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A central enigma in modern machine learning and high-dimensional statistics is why gradient-based algorithms 
efficiently navigate strongly non-convex, rugged loss landscapes to find high-quality solutions. In this seminar, we 
explore this problem by dissecting the spectral properties of the Hessian matrix through the lens of the Baik-Ben 
Arous-Péché (BBP) transition, bridging theoretical statistical physics with algorithmic performance.
First, we analyze the role of the time-dependent Hessian during gradient descent in prototypical inference tasks 
like Phase Retrieval. We show how an early-time window of negative curvature allows the system to escape rough 
regions before a dynamical BBP transition traps the trajectory in a maze of marginally stable bad minima. We 
then demonstrate how architectural choices, specifically overparameterization, fundamentally "bend" the loss 
landscape at initialization. By exploring these overparameterized regimes, we show that the landscape behavior 
can shift from a standard continuous transition to a novel discontinuous BBP transition, altering the very nature 
of how a hidden signal is detected. Crucially, this overparameterized limit can push the recovery threshold down 
to the information-theoretic weak-recovery limit.

Finally, we highlight how both early-time dynamics and these discontinuous transitions are accompanied by 
massive finite-size (M,N) corrections. These effects create an extended, pre-critical region where informative 
directions emerge well below the asymptotic thresholds, explaining why finite systems exhibit strong sample-to-
sample variability and can successfully recover planted signals under hostile signal-to-noise ratios.


