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Visual search tasks

(a) Feature search

(c) Target lacking a feature

Source:
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(b) _Conjunction search ©, * The ease or efficiency of
_ ] = the search tasks are
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S L
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/) i :
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\ .
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/ \ Efficient search
v\ difficult (inefficient)
/ >
Number of distractors searc h .
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V1’s output as a saliency map ...
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Effect of background homogeneity
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21818 Color Theory

0 60 120 180 240 300 360

- e AeIREREERETRENRE - BARS, ORI PRI
- Tt BEUSMIERE,

* ¥ BRI=FPEFIE: Bif(

=48 hue). BERE (brightness) F1IRFIE

(saturation)

- BiF: BRAIERGE,
IR ZERVRK T,

BURTICRAGEER, LIRS TNRIKEBSIRILLETA

- BHE: H¢ERIRENSESRL,

- TEFIRE: EeREEHE,

2025 FA

JOETHIRES RGN, BABS®S, AR,

Introduction and Frontiers of Cognitive Science 18


https://zh.wikipedia.org/zh-cn/%E8%89%B2%E7%9B%B8
https://zh.wikipedia.org/zh-cn/%E8%89%B2%E7%9B%B8
https://zh.wikipedia.org/zh-cn/%E8%89%B2%E7%9B%B8
https://zh.wikipedia.org/zh-cn/%E8%89%B2%E7%9B%B8

?. %/ SOUTHERN UNIVERSITY OF SCIENCE AND TECHNOLOGY
1111

Source:

ENEaIE 18 Color Theory

- (ER=MLRE, JLIBSHREZ AR

- IN&RS, RGBIRE

* NEERERIYECRES BN, G
Ey0E ERGRIZE—EIN, MMtapEseE

- BEBIRE, CMYKIRE

- R/ HES MBI E— LS

AE“ (Cyan )\ ;31:-21‘%' ( mgenta)\ Ef J ( ye”OW ) *I:I 1

I'
I 355
AN

L(key )

2025 FA Introduction and Frontiers of Cognitive Science 19


https://en.wikipedia.org/wiki/RGB_color_model
https://en.wikipedia.org/wiki/CMYK_color_model

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
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Marr’s Theory
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Marr’s Theory
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HaFMEEHR (topological transform) FO#FMER
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O)RR: FEER4SFLE or FAFMER?

- AR OEINeT S, BEfNIAELCR, LLEF=/FF. ESFEERG—E,

* NRNT RS EHARBEIREGAIMERR, IPASRANZIRIEEEHE, £15
RFI=fi. IEATTEXBIFR, AMPERRECEFEFAX S,

% of correct response:
+ WA TERFORS . ' 43.5
- SIEEIZEI 5 ms

- BIERBMZRIEINTHmask .
(AT Z RIS EFZAIR ) - 4 ' 38.5

- BEXOERIMEREE—EF ~_
O

64.5

Source:
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Convolutional Neural Networks

e Convolutional neural networks BOMIBIG . IR A

are currently the standard tools =Sy MR, BE%. X2, §
=], FEfFIEIS

in computer vision research and

L EURUME: ZSHEIRONE: 37
applications. REAE | gmeom mEeme.
HHEAE

N BB, BHTE:
TREE | mmt mmi.

e =R,
SRR | Bimngl, v,




Convolution operation (2-D)

1 1 1 1 1 1 1 1 1
6-+0-+0-+1-+4—+4-+3-+9-+9—

9 9 9 9 9 9 9 9 9

6 9 |

1 9 4 |49 |48|57
1|11

3 3 1 57 | 5.6 |46 | 4.8

* 511 1] 1 =

9 | 9 | 3|2 |56 6.7 | 6.4 |54 |47
1|11

5 | 9| 4| 8| 5|0 57 |6.1|49]48

113l sl ol ol g 3x3 filter

4 X4 output

6X6 image
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Hand coded filters

Sobel filter Sobel filter Laplacian

(vertical) (horizontal) Scharr filter filter

1 o[ -1 1 2 1 3 0 | -3 0 -1 10

2 10| -2 olo|oO - 1l a |
10 O 10

1 0| -1 11 -2 -1 3 0 | -3 01l-110

0 10 20 30 4 50 60
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The idea of convolutional neural network

Not using pre-defined filters, but learning the parameters of filters

2025 FA

Output

Ground truth (e.g.,
edge or not)

Use back propagation to

\ | update parameters

!

Parameters of a ConvNet

Introduction and Frontiers of Cognitive Science

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

30



Convolution over 3-D volumes (cont.)

Element-wise multiplication and then sum

3%X3X%3

6X6X%X3

2025 FA Introduction and Frontiers of Cognitive Science
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Multiple filters ——

* m — —
3xX3X%3 4x4
* 4X4X2
# of filters
6X6%3 3xX3X%X3 4x4
nXnXn, % fXfXn, — (n—f+1X(n—f+1)xXns
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One layer of ConvNet

/T N
] | ReLU
B +b || O ~
* L] —
\(L 5%
3X3X%X3 4x4
RelLU
€ 4X4X2
6X6x3 . — ua[l]»
ua[()] »
3X3X%X3 4x4
uW[l]n “Z[l]" a[l] — g(W[l]a[o] _|_ b[l])
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Pooling layer: Max pooling

Input
8 6
3 10
5 2
3 7

Output
f=2
s =2 4 _
Reduce the size
> of representation
3

Note: max pooling has no parameters to learn

Intuition behind: preserve the features detected

2025 FA
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A complete example (variant of LeNet-5) orgiaiworc vann ecun assey

~
Pool 1 C 2 8 FC3
Conv 1 00 onv Pool 2 8 ~ el
maxpool maxpool 8
f=5 f=2 f=5 f=2 B 8 8 8
S s=1 s=2 s=1 s=2 Flatten 8 8 §
9 B
~ 84
14x14%6 10x10x16 5x5%16 §
32x32x1 28x28x6 O 120
\ ) \ ) 400
| |
Layer 1 Layer 2

Common patterns:
= One or more conv layers followed by a pool layer

= Fully connected layers near the end Softmax layer of 10 output
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ConvNets and Visual Systems

* ConvNets have been proposed as computational models of the visual systems.
(Yamins and DiCarlo, 2016)

Stimulus > Neurons > Behavior

ol >A->E> O

Threshold Pool Normalize
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ConvNets and Visual Systems ...

* In Yamins and DiCarlo’s (2016) work o SN,

* The same image is passed through

, . {) \Z PIT CIT AIT
monkey’s visual cortex. - B o>

* Neural responses from inferior w4 7
temporal (IT, Z T &) is best g "
predicted by responses from the
final layer of ConvNets

Al

/ /}@»W, U

* Neural responses from V4 is better
predicted by an intermediate layer.

Threshold Pool Normalize



https://www.nature.com/articles/nn.4244
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ConvNets and Visual Systems ...

d
* ConvNets models that are better optimized

to solve object classification (#7412 7 ) 50 - . i
produce hidden layer representations that (top “;;’3:3 .
are better able to predict IT neural response > | .
. =
variance. ey .
58 o
o . s . . ope © Y . B
y axis: single-site IT response predictability S
of the last hidden layer of a CNN model. es
&8 - PLOS09
: . > R
* site response: mean firing rate 70-170 ms e V2-like
after image onset. B
g Category/
L& Pixels V1-like ideal
e Each dot represents a CNN model. SIFT observer
0- T 1
0.6 1.0

Categorization performance
(balanced accuracy)


https://www.nature.com/articles/nn.4244

Actual neural response
(black) versus model
predictions of the last
hidden layer of an CNN
model (red)

IT site 56

Test images (sorted by category)

The x axis shows 1,600 test images, none of which were used to train the model.

Images are sorted first by category identity and then by variation amount, with more drastic image
transformations toward the right within each category block.
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(@

Single-site neural predictivity
(% explained variance)

The last hidden layer of the HCNN model best predicts IT responses,
while the second-to-last hidden layer best predicts V4 responses.

2025 FA

(o
o

0

_ Monkey V4
(n =128)

All variables

= Category

Ideal Control
observers models

50

[ Monkey IT
(n =168)

HCNN Ideal ontrol
layers observers models

Introduction and Frontiers of Cognitive Science
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Human

Animate

Not human

Inanimate

ConvNets and Visual Systems e i

Human IT (fMRI) HCNN model

- -t o

* Representational dissimilarity
matrices (RDMs) for human IT
and CNN model.

e Blue color indicates low values,
i.e., image pairs are similar;

* Red color indicates high values,
i.e., image pairs as distinct.

. - ff.o"il.".:

Face|Body|Face |Body

-y "
» .°.‘,-

-

Natural

Artificial
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ConvNets and Visual Systems

¢]

Human V1-V3

o
o
]

RDM voxel correlation
(Kendall’'s 7,)
o
N
1
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RDM similarity between
CNN model layer features
and human V1-V3 (left) or
human IT (right).
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