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Introduction

Visual cortex contains a processing hierarchy
wherein successive processing stages represent
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1. visual features of increasing complexity
2. visual information of increasing timescale
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Why are these two functional hierarchies intertwined?
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In the natural visual world, complex features
(like objects) are stable at longer timescales than
their simpler, constitutive features (like textures)
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“"Feature-Timescale Coupling”
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Visual regions are
intrinsically tuned
to represent
specific
features;
timescales
reflect the
stability of
those features
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Visual regions have
intrinsic biological
timescales;
regions come
to represent
features that
are stable at
their timescale
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The Problem The Solution

Competing theories Make artificial stimuli
aren’t arbitrable in the & invert the coupling of
natural visual world features and timescales
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L ' ' to varying extents, & contingent on functional architecture
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Low-level Feature Pairs [ Texture / Pattern ]

. .

| . | . \ : ~ Visual Region

ff-t- . » .$ - ¢‘ 3 ‘ e = 1 d .. L i \ ‘;“.4 Y & ; ‘ .,: V Al IOV\’ > hi h

ra I I s’ . " T ’ P [ \ ' Y. & " . A n g
( d " 3 > 3 i - W

"Inverse World”

Lines Texture Objects Scenes High-level
eetures
artificially
change
quickly

Long Timescales (shorter

timescales)
< 1-5s > < =5s >

Low-level
features

artificially Low-Level Features

change
slowly

(longer Short Timescales

timescales)
<SO.1S> <0.1—1s>

Dots Regular

World

Regular
World

Inverse
World

» long
» long

Timescale

Timescale

Diamonds Inverse

short

RSC can more flexibly
represent different
types of features, so may

Sti m u I u S Pi IOti n g V1 may be so intrinsically

tuned to represent
lines/edges that its
natural timescale inverts,
tracking texture in both
regular & inverse world

Are features or timescales a more critical
organizing principle of visual cortex hierarchy?

track whatever features
operate at relatively
stable timescales

Human observers (n=90) categorized each feature in the synthetic
images readily (mean accuracy = 95.6%) and rapidly (mean = 2982ms)

Question




