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Background Do artificial neural networks emulate the latent topological Expected Results

structures found in biological neural networks?

= Neural systems often develop low-dimensional representations that Positive Case:
capture the intrinsic geometry of the data. » Internal representations align with the task’s topology (e.g., circular

* |n biology, examples such as rodent head direction cells form circular manifolds for cyclic tasks or spherical surfaces for spatial tasks).
manifolds, capturing the topology of spatial variables. = Visualization methods reveal clear low-dimensional structures—such

* |n deep learning, internal activations tend to condense into lower- as rings or surfaces—that correspond to the expected topology.
dimensional embeddings, although their topological nature is not yet fully » TJopological metrics (e.g., persistent homology, Betti numbers) show
understood. significant features matching theoretical predictions.

» The goal is to explore whether ANNs trained on tasks with explicit Negative Case:
topological structures (planar, spherical, cyclic) reveal similar geometric » The network fails to develop distinct topological structures;
representations. embeddings appear diffuse or lack clear geometric patterns.

» Bridging insights from neuroscience and machine learning could improve = Dimensionality reduction methods do not reveal meaningful low-

model interpretability and inspire new architecture designs. - | S dimensional manifolds that correspond to the inherent topology of the
[image taken from Chaudhuri et. Al. 2019] data

Prior Work Proposed Methodology
» Neuroscientific studies have identified manifold-like activity patterns in Datasets: Architecture Plan for LIDAR Data . .
systems such as rodent head direction cells (Peyrache et al., 2015; Tasks with clearly defined topologies (e.qg., planar/spherical (BEV Model): DISCU SSIOoN

= TDA metrics do not show statistically significant topological invariants,
suggesting that the current training regimes may not encourage such
representations.

Chaudhuri et al., 2019), motor cortex dynamics (Elsayed et al., 2016), and coordinates in Apolloscape, toroidal temporal variables, graph- Poi ,
. . . oint Cloud Encoder: Use

hippocampal representations (Bernardi et al., 2020). structured road networks). PointNet++ or PointPillars-style Implications for Neuroscience & Al:
= Previous deep Iearning research shows that representations in CNNs and Model Architectures: networks to extract Spatial = |f ANNs exhibit topo|ogica||y meanmgﬂ” internal repregentat]ongl it

transformers tend to become low-dimensional (Ansuini et al., 2019; Cohen Graph neural networks (GNNs) for road network graphs. features from raw LiDAR data supports the notion of shared computational principles between

et al.,, 2020), though these studies did not explicitly focus on aligning such 3D models (or point-based models) for LIDAR point clouds. | biological and artificial systems.

representations with the intrinsic topology of the data. Use recurrent or transformer-based sequence models for cyclic Temporal Module: Integrate an = Positive results could enhance model interpretability by linking network
= Some exploratory work in language models and molecular embeddings and/or temporal data. LSTM/GRU or Transformer layer activations to well-understood topological constructs.

has hinted at structured internal representations. Analysis Technigues: to track movement and develop Challenges and Considerations:
* There remains a significant gap in testing whether ANNs can naturally Extract intermediate activations and weights from key layers (point  a sense of direction over time. » A lack of clear topological structure might indicate that standard

develop embeddings that mirror the inherent topology of training data. cloud ehcodep temporal quule, prediction head). Direction Prediction Head: A training paradigms are insufficient for inducing such representations.

— - s o Apply dimensionality reduction techniques (PCA, t-SNE, UMAP) to classification/regression module = Results could motivate the exploration of new training strategies (e.g.,
- | . - visualize the structure of these embgddmgs. | to predict the agent's current topology-based regularizers) to gquide the learning process.
or - v | I Compute persistent homology, Betti numbers, etc. to quantify the heading. Findings may offer insights into why certain architectures are particularly

topological features of the representations. effective for tasks involving spatial or cyclic data. Could suggest design
principles in neuroscience-inspired models and more explainable Al systems.
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