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1.1 O0O00o0ogoboobooobooonbn

O00000000000000 (artificial neural network) 000000000000
gobobooooobooooobobboooobbuoooobbobooooonoon
000000000 O0O0000194300 W.McCulloch WPittsOOOOOOODOO
0000000 [1)]0000000000000000000 (neuron) 0000000
gooboboboooooobbooboboooooobbobobboooobboboon
goboboooooboooboobobbooooobbooooobobboooobooboboo
gboooboooboobboobobooboobobboobooboboboobo
gooboooooboooobbobboooooboooobobobbooooobobo
00 (integrator-type neuron) 000 0000000000000 OOOOOOOOO
0000000000000 000000000000000000 (Mean firing rate
coding theory) 00 0000000000000 1920000 ED.Adrian 00000
0000000000 [20 5|0
194990 0000000000000000 (synapse) 000000000 ODOOOO
D.OHebbOOOOOOODOD [60000000O0O0O0DOOOOOOOOOOOOOO
gobobobooooobooooobbboooobboooobbobooooobooon
gobobobooooobooooobbboooobboooobbobooooobooon
goobooooogo
gboobooboobobodboooboboboboobobboboooon
0000000 O0F.Rosenblatt 0 19580 000000000000 (perceptron [7], [8])
00000000 bO0o0b000o0obUo0obOb0o0b0oobOb0o0UbUUn HebbO O
gboogbobooboooobobooobbooobobobboobboooboboobo
gobobobooooobooooobobboooobboooobbobooooonoboo
OO000D000 McCulloch-Pitts 00O DOOD0OODODOOOOODOO
O000000000019690 0 M.Minsky 00 00O “Perceptrons” (9]0 00000
gbooboboobooboobobboobobboboboboboobbooboobo
O000000000000000D000D0AM.Turing, A.NewelldJ.C.Shaw H.Simon
00000000D000000 (A)0D00000000000000 [10],[11)0
gobobooooboboooobboboooooboboooobobobooobobooboo
goboboooboobooooobobboooobbuoooobbobooooonoboo
O0J.J HopfieldOOOOOOOOOOOOOOO [12]0T.KohonenO OO OO OOO
000000 [13)0GEHnen 000000000000 [14],[15/000000
O0000000bO0oboooooooomsetdd D Rumelhart 00O O OOOOO
00O (back propagation algorithm [16])) 0 0 0 0000000000000 0O0O0OO
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OO00O000obo0obOoboooooob0obobobo0 MinskyOOODOODOODO
oboobooboobooboboobboboboboobooboobbobobo
OO0O00O0OO0DOO0OO000OO0DOoOOoDOOoOoboOoOoDooOl9srooO T.J.Sejnowski OO
0000000000000 000 NETtalk[17/D000000000OOOOOOO
obooobooooo
gboboobobooooboberobobobOobOooobobOobong
0000000 8000000000000 000000000D0ooooooOO
O000000000000000Rumelhart 0000 00000000O000O0OO
O0000000000000D00O0DO0O0000000D0 SejnowskidOOOOO
obooboobobooboobuoobooboboboobboobbobbobbo
oboobobobobooboobooboobobooboobd
OO0ORumelhart D000 00000000000 0D0O0O0O0OO0ODOOOOOO
oboobooboobooboboboobobobooboobooboobon
oboobooboobooboobooboobobobooboobooboobon
gboboboobobobobboooboooboobobbobobobobbobo
obooboooboobooboobooboobobo
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1.2 O00O000O00OO0O0OOO0OOO0O0O0OO0

gobooboooooboooooboobboooobbooooobbobooooobooboo
gobobobooooobooooobobboooobboooobbobooooobooo
O00000000D0O000OD0OO (pulsed neuron, spiking neuron) 0 0O 0O [21],[22] 0 O
000000000000 DO000D000D0000Db00DbD19200 A.L.Hodgkin O
AFHwleyOOOOOOODO 2000 00000000000000O0OCOOOOOOO
gooboooooboboboooobbboooobbobbooooobbboobobo
goobooooboboooobboboooobbooon
gobobooooboboooobbobboooobboooobobobooooobooo
gobobooooobooooobobboooobbuoooobbobooooonoon
gobobooooobooooobobboooobboooobbobooobobooon
gobobooooobooooobobboooobbuoooobbobooooonoon
goooo
gobobobooboooboobbobbooooobbbuooooobobobboooobo
gobooobobobooobobboobboonobooobobbooooon
gooobgobbooboobbobboobbobboboooboobbobobo
gopbogbbobboobooooboboobobooooboobobobon
gobobodooooboooooboobboooobboooobbobooooonoo
goobooooobobboooobobbbbooooboboobobbbooooobobo
gobobooooobooooobobboooobbuoooobbobooooonoon
gobobooooobooooobobboooobbuoooobbobooooonoon
goooo
goboboooobboooobobobboooooboboooobobobooooboboo
gobobooooobooooobobboooobbuoooobbobooooonoon
gobobobooooobooooobobboooobbuoooobbobooobobooboon
goboboboooobooooobbboooobbuooon
00001990 000000000000000O0 223|027 opooOoOoOoOoO
gobobobooooobooooobobboooobbooooobbobooooobooo
00000000000 (Temporal coding theory) DO O0OO0000OO0OO0OOOODOO
gooboooboooobboooobbbboooobbboooobboboo
goboboboooobooooobobboooobboooobbobooooobooon
gobobobdoododooobbooooobboooobobbobooooboo
goboboooobobooooobobboooobbooooobbobooooobnoo
gobobooodobooobbbuoooobbooooobobboooobboDboo
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0000000000
1996000 00000000000000000000000000000000
000000000000000000000000000000000 (28000
0000000019970 000000000000000000000 2990000
afululals
0000000000000000000000000000000000000
000000001995 00000000000000(30000199800000000
N00000000000000000 31]0000000000000 FPGADD
00000000000000000000 (320000000000
0000000000000000000000000000000000000
0000000000000000000000000 (chaos neural network) 0 O O
000000000000000 [33])0[36]0
0000000000000000000000000000000000000
00000000



oo 7

1.3 O0O00ooooboobooobooonbon

gobobobooooobooooobobboooobboooobbobooooobooo
00 (unsupervised learning)0 00 O 0O O O (supervised learning)0 0000 0 00O
(reinforcement learning) 0 O O O
gbhoobboobobooobobobuoobboobbooboooboobon
O00O HebbOOOOUOOKohonenODODOOOOODOOODODOOODODDOODOOOODOO
gobobooooboboooobbboooooboooobboboooooboobo
gobobobooogobooooobobboooobboooobboboooooboo
gobobobooogobooooobobboooobboooobboboooooboo
O00OHebbOOOOOOOODOOODOODOODOODODODOOODODODODODODO
O00O0O00000b0b00o0obobobouooboobUHebbO O ODOOODOODOO
goobog
Hebb OO OOUOOKohonenO OO OOOOODODODOOODODOODODOOODODOOO
gobobooooobooooobobboooobboooobbobooooobooo
gobobooooobooooobobboooobboooobbobooooobooo
goboboooooboooobobobboooobbooooobbbooon
goboboooobboooobobobbooooboboooobobobooooobooboo
gobobooooobooooobobboooobboooobbobooooobooo
000000000000 2800000000000 90000000 0OOOO
00000000 370000000000000000000000oooooO
O000000000BRufO00OODO 3800000000 [39]0C.Panchev 0 OO
00 (40000000
gobobooooboboooobobobboooooboooobobobooooooboon
gobobooooobooooobobboooobboooobbobooooobooo
gobobooooobooooobobboooobboooobbobooooobooo
goooboboobooobboobboobboooobboobboobboobon
goboboooobobooooobobboooobbuoooobbobooooobooo
goobhoooobobooooobon
goboboooobbooooboboboooooboboooobobobooooobooboo
gobobooooobooooobobboooobboooobbobooooobooo
O0000D00000D00O000000DODO0OR.CORelllyd 199600000000
O0[41]00BRuf00 1997000000000 [42]000000000000C0O0OO
gobobooooobooooobobboooobbuoooobbobooooonoon
OO000O00OORelllyO0DODODOO0OODOODOODOODOODOODOODOODOODOODO
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00000000000000000BRuf00D000000000000OHebb0O
0000000000000000000000000

00000000000000000000000000000000000000
000000000 Supervised Learning 0 0000 000000000000000
000000000000000000000000 Supervisor(00D0)00000
0000000000000000 Critic(d00)0000000000000000
00000000000000000000000000000000 (reinforcement
signal) 0 0000000000000 (reward)J0 00000 (penalty) 100000
00000000 0000000000000000000000000000000
00000000000000000000000000000000000000
000000000000000000 4304600 00000000000000
00000000 [47,[48)000000000

0000000000000000000000000000000000000
0000 49,500 00000000000000000000000000000
00000000000 0000000000000000000000000000
D.Gorse 10 1997000000000 [51]0000000000000000000
00000000000000000000000000000000000000
0000000000
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Mean Fire Rate Coding Theory

Adrian, 1926
Mountcastle, 1957
Hubel, 1959

McCulloch and Pitts’

. neuron model, 1943
Hebb’s learning ‘

rule, 1949
Hodgkin and Huksley’'s

Rosenblatt’s neuron model, 1952
perceptron, 1958

Kohonen'’s
self organizing
feature map, 1982

Hinton’s Boltzmann
machine, 1984

Rumelhart’s €rror saswsssssss
back propagation, 1986

Temporal Coding Theory 3

Eckhorn, 1988
Abeles, 1994

Thorpe, 1996 B l
v

Kuroyanagi’s auditory O’Reilly’s back propagation
network model, 1996 learning for PNNs, 1996
Tsukada’s hippocampal Gorse’s Reinforcement v

memory model, 1997 Learning Rule for PNN,1997
Hanagata’s PNN model
for VLSI, 1998

Takita’s PNN model with
network extention learning,2001
v
Hikawa’s PNN model
for EPGA,2003

Motoki’s improved
Hebb rule for PNN, 2003

Takita’s PNN learning rule
for POMDP environments, 2003

Takita’s PNN model with
STD for attention control, 200

J1i1o0dodododogd
Fig. 1.1 The history of related researches.
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2.1 O0OOO

ooboboobooboboobobooboboboboobobooobooboboobon
gobgbobobobobobooobobooooooooooobobobobn
O000000000000000000000 [52]0 HebbOOODOOODO (60000
0000000000000 000000000000000000000 [53], [54]
gobgboboboooboboboobobobobobooooboooooobn
O00000000000000000000000000O0000000O0O0 [BsoO
gobobobobobdobobobobobobobobobobobobobog
O0000000000000000000000000000000O0O0O000 [56)0
goboooboooboboboobobobooboboboobobobog
gbobobgooooboboobboboboboboobobooooobobo
0000000000000 00000000000000000O0O00 [22],[3500
gbobobobOboobbooobbooooboboooobobooooboooobobog
gbooboobobooboobooboobobobobbobbobbobobo
oboobooood
gbooboooobooboobooboobobobobbobbobbobog
O00000000000O0OOTDNN[B700000000000000000 [58]
gboobooboboobooboobooboboboobbobbobbobobo
gboobooboboobooboobooboboboobbobbobbobobo
oboobooboobboobooboobooboboobbobboboobon
0000 (pU0000000000000O0000000D0oO0o0ooLooooooO
obobbooboboobooboobooboboboobbobobobbobobo
oboobooboboobooboobooboboboobbobbobbobobo
gbobooobboooobooobbbooboboboobboooboboobboog
oboooboobooboobooboobobbobon
gbooboooobooboobooboobobobobbobbobbonog
000000000 (0000000000000 000O000OOOoOoooOoOoOO
O000000000000000000000000 (2900000000 HebbOO
000000 0000000000000 00000000OO0ODOO0OOOO
O00000000000000000000000000000O0OOO0O0O000 [39)0
00000000000 8000000000000 00000DO0O0OoOoOOOO
oboobooboboobooboobooboboboobboobbobbobobo
ood
O000o00oboobobooobboobobo0obo0oob0oboobbdHebbOOOO0OO
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0000000000000 1600000000000 000000OO [61],[62]0
gobobobooooobooooobobboooobboooobbobooooonoo
gobobobooooobooooobobboooobboooobbobooooonoo
gobobobooooobooooobobboooobboooobbobooooonoo
goboboooooboboboooobbboooobbobbooooooobboboo
gobobobooooobooooobobboooobboooobbobooooonoo
goboboboooooobobobooobbbbooooobobboooon

goobobooooooobooboobooooobobbbooooobobbbooooon
gobobobooooobooooobobboooobboooobbobooooonoo
googboooboobbobobobobboobboobbobboobboooon
gobobooooobooooobobboooobboooobbobooooonoo
goobooooboboooobbbooon

gobobooooboboooobbobboooooboboooobbobooooonoboo
0 00 Barto 0 O Associative Search Network 47/ 00 0 0000000000000
gooboboboooobboboooobbbboooobobbooooboobobobo
gobobooooobooooobobboooobboooobbobooooobooo
goooogo



gboobobobobooboboboboboboboooboooo 14

22 OJ0O00O0O0OOOOOOOOOO

obooboobobooboobuoobooboboboobbobbobbobobo
oboooboobooboob

221 00000000000

00000000000000000000000021000000000000
00000000000000000000000000000000000000
000000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
000

0000000000000000000000000000400000000
00,;00000000000000000000+400000 V00000 W0
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
000000000238.2000000

000004000¢00000000 V() 00000000000000000
00000 P(1)000000000 R()0000000000000000000
000000000 A#DODODO0OO0 (21)0(24) 0000000000

Vi(t) = Pi(t) + Ri(t) + Ni(t) (2.1)
}%w:{de@—n+§;m%@—myoﬁ—k@ Oi(t—1) =0 22)
0, O;(t—1)=1
R,.(t):{ do-Ri(t—1)—k,, Oit—1)=1 23)

d, - Ri(t — 1), Oi(t—1) =0
‘Mﬂ:{de@—n+mﬂ@» Oi(t—1)=0 (2.0
0, O(t—1)=1
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| |Random Pulse
| 1] [ T | depends on Frustration

™\ Input from other [ |
neuron(s
© Output to other £

& Vll

Refractory Effect

O210000000000000

Fig. 2.1 Pulsed neuron model.

0000d,0000000000000k 000000000000 W(t— kD
00000,;0000000:0000¢t-k0000000000;(t—k)00000
0000000000004 0000000000000k 0000000000
00000000000000000000000rFR#)00-F()~F(({) 000
0000000000000000000000000F(#)00000000000
00000000000002.3.2000000

0 (23)000000000%0004,0000000000000000000
00000000000 k0004 000000000000000000000
00000000000k 0004, 0000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000
000004000¢0000000,()00000000000

{ 1, Vi(t) >0,

Oi(t) = (2.5)

0, Vi(t) <86,

Oooboe,00000000000O00DDOO

222 00000000

02200000000000000000000000000OO0OOODODO
goboobboooobobobobobobooobboboboboobg 2.2.1
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Input (pulse sequence)

_ ____Ziiiw_HQZIE
Output Layer

Output (pulse sequence)

O220000000000000000000003
Fig.2.2 The structure of proposed network.
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23 UO0OO0OO0OOO0OO0OOOOOOoObOuoOoOobbbOoOon
oooooooogonod

obooboboboboobooboobobbobooboobooboobon
obooboobobobooboobon

23.1 00

0230000000000000000000000000000000000
00000000(1)00000000000()000000000(3)000000
00(4)00000000000000000000000000000000000
0000000000000 00000000000000000000000000
00000000000000000
00000002220000000000000000000000000000
00000000000000000000000000000000000000
000000000000 000000000024M0000000000000
00000000000000000000000000000000000000
000000000000000000000000000000000000000
00000000000000000000000000000000000000
000000000000000000000000000000000000000
000000000000000000000000000000000000000
0000000000 00000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
000
0000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
00000000000000000000000000000000000000
0000000000000000000000000000000000000
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Desired \ No

output? /

Yes

Y Y

Reward Penalty

s there
appropriate

hidden
?

Is this output \
No < affected by °
randomness?
Yes
y Y \ Y
Network Weight Neuron Neuron
Extension Update Stabilization |  |Unstabilization
Process Process Process Process

Has predefined
number of steps
Processed?
Yes

4

End

O 2300000000
Fig.2.3 The flow of the proposed model.
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Input
Input Layer Input Layer
Hidden Layer Q Hidden Layer
Output Layer § Output Layer
() 0000 (bhyDOooooo

2400000000040

Fig.2.4 An example of learning of network structure.

232 0O00O0OOOOOOO

gboobobobobooboobooboobobooboobooboobo
obooboobobogd
00¢000000000:00000000000 F(t) 0000000000000

Fi(t—l)—l-fi(t), S(t) <0 and E(t—l) <8f
Fif) = 0, Fi(t—1) > 05 (2.6)
' 0, S(t) > 0 and |Ri(t)] > |6,] '

D(#)-F(t—1), S(t)>0and|Ri(t)] < |6,

0000f¢)000¢0000000000000000000000000000
000000000000000000 f()0000000000 k000000
00000000000 f4()000000000000 D(K)O0000¢+000000
000000000000000000000000000 Dy000000000
000000D#H)O000000000000000000000000000000
0000 S¢)000¢t0000000006,000000000000000000
%, 00000000000000R()000¢00000000040000000
000 (23)0000000
0(26)0000000000000000000000000000000000
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ooobOe,0000000D0O0O0O0O0O0DOODOODOOOODOODODODOODODOO0O
0000000000000 000000000000000000 R;(x)000 é,
obooboobobooboobuooboobobobobbobbobbobbo
oboobooboobooboobooboboboobbobooboboobOon
obooboon

233 0O0O0O0O0O0OOO0OOO

gbooboooobooboobooboobobobobbobbobbobog
gboobooboboobooboobooboboboobbobobobbobobo
obobbooboboobooboobooboboboobobobobobbobbo
oboobobooboboobooobd

oboobooooboobod

gboobooooboobooboboboobobbobbobobbobbobog
0000000000000 0000000O000000O0000O0O00 R(HODOO
gbooboobobooboobooboobobooboobooboobo

|Ri(t)] = 16r| (2.7)

gboobooboboobooboobooboboboobbobbobbobobo
oboobod

EREREEN

Ooo0ooobooboooboobob0obob kOobO0bDO0ObObOOObOOOODO
obooog

1.00¢«t0000g0goooobbbbbbbouoooo
S(t) >0 (2.8)
gooooo

2.00000000k000000000000RY(HODODE 00000000
EREREEN

|[RY ()] > 16| (2.9)
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gbooboboobboooboobbooboobo+¢:tbobboobboob
OO00O00OO0b00oo0f(0bO0O0OO0OOOOOOODOODOODbOObOObOOOD
ood

3.00000000000000000
|R{(t)| > 6] (2.10)

obooboboobobooobo¢«boobbooboobbobboobboon
oboobooooboobooboobon

4.00000000«000000000DDOOjO0DDOODOOOODOOODOOO
0000000000O0O0O0000L)OO0O0OO0OO0 j000000000000O0O

[R5 ()] = 6] (2.11)

0000002) 00000 ,;000000000000000000000 (2.10)
oboobooboobooboboobbobbobbobbogybooboob
obooboboobooboobooboooobooboobooboon
oboobobogobooboobooboooobooboon

oboobooobobd

2330000000000000000000000000000000000
00000000000000000000000000000000000000
000000000000000000000000000002500000000
00000000000 (210)000000000000000000 (290000
0000000000000000000

0000000000000000 0000000000000 :00000
00000 mO000 WIHQ

Wl = it (2.12)

init

00000000000OwWHEoo0000000000000000000 mO0OO

init

OO00O0o0oooDrkO00000

WO =g, (2.13)
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Input
Layer

Hidden:
Layer @ Neuron which fired recently

(ﬂmﬂ) Neuron which was
newly allocated

Neuron which fired by
random pulse recently

Outputi
Layer

250000000000

Fig.2.5 Network extention process.

oooooooe 000000000 DOO00DOO00DODOOOOO0O0ODOOOOO
oboobooboobooboboboobobobooboobooboobon
oboobooboobooboobooboboboobooboooboobon
obooboooboobd

234 0O0OO0OOOOOO

gbooboooobooboobooboobobobobboobbobbobog
gboobooboboobooboobooboboboobbobobobbobobo
gobooobboobobbooobooboboboboboboobobobobon
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Table 2.1 Simulation parameters on tennis game environment.
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ooooo 0, —0.01
oooooooo 0, 100
oooooo dy 0.94
oooooo d, 0.94
ooooo k., 1.0
00o0o0O0O0oOoooo kq 3
00D000D0000D000D0D000 &y 0.01
D(t)ODODO Diit | 0.5
oooo ki 0.01
0oooooo Wnax | 1.1
;0000 kr, 0.95
;0000 kr, 0.5
D(t)ODODO kq 0.01
fi000 ki 0.5
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Fig. 2.7 Distribution of learned patterns.
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Fig.2.8 Distribution of required steps to complete learning.
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Fig.2.9 Transition of success rate of rallies (an example of succeeded learn-
ing).
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Fig.2.10 Transition of success rate of rallies (an example of failed learning).
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Fig.2.11 Output timing in the middle of learning (an example of succeeded
learning).
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Fig.2.12 Output timing after the learning (an example of succeeded learn-
ing).
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Fig.2.21 Shooting game environment.
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Table 2.2 Simulation parameters on shooting game environment.
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Fig. 2.24 Transition of success rate (an example of succeeded learning).
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Fig.2.25 Transition of success rate (an example of failed learning).
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Fig.2.26 Transition of learned patterns (an example of succeeded learning).
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Fig.2.27 Transition of learned patterns (an example of failed learning).
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Fig.2.28 Output timing after the learning (an example of succeeded learn-

ing).
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Fig.3.1 Pulse-based neuron model.
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Fig.3.2 Network structure.
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Fig. 3.3 Network structure and learning processes.
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Fig.3.4 Simple network generation process.
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Fig.3.5 Complex network generation process.
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Fig.3.6 Output probability improvement process.
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Fig. 3.7 Negative link modification process.
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Fig. 3.8 Internal reinforcement learning process.
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0310000000

Table 3.1 Simulation parameters.

0000000 (H10O) dy, 0.20
0000000 HOoO) dy, 0.02

oooog ) 0.5
0ooooood v 0.05
ooooog Krof 1.5
oooooo kq 2
ooooooo Fneg 0.01
oooooooo (1) 64 Kot - (1 — dyp) 12
oooooooa (2) 65 Eret - (1 — dyy)?
ooooooo dorob | 0.05
00DO0oooood dpsendo | 0.05
0000000000 00ooOgg 1000000 00)

O 32e00000

Table 3.2 € and neuron’s age.

0000000000 Je
<5 1.00
<10 0.50
<15 0.35
< 20 0.25
< 33 0.15
< 50 0.10
< 100 0.05
0000 0.01
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3.4.1 Cart-pole balancing problem
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Pole's length =1.0 m .
Pole's weight = 0.1kg i Allowed degree from the
~ / origin =12.0 degree

Coefficient of friction of pole on

cart =0.000002

F=10.0
newtons

— —

Cart's weight = 1.0 kg

Coefficient of friction of cart on the )
ground = 0.0005 Allowed distance from

the origin = 2.4m

[0 3.9 Cart-pole balancing problem
Fig.3.9 Cart-pole balancing problem.
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0 3.10 Cart-pole balancing problem D0 000 (OO DO)
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Fig.3.14 Results of competitive learning environment (average).
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Fig.3.15 Results of competitive learning environment (worst case).
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Fig.3.17 Results of competitive learning environment (median).
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Fig.3.18 Results with different decay rates on H2 layer (average).
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Fig.3.19 Results with different decay rates on H1 layer (average).
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Fig.3.20 Results with wider attack arc (average).
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Fig.3.21 Results with wider attack arc (worst).
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Fig.3.23 Results with wider attack arc (median).
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Fig. 4.3 An example of moving object detection.
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Table 4.1 Simulation parameters.

Intra-layer pulse delay T;; 1

Firing threshold 0¢ 1.000
Refractoriness R —1.000
Refractory period threshold 6, —0.03707
Pulse decay (positive) Bp 0.9954
Pulse decay (negative) On 0.3334
Pulse scaling constant Yp 1.0280
Refractoriness decay Or 0.3334
STSD decay Os 0.9977
STSD scaling constant Vs 0.1800
Input frequency coefficient 0.0002
Input frequency intercept O 0.02
I-H weight a;—p | 0.0900
H-H weight ap—p | 1.005
H-O weight ap—o | 1.005
0-0 weight Qo—p | —0.5000
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Table 4.2 Percentage of attention time on the moving object (single object,
variable: velocity).

Velocity Attention time (O )
N(100, 10%) 86.63
N (50, 52) 94.48
N(20,22) 97.96
N(10,12) 97.78
N(5,0.52) 98.84
N(1,0.12) 90.57
N(0.5,0.052) 20.00
N(0.1,0.012) 5.00
0 0.00
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Table 4.3 Percentage of attention time on the moving object (single object,
variable: brightness).

Background brightness

Object brightness | N(31,3.1%) | N(63,6.3%) | N(127,12.7%)
N(127,12.7%) 75.50 4.19 0.00
N(191,19.1%) 97.76 93.63 58.16
N (255,25.5%) 98.05 97.74 92.78 (0)
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Table 4.4 Percentage of attention time on each object (with a flickering ob-

Flickering
interval (steps)

Attention time

on moving object(0)

Attention time

on flickering object(O )

0
1
2
)
10
20
50
100

48.90
48.90
48.90
48.90
48.90
48.90
48.90
48.90

5.32
5.32
3.30
4.69
4.20
5.10
4.97
5.32

0 45000000000000000 (0000000000000
000000)

Table 4.5 Percentage of attention time on each object (with a flickering ob-

ject, bright background).

Flickering
interval (steps)

Attention time

on moving object(0)

Attention time

on flickering object(O )

1
10
100

48.65
48.72
48.79

5.69
3.51
3.56
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Table 4.6 Percentage of attention time on each object.

Object Attention time Attention time

velocity (steps) | on object A () | on object B(O)
N (20,2.0%) 44.35 53.78
N(15,1.52) 45.08 53.52
N(10,1.02) 43.09 55.86
N(5,0.52) 51.88 47.01

470000 ooudooooooouonooon

Table 4.7 Percentage of attention time on the faster moving object.

Velocity of Velocity of object B

object A | N(20,22) | N(15,1.5%) | N(10,1.0%) | N(5,0.5%)
N(20,2.0%) - 62.59 74.60 91.22
N(15,1.5%) 60.77 - 64.55 87.13
N(10,1.0%) 72.09 65.05 - 78.36
N(5,0.5%) 91.41 87.14 76.33 - (0)
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Table 4.8 Percentage of attention time on the faster moving object (with
bright background).

[]
[]

Velocity of Velocity of object B

object A | N(20,22) | N(15,1.5%) | N(10,1.0%) | N(5,0.5%)
N(20,2.0%) - 59.03 75.72 89.00
N(15,1.5%) 58.53 - 66.56 81.55
N(10,1.0%) 73.30 65.11 - 68.97
N(5,0.5%) 88.40 81.97 70.88 - (0)
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Table 4.9 Percentage of attention time on the faster moving object (with

crossover).

Velocity of Velocity of object B

object A

N (20,22)

N(15,1.52)

N(10,1.02)

N (5,0.52)

N(20,2.02)
N(15,1.52)
N(10,1.02)
N (5,0.52)

59.40
73.64
90.16

60.56

67.06
83.42

74.91
68.05

72.32

79.93
76.53
69.70
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