, ߱ is the scale (variance) parameter, and ߙ controls the 

degree and direction of skewness. 

To model orientation-dependent axonal projections, the coordinate system was rotated 

by an angle ߠ according to ݔ′ = ݔ ∙ cos(ߠ) + ݕ ∙ sin(ߠ), ݕ′ = ݔ− ∙ sin(ߠ) + ݕ ∙ cos(ߠ) 

Using the rotated coordinates, the two-dimensional skew-normal PDF was defined as 

,ݔ)݂ (ݕ = 4߱௫߱௬ 𝜙 ′ݔ) − ௫߱௫ߦ ) Φ ௬ߙ) ′ݔ) − ௫߱௫ߦ ))  𝜙 ′ݕ) − ௬߱௬ߦ ) Φ ௬ߙ) ′ݕ) − ௬߱௬ߦ )) 

where ݔ  and ݕ  correspond to transverse and longitudinal positions in the flattened 

hippocampal coordinate system, respectively. Parameters (ߦ௫,  ௬) specify the center ofߦ

the axonal terminal field, (߱௫, ߱௬) control spatial spread along each axis, (ߙ௫,  ௬)  controlߙ

directional skew, and ߠdetermines orientation. 

For CA3 associational and CA3–CA1 Schaffer collateral projections, tracer data from 

Ishizuka et al provided measurements from nine injection sites arranged in an 

approximately 3 × 3 grid across the longitudinal and transverse extent of CA371. To define 
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continuous projection topography across the full region, skew-normal parameters were 

interpolated across presynaptic positions using cubic splines (Fig. 1a, 2b). Where 

necessary, parameters were extrapolated toward anatomical boundaries by extending 

the instaneous slope. In cases where this approach yielded implausible parameter values 

(e.g., excessively small or large variances), the slope magnitude was progressively 

reduced until the boundary distributions exhibited smooth, biologically plausible 

transformations. This interpolation–extrapolation procedure was applied consistently to 

both CA3–CA3 associational projections and CA3–CA1 Schaffer collateral projections. 

Stochastic, competitive connectivity assignment 

Synaptic connections were generated using a stochastic, competitive sampling procedure 

driven by spatially defined axonal PDFs. For each postsynaptic neuron and synaptic 

group (defined by presynaptic cell type and target lamina), axonal densities from all valid 

presynaptic neurons were computed at the postsynaptic location. These densities were 

weighted by presynaptic axon length (Supplemental Tables 18-20) and normalized to 

construct a probability mass function (Fig. 2c). 

Presynaptic neurons were then sampled from this distribution with replacement until all 

synapses allocated to the postsynaptic neuron were assigned an input (Fig. 2c). If 

divergence constraints were present, presynaptic neurons were removed from future 

sampling once their output limits were reached. This competitive process ensured that 

synapses were distributed according to anatomical axon density while respecting cell-

type–specific convergence and divergence constraints. 

Pathway-specific implementations of connectivity 

The network architecture was organized around the classic trisynaptic pathway, 

consisting of projections from the EC stellate cells to DG granule cells, from DG granule 

cells to CA3 pyramidal neurons, and from CA3 pyramidal neurons to CA1 pyramidal 

neurons (Fig. 2b). This feedforward scaffold provides a well-characterized anatomical 

backbone for hippocampal information processing, serving as the initial framework for 

inter-subfield connectivity. In addition to feedforward pathways, recurrent and feedback 

projections within subfields were included where supported by anatomical data, enabling 

internally generated network dynamics. 
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EC projections to DG and CA3 

Projections from the EC to the dentate gyrus and CA3 were modeled based on retrograde 

tracer studies that revealed spatially restricted terminal fields and strong topographic 

organization along the longitudinal axis78. Axonal terminal fields were parameterized 

using Gaussian distributions, with standard deviations derived from reported longitudinal 

spreads (1–1.5 mm) of labeled axons78. Transverse distributions were assumed to be 

uniform within anatomically defined target regions. Laminar targeting was restricted to 

layers known to receive entorhinal input, and conduction delays were assigned based on 

estimated axonal path lengths. 

DG mossy fiber projections to CA3 

Projections from dentate granule cells to CA3 pyramidal neurons were modeled as mossy 

fiber pathways, which are characterized by sparse connectivity and relatively simple 

axonal morphology, i.e., few or no collaterals66. Due to the availability of bouton count 

estimates and the limited branching of mossy fibers, these projections were constrained 

using divergence-based rules rather than convergence alone. Axonal trajectories were 

modeled explicitly to capture the curved path of mossy fibers within the CA3 region, and 

synaptic contacts were restricted to experimentally observed target layers (Fig. 2b). 

Mossy fibers originating from infrapyramidal granule cells were restricted to the stratum 

oriens proximal to the soma in CA3c before crossing into the stratum lucidum in CA3b 

and CA3a. Mossy fibers of suprapyramidal origin remained in the stratum lucidum for the 

entire transverse CA3 extent. Mossy fibers did not extend into CA1. 

CA3 associational and Schaffer collateral projections 

Associational projections within CA3 and Schaffer collateral projections from CA3 to CA1 

were parameterized using anterograde tracer studies that revealed pronounced 

longitudinal topography and asymmetric terminal field distributions71. Axonal terminal 

fields for these pathways were modeled using skew-normal PDFs, allowing directional 

bias and nonuniform spatial spread to be captured. Distribution parameters were fitted to 

tracer-derived projection profiles and interpolated across presynaptic positions. Where 

tracer sampling was sparse, extrapolation was applied cautiously to extend projection 

fields to anatomical boundaries while maintaining smooth transitions and biologically 
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plausible distributions. Associational and Schaffer collateral terminals are found in both 

the stratum radiatum and stratum oriens, and their axonal weightings were derived from 

the ratio of lengths measured between these strata79. Laminar targeting and conduction 

delays were assigned according to pathway-specific anatomical constraints. 

Axonal conduction delays 

Axonal conduction delays were assigned based on anatomical path length and 

conduction velocity (Supplemental Table 21). For most projections, path lengths were 

computed using the Euclidean distance between presynaptic and postsynaptic somata in 

the 2D flattened space. For dentate granule cell mossy fiber projections, which follow 

highly curved trajectories, axonal arc length was used to estimate path length more 

accurately. Axonal conduction delays were then computed by dividing path length by cell-

type–specific conduction velocities. 

Neuron and synapse models 

Neuronal and synaptic dynamics were modeled using computationally efficient, 

biophysically grounded Izhikevich formulations suitable for large-scale spiking network 

simulations49. All neuron and synapse models were implemented uniformly across 

hippocampal subfields, with cell-type–specific parameters used to capture physiological 

diversity while maintaining tractable simulation performance. 

Spiking neuron model 

Neuronal spiking dynamics were modeled using the nine-parameter Izhikevich neuron 

model49, a computationally efficient formulation that captures diverse electrophysiological 

firing patterns while retaining biophysical interpretability (Figs. 1b). The membrane 

potential ݒ and recovery variable ݑ evolve according to ݀ݐ݀ݒ = ܥ1 ݒ)݇] − ݒ)(௥ݒ − (௧ݒ − ݑ + ݐݑ݀݀ [ܫ = ݒ)ܾ] ܽ − (௥ݒ −  ,[ݑ
where ܥ is the membrane capacitance, ܫ is the input current, ݒ௥ is the resting membrane 

potential, ݒ௧  is the instantaneous threshold potential, and ܽ, ܾ, and ݇ control the time 
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scale and sensitivity of the recovery dynamics. When the membrane potential reaches a 

peak value ݒpeak, a spike is emitted, and the state variables are reset according to ݒ ← ܿ, ݑ ← ݑ + ݀,where ܿ  is the reset membrane potential and ݀  determines the post-

spike recovery increment. Together, the nine parameters (ܽ, ܾ, ܿ, ݀, ݇, ௥ݒ , ,௧ݒ ,peakݒ  (ܥ

define neuronal excitability, spike initiation, and post-spike dynamics.  

This extended formulation enables direct tuning of membrane capacitance, resting 

membrane potentials, instantaneous threshold potential, and adaptation properties, 

allowing the model to reproduce experimentally measured excitability and firing behaviors 

while remaining computationally tractable for large-scale network simulations. The model 

incorporates 25 distinct neuron types across DG, CA3, and CA1. Cell-type classifications 

and baseline electrophysiological parameters were obtained from Hippocampome.org, a 

systematically curated knowledge base integrating morphological, molecular, and 

electrophysiological properties of hippocampal neurons44,45. The nine-parameter 

Izhikevich models were adopted from this resource and refined where necessary to 

reproduce cell-type-specific electrophysiological targets and ensure stable responses 

when coupled to conductance-based synapses (Supplementary Table 22). 

Conductance-based synapse models 

Synaptic transmission was modeled using conductance-based (COBA) synapses for 

excitatory AMPA and NMDA receptors and inhibitory GABAA and GABAB receptors (Fig. 

1b). For AMPA, GABAA, and GABAB receptor synapses, activation of a presynaptic spike 

produced a transient change in synaptic conductance modeled as a single decaying 

exponential80, 

݃syn(ݐ) = ∑ exp (− ݐ − ௙߬synݐ ) Θ(ݐ − ௙)௙ݐ  

where ݐ௙ denotes the arrival time of the presynaptic spike, ߬syn is the receptor-specific 

decay time constant, and ߆(⋅)  is the Heaviside step function. The corresponding 

postsynaptic current was computed as ݅syn(ݐ) = ݃syn(ݐ) [(ݐ)ݒ −  ,[synrevݒ
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where (ݐ)ݒ  is the postsynaptic membrane potential and ݒsynrev  is the receptor-specific 

reversal potential. 

NMDA receptor currents were modulated by a voltage-dependent magnesium block81. 

Rather than using the original exponential formulation82, we employed a computationally 

efficient Hill-type approximation that preserves the sigmoidal voltage dependence while 

reducing computational cost during large-scale network simulation. ݅NMDA  =  ݃NMDAܤMg(ݒ)(ݒ  − NMDArevݒ  ) 

(ݒ)Mgܤ =   ݒ) + 8060 )2 [1 + ݒ) + 8060 )2]⁄  

Synaptic weights ݓ௜,௝  (in nS) scaled the effective conductance from the presynaptic 

neuron ݅ to the postsynaptic neuron ݆. The total synaptic current received by neuron ݆ 
was computed as the weighted sum over all presynaptic inputs, as ܫ௝  = ∑ ݅௜௝ݓ௜௝௜ . 

This formulation enabled the incorporation of heterogeneous synaptic dynamics and 

receptor-specific kinetics while maintaining compatibility with large-scale, GPU-

accelerated simulations. 

Behavioral inputs to the hippocampal network 

The MEC and LEC provide the primary cortical inputs to the hippocampus, conveying 

complementary information streams. Neurons in the MEC primarily encode spatial 

variables and path-integration signals that support representations of self-location, 

whereas LEC neurons are less spatially tuned and instead sensitive to non-spatial 

contextual features, including objects, odors, and temporal associations. In the present 

model, these distinct functional roles were reflected by implementing structured, location-

dependent spatial inputs from MEC and location-independent random inputs from LEC. 

Grid-cell–based MEC input 

Spatial input from MEC was modeled using grid cells, one of the most extensively 

characterized entorhinal cell types. Grid cells exhibit spatially periodic firing fields 

arranged in a triangular lattice that tiles the environment (Fig. 5b).  
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Grid cell model 

To model the receptive fields of grid cells, we adopted the formulation introduced by Blair 

et al83, in which the grid map is defined as the sum of three cosine gratings rotated by 60° 

increments83: 

,ߣ)ܩ ,ߠ ࢞, (ࢉ = ݃ (∑ cos ( 3√ߣߨ4 ∗ ࡾ ߠ) + 3ߨ݇ ) ∙ (࢞ − 2((ࢉ
௞=0 ) 

where ݔdenotes the animal’s position, ܿ is the spatial offset defining the grid origin, ߣ is 

the grid spacing (in cm), and ߠ is the grid orientation. The rotation matrix is given by 

(ߠ )ࡾ =  [(ߠ )݊݅ݏ(ߠ )ݏ݋ܿ]

The gain function ݃(⋅) ensures non-negative firing rates and was defined as ݃(ݔ) = ݁௔(௫−௕) − 1 

with parameters ܽ = 0.3 and ܾ = −3/2. The resulting grid-map output was normalized 

such that the peak firing rate was 50 Hz. 

Grid-cell parameters were anatomically constrained based on experimental observations. 

Hafting et al reported linear relationships between grid spacing, grid field area, and dorso-

ventral position within MEC2, while Stensola et al identified a systematic relationship 

between grid spacing and grid orientation84. These empirical relationships were 

incorporated via linear regressions to assign grid-map parameters as functions of MEC 

position, thereby preserving the known anatomical organization of grid-cell properties. 

Virtual animal trajectory 

Grid-cell firing rates were driven by the trajectory of a virtual rat exploring a 60 × 60 cm 

square arena. Animal motion was generated by sampling velocities from uniform 

distributions specifying speed (0–30 cm/s), movement direction (0°–360°), and movement 

duration (0–500 ms). When a proposed trajectory exceeded the arena boundary, the 

velocity vector was reflected by 90°. Positions were updated at a sampling rate of 40 kHz 

and provided as input to the grid-map function, which generated time-varying firing rates. 
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Spike generation and refractoriness 

Grid-cell firing rates were converted into spike trains using an inhomogeneous Poisson 

renewal process. At each simulation time step ݀ݐ(ms), the instantaneous firing rate ݂ݎ 

(Hz) was converted into a probability for spiking according to the following equation: ݌ =ௗ௧∗௙௥1000 , where ݀ݐ  is the time-step (ms), ݂ݎ  is the firing rate (Hz), and 1000 is a unit 

conversion factor to convert Hz to ms. Each time step was treated as a Bernoulli trial, and 

if a spike was generated, the subsequent probabilities were modified by multiplying them 

by an exponential function to represent the refractory period of the grid cell according to 

refractory(ݐ) = {1 − ݁−(௧−௧ೞ)/ఛ, ݐ ≥ ,௦0ݐ ݐ <  ,௦ݐ
with a time constant ߬ = 35 ms, estimated from intracellular recordings85. 

LEC input 

In contrast to MEC-driven spatial input, LEC activity was modeled as behavior-

independent contextual input. LEC neurons were driven by homogeneous Poisson 

renewal processes with fixed mean firing rates, reflecting experimental observations that 

LEC responses are weakly modulated by spatial position but strongly influenced by 

environmental content and novelty. This simplified representation isolates the distinct 

functional contributions of MEC and LEC to hippocampal processing while maintaining 

biologically plausible input statistics. 

Together, this input framework provides behaviorally relevant driving signals that enable 

the hippocampal network to operate under realistic exploratory conditions while 

preserving the functional distinction between spatial and non-spatial entorhinal inputs. 

Two-stage optimization framework 

Model parameters were optimized to align neuronal and network dynamics with 

experimentally reported electrophysiological constraints. Optimization was performed 

hierarchically in two stages, progressing from single-neuron-level to neuronal-network-

level dynamics, while preserving anatomically constrained connectivity50 (Fig. 4b). 
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Single-neuron-level optimization of synaptic dynamics 

Synaptic parameters were first optimized at the single-neuron level to reproduce 

experimentally measured unitary PSP waveforms. PSP dynamics were quantified using 

peak amplitude ( ܲܯܣ ) and half-height width ( ܹܪܪ ). For a given synapse from 

presynaptic neuron ݅  to postsynaptic neuron ݆ , PSP was simulated by activating the 

synapse with single-neuron-level synaptic parameters, conductance ݓ௜,௝௦  and time 

constant ߬௜,௝௦ , onto the postsynaptic Izhikevich neuron held at rest. The single-neuron-level 

loss function was defined as the sum of absolute errors between simulated and target 

PSP metrics: ܮ௦ = |(ܲܯܣ)݁| +  A quadratic optimization method was used to .|(ܹܪܪ)݁|

iteratively update synaptic parameters until convergence (Fig. 4b).  

To reduce parameter dimensionality for synapses with both fast and slow receptor 

components, their relative conductances and decay kinetics were constrained prior to 

connection-specific optimization. For excitatory synapses, the NMDAR/AMPAR 

conductance-ratio was determined by matching simulated AMPAR and NMDAR peak-

current ratios to experimental measurements obtained at (-70) and (+40) mV, respectively, 

thereby accounting for receptor-specific driving forces and the voltage-dependent Mg2+ 

block of NMDARs86,87. For inhibitory synapses, the GABABR/GABAAR gain ratio was fixed 

at 0.07 based on available experimental measurements88,89. 

The slow receptor decay constants were constrained by empirical relationships derived 

from literature-reported and model-fitted receptor kinetics89–101: ߬NMDA = 2.26 ߬AMPA + 12.6 ms ߬GABAB = 4.60 ߬GABAA + 115.8 ms 

These relationships were used to couple fast (߬஺ெ௉஺, ߬ீ஺஻஺ಲ) and slow (߬ேெ஽஺, ߬ீ஺஻஺ಳ) 

decay kinetics and reduce the number of independently optimized parameters. 

For connections constrained by an isolated fast-component PSP, the slow-component 

gain was set to zero, and ݓ  and ߬fast were jointly optimized. For connections containing 

both fast and slow components, the slow-to-fast conductance ratio was fixed, while ݓ  

and ߬fast  were optimized; ߬slow  was calculated from the corresponding empirical 

relationship at each candidate value of ߬fast.  
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After convergence, time constants ߬௜,௝௦  were fixed. Synaptic conductances ݓ௜,௝௦  were used 

as initial values for the subsequent network-level optimization. For each presynaptic-to-

postsynaptic projection, a single optimized parameter set was shared across the entire 

population. For simplicity, the subsequent network-level optimization denotes synaptic 

conductance and decay time constant by ݓ and ߬, respectively, since the fast and slow 

components are coupled, and therefore, each is represented by a single independent 

degree of freedom. 

Network-level optimization of synaptic weights 

Following single-neuron-level optimization of individual synapse types, network-level 

synaptic conductances ݓ௜,௝௦  were collectively optimized to reproduce in vivo population 

activity (Fig. 4b). The network objective incorporated three complementary measures: 

mean firing rate (ܴ), population correlation (ܥ), and oscillatory band power (ܱ). We denote 

these measures by ܯ௞(௤)
, where ݇  indexes the neuronal population and ݍ ∈ {ܴ, ,ܥ ܱ} 

denotes the activity measures. For each measure, the corresponding loss was defined as 

the difference between the simulated and target values as: ܮ௤ = ∑ ௞(௤),simܯ| − |௞(௤),targetܯ ௞(௤),target|⁄௞ܯ|  

When multiple frequency bands were considered, the oscillatory measure was evaluated 

separately for each band and averaged. The overall network-level loss was ܮ௡ = ∑ ௤௤ܮ . 

Unlike single-neuron-level optimization, which involved only two parameters and single-

neuron simulation, network-level optimization was high-dimensional and required full-

network simulation. To efficiently navigate the high-dimensional, non-convex parameter 

space, we developed a hybrid optimization method that combines the Nelder–Mead 

simplex search with physiologically informed initialization and updates (Fig. 4b).  

The optimization was initialized by evaluating the network using the results of the single-

neuron-level optimizationݓ௜,௝௦  as initial values. ܯ௞(௤)
 were measured over a time window (2 

seconds) to ensure stable measurements. The initial simplex was biased toward 

directions suggested by physiological insights; for example, firing rates below target 

prompted increases in excitatory or decreases in inhibitory conductances. However, 
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parameter exploration was allowed to cover the full range (0.1 ݓ௜,௝௦ ௜,௝௦ݓ 10 , )  so all 

physiologically possible values could be explored. Standard Nelder–Mead operations, i.e., 

reflection, expansion, contraction, and shrinkage, were then applied to generate 

candidate solutions. An additional physiologically informed candidate ݓinformed  was 

introduced and retained if it outperformed all simplex vertices. The worst-performing 

vertex was then replaced, and the procedure iterated as in the standard Nelder–Mead 

method (Fig. 4b). 

This hybrid strategy integrates gradient-based physiological insights into a gradient-

agnostic Nelder–Mead framework with minimal additional computational overhead. The 

Nelder–Mead component provides robustness when gradients are unreliable, while 

physiologically informed updates accelerate convergence when local physiological 

information is beneficial. 

GPU-accelerated online parameter updating 

Network-level optimization was performed during continuous simulation using 

CARLsim6’s built-in scaleWeights functionality48 that enables synaptic weights to be 

updated on the fly without resetting the network state or re-invoking large, initial transients 

(Fig. 1c). This approach reduces computational overhead, preserves temporal continuity, 

and enables efficient evaluation and optimization of network dynamics over behaviorally 

relevant timescales. 

The scaleWeights function is thread-safe and supports hybrid computing environments 

with up to 24 CPUs and 8 GPUs on both bare-metal servers and virtualized clusters. 

CARLsim6 employs a dedicated host-side manager process that coordinates spiking 

neuronal network simulation at discrete 1-millisecond time steps. Before each simulation 

step, the synaptic weights of a specified connection group can be updated by its 

connection-group identifier. The corresponding weight block is first transferred from GPU 

device memory to host memory using a high-performance block-copy operation. The 

manager then scales all weights in the connection group by a specified scalar factor, after 

which the updated block is transferred back to device memory. This mechanism enables 

efficient online modification of synaptic parameters during ongoing simulation and is 

designed to operate with up to 789 GB of distributed GPU memory. 
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Simulation platform, hardware, and large-scale network support 

All simulations were performed using CARLsim, a GPU-accelerated spiking neuronal 

network simulator designed for large-scale, biologically grounded network models48. 

CARLsim exploits the inherent parallelism of spiking neuronal networks by distributing 

neuron and synapse computations across massively parallel GPU kernels (Fig. 1c). 

Neuronal dynamics were updated at a fixed 0.1-ms simulation step, with event-driven 

synaptic processing to reduce computation under sparse-firing conditions. Memory-

efficient data structures supported large, heterogeneous connectivity graphs, multiple 

receptor types, and axonal conduction delays. 

As part of this project, CARLsim6 was extended and optimized to support anatomically 

constrained, large-scale hippocampal models38,39. A very-large-scale (VLS) configuration 

increased the maximum number of supported neuron groups from 96 to 211 and 

connection groups from 256 to 32,000, enabling representation of the large number of 

cell-type- and pathway-specific connections in the hippocampal model. Runtime memory 

structures were reorganized for efficient multi-GPU partitioning and multithreaded 

execution, and additional functionality enabled neuronal and synaptic parameters to be 

modified during ongoing simulations and custom optimization routines to be integrated 

directly into the simulation loop. 

The multi-GPU implementation supports hybrid computing systems with up to 8 GPUs 

and 24 CPUs, enabling the distribution of network state and computational load across 

devices. For smaller networks, however, inter-device communication can offset the 

benefits of parallel execution; previous benchmarking of standard 80/20 cortical networks 

identified a crossover at approximately 300,000 neurons102. We therefore implemented 

the model used in this study at one-tenth scale, comprising approximately 250,000 

neurons and 20 million synapses. This scale preserved the complete anatomical 

organization, neuronal diversity, and pathway structure while providing shorter 

turnaround times for iterative parameter optimization and validation. 

Despite its reduced scale, the model remains computationally demanding due to its 

heterogeneous synaptic architecture and the use of the nine-parameter Izhikevich neuron 

model, which was numerically integrated using a fourth-order Runge–Kutta (RK4) method 
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with 10 integration steps per millisecond. At this network size, single-GPU execution 

avoided multi-device communication overhead and provided the most efficient 

configuration. Simulations and benchmarks reported here were therefore performed 

primarily on a single NVIDIA Quatro RTX 6000 GPU with 105 GB of CPU memory and 

24 GB of GPU memory. 

Scaling to the full-sized model 

Scaling to the full-sized hippocampal model requires partitioning network state and 

computation across multiple GPUs while balancing computational and memory loads and 

minimizing inter-GPU communication. We designed an anatomically informed partitioning 

strategy in which the hippocampal network is divided along its longitudinal axis into slices 

spanning EC, DG, CA3, and CA1. Each partition, therefore, contains the major local 

circuitry and complete trisynaptic pathway from EC through DG and CA3 to CA1 (Fig. 

2b). 

This strategy leverages the intrinsic topographic organization of hippocampal connectivity 

as represented in the model. Because inter-region projections were constructed from 

tracer-derived spatial probability distributions, neurons preferentially connect to 

anatomically corresponding portions of downstream regions, with connectivity generally 

becoming sparser as longitudinal separation increases. Grouping corresponding portions 

of EC, DG, CA3, and CA1 within the same computational partition therefore maximized 

within-partition connectivity while reducing synaptic communication across GPUs and 

preserving functionally coherent circuit modules. 

Computational scaling measurements further support the feasibility of full-scale 

simulation (Fig. 4a). Independent extrapolations based on neuron and synapse counts 

yielded closely agreeing estimates of approximately 700 GB of CPU RAM, 144 GB of 

GPU memory, and a runtime factor of ~50 for the full-sized network. Although these 

requirements exceed the resources of the single-GPU workstation used in the present 

study, the estimated GPU memory requirement is within the aggregate capacity of current 

high-memory multi-GPU systems. In addition, runtime exhibited sublinear scaling with 

network size over the benchmarked range, indicating that computational cost increased 

more slowly than network size. 
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Together, CARLsim6's distributed multi-GPU architecture, anatomically informed 

partitioning, and the measured scaling characteristics provide a computational pathway 

from the one-tenth-scale model used for efficient optimization and validation in this study 

to full-scale hippocampal simulation while preserving the model's anatomical, cellular, 

and synaptic organization. 
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Data availability 

The synthetic data generated using the large-scale model of the hippocampus will be 

publicly available on GitHub at: https://github.com/neural-modeling-and-interface-lab/ 

upon publication. 

Code availability 

The code supporting this study will be available on GitHub at: https://github.com/neural-

modeling-and-interface-lab/ upon publication. 
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