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Visual cortex may leverage the natural covariance between
perceptual features and semantic properties (e.g., Groen et al.,
2017; Long et al, 2018). Here we directly tested this hypothesis
by answering the following question:

Does visual cortex represent perceptual features that support
the efficient decoding of large numbers of semantic properties?
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Quantifying semantic information in visual representations
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Alternative  Ventral visual stream
perceptual
representations

HOW CAN WE QUANTIFY THE AMOUNT OF SEMANTIC
INFORMATION THAT CAN BE DECODED FROM IMAGE-
COMPUTABLE PERCEPTUAL FEATURES?

We developed a statistical measure called semantic
dimensionality that quantifies the number of semantic properties
that can be decoded from a set of image-computable
perceptual features.

We combined this method with fMRI to estimate the semantic
dimensionality of perceptual feature tuning in the high-level
visual cortex.

~

Image-computable encoding models and in-silico experiments Semantic dimensionality

| . . N
We extracted visual features from CNN layer activations and fit voxel-wise HOW MANY SEMANTIC DIMENSIONS CAN WE DECODE FROM
encoding models for fMRI responses to 81 object categories in the VISUAL-CORTEX TUNED FEATURES?

occipitotemporal cortex.
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Language-derived semantic properties
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Results

\
ENCODING MODELS OF HIGH-LEVEL VISUAL CORTEX HAVE HIGHER

SEMANTIC DIMENSIONALITY SCORES THAN STATISTICALLY-
MATCHED BASELINE MODELS.
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Top principal components of high-level visual cortex represent more
semantic information than those of early visual cortex.
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Our findings generalize across models (AlexNet, VGG16), datasets
\(THINGS, ImageNet), and word embeddings (Word2Sense, Word2Vec). )

Conclusions

/

* We propose a rigorous statistical assessment of the latent semantic content
of perceptual feature representation.

* The efficiency of decoding semantic properties from perceptual-feature
tuning in the ventral visual stream is higher than alternative tuning profiles for
the same CNN representations.

» Ongoing work investigates whether tuning for semantic dimensionality
develops independently or as a consequence of optimizing for object
recognition.
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HOW CAN WE QUANTIFY THE AMOUNT OF SEMANTIC
INFORMATION THAT CAN BE DECODED FROM IMAGE-COMPUTABLE
PERCEPTUAL FEATURES?

We developed a statistical measure called semantic dimensionality that
quantities the number of semantic properties that can be decodea
from a set of image-computable perceptual features.

We combined this method with TMRI to estimate the semantic

dimensionality of perceptual feature tuning in the high-level visual
cortex.
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Visual cortex may leverage the natural covariance between
perceptual features and semantic properties (e.g., Groen et al.,
2017; Long et al, 2018). Here we directly tested this hypothesis
by answering the following question:

Does visual cortex represent perceptual features that support
the efficient decoding of large numbers of semantic properties?
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Our findings generalize across models (AlexNet, VGG16), datasets
\(THINGS, ImageNet), and word embeddings (Word2Sense, Word2Vec). )

Conclusions

/

* We propose a rigorous statistical assessment of the latent semantic content
of perceptual feature representation.

* The efficiency of decoding semantic properties from perceptual-feature
tuning in the ventral visual stream is higher than alternative tuning profiles for
the same CNN representations.

» Ongoing work investigates whether tuning for semantic dimensionality
develops independently or as a consequence of optimizing for object
recognition.
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We extracted visual features from CNN layer activations and fit voxel-

wise encoding models for tMRI responses to 81 object categories in
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Language-derived semantic properties
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We used Word2Sense (Panigrahi et al., 2019), high-dimensional sparse interpretable
embeddings, as a proxy for a large number of abstract semantic dimensions.

Semantic embedding dimensions

. dp di a2 d2250
'g Aardvark ol o o e [
3| Accordion oy o oo ... u
o . . : .
O) :
9 Zipper O O O coe []
8 Zucchini Oy O O []
Semantic dimension examples
o rtichoke 4 roc$oli ‘squirrel
. ¢ .cucunée. Bage 0 ‘coyote
0 | mongoose
- - ac i&%aedish che ’Wf‘r; 0ssum
o S >
% % 0.1> ‘)aS” i <0 19%9=" 151 arag 0.10 %ﬁ . Rﬁt§ |
9 95)_ 0.10! b ‘L*"L Plaraekin skunk ‘Wease
—g ~ .& e .:\ e 0.05 fanhl Opmmus
0 0.05 NCRRILEOC ard
..,.’ .\. B e oni
0.00 FEINEH ;J > "\VEGETABLE" 0.00 “WILD ANIMAL"

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

\ Embedding value (actual)

~




Semantic dimensionality
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Results

-
ENCODING MODELS OF HIGH-LEVEL VISUAL CORTEX
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Findings generalize across models (AlexNet, VGG16),
datasets (THINGS, ImageNet), and word embeddings
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Conclusions

» We propose a rigorous statistical assessment of the latent semantic content of perceptual

feature representation.
* The efticiency of decoding semantic properties from perceptual-feature tuning

In the ventral

visual stream is higher than alternative tuning profiles for the same CNN representations.
» Ongoing work investigates whether tuning for semantic dimensionality develops

independently or as a consequence of optimizing for object recognition.
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