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Border-Owner

Vl_s Hubel &
Curvature, Wiesel, 1958
2D shape =
Parts, P V1-C
3D shape \/2 | Sakai&Tanaka, 2000
Yamane et al., 2008 V4 lto & Komatsu, 2004
Hung et al., 2012 Pasupathy & Connor, 2001 Zhou et al., 2000

Carlson et al., 2011



Border Ownership

Physiology: Natural Images and Latency| 65% consistency

Computational Model:

1. Surround Modulation Model
2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

Curvature Selectivity
BO constraint



The Aim of the Study

What is the neural mechanism
underlying

Border Ownership

How the neuronsin V2 compute BO?




Border Ownership

Physiology: Natural Images and Latency

Computational Model:

1. Surround Modulation Model
2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

Curvature Selectivity
BO constraint



Surround Modulation Model for BO selectivity
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Sakai & Nishimura, Journal of Cognitive Neuroscience, 2006
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Wagatsuma, Oki & Sakai., Frontiers in Comp. Neurosci., 2013



The Model with linear modulation
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Simple mechanism.
Consistency among stimuli?

Need to test consistency !!
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J. Cognit. Neurosci., Sakai & Nishimura, 2006
Sakai, et al, Neural Networks, 2012




Surround modulation model applied for natural images
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67% correct on average from grey, natural surrounds
Sakai, et al. Neural Networks, 2012

Original Images from Berkeley Segmentation Dataset



Gestalt Factors that evoke Figure/Ground

T, COMBIGANZZALTIRIULKDMN?

In local contour of natural images,
each of these factors promote BO perception.

AL II XX

* Parallel

* Size of region %g
* Lying below ground region

Fowlkes, Martin, Malik (JoV, 2007), Shimizu, Aono, Sakai (VISION, 2009)



Intuitive illustration of Gestalt factors & surround regions

It detects imbalance| / . . ' |
of contrast. " _

If more contours on
the right, BO is right

Response

Recall natural images!
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The original ~MA from the Model Reconstructed

'

”

Error =0.17

Error =0.14

12

r=0.78 Error =0.15

Hatori & Sakai, Journal of Optical Society of America, A, 2014



Border Ownership

Physiology: Natural Images and Latency 48 48

. ¥ E D ZERA GBI TS 1
Computational Model: pool §%

1. Surround Modulation Model ¢/
2. Latency Analysis
3. Population Coding: Theoretical Limit

*Simple model.
*High consistency
- Agreement w/ physiology & human perception

Towards Shape Coding

Curvature Selectivity
BO constraint



Border Ownership

Physiology: Natural Images and Latency

Computational Model: __Spatial character

1. Surround Modulation Model
2. Latency Analysis «<—— Temporal character.
3. Population Coding: Theoretical Limit

New physiology!

Towards Shape Coding

Curvature Selectivity
BO constraint



Border Ownership

Physiology: Natural Images and Latency

. \
Computational Model: oo e ™

1. Surround Modulation Model
2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

Curvature Selectivity
BO constraint
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1~50 model cells (out of 600)
-
-
: x100 repeats

|deal Integrator

Machine Learning: SVM

The response of cell #1

o

N
600 model cells w/ random surrounds
Cell#N
Perception P

Cell #

BO is

Right / Cell #3

correct

Natural image contour answer
830 Local HMC patch ‘1’ ﬂ =5 )LHEE nfB D |z
s EEE 2% & BlEHRIHS

4AFC (4 orientations)
8 trials/patch

|Left — Right| + |Up — Down| Nakata & Sakai, LNCS, 2012
3 JNSS 2012

Confidence =



Exp.1 How many BO cells are required?

About 10!

10 model BO-cells
100  achieve 82% ETI)L#E10{E T

We applied SVM to the outputs of
individual model-cells, so as to
maximize the discrimination rate.
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Border Ownership

Physiology: Natural Images and Latency

Computational Model:
1. Surround Modulation Model

2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

10 BO-cells yields 82% correct

Curvature Selectivity
BO constraint

v



Border Ownership

Physiology: Natural Images and Latency

Computational Model:

1. Surround Modulation Model
2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

Curvature Selectivity
BO constraint



Selective Spatial Pooling of Bars generates BO selectivity

Localized, Asymmetric Surrounding Suppression/Facilitation
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Sakai & Nishimura, Journal of Cognitive Neuroscience, 2006
Wagatsuma, Oki & Sakai., Frontiers in Comp. Neurosci., 2013




V2

Physiology: Natural Images and Latency

Computational Model:

1. Surround Modulation Model
2. Latency Analysis
3. Population Coding: Theoretical Limit

Towards Shape Coding

Curvature Selectivity V4
Computational Model:

1. Pooling Model
2. Sparse Coding Model



Curvature Selectivity

Physiology: Selective to a specific curvature & its direction

Computational Models:

1. Pooling Model
2. Sparse Coding Model



Angle,
Border-Owner
Vl_S Hubel &
Wiesel, 1958
Parts, V1-C
3D shape \/2 | Sakai&Tanaka, 2000
Yamane et al., 2008 V4 lto & Komatsu, 2004
Hung et al., 2012 Pasupathy & Connor’ 2001 Zhou et al., 2000

Carlson et al., 2011

23



A A

O ,
l"d‘ N

EEORIRE. EXR(ERCHE) DRSS TRESNS,
*EEBZﬁVM)%EHH’FJ(i;hbd)gi’&iﬁb’cméh\?

Images from The Berkeley Segmentation Dataset



Curvature Selectivity

Physiology: Selective to a specific curvature & its direction V

Computational Models:

1. Pooling Model
2. Sparse Coding Model



Curvature Selectivity

Physiology: Selective to a specific curvature & its direction

Computational Models:

1. Pooling Model
2. Sparse Coding Model
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Curvature Selectivity

Physiology: Selective to a specific curvature & its direction

Computational Models:

1. Pooling Model

ESPO>THIEGHATHEZESDOMN?
EDFOIGRETHEONDDA?

2. Sparse Coding Model



Hypothesis
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Angle,
Border-Owner
Vl_S Hubel &
Wiesel, 1958
Parts, V1-C
3D shape \/2 | Sakai&Tanaka, 2000
Yamane et al., 2008 V4 lto & Komatsu, 2004
Hung et al., 2012 Pasupathy & Connor’ 2001 Zhou et al., 2000

Carlson et al., 2011
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Component Analysis to Construct V4 RF

V2 Model ---Hardwired

ﬂz>e>o _ 72)

a stimulus

V4 Model ---CA

V2 Response

Constraints
1. Sparse Coding
2. Reconstruction Error Mlnlmlzatlon

Cost Function: V4 Bases?
[reconstruction error| + A[sparseness of s;] BIREENHIETAN?

? ‘ ?
= K y) = Y swmy)] Ay sis) < PHEPpersenessla
X,y l l

S(x) = log(1 + x?)
Olshausen & Field, Nature 1996



Results: Example basis functions

0.81

sparseness

i =64
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0=0.316

2.2,

Hatori & Sakai, LNCS 2013



Results: Selectivity of basis functions

Sparseness = 0.38 Sparseness = 0.81 Sparseness = 0.87

i

Hatori & Sakai, LNCS 2013



Computation of curvature selectivity

Curvature

Curvature

180 357.5 0 180 357.5
Direction(°) Direction(°)
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Results: Selectivity of basis functions

Sparseness = 0.38

curvature

Sparseness = 0.81 Sparseness = 0.87

0 180 3575 0 180 3575 0

direction(°®)

direction(®)

direction(°)

N)LD

SparsenesshE VG E . E—HEL

FERENBEINT =,

357.5
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Results: Sparseness is crucial for the curvature selectivity
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Prediction: Curvature selectivity needs the appropriate sparseness

i@ tl7EsparsenessH ot 2338 R A A
=IRAN 2 = HERFERENERIND
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Lifetime sparseness

* Lifetime sparseness [(FLL TFTDX TEE.,

1—a
SL(R): 1
1 — =

n

L l((Ziri)z
B n Ziriz ’

rii: response to ith stimulus
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# of cells

Results: Distributions of lifetime sparseness

Physiological (pooling) model Sparse coding model
8000 H 30 1
6000 - |
] 20 1
4000 7 ]
| 10 .
2000 il

O E T T T T . O T T T T T T T

0 0.2 04 0.6 0.8 1 0 0.2 04 06 0.8 1

Lifetime sparseness Lifetime sparseness

« sparsenessD (L —EL 1=,
— Statistically insignificant (t-test, p > 0.70)

Hard-wired #£8EE7 )L & CA ETJL Msparseness [F—FLTLVA,
1 77 Sparseness TRIE1t9 5E, HIZEEIRMENEFRRTES,

Hatori & Sakai, Journal of Optical Society of America, A (to appear)



Curvature Selectivity

Physiology: Selective to a specific curvature & its direction

Computational Models:

1. Pooling Model
2. Sparse Coding Model ¢/



Curvature Selectivity

Physiology: Selective to a specific curvature & its direction

Computational Models:

1. Pooling Model
2. Sparse Coding Model

Sparseness|IVAIZH (T HHRFEFERMEZE
AT AHLTEELGKIZRET
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Border Ownership in V2

Physiology: Natural Images and Latency

Computational Model:

Surround Modulation Model H. Nishimura
Latency & Segment Analysis Feedforward S. Michii
Population Coding: Theoretical Limit Y. Nakata

Towards Shape Coding

Curvature Selectivity in V4
Pooling Model Y. Hatori
Sparse Coding Model T. Mashita




Border-Owner

Vl_S Hubel &
Wiesel, 1958
Parts, V1-C
3D shape \/2 | Sakai&Tanaka, 2000
Yamane et al., 2008 V4 lto & Komatsu, 2004
Hung et al., 2012 Pasupathy & Connor, 2001 Zhou et al., 2000

Carlson et al., 2011

Feature Extraction + Pooling& . Sparsenessh®
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