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Figure 1. (Top) Classical RNNs employ all-to-all connectivity 
with unconstrained hidden layers. (Bottom) Biophysical 

RNNs implement I/O masking and spatial embedding based 
on multi-modal neurobiological maps.

Figure 2. Training incorporates a spatial loss term that 
penalizes connections between distant nodes, encouraging 

biologically plausible weight structures.

Figure 3. Training performance on Go/No-Go (left) and 
Delayed Match to Sample (right). For simple tasks, masking 

alone suffices. For complex tasks, embedding is crucial 
for recovering performance when masking is applied.

Figure 4. Simulated vs. empirical intrinsic neural 
timescales (INTs). Vanilla RNNs show weak negative 

correlation (rho = -0.21), while bioRNNs exhibit strong 
positive correlation (rho = 0.47, p less than 0.001), 

indicating biologically realistic dynamics.
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We developed biophysical recurrent neural 
networks (bioRNNs) that address these 
limitations through two key constraints:
1. I/O Masking: Restricts inputs to sensory 

cortex and outputs to association cortex
2. Spatial Embedding: Constrains 

connectivity based on the sensorimotor-
association gradient

Objectives

• Biological constraints provide useful 
inductive biases that accelerate learning

• Embedding rescues performance for 
complex tasks when I/O masking is applied

• bioRNNs exhibit neural dynamics that 
closely match empirical fMRI (r = 0.47, p 
less than 0.001)

Key Findings

Incorporating simple biological constraints into 
RNNs allows them to capture fundamental 
aspects of neural computation.
bioRNNs provide versatile experimental 
platforms bridging neuroscience discovery and 
AI advances.
Future work: Incorporate more nuanced 
biological constraints and interrogate structure-
function relationships in psychiatric conditions.

Conclusions

• Systems neuroscience: Tools for testing 
how brain structure constrains function

• Developmental neuroscience: Modeling 
cortical hierarchy emergence

• Clinical applications: Disease modeling by 
perturbing biological constraints

Implications
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Understanding how brain structure shapes 
neural dynamics is fundamental to explaining 
cognition, development, and disease.
Recurrent neural networks (RNNs) are 
powerful tools for modeling neural dynamics, 
but typical architectures exhibit the 
following critical departures from biology:
• All-to-all connectivity: Every node 

processes inputs and contributes to outputs
• No spatial constraints: Hidden layer 

connections ignore brain organization

Background

Network Architecture
• 100 nodes representing cortical regions 

(Schaefer atlas)
• Embedding uses inter-regional distances 

along the cortical hierarchy
Training
• 100 bioRNNs trained on Go/No-Go and 

Delayed Match to Sample tasks

• Compared against physical embedding and 
unconstrained RNNs

Validation
• Intrinsic neural timescales compared to 

empirical resting-state fMRI from HCP data

Methods Overview

Network Architecture

Training Process

Results

RNNs

bioRNNs

step 1
initialize hidden weights 

randomly or inherit 
from prev. epoch

hidden 
layer

step 2
pass inputs to 

RNN and record 
outputs

step 3

calculate task loss 
and spatial loss

out.
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step 4
backpropagation: 

update RNN weights 
to minimize loss
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