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(b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation
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HXHR

R-CNN (Girshick et al., 2014); Fast R-CNN (Girshick, 2015);
Faster R-CNN (Ren, He, Girshick, & Sun, 2015); YOLO
(Redmon et al., 2016); SSD (Liu et al., 2016); R-FCN (Dai,
Li, He, & Sun, 2016); MS-CNN (Cai et al.,2016) ; RetinaNet
(Lin, Goyal, Girshick, He, & Dollar, 2017); YOLOv3
(Redmon and Farhadi, 2017) ; Mask R-CNN (He et al.,
2017); Mask”~X R-CNN (Hu et al., 2017) ; PointNet (Qi et
al., 2017); Complex-YOLO (Simon et al.,2018); Panoptic
Segmentation (Kirillov et al.,2018)
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VGG-16
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Detections:8732 per Class
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(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)
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AlexNet (Krizhevsky, Sutskever , and Hinton, 2012); NIN
(Lin, et al., 2014); VGG (Simonyan and Zisserman, 2014);
Inception (Szegedy, et al, 2015); GooglLeNet (Szegedy, et
al., 2015); Batch Normalization (loffe and Szegedy, 2015);
ResNet (He, et al., 2015); Dilated Convolutions (Yu and

Koltun, 2015); DenseNet (Huang, et al., 2016); FPN (Lin et
al., 2017); ResNext (Xie et al., 2017)
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Deep Neural Networks Rival the Representation of @
Primate IT Cortex for Core Visual Object Recognition

Charles F. Cadieu', Ha Hong ", Daniel L. K. Yamins', Nicolas Pinto', Diego Ardila’, Ethan A. Solomon’',
Najib J. Majaj', James J. DiCarlo’

1 Department of Brain and Cognitive Sciences and McGovem Institute for Brain Research, Massachus etts Institute of Technology, Cambridge, Massachusetts, United States.
V4 Cortex B |T Cortex Pty Sol . : 5 2
‘of America, 2 Harvard-MIT Division of Health Sciences and Technology, Institute for Medical Engineering and Science, Massachusetts Institute of Technology, Cambridge,

in brief presentations, and

‘ bn (aka. core visual object
e 7 ferior temporal (IT) cortex. In

of object recognition using

[ A N tional performance of DNNs

unifying metric that accounts

tes, and the number of trials,

number of classifier training

mitations and computational

measures the generalization

N accuracy as a function of representational complexity. Our evaluations show that, uniike previous bio-inspired models, the
Zeiler & Ferqus 2013 latest DNNs rival the representational performance of IT cortex on this visual object recognition task. Furthermore, we show
g that models that perform well on measures of representational performance also perform well on measures of

Neural Representa

representational similarity to IT, and on measures of predicting individual IT multi-unit responses. Whether these DNNs rely
on computational mechanisms similar to the primate visual system is yet to be determined, but, unlike all previous bio-
inspired models, that possibility cannot be ruled out merely on representational performance grounds.

Model Representations

C. F. Cadieu, H. Hong, D. L. K. Yamins, N. Pinto, D. Ardila,
et al., “Deep neural networks rival the representation of
primate IT cortex for core visual object recognition”, PLoS
Comput. Biol., vol. 10, no. 12, pp. e1003963, Dec. 2014.
doi:10.1371/journal.pcbi.1003963

Model Representations
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Abstract

The primate visual system achieves visual object e even in brief p and
under changes to object exemplar, geometric ransformations, and iR e e

This is mediated by the representation formed in inferior temporal (IT) cortex. In
parallel, recent advances in machine learning have led to ever higher performing models of object recognition using
anificial deep neural networks (DNNs). It remains unclear, however, whether the representational performance of DNNs
rivals that of the brain. To accurately produce such a (umpansan a major difficulty has been a unifying metric that accounts
for experimental limitations, such as the amount of noise, the number of neural recording sites, and the number of trials,
and comp such as the ity of the decoding classifier and the number of classifier training
examples. In this work, we perform a direct comparison that corrects for these and
considerations. As part of our memochcgy we propose an extension of “kemel analysis” that measures the generalization
accuracy as a function of Our ions show that, urlike previous bio-inspired models, the
latest DNNSs rival the representational performance of IT cortex on this visual object recognition task. Furthermore, we show
that models that perform well on measures of representational performance also perform well on measures of
representational similarity to IT, and on measures of predicting individual IT multi-unit responses. Whether these DNNs rely
on computational mechanisms similar to the primate visual system is yet to be determined, but, unlike all previous bio-
inspired models, that possibility cannot be ruled out merely on representational performance grounds.

relative distance

Meural Representations

Model Representations
+ [T-fit

C. F. Cadieu, H. Hong, D. L. K. Yamins, N. Pinto, D. Ardila,

et al., “Deep neural networks rival the representation of
primate IT cortex for core visual object recognition”, PLoS
Comput. Biol., vol. 10, no. 12, pp. e1003963, Dec. 2014.
doi:10.1371/journal.pcbi.1003963

Model Representations
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