Institute of
Technology

I I H B Massachusett

o Introductlon to Bram Imaglng fMRI and
B “MEG/EEG ®
The Algonauts Workshop

.Yalda Mohsenzadeh
Computer Science and Artificial Intelligence Lab.
MIT, Cambridge, USA |
July2019.




Convnets: Brain Inspired Architectures
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What is fMRI?



Magnetic Resonance Imaging (MRI)
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Functional Magnetic Resonance Imaging (fMRI)
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General Linear Model: Constructing BOLD
signals
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General Linear Model: Constructing BOLD
sighals
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General Linear Model: Constructing BOLD
sighals
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Visual Recognition in the Brain

 What brain regions are engaged in visual processing?
* What kind of representations are held in these regions?

* What algorithms are being carried out by these regions?
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Visual Recognition in the Brain
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Stimulus set
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Representational Similarity Analysis

Stimulus Representational pattern Brain representation
(e.g. images, sounds, other (e.g. voxels, neurons, model units) (e.g. fMRI pattern dissimilarities)

experimental conditions) _ .
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(Kriegeskorte & Kievit 2013, Diedrichsen et al. 2011, Laakso & Cottrell 2000, Kriegeskorte et al. 2008) 14

dissimilarity

Representational dissimilarity matrix
(RDM)



fMRI Track RDMs
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What is MEG?



Magnetoencephalography (MEG) /
Electroencephalography (EEG)
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Magnetic Iield (T)
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MEG Neural Data Decoding

MEG pattern vector at time t Pairwise classification
Train set
' ' Test set
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Time-Resolved MEG RDMs
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Temporal Generalization
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Possible Neural Architectures

Global Maintenance Hierarchy Instant Feedback Feedback Loop Local Loops Accumulators
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A Neural Architecture with Recurrent
Interactions
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Distance Measures
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Reliability
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MEG/ ROI fMRI fusion

Early Visual Cortex (EVC) Inferior Temporal (IT)

MEG-fMRI representational similarity in EVC MEG-fMRI representational similarity in IT
MEG fMRI MEG fMRI
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Cichy et al. 2014, 2016; Mohsenzadeh et al., (2018, 2019) 27



ROIl-based fMRI-MEG fusion
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Dissimilarity
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Summary
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Brain Imaging Methods

MRI
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Brain Imaging Methods

fMRI
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Magnetic Field (T)
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Representational Similarity Analysis

Brain representation Behavior
(e.g. fMRI pattern dissimilarities) (e.g. dissimilarity judgments)
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(e.g. pixel-based dissimilarity) (e.g. face-detector model)

(Kriegeskorte & Kievit 2013, Diedrichsen et al. 2011, Laakso & Cottrell 2000, Kriegeskorte et al. 2008) 34
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