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• Unlike brain, DNNs are vulnerable to environmental changes

• Brain’s early visual pathway has innate Gabor-like recep-
tive fields that remain stable throughout visual experience

• Our model: Fixed Gabor filters in the early layer (GbDNN)
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Q. Can Gabor-like receptive fields in the early layer 
enable domain-general object recognition?
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▪GbDNN robustly maintained performance under various 
domain changes
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▪GbDNN produced invariant object representations 
irrespective of image domains

▪GbDNN showed shape-biased object classification ▪Gabor filters directly reduced dimensionality of learned 
representations

→ Gabor filters produce low-dimensional representations 
= enhancing generalizability through less encoding redundant information
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• Hard-wired Gabor filters, resembling the receptive fields of V1 neurons, enable environment-agnostic object recognition
• Unlike DNNs which cluster based on image domains, our model spontaneously clustered same objects across various domains in the latent space.
• Fixed Gabor filters allow shape-biased object classifications, suggesting that these filters highly prevented overfitting. 

V1

DNN

GbDNN

1 90 180
epoch

0

50

100

ph
ot

o 
ac

cu
ra

cy
 (%

)

Example learning curve (PS)

Final accuracy for 1st domain Final accuracy differences

Photo training Sketch training

DNN

GbDNN

** * * *

DNN
GbDNN

PS CS AS SA SP SC PA CP AP CA AC PC
10

30

50

70
ac

cu
ra

cy
 (%

)

-0.15

-0.05

0.05

0.15

PS CS AS SA SP SC PA CP AP CA AC PC

NS

DNN

t-SNE axis 1

t-S
N

E 
ax

is
 2

SI ΔS
I

t-SNE axis 1

Photo
Sketch
class1
class2

GbDNN
silhouette index = -0.03

silhouette index = 0.06

Silhouette index (SI) Silhouette index difference

-10

0

10

20

30

Δa
cc

 (%
)

PS CS AS SA SP SC PA CP AP CA AC PC PS CS AS SA SP SC PA CP AP CA AC PC
-0.1

-0.05

0

0.05

0.1

0.15

...

Image Image-trained
conv1

activation maps

PCA

im
ag

es

units

DNN GbDNN

Networks trained
on Original

test

transform

...

...

Original 
Cartoon

Texture 
preserved

Shape 
preserved

...

...

...

*
Photo Art Cartoon Sketch

10-6

10-4

10-2

10 0

1

1

4

10 100 1000
ei

ge
nv

al
ue

index
1 10 100 1000

index
1 10 100 1000

index
1 10 100 1000

index

ED

0

8

ED

* * *

0

8

ED

0

6

ED

Training
Photo

Training
Art...

...

PA 

Training
Sketch

Training
Cartoon

Epoch

SC

Δa
cc

ΔS
I

DNN GbDNN

ac
cu

ra
cy

 (%
)

Original
Shape

Texture
Original

Shape
Texture

20

40

60

100

DNN
GbDNN

Shape images (Δs) Texture images (Δt)

Photo Art
Cartoon

Sketch
Photo Art

Cartoon
Sketch

Δs Δt

Δs

Δt

20

40

60

80

40

60

80* * * * NS * * *

* PC index

Effective dimension 
(ED): ① < ②

①
②

ei
ge

nv
al

ue

DNN
GbDNN

*

Shape vs. Texture bias

photo

Shape bias

Texture
bias

art
cartoon

 Δ
t (

ze
ro

 c
en

te
re

d)

 Δs (zero centered)

sketch

-15 -5 5 15 25
-10

0

10

bioRxiv CV


