A single computational objective may not be sufficient for human-like fac
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QUESTION

Recent evidence suggests that domain
specificity develops from a single, do-
main-general computational objective

Can such an objective account for hu-
man-like face discrimination?

Margadlit et al (2024)
Finzi et al (2023)
Prince et al (2023)

TRAINING

We trained deep neural networks (DNNs)
with unlabeled images and a self-supervised
loss function
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ResNet-50 backbone

He et al (2015)

DNNs were trained on diets consisting only
of faces or objects...

VGGFace?
Cao et al (2017) n = 400,000
images per
category

ImageNet- | k* rlT'

Russakovsky et al (2014) ‘

...ahd were subsequently tested on their
respective category

*Object classes manually selected to exclude
face & face-like images (Dobs et al 2022)

MATCH-TO-SAMPLE

Zero-shot discrimination
In the manner of Dobs et al (2023)

Evalute discriminaton performance on
novel face & object classes

How do DNNs compare to human
performance (n=3732 subjects)

LINEAR DECODING
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RESULTS ...FACES?

Match-to-sample (zero-shot) Are. faces s.peC|aI., or.dc.> th.ese results extend
0 s oo to fine-grained discrimination of any category?

Supervised networks perform

To find out, we trained new networks on diets

3 Z comparably to humans o
3 % consisting only of , faces, cars, or dogs
) % Bk Face but not discrimination
| HE d.rops precipitously in self-super- 2 = 100,000 images
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Linear decoding
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Linear transfer learning (LTL)
In the manner of Zhuang et al (2021)

Train a linear classifer to
decode the full set of classes
in the original datasets

Frozen weights

Perform gradient descent
over millions of images to
classify thousands of classes

Increase training & the number of classes...

DISCUSSION

A single computational objective, in the absence of labeled data, does not account for both object
and face discrimination

Human-like face discrimination may require a prior on the number, grain, or category of labels in
the representation space

Irained classifier
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