INFERRING CORTICAL NETWORK STRUCTURE FROM PATTERNS OF CORRELATED ACTIVITY AGROSS CELL TYPES
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= The cerebral cortex performs the most complex operations in the o drives network from stability to \

mammalian brain including sensory, motor, and cognitive processes iR instability. Max real eigenvalue of "
= Neurons exhibit correlated activity which impacts brain computation E Rl the  Jacobian ma.trbf | rapiqlly
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= Two-fold approach:
o Develop expression for correlations in neural activity which is both
Interpretable and computationally efficient

o Design algorithm to infer network parameters from neural activity 3 MUDEI_ING CURREI_ATIUNS
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4. INFERRING PARAMETERS
2. ANALYZING STEADY STATE BEHAVIOR : _
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