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Abstract

Can the topology of a recurrent spiking network be inferred from observed activity dynamics?
Which statistical parameters of network connectivity can be extracted from firing rates,
correlations and related measurable quantities? To approach these questions, we analyze
distance dependent correlations of the activity in small-world networks of neurons with
current-based synapses derived from a simple ring topology. We find that in particular the
distribution of correlation coefficients of subthreshold activity can tell apart random networks
from networks with distance dependent connectivity. Such distributions can be estimated by
sampling from random pairs. We also demonstrate the crucial role of the weight distribution,
most notably the compliance with Dales principle, for the activity dynamics in recurrent

networks of different types.
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T RENL N 28 IR AA B A ) A, R
[F] ) 0 22 O A A S A K B0 70 B (van Vreeswijk
and Sompolinsky 1996, 1998; Brunel and Hakim 1999;
Brunel 2000; Mattia and Del Guidice 2002; Timme et
al 2002; Mattia and Del Guidice 2004; Kumar et al
2008b; Jahnke et al 2008; Kriener et al 2008).

Forp — B RRY 3L A i, BT MR BEBEN LI 2% 46
HEARBERE € ~ 0.1 X T—NREM, HIRKM
PR TTMES, AT —A “HNEE” N, SREEERER)
I P RS B R R 4% . X RGN RY 1 =K
3 AR B JZ M2 i iR /MR, RS EATTAT BLE R 5
FEAR AL RIS SRS RIS SRS, WP A
RN AR . SRTT, TR () 4RE (Song et al 2005;
Yoshimura et al 2005; Yoshimura and Callaway 2005),
Jai 8 B2 2 A 4% R I A R, A R 1T R, RIASEAE
AN R B ARREAL . i T e AN AT e RS2
PR FRE T MBS A5, B L Z S
BNzl Ay AT B SEREE . B, ST T AT
E PR N MRS ARG as P4 . FEXLER]
Zerr, I AN 2 BN AR A T B s O
G HIT P E 0 N, T DL A DX 2 RS R R R 4T (B H b
AALEL) o 23X B, FAT LT Gt /K P BRI E A4 T
W 255 () ] 2% 25 A AN Bh 3l 0 5. AT R T ™ 1
PR B AT RE BB PN LA SR I 2%,
T BB B E B3 M T VERIT IS T e AN B shEh )
o BATRIE R HFIAERL IR | BEHL 28 AN )/
AR 2% L RS MBS A 0 (Watts 1 Strogatz
1998) o /M H FEGE K ALLT- S BRI AIA 25 X ek |] 45 2 A%
W AR, BT ICRHER AR ¢, EAERIAR
RUHHFERIAGZE A . (Chklovskii et al 2002), [HHY,
e LB AR (MERRARE C Wi
JE X L F1C, (Watts and Strogatz 1998), Albert £l
Barabasi(2002)) . [AI#, /£ X385 A 7KF L, B2 J2 /248 1] R
FAT R/ FURAIE, IEW0 Sporns 1 Zwi(2004) (1
BAD T SR AR AE A AR 7 JR 8 B 2 I 2% £ ) 78
AR AN S R R I R, R sk
ML FAFF (Hellwig 2000; Stepanyants et al. 2007).
SRTNT S 284 R RPN ST % A 5 1) — D5 T . AEIX
B, BAE SR T BCE AT RSB, R e o< TP

2

A AR 22 0 R AR R A SR e BB AT B R s H
B, TS A PR 2 0 RS B R AR & . XA
A AR AR E I (Li and Dayan 1999; Dayan
and Abbott 2001; Hoppensteadt and Izhikevich 1997).
FINEHRRZ, ZXTBELMZ KRS C LA R %

U520 (Kriener et al, 2008 4F). #Am, HATHIHHIT
2 B TP E A OC R B S AR SR VE AN S A A b R
B MIESERE Gt R TTE S L AN
T A A S HEFIAR 1, CHOE A A RN %S
B ME DA AE JE,, 19 T e AL I 2% v - 2 e
(Tetzlaff et al 2007).
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T MEAER TV, W G K BRI A TS B B
AKX I BEHLFR AR AT N SRR A 3 4
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0 #i—k KRB
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21. B

WA TCBHEN 7, = 20ms, R = 80MQ,J =
0.1mV, A = 2ms. JWHEBE 0 A 20 mV, ZAHAL
Vies = 0mV o FEHIURIES, MATCHE Ty = 2ms W
TRFFANRE SN o 45 TORE ) 75 WY, T 91 S B IR FF AR,
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152 ML Morrison %A (2005).

3. /TR 48 [ 5 A RFAE

VP2 IS A 2%, fHE R Z M % (Watts and
Strogatz 1998; Strogatz 2001; Sporns 2003; Sporns
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(a) (b)

Fig. 1 A sketch of (a) the ring and (b) a small-world network
with the neuron distribution we use throughout the paper for the
Dale-conform networks (gray triangle: excitatory neuron, black
square: inhibitory neuron, ratio excitation/inhibition = Ng/N| =
4). The footprint « of the ring in this particular example is 4.
i.e. each neuron is connected to its x = 4 nearest neighbors.
irrespective of the identity. To derive the small-world network

REGEEIR R AR, IR AR K R — 2R .
X ECT AEE BRI EH AT 2 R RS AR A AT
XFERE, PR ERHE LA 25w, ke LER K
IR AR T P B BRI (Z A 1(c))-

4RI/ TR 2% T ) 3 775

FE 30 B b, OB AR R R 2 e R I B I
BN HEAR M, XALLNE &R EE R
C(0) = 3(k—2)/4(k—1) ~ 0.75> B, XE5LMH
M2 AHIE (Albert and Barabasi 2002). X320 1 Il
WA TORE B A SR R I (] 2(a)). BB
K WL ERIER, JREFE DY, AT S
— AR S RPN RES) (B 2(b), (c). X
MEENLEIRIZRE R C(1) = k/N = €e(e = 0.1), KN
BRI ESE e M TAERMETT, WAL e
JLHIAREEME (Albert M1 Barabasi, 2002). iX57EiX
L o) 2 v 0L ¢ B PR i N AH G AR IR SR FE AR B (Kriener
S, 2008 ). A1, RMERIZE R (p, = 1, B
2(c)), MEEFESNIIRIE  1/4A BT BB 23 5h
(fefsEiE A = 2 ms, WE 2 &), 0 RILATH
IRIEE,  RUARAT PP 70 A g 25 B AL BGE I AL i A7 2R A
Ja HR, (EABE R A SR, X He
SR o FRATTHG 5 25 R g e 28 T ) IR 5055 M A e A
FFPE R Ak IR G50 (Kriener et al 2008). Ren %%

2 RZMAER, FATAT LT SA w0 B2 R AU T L 78 M T A KRR
LR BT RERE, Hp AR n il 2 N A Al s
270, MXLEMLE T L EAME,

0 C(p,)/C(0)

£(p)/E(0)
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oy

we rewire connections randomly with probability pr. Note, that
in the actual studied networks all connections are directed. (¢)
The small-world regime is characterized by a high relative clus-
tering coefficient C(p,)/C(0) and a low characteristic path length
£(pr)/£(0) (here N = 2,000, x = 200, averaged over 10 network
realizations)

(2007) A, AR ZE 2/3 EHZ 30% A
0 0T 3 3 e A B R 52 AR A T 0 1) o i) 4 2
SR IINEAT, BT R0 58 T 5 1 J T ORS00 ol £
B, MR I AR G Hh 1) 28 TE R 98 . A 200 B i A 2
Fro IXEET] DL R RE N B S A A SR A ST G
FIT A DU A X 2% 197 2503 28 LT A 52 W 4% 1D IR 2
WIS E AR (SR 1), MBI
B 7 Z M EHEH AR, X RBAES HBE Fano K+
FF[n(t;h)] = Var[n(t;h)]/En(t; H)] BN EE T
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1991;Nawrot &5 2008;Kriener et al 2008). A TR LAFH
F (BWE 1), WNTHE dale FIFFRZ, BRI
K, VR E R FRFE dale BN ZS, XHF3RF0
BEHLIE LTRSS, BRI 1. fERTE RGN
T, Fano K- HIEE 7 5 0] DA W3 AR S AH 5S4 1A
AR SRR (BN A, 55 6 1), XEH T

FF[n(t; h)] =




—_—
4]
S

2000

1500 ¢

ot e —————]

v S el

1000

Neuron ID

500 f; :

o i e e AR i+

g o
JESVICIAIN

150
100

Count

0 100

—_—
0
S’

2000 =

1500

1000

Neuron 1D

500

«~ 150
[ =
3 100
O =50
0
0 100 200
Time (ms)

Fig. 2 Activity dynamics for (a) a ring network, (b) a small-world
network (p, = 0.1) and (c¢) a random network that all comply
with Dale’s principle. (d) shows activity in a ring network with
hybrid neurons. In the Dale-conform ring network (a) we observe
synchronous spiking of large groups of neighboring neurons. This
is due to the high amount of shared input: neurons next to each
other have basically the same presynaptic input neurons. This
local synchrony is slightly attenuated in small-world networks

Table 1 Mean population rates v, and Fano factors FF[n(t; h)] =
Var[n(t; h)1/E[n(t; h)] of population spike count n(f; h) per time
bin /& (10 s of population activity, N = 12,500, bin size # = 0.1 ms)
for the random Dale and hybrid networks and the corresponding
ring networks

Network type Mean rate v, Fano factor FF
Random, Dale 129 Hz 9.27
Random, Hybrid 12.8 Hz 125

Ring, Dale 13.5Hz 26.4

Ring, Hybrid 13:1. Hz 1.13

Dale JR BT A E I b bR HI A0 ARG S, R
FEAERRIE IR AR (RTINS ) B e BEAH DR TE 31 (Y
W 2 ik, #iR Dale fF&H (B 2(A)) A/t
Gz (K 2(b)) —FE.

N T B A A [7] 0 2% 28 v AS ] R 5% 98 B2 )L U
LB A AT ASUE 73 A1 A1 B FE PR R 1) AN [ VB s A AT
MREE SN, FATHAE LT #8730 o Kriener 55 A (2008)
AR T BT R BRI 2 R/ 0 2%
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(b). In random networks the activity is close to asynchronous-
irregular (AT), apart from network fluctuations due to the finite
size of the network (¢). Networks made of hybrid neurons have
a perfect Al activity, even if the underlying connectivity is a
ring graph (d). The simulation parameters were N = 12,500, x =
1,250, g =6, J =0.1mV, with N} = 2,500 equidistantly distrib-
uted inhibitory neurons and Keg = 1, 000 independent Poisson
inputs per neuron of strength vet = 15 Hz each (cf. Section 2)
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1991;Kriener et al 2008):
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Fig. 3 Sketch of the different
contributions to the input (a)
correlation coefficient

Cin(Dyy, 0), cf. Eq. (26) for

the ring graph. The variance

a;n(0), Eq. (17) of the input to

a neuron K is given by the

sum of the variances H

(panel (a)), Eq. (22) and the

sum of the covariances L(0)

incoming filtered spike

trains s; from neurons i # j

with Wy; Wg; # 0. The 1
cross-covariance ¢ ( Dy, 0),

Eq. (17) is given by the sum

of the variances of the

commonly seen spike trains s; (c)
with Wi, Wj; # 0, G(Dy, 0)

(panel (¢)). Eq. (23) and the

sum of the covariances

of the spike trains s; from

non-common input neurons

i# jwith Wi Wy; #0,

M(Dy, 0), Eq. (25). We

always assume that the

only source of spike train

correlations ¢;;( Dy;, 0) stems l
from presynaptic neurons

sharing a common [

1
(panel (b)). Eq. (24) of the |

7,

-

presynaptic neuron m (green) L
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RIPREZE ot & () B B B AT 4 i, X P B S R
Tk R L Z A RS Dy, W0 3(c) Pos. Bk, Xt
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Fig. 4 Input current (a, b, e) and spike train (c, f) correlation
coefficients as a function of the pairwise interneuronal distance
D for a ring network of size N = 12,500, x =1,250, g =6,
J = 0.1mV with N equidistantly distributed inhibitory neurons
and Kaoxt = 1,000 external Poisson inputs per neuron of strength
vext = 15 Hz each. (a) depicts the input correlation coefficients
Eq. (18) derived with the assumption that the spike train correla-
tion coefficients ¢;;( D, 0) go linearly like dinep, 0) = 0.0406 (1 —
Dji)®lx — D], cf. Eq. (30), and (b) fitted as a decaying ex-
ponential function ¢®P( D, 0) = 0.0406 e="%5 D (red). The gray
curves show the input correlations estimated from simulations.
(c) shows the spike train correlation coefficients estimated from
simulations (gray), and both the linear (black) and exponential
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S ik RN s IS Akt oA Al 3 4 L AT 4 1) i N 9 i U
TEFAZE )R TE b, R B 25 AL E 3 A 2o 2
BRGNSy . FTRL, ISR Dy < & 4T
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R k FEEHL 1 Z 4N 55— AR 2 e 1)
HEEM AT (FTRETE/ER 8 (b) I b X)), Xk
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fit (red) used to obtain the theoretical predictions for the input
correlation coefficients in (a) and (b). (d) shows the measured
spike train cross-correlation functions YT, D, 0) for four dif-
ferent distances D = {1, 325, 625, 1250}. (e) shows the average
input correlation coefficients (averaged over 50 neuron pairs per
distance) and (f) the average spike train correlation coefficients
measured in a hybrid ring network (for the full distribution cf.
Fig. 7(c)). Note, that the average input correlations in (e) are even
smaller than the spike train correlations in (c¢). For each network
realization, we simulated the dynamics during 30 s. We then
always averaged over 50 pairs for the input current correlations
and 1,000 pairs for the spike train correlations with selected
distances D < {1, 10, 20....,100, 200...., 6,000}
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B Dok
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A% 3 2 H R A e d N A e 5 R 1, B e AT
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Fig. 5 Clustering coefficient C(pr)/C(0) (black) versus the
normalized input correlation coefficient C‘Cf'e(l. pr)/(”i‘r’f'e(l.O)
(gray) estimated from simulations and evaluated at its maximum
at distance D = | in a semi-log plot. Cidna‘e(]. pr)/Cicr'f‘e(], 0) de-
cays slightly faster with p, than the clustering coefficient, but
the overall shape is very similar. This shows how the topological
properties translate to the joint second order statistics of neu-
ronal inputs
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Fig. 6 Structural (a), spike train (b), and input (e, d) corre-
lation coefficients as a function of the rewiring probability p,
and the pairwise interneuronal distance D for a ring network of
size N = 12,500, x = 1,250, g =6, J = 0.1 mV with BN equidis-
tantly distributed inhibitory neurons and K = 1. 000 external
Poisson inputs per neuron of strength veq = 15Hz each. (a)
The structural correlation coefficients Cgyuc(D, pr) = ((—%m
For pr =0 they are close to one for D=1 and tend to zero
for D =1,250. These would be the expected input correlation
coefficients, if the spike train correlations were zero and the
external input was DC. (b) shows the spike train correlations
cif(D, py) as estimated from simulations (gray) and the expo-

FKIAHF R [F . 440 Kriener 6 A\ (2008) Fizx, fE[F
I B Dy 1 AN PR R R S e, X
S8 ) 4 5 IR

EXH, TATEY TREMHAE IG5 A REm
E5d (FF ~ 1) KIFEEES), B2 TEmI T
WZg . Rl () SIS RO R B, HEAR G M (AR AE K
ERE MG, XG2S G 8IIH ) (Ren et
al 2007), W REBPRENIHER G . AT, REME
5—MIG XM G, BHERGE 25 B A BT A 2R fil 5
R AR R R s 2 T AR EATT, X —JE AR
NFURIFEFE (Li and Dayan 1999; Dayan and Abbott
2001; Hoppensteadt and Izhikevich 1997). 1EWIFRA]
TEX LT/ ), PMEE & Dale J B 28 S0 Fh
AR E N, HE ARSI Re LB 7E i) H
AR, BN IR N 2 O s TR G (3
Ben-Yishai 4§, 1995;Ermentrout 1 Cowan 1979), B
T B JZ W 2% o [F) 5 i B A48 (Kumar et al 2008a) .

R TR E IR SRS N — oo B, FBARMMARER
MR-
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nential fits cz.xp ~ (1, ppye D (red) we used to calculate

Cin(D, p,) as shown in panel (d). (¢) shows the input correlation
coefficients Cin( D, py) (gray) estimated from simulations and the
theoretical prediction (red) using linear fits of the respective
c}}”(D. Pr). (d) shows the same as (¢), but with CEXP(D. pr) fitted
as decaying exponentials as shown in panel (¢). For each network
realization, we simulated the dynamics for 30 s. We then always
averaged over 50 pairs for the input current correlations and
1,000 pairs for the spike train correlations with selected distances
D e {1, 10, 20....,100, 200.,..., 6000} and rewiring probabilities p, €
{0,0.05,0.1,0.2,0.3,0.4, 0.5, 0.6, 0.7, 0.8), always shown from top
to bottom

FATUEM T Dale-conform FIVE & W 25 H R G 5]
e BIE FEE %) 22 7 ] DA DA o IR 28 88 2R 1) i N A DG 25 4
122 R EE . BATE Kriener % AN (2008) #2117
ansatz ¥ & B G HIEA/NMEF ISR N2, I
T TR T RO PR B R R 3% AR R AR M P BN
FHOCME o BRI 20 I 288 A1/ N 57 I 28 whoRH 20w 22 G 1)
N RS E S, LEM B T4 BE LI 2% rhik B A
[ 4 22 76 H AR A AN AH 56 BB AN FE AT Rk, FRATTHDE T
PRSI AH DS R I VA e P AH SR, R AR B8 T EAT.
X T BT 0 N S P v RS B 1 TR0

SR, REAH OGP ) 584 H VA AL B T A SO A
Ao HrEE . IEWFRAIE 5.1 HE RN, SR —
HERE T, MamiEA EESE T LER 1R TA
FHIR B AN EBE R T7 22 7KF) A O 22 8] ) =5 A AH 5%
R P AN, AEUXTEEES D AR AL, R TSR
i N AN A OCERFE 2 (R LU AE, AR BIEA2E
SEI, (HAHSCHE R, G a5 o X AP ARZMEAH AL Ha
(R I 75 B3 — 25 0T De la Rocha %8 A (2007)
A1 Shea-Brown %5 A (2008) fili i # G- udE & o
FHRER 3R, 1E Cy € [0,0.3] IR/NEITEDBL T,
) ERRH DG AT LS i ARH O IR 2R R K. 0T BUR I
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Fig. 7 Estimated (gray) and predicted (red) input correlation
coefficient probability density function (pdf) for a Dale-conform
(a) ring and (b) random network, and for a hybrid (¢) ring and
(d) random network. (N = 12,500, x = e N = 1,250, g = 6, esti-
mation window size 0.005). The estimated data (gray) stem from
105 of simulated network activity and are compared with the
structural input correlation probability mass functions P(Caryc)
in (b), (¢), and (d) as derived in Eq. (46), Eq. (73), and Appen-
dix D (red, binned with the same window as the simulated data),
and compared to the full theory including spike correlations
in (a, red). In (b), (¢), and (d) the spike correlations are very
small and hence close to the distributions predicted from the
structural correlation Ceyruc (red). For the ring network, however,

Cin(De la Rocha et al 2007; 2R, Shea-Brown % A
2008) R 1 LA AH AL 8 o I — s B AH 5K = 4
R E AT (Tchumatchenko 4§, 2008 4F), HA]
DAL 52 2L BhAR AL SR 14, T RHE B4 A S5 BT
BEAT AT HHE G0 X LBt BUAR AT G FRAT T 5% 3] 1) iy A AH
SRR AR P FUAH S VE I AR R AR, IR B & T
(] 2 B8 )R HCE A5

AV S AH I ML AE e e A% 249 28 0 B i b i g
HI 55, EIE U BAREE, FEIR 25 hAH SR 2 TC AR
KMEERZ, B2 82 8D A A 1) SN i
N R J5AH SCBE AL N 286 v —F¢ o BRA P 07 22 BRI HURE =
AR BB BE e —Fhid BT AL, Rl —AEFT S dale
PATEM L (20 @,,;(r D,0), Kl 4(D) K% H
FHOR BRE 1) o WRABECEAAL KN b 3G, )7 ZE 6K
BRI ) 5 2 5 BORE B AR O ME A TR . ERT S
dale MIFAEH, HATEKILY h = 0.1ms B}, ¢;;(1,0) <
0.041(Z WKl 4(c), (d)). XFF h =10 ms, MRS
o7, EHMIRAIE, FRATWEER] ¢;;(1,0) < 0.25(K
BR)e R I SEIGHT TR B ST, Y

the real distribution differs substantially, due to the pronounced
distance dependent spike train correlations. To obtain the full
distribution in (a) and (c¢), we recorded from 6,250 subsequent
neurons. Both have their maxima close to zero, we clipped the
peaks to emphasize the less trivial parts of the distributions
(the maximum of the pdf in (a) is 142 in theory and 136 in
the estimated distribution; the maximum of the pdf in (b) is 160
in theory and 156 in the estimated distribution). For the random
networks (b, d), we computed all pairwise input correlations of a
random sample of 50 neurons. The oscillations of the analytically
derived pdf in (b, red) are due to the specific discrete nature of
the problem, cf. Eq. (46)

0.01 #|%y 0.3(Zohary et al 1994; Vaadia et al 1995;
Shadlen and Newsome 1998; Bair et al . 2001). #A1f,
WFIRA ML, T asaandr, oS = it
A — MR AT, X T IRS M TTM %
RSB

5, BATNS, BEHLIE S AR A LSRR E TT I
BSOS AH % Z B oA Al RE SR B 1 — M X 23 AN R A 4 ST
BN TTVE . AT, RIERME T R EE T RS
() SR filt, “EATT I DB SR ZUAOR T I 25 4K (Destexhe et
al 2003;Kuhn 25 A 2004). BbAah, WEAE & i) bt fdi
A, B A ANE ) R Ak [R] RUBE, A& 4 AE IR 72 53 A
(1), AT REE R T4 22 70 2 TA) () g o X e o), DL R HiAth
SO, Al Re X AT I gs R . R I, R
M ICSRAEROR BRSOk E B %, (HEATEAR
ARG S, K5 MR ZR I A 28 oAl T ont
WA P HAH SCPEAR B, 75 2 B A0 I SR N [A) SR 3R A5 2
AP AT (Lee et al 2006). [KI, FEHLAAH G
(R T8 53 A0 v] RERE 7R — NI AE I BE AL 28 254, 17
BRI A0 NAZ M8 B B A R iR sz RABIR T k2% . 5 4R



i, T AT R T SRR DX O R (R 4 4 e 2R
RUPR) R TR R DR B o X6 T AR IR R L SIE ) 1 22 T 4H 2R
R W o 5TV LE 14 N AR 8 1R — BB AR, 51t ANl
RFPRIFARBIEE (Hellwig 2000;Stepanyants et al
2007), AT LA Bl 00 25078 55 1 7 () PR BS o IX 2 AT
TR R (1) 2 ) ROBE ) i SR AT T SRR R (1) A2 R
NI ANT 20000 RS 3 P00 2 ST I 45 FR) S B S W]
REBE RIS 2] (Hellwig 2000;Stepanyants et
al 2007), AHR R E AR LT BENLIA 1o SR 1, sk
KAEHCK, BT 39 AR DG & Jo X AR B = g m, 4
Al RERE A T R AR . FERX PR REE T, =4k Bt
AN S (Bl T4 B (Lund et al 2003)) B¢
=4 F R RN Z A A FEEM A (Binzegger
et al 2004) WAAAEEAEN, PIAEA TR i AL By
VERE BE R A B R . 2, BATIN N, A3k
HH AR AIT 5 07 16 R 1 — 25 S A ] B4R AL — i aod 73 A
ANGETH i E R V7 0] 002 7T N 2% S5 MR AR 7 1. X iR
2] REAT BT B T I 28 85 A BR)RR R A T 77 A PR AH 5%
PR 1Tk B H ARSI S (B ) T
AR AR IX 23 TP, FRFR A0S 45 4 RN T BE 2 [H] 5K
FRT 22
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Fig. 9 Sketch how to derive

njand ny

U k=U>r B =

Fig.8 Sketch how to derive the different contributions a, b, and ¢
to the covariances in Eqs. (35), (39), (68), omitting the correction
due to the non-existence of self-couplings. The ring is flattened-
out and the left and right ends of each row are connected
((N + 1) = 1). (a) The ring network case pr = 0: the neurons are
in the center of their respective boxcar-neighborhoods of size x
marked in black. Black indicates a connection probability of 1,
white indicates connection probability 0. The two neurons k and
[ = k are within a distance Dy = |k —I| < « from each other,
hence they share common input from (x — Dy) neurons. The
neurons k and /', however, are farther apart than « and do not
have any common input neurons. (b) After rewiring, p, = 0: The
boxcar-neighborhood is diluted (dark-patterned) and the neurons
have a certain probability to get input from outside the boxcar

C

(light-patterned). Common input can now come in three different
varieties: ‘a’, ‘b” and ‘c’. If two neurons k, [ are closer together
than «, the contribution of variety ‘a’ is proportional to the
probability that a neuron within range a = (x — Dyy) still projects
to both & and [ after rewiring (cf. Eq. (61)). The contributions of
variety ‘b’ are from neurons that projected to only one of both
k or [ before rewiring, but do now project to both % and /7 (cf.
Eq. (62)). The contributions of the third variety ‘c’ are due to the
number of common inputs proportional to the probability that
neurons projected to neither k nor / in the original ring network,
but do project to both after rewiring (cf. Eq. (63})). If two neurons
k and I’ are farther apart than «, they can have common input
neurons after rewiring of varieties ‘b’ and ‘c’ only

n_y,ny_ and n__, given n;y, __ _ J — i
+
+ N, = given
+
+ iy
; +
B+ T
+ :
+ —
Q + Nt— =T+ — Rt
T e
- (= -
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