Probabilistic Models of the Visual Cortex.
Prof. A.L. Yuille (Dept. Statistics)

Joint appointments: Computer Science, Psychiatry, Psychology.

Course Objectives and expanded course description:

The course gives an introduction to state of the art computational models of the mammalian visual
cortex. It covers topics in low-, mid-, and high-level vision. It briefly discusses the relevant evidence from
anatomy, electrophysiology, imaging (e.g., fMRI), and psychophysics. It concentrates on mathematical
modelling of these phenomena taking into account recent progress in probabilistic models of computer
vision and developments in machine learning. The course is aimed at students in the Phsyical Sciences
and Engineering (e.g., Statistics,Computer Science, Physics, and Mathematics) who are interested in
Neuroscience and at student in Life Science and the Medical School who are interested in computational
modeling.

The course starts with an overview of the challenges of vision, the architecture of the visual system, and
"big picture" theories about its function. It proceeds by describing basic properties of neurons and
statistical methods for analyzing them. Next it reviews the basic mathematical concepts used
throughout the course, namely probabilistic models defined over graphs. The course then proceeds
through studies of low-, mid-, and high-level vision describing computational models and the behavioral
and neural evidence for them. The course also describes the role of bottom-up and top-down processing
and the coupling of visual cues. The course conjectures that properties of the visual system are driven by
the statistics of the natural world and by the nature of the visual tasks which are performed by an agent
acting in this world.

Week 1.

This week describes the basic challenges of vision, namely the complexity and ambiguity of natural
images and the enormous range of visual tasks. We describe the basic architecture of the visual system
and describes theories for its purpose and the types of neural computations it performs. We summarize
the experimental findings and describe "big picture" theories of what it does.

Week 2.

This week describes models of neurons and groups of neurons. We discuss linear models of cells in the
retina and LGN (e.g., center-surround cells). We introduce probabilistic models of neurons and show
how they relate to thresholded linear models. We discuss models of populations of neurons and their
interactions. We discuss GLMs and how they can be used to estimate properties of groups of neurons.
We discuss models of neurons with computations on the dendritic tree (e.g., B. Mel).

Week 3.

This week gives background material on probability models on graphs. We introduce Markov Random
Fields, Gibbs sampling, and mean field theory. We review the material about neurons (week 2) from this
perspective and show, for example, how standard "neural models" can be derived asmean field
approximations to MRF models.



Week 4.

This describes low-level vision starting with edge detection, sparse coding, divisive normalization
(including simple illumination models to explain why normalization is good), associative fields and
segmentation. We describe the psychophysical phenomena, the computational models, and the neural
evidence.

Week 5.

This week introduces mid-level vision by introducing the ideas of surfaces, depth, and occlusion. This
motivates visual representations such as the 2.1D sketch, intrinsic images, and the 2 1/2D sketch. We
discuss visual cues and computational models for estimating these representations. We discuss how the
computational models relate to the psychophysical phenomena and the neural evidence.

Week 6.

This week describes computational models of motion perception and their relations to psychophysics
and neural evidence. This includes models for the first stages of motion measurement and how local
motion estimates are integrated over space to yield the perception of motion flow. In addition we
describe Bayes-Kalman models for integrating motion estimates over time.

Week 7.

This week describes how different visual can be coupled. We start by introducing weak coupling of visual
cues and discuss the psychophysical evidence and possible neuronal mechanisms. Next we discuss
strong coupling of visual cues and their relation to psychophysics.

Week 8.

This will describes perceptual grouping of low-level visual cues into larger structures and attentional
mechanisms. This includes studies of classic Gestalt phenomena together with more recent studies of
human visual abilities on natural scence. We describe computational models and how they relate to
experimental phenomena.

Week 9.

This week introduces high level vision -- i.e. object detection and scene understanding. We discuss
hierarchical models of vision and of the ventral stream (e.g., Hmax). We review the neural and
psychophysical evidence for these models.

Week 10.

We describe hierarchical computational models of the visual system. This includes Deep Belief Learning
and Compositional Models. We discuss the importance of hierarchies, for addressing the complexity
problem, and the role of bottom-up and top-down processing.

Course Assignments:



There will be four homework assignments which include computational modeling and computer
implementation of the models. There will be a course project.

Grading:

The Grades will be based equally on four homework assignments and the course project (i.e. twenty
percent each).

Reading List:

The course will be based on the 100 page monograph on the visual cortex being prepared by A.L. Yuille
and D. Kersten (U. Minnesota). This monograph will be required reading. In addition, a detailed reading
listwill be prepared from references given in the monograph (which currently contains over 200
references) and other sources.

A.L. Yuille and D. Kersten. Computational Models of the Visual Cortex. Course Notes. In preparation
2013.
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