Neuronal Dimensions Underlying Representations in Lateral

Nina Beck', Simon Wein?, Jens Volkmar Schwarzbach?, &

2. Department of Psychiatry and Psychotherapy, University of Regensburg,

Introduction Methods

Occipitotemporal Cortex

1. Chair of Cognitive Neuroscience, University of Regensburg, Regensburg, Germany

Angelika Lingnau®

Regensburg, Germany

/(/ \\ 1. Dataset: Natural Scenes Dataset (NSD) [6]

* High-resolution 7T functional magnetic resonance
* The lateral occipitotemporal

imaging (fMRI) data
2188 trials of shared images across 8 subjects
cortex (LOTC) plays a central role In
action understanding [1,2], yet its

* Subjects splitinto Phase 1 (1,2,5,7) and Phase 2 (3,4,6,8)
exact representational structure

“Have you seen
remains unclear [2].

this image
before?“

» Voxel Decomposition enables ime
access to fine-grained and =xampte Trial
spatially overlapping information 2. Alighment: Anatomical vs. Hyperalighment
within functionally organized neural « NSD-single trial beta estimates mapped to fsaverage
populations [3]. template brain surface

* Anatomical Alignment to MNI-Space

* (Ridge) Hyperalignment improves  Hyperalignhment creates a common representational
functional decoding by minimizing space across participants
inter-individual variability [4,5]. (a) Unique patterns of ~ (b) Individual (c) A common model

vertex activations transformation matrices that minimizes the

distance between
corresponding vectors
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* This study aims to identify the
neural dimensions underlying
representations in the LOTC by
employing a purely data-driven

approach combining Voxel X &
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alighment. A 2
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Hyperaligning two subjects (adapted from [7])

Results — Anatomical Alignment (Phase 1)

3. Voxel Decomposition: 50 runs of NMF

* Data (D) reduced to component responses (R) and
vertex weights (V)

* Optimal number of components determined Vvia
Bayesian Information Criterion (BIC)

 Components mapped onto brain using V.pie

 Extraction of the highest and lowest loading images

using Rstable
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Bayesian Non-Negative Matrix Factorization (NMF) (adapted from [3])

4. Labeling of Components: LLM

* Performed by phase and alighment technique
 Sentence Transformer: “all-mpnet-base-v2”

* Text Generator: “gemini-2.5-flash”

LLM Pipeline
160
representative
800i : captions
image captions ————3> (NN, - - > —)

5 (Captions)
x 20 (Number of images)
x 4 (Su_?Jects :jng’f:tase) Select caption with “1. Provide a short semantic label
x 2 (Top and bottom) highest cosine similarity (1-3 words).

to mean embedding 2. Indicate if labeling is easy or hard.

= 800 Captions 3. Give a one-sentence description of
the component.”
4. List 3-5 ranked keywords.”
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* Voxel Decomposition identified five functionally distinct action components in the right
LOTC for both alignment methods.

* Ridge Hyperalighment produced more stable and generalizable components, reflected in
higher inter-subject correlations, greater thematic consistency, and more distinct yet
overlapping activation patterns.

* The nature of the extracted components differed depending on the alignment technique,
suggesting that functional tuning may reside in fine-grained, individual-specific activity
patterns and is therefore best captured using Hyperalignment before further analyses.

* Future analyses will assess inter- and intra-subject similarity of neural activation patterns
within the extracted component structure using the Wasserstein metric.
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