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r u n o n  Li n u x,  M a c O S, a n d  Wi n d o ws.  T o i m pl e m e nt s o m e f e at ur es,  

c ust o m c o d e  m ust b e i m pl e m e nt e d  w hi c h is i n c o m p ati bl e  wit h t h e  
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LI S T  O F  FI G U R E S  

N u m b er  P a g e  

2. 1  N e ur o a n at o m y  of  t h e m oti o n  visi o n  p at h w a y  i n t h e Dr os o p hil a  m el a n o g ast er  

o pti c  l o b e. C o n n e cti vit y  b as e d  o n  i nf or m ati o n pr es e nt e d  i n B orst  et  

al.  2 0 2 0  [1 4 ] a n d  Br a u n  et  al.  2 0 2 3  [1 7 ]. . . . . . . . . . . . . . . . 9  

3. 1  Si m ul ati o n  m et h o d  f or a  s m all  e x a m pl e  n et w or k  usi n g  t h e S N S-

T o ol b o x.  (A ) O v er all  n et w or k  di a gr a m  g e n er at e d  wit hi n  t h e t o ol b o x. 

(B ) Di a gr a m  of  t h e g e n er al  c o m p ut ati o n al  fl o w  w h e n  si m ul ati n g  t h e 

n et w or k.  T h e  n et w or k  is u nf ol d e d  i n ti m e, a n d  n e ur al  v olt a g es  ar e  

pr o p a g at e d  i n f e e df or w ar d l a y ers fr o m o n e  ti m e-st e p t o a n ot h er.  . . . 2 8  

3. 2  C o m p aris o n  of  w all- cl o c k  ti m es t o si m ul at e  a  n et w or k  f or o n e  si m-

ul ati o n  ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  usi n g  t h e si x s oft w ar e  

b a c k e n ds  pr o vi d e d  i n S N S- T o ol b o x.  (A ,B ): N et w or ks  of  n o n-s pi ki n g  

n e ur o ns,  (C ,D ): n et w or ks  of  s pi ki n g  n e ur o ns.  L eft : F ull y- c o n n e ct e d  

n et w or ks,  Ri g ht : S p ars el y  c o n n e ct e d  n et w or ks,  f oll o wi n g t h e str u c-

t ur e d es cri b e d  i n S e cti o n  3. 4. 2 . Li n es  d e n ot e  t h e m e a n  o v er  1 0 0 0  

st e ps,  s h a d e d  r e gi o n d e n ot es  t h e ar e a  b et w e e n  t h e fift h  a n d  ni n et y-

fift h  p er c e ntil es.  T h e  r e al-ti m e li mit is d e n ot e d  wit h  a  h ori z o nt al  

d as h e d  bl a c k  li n e. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 1  
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3. 3  C o m p aris o n  of  w all- cl o c k  ti m es f or S N S- T o ol b o x  t o si m ul at e  a  n et-

w or k  f or o n e  si m ul ati o n  ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  us-

i n g S N S- T o ol b o x  a n d  t hr e e ot h er  n e ur al  si m ul at ors  ( Bri a n 2 [5 1 ], 

N e n g o  [1 1 ], a n d  A N N ar c h y  [1 3 0 ]). F or  t h e f oll o wi n g si m ul at ors,  

t h e ti m e d at a  pr es e nt e d  ar e  c h os e n  as  t h e b est- p erf or mi n g  b a c k e n d  

v ari a nt,  Bri a n 2,  st a n d ar d  Bri a n 2,  a n d  t h e G P U- a c c el er at e d  Bri a n 2 C U D A;  

S N S- T o ol b o x,  all  a v ail a bl e  v ari a nts;  a n d  A N N ar c h y,  C P U- b as e d  

c o m pil ati o n,  a n d  G P U- b as e d  c o m pil ati o n.  (A ,B ): N et w or ks  of  n o n-

s pi ki n g  n e ur o ns,  (C ,D ): n et w or ks  of  s pi ki n g  n e ur o ns.  L eft : F ull y-

c o n n e ct e d  n et w or ks,  Ri g ht : S p ars el y  c o n n e ct e d  n et w or ks,  f oll o wi n g 

t h e str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 . Li n es  d e n ot e  t h e m e a n  

o v er  1 0 0 0  st e ps,  s h a d e d  r e gi o n d e n ot es  t h e ar e a  b et w e e n  t h e fift h  

a n d  ni n et y- fift h  p er c e ntil es.  T h e  r e al-ti m e li mit is d e n ot e d  wit h  a  

h ori z o nt al  d as h e d  bl a c k  li n e. . . . . . . . . . . . . . . . . . . . . . . 3 3  

3. 4  C o m p aris o n  of  w all- cl o c k  ti m es t o si m ul at e  a  n et w or k  f or o n e  si m-

ul ati o n  ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  usi n g  S N S- T o ol b o x  o n  

t hr e e di ff er e nt  e m b e d d e d  c o m p uti n g  pl atf or ms  (I nt el N U C,  R as p-

b err y  Pi  v ersi o n  3 b,  a n d  a n  N VI DI A  J ets o n  N a n o).  T h e  ti m e d at a  

pr es e nt e d  ar e  c h os e n  as  t h e b est- p erf or mi n g  b a c k e n d  v ari a nt  at  e a c h  

n et w or k  si z e,  wit h  G P U- b as e d  b a c k e n ds  e x cl u d e d  o n  t h e R as p b err y  

Pi.  (A ,B ): N et w or ks  of  n o n-s pi ki n g  n e ur o ns,  (C ,D ): n et w or ks  of  s pi k-

i n g n e ur o ns.  L eft : F ull y- c o n n e ct e d  n et w or ks,  Ri g ht : S p ars el y  c o n-

n e ct e d  n et w or ks,  f oll o wi n g t h e str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 . 

Li n es  d e n ot e  t h e m e a n  o v er  1 0 0 0  st e ps,  s h a d e d  r e gi o n d e n ot es  t h e 

ar e a  b et w e e n  t h e fift h  a n d  ni n et y- fift h  p er c e ntil es.  T h e  r e al-ti m e li mit 

is d e n ot e d  wit h  a  h ori z o nt al  d as h e d  bl a c k  li n e. . . . . . . . . . . . . 3 4  
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3. 5  Usi n g  S N S- T o ol b o x  t o d esi g n  a  t w o-l a y er vis u al  pr o c essi n g  s yst e m.  

A.  P yt h o n  c o d e  t o g e n er at e  t h e d esir e d  n et w or k.  I m a g e pr e pr o c essi n g  

a n d  o ut p ut  pl otti n g  ar e  o mitt e d.  B.  N et w or k  vis u al  r e pr es e nt ati o n. 

A n  i n p ut i m a g e is c o n v ert e d  t o sti m ul us  c urr e nt  f or a  p o p ul ati o n  of  

n e ur o ns,  r e pr es e nti n g t h e i ns e ct r eti n a. Fr o m  t h e r eti n a, a  3 3  k er n el  

of  i n hi bit or y (li g ht bl u e)  a n d  e x cit at or y  ( p ur pl e) s y n a ps es  is a p pli e d  

t o cr e at e  a  hi g h- p ass  filt eri n g  e ff e ct  i n t h e n e xt  l a y er, r e pr es e nti n g t h e 

L 1  i ns e ct l a mi n a n e ur o ns.  C.  O ut p ut  of  r eti n a a n d  l a mi n a n e ur o ns,  

r es p e cti v el y. V olt a g es  ar e  m a p p e d  t o gr a ys c al e  i nt e nsiti es. . . . . . . 3 6  

3. 6  Li D A R- b as e d  st e eri n g  al g orit h m  f or a  si m ul at e d  m o bil e  r o b ot us-

i n g R O S.  (A ): N et w or k  di a gr a m  of  t h e c o ntr ol  n et w or k.  E a c h  dis-

t a n c e m e as ur e m e nt  a n gl e  of  a  si m ul at e d  Li D A R  is i n v ert e d, s c al e d,  

a n d  m a p p e d  as  t h e i n p ut t o a  si n gl e  i n p ut pr o c essi n g  n e ur o n.  T h es e  

ar e  t h e n s u m m e d  o nt o  dir e cti o n al  n e ur o ns  c orr es p o n di n g  t o cl o c k-

wis e  or  c o u nt er- cl o c k wis e  r ot ati o n, d e p e n di n g  o n  w hi c h  h alf  of  t h e 

s c a n ni n g  fi el d  t h e n e ur o n  r e pr es e nts. All  s e ns or y  n e ur o ns  als o  c o n-

n e ct  t o a  s p e e d  c o ntr ol  n e ur o n.  T h e  di ff er e n c e  b et w e e n  t h e dir e cti o n al  

n e ur o ns  is t a k e n as  t h e r ot ati o n al v el o cit y,  a n d  t h e s p e e d  c o ntr ol  n e u-

r o n is s c al e d  b y  t h e m a xi m u m  s p e e d  t o c o ntr ol  t h e li n e ar v el o cit y.  

(B ): O v er h e a d  vi e w  of  t h e si m ul ati o n  e n vir o n m e nt  i n G a z e b o  [7 3 ]. 

Or a n g e  a n d  w hit e  b arri ers  a ct  as  b o u n d ari es  of  t h e c o urs e,  t h e r o b ot 

tr aj e ct or y is s u p eri m p os e d  o n  t o p wit h  a  d as h e d  bl u e  li n e. (C ): N e u-

r al a cti vit y  of  t h e t hr e e c o m m a n d  n e ur o ns  d uri n g  t h e g e n er ati o n  of  

t h e tr aj e ct or y s h o w n  a b o v e.  . . . . . . . . . . . . . . . . . . . . . . 3 9  
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3. 7  S N S- T o ol b o x  c o ntr ols  a  m us c ul os k el et al  m o d el  of  a  r at hi n dli m b.  

(A ): Di a gr a m  of  t h e n e ur al  c o ntr ol  n et w or k.  (B ): R el ati o ns hi p  b e-

t w e e n m ot or  n e ur o n  v olt a g e  a n d  m us cl e  a cti v ati o n.  (C ): T h e  m us-

c ul os k el et al  m o d el  us e d  i n M uj o c o  [1 2 7 ]. (D ): N e ur al  a cti vit y  fr o m 

t h e h alf- c e nt er  n e ur o ns  i n t h e c e ntr al  r h yt h m g e n er at or.  (E ,F ): N e u-

r al a cti vit y  fr o m t h e hi p  a n d  k n e e/ a n kl e  p att er n  f or m ati o n cir c uits.  

(G – I): M ot or  n e ur o n  a cti vit y  i n t h e m ot or  cir c uits  f or t h e hi p,  k n e e,  

a n d  a n kl e.  (J – L ): J oi nt  a n gl es  of  t h e hi p,  k n e e,  a n d  a n kl e.  All  r e c or d-

i n gs ar e  s h o w n  f or a  p eri o d  of  1 0 0 0  ms,  aft er  t h e m o d el  h as  fi nis h e d  

i niti ali z ati o n. Pi ct ur e d  ar e  r e c or di n gs fr o m t h e el e m e nts  wit hi n  t h e 

l eft l e g. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4 1  

4. 1  A:  A  cir c uit  di a gr a m  of  a  si n gl e  c ol u m n  wit hi n  t h e Dr os o p hil a  m oti o n  

visi o n  p at h w a y,  a d a pt e d  fr o m [1 3 , 1 1 5 ]. B:  R e d u c e d  di a gr a m  us e d  

i n t his w or k.  N o d e  c ol ors  i n b ot h  di a gr a ms  ar e  c h os e n  t o hi g hli g ht  

t h eir c o m m o n  f u n cti o n al r ol es. Si n gl e  cir cl es  d esi g n at e  n e ur o ns  

w hi c h  b e h a v e  as  a  l o w- p ass filt er,  d o u bl e  cir cl es  i n di c at e a  b a n d-

p ass  filt er.  D ar k  cl os e d  cir cl es  i n di c at e i n hi bit or y s y n a ps es,  o p e n  

tri a n gl es i n di c at e e x cit at or y  s y n a ps es.  I n p a n el  B , D  a n d  S  n e ur o ns  

a p pr o xi m at e  b a n d- p ass  b e h a vi or  b y  filt eri n g  t h e r es p o ns es of  t h e  

n e ur o ns,  f or r e d u c e d c o m p ut ati o n al  c o m pl e xit y.  . . . . . . . . . . . . 4 8  

4. 2  A:  Cir c uit  di a gr a m  of  a  b a n d- p ass  s u b n et w or k.  T w o  n e ur o ns  ar e  

t u n e d as  l o w- p ass filt ers  wit h  di ff er e nt  c ut o ff  fr e q u e n ci es, a n d  ar e  

s u btr a ct e d  t o pr o d u c e  a  b a n d- p ass  r es p o ns e. B:  R es p o ns e  of  e a c h  

n e ur o n  wit hi n  t h e s u b n et w or k  w h e n  s u bj e ct e d  t o a  ti m e- v ar yi n g i n p ut. 5 1  
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4. 3  A:  Di a gr a m  of  a  t hr e e- ar m H a a g- B orst  H R/ B L  E M D  cir c uit  [5 4 ]. B:  

S c h e m ati c  of  t h e t hr e e- ar m m oti o n  d et e ct ors  i n t his w or k,  f or b ot h  O n  

a n d  O ff  sti m uli.  P D  d e n ot es  t h e pr ef err e d  dir e cti o n,  N D  d e n ot es  t h e 

n ot  pr ef err e d  ( n ull) dir e cti o n.  N o d es  wit h o ut  c ol or  d o  n ot  c o ntri b ut e  

t o b e h a vi or  i n t his dir e cti o n  of  m oti o n.  . . . . . . . . . . . . . . . . 5 4  

4. 4  Si m ul ati o n  of  el e m e nts  wit hi n  t h e O n  p at h w a y  d uri n g  a  sti m ul us  

m o vi n g  i n t h e pr ef err e d  (L eft ) or  n ull  (Ri g ht ) dir e cti o ns.  D as h e d  

gr e e n  tr a c es c orr es p o n d  t o E n h a n c e m e nt  (  ) si g n als,  s oli d  bl u e  

t o Dir e ct  (  ) si g n als,  d ott e d  pi n k  t o S u p pr essi o n  (  ) si g n als,  

a n d  s oli d  i n di g o f or t h e O n  E M D  (O n ). T o p:  Tr a c es  of  vis u al  

sti m uli  t o t h e E n h a n c e m e nt,  Dir e ct,  a n d  S u p pr essi o n  c ol u m ns  of  

t h e m oti o n  d et e ct or;  Mi d dl e:  Tr a c es  of  t h e E n h a n c e m e nt,  Dir e ct,  

a n d  S u p pr essi o n  n e ur o ns  w hi c h  ar e  pr es y n a pti c  t o t h e E M D  n e ur o n;  

B ott o m:  Tr a c e  of  t h e fi n al  m oti o n  d et e ct or,  w hi c h  d e p ol ari z es  f or 

sti m uli  tr a v eli n g fr o m l eft t o ri g ht (O n ). . . . . . . . . . . . . . . . 5 8  

4. 5  Si m ul ati o n  of  el e m e nts  wit hi n  t h e O ff  p at h w a y  d uri n g  a  sti m ul us  

m o vi n g  i n t h e pr ef err e d  (L eft ) or  n ull  (Ri g ht ) dir e cti o ns.  D as h e d  

gr e e n  tr a c es c orr es p o n d  t o E n h a n c e m e nt  (  ) si g n als,  s oli d  bl u e  t o 

Dir e ct  (  ) si g n als,  d ott e d  pi n k  t o S u p pr essi o n  (  ) si g n als,  a n d  

s oli d  oli v e  f or t h e O ff  E M D  (O ff  ). F or  f urt h er d es cri pti o n  r ef er t o 

Fi g.  4. 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5 9  

4. 6  O ut p ut  b e h a vi or  of  t h e O n  (s oli d i n di g o) a n d  O ff  ( d as h e d oli v e)  

m oti o n  d et e ct ors  w h e n  s u bj e ct e d  t o a  s q u ar e  w a v e,  tr a nsl ati n g fr o m 

1 0  t o 3 6 0  p er  s e c o n d.  Tar g et  m a xi m u m  v el o cit y  ( 1 8 0 ) s h o w n  

wit h  a  v erti c al  d as h e d  li n e. T o p:  P e a k  m a g nit u d e  of  t h e m oti o n  

d et e ct or  i n t h e pr ef err e d  dir e cti o n;  B ott o m:  R ati o  b et w e e n  t h e m oti o n  

d et e ct or  i n t h e pr ef err e d  dir e cti o n  a n d  t h e n ull  dir e cti o n.  . . . . . . . 6 1  
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4. 7  P e a k  r es p o ns e of  e a c h  m oti o n  d et e ct or  i n t h e O n  (L eft ) a n d  O ff  

(Ri g ht ) p at h w a ys  t o a  s q u ar e  w a v e  gr ati n g  wit h    3 0  a n d    3 0 . 

Pr ef err e d  dir e cti o n  of  e a c h  s u b-t y p e:  A : ri g ht t o l eft; B : l eft t o ri g ht 

C : b ott o m  t o t o p; D : t o p t o b ott o m.  . . . . . . . . . . . . . . . . . . 6 2  

5. 1  C o m p aris o n  i n p erf or m a n c e  b et w e e n  S N S- T o ol b o x  a n d  S N S T or c h.  

( A) T h e  n et w or k  t o b e  e v al u at e d  is t h e s a m e  str u ct ur e  as  s e cti o n,  

wit h  t w o p o p ul ati o ns  b ei n g  c o n n e ct e d  b y  a  c o n v ol uti o n al  s y n a ps e.  

( B) T his  n et w or k  w as  c o m pil e d  a n d  t h e n r u n i n S N S- T o ol b o x  a n d  

S N S T or c h  at  i n cr e asi n g p o p ul ati o n  si z e.  . . . . . . . . . . . . . . . . 6 7  

5. 2  Usi n g  S N S T or c h  f or a  p ar a m et er  i d e nti fi c ati o n t as k. ( A) We  ar e  

tr yi n g t o m at c h  t h e b e h a vi or  of  a  si m pl e  n et w or k  of  n e ur o ns,  w h er e  

o n e  n e ur o n  r e c ei v es a  r a n d o m sti m ul us  a n d  e x cit es  t h e ot h er  n e ur o n  

vi a  a n  e x cit at or y  c h e mi c al  s y n a ps e.  Usi n g  a  gr o u n d  tr ut h m o d el,  t h e 

n et w or k  l e ar n e d t h e n e ur al  a n d  s y n a pti c  pr o p erti es  t o r e pli c at e t his 

b e h a vi or.  We  c h os e  t o f o c us o n  mi ni mi zi n g  t h e m e a n-s q u ar e d  err or  

b et w e e n  t h e fi n al  st at e  of  t h e ori gi n al  a n d  tr ai n e d n et w or k.  S h o w n  i n 

( B) is t h e tr ai ni n g l oss o v er  1 0 0 0  r a n d o m sti m uli,  a n d  i n ( C) w e  pl ot  

t h e tr aj e ct or y of  t h e p osts y n a pti c  n e ur o n  i n t h e ori gi n al  a n d  tr ai n e d 

n et w or ks.  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6 8  

5. 3  Tr ai ni n g  a n  S N S  f or s e q u e n c e  cl assi fi c ati o n.  ( A) We  tr ai n a n  S N S  

n et w or k  t o cl assif y  t h e r o w- wis e s e q u e nti al  M NI S T  d at as et  [7 8 ], 

w h er e  e a c h  h a n d writt e n  di git  is di vi d e d  i nt o 2 8  1 x 2 8  i m a g es. ( B) 

T h e  S N S  n et w or k  c o nsists  of  a  si n gl e  r e c urr e nt l a y er of  n o n-s pi ki n g  

n e ur o ns,  wit h  t h e r e c urr e n c e i m pl e m e nt e d usi n g  c h e mi c al  s y n a ps es.  

Tr ai ni n g  l oss ( C) a n d  a c c ur a c y  ( D) of  t h e S N S  n et w or k  a n d  a n  R N N  

wit h  a  si mil ar  n u m b er  of  p ar a m et ers.  Li n e  d e n ot es  t h e m e a n  a cr oss  

fi v e  tri als, t h e s h a d e d  ar e a  d e n ot es  t h e fift h  a n d  ni n et y- fift h  p er c e ntil es.  7 0  

6. 1  Fl y W h e el,  a  m o bil e  r o b ot f or t esti n g m o d els  of  m oti o n  c o ntr ol  i n fli es.  7 3  
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6. 2  S yst e m  di a gr a m  of  h ar d w ar e  a n d  s oft w ar e  c o m p o n e nts  f or Fl y W h e el.  

T h er e  ar e  t hr e e s u bs yst e ms:  vis u al  i n p ut, c e ntr al  c o m p ut ati o n,  a n d  

a  w h e el e d  b as e.  E a c h  of  t h es e c o m p o n e nts  is m o d ul ar,  a n d  c a n  b e  

r e m o v e d a n d  r e pl a c e d o n  t h e r o b ot. T h e  vis u al  i n p ut c o nsists  of  t w o 

1 6 0  d e gr e e  F O V  c a m er as,  arr a n g e d  t o h a v e  a  si mil ar  st er e o  F O V  as  

Dr os o p hil a  m el a n o g ast er . T h e  w h e el e d  b as e  pr o vi d es  p o w er  t o t h e 

s yst e m,  a n d  h as  t w o D y n a mi x el  ( R o b otis C o.  Lt d.,  S e o ul,  S o ut h  

K or e a)  s m art  m ot ors  t o pr o vi d e  pr o p ulsi o n.  T h e  c e ntr al  c o m p uti n g  

pl atf or m  r u ns a  R O S  fr a m e w or k o n  a n  N VI DI A  J ets o n  Ori n  N a n o  

( N VI DI A, S a nt a  Cl ar a,  C A),  wit h  a  s m all  wir el ess  r o ut er as  a n  e xt er-

n al  a c c ess  p oi nt.  . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 5  

6. 3  Fl y W h e el  fi el d  of  vi e w  ( F O V). E a c h  e y e  h as  a  1 6 0  d e gr e e  F O V,  a n d  

is arr a n g e d  t o pr o d u c e  a  n et  F O V  of  2 8 6  d e gr e es  wit h  a  st er e o  o v erl a p  

of  3 4  d e gr e es.  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 7  

6. 4  E x a m pl e  st er e o  vi d e o  fr a m es aft er  pr o c essi n g.  St er e o  p airs  ar e  c o n-

c at e n at e d  i nt o a  si n gl e  i m a g e, c o n v ert e d  t o gr e ys c al e,  t h e n d o w ns a m-

pl e d  fr o m t h e n ati v e  r es ol uti o n of  1 2 3 2 x 3 2 8 0  t o 2 4 x 6 4  pi x els.  . . . . 7 8  



xi v  

6. 5  Ti mi n g  p erf or m a n c e  of  i m a g e f or m atti n g a n d  pr o c essi n g  e x e c uti o n  o n  

t ar g et h ar d w ar e.  A:  L at e n c y  i n i m a g e pr o c essi n g  as  t h e t ar g et i m a g e 

r e d u c es i n si z e.  T w o  di ff er e nt  i nt er p ol ati o n m et h o ds  ar e  c o m p ar e d,  

wit h  n e ar est- n ei g h b or  i nt er p ol ati o n s h o w n  i n s oli d  bl u e  a n d  ar e a  

i nt er p ol ati o n s h o w n  i n d as h e d  or a n g e.  A  v erti c al  d as h e d  li n e is 

pr es e nt  at  t h e i m a g e r es ol uti o n 2 4 x 6 4,  t h e s c al e d  di m e nsi o ns  us e d  

i n o ur  d at as et.  B:  Ti m e  p er  si m ul ati o n  st e p  of  o ur  vis u al  m oti o n  

pr o c essi n g  n et w or k,  i n s e c o n ds,  as  t h e di m e nsi o n alit y  of  t h e i n p ut 

i n cr e as es. E x e c uti o n  o n  t h e J ets o n  Ori n  N a n o  C P U  ar e  s h o w n  i n 

d ott e d  gr e e n,  a n d  ti m es f or t h e J ets o n  Ori n  N a n o  G P U  ar e  s h o w n  

i n s oli d  r e d. D ar k  li n es c orr es p o n d  t o t h e a v er a g e,  t h e s h a d e d  ar e a  

c orr es p o n ds  t o t h e 5t h  a n d  9 5t h  p er c e ntil es  o v er  1 0 0 0  st e ps.  We  

us e  a  v erti c al  d as h e d  li n e t o d e n ot e  t h e di m e nsi o n alit y  c orr es p o n di n g  

t o a n  i n p ut i m a g e si z e  of  2 4 x 6 4  pi x els.  C:  D et ail e d  ti mi n g of  o ur  

n et w or k  wit h  a n  i n p ut di m e nsi o n alit y  of  2 4 x 6 4  pi x els.  S h o w n  is a  

hist o gr a m  of  ti m e p er  si m ul ati o n  st e p  i n millis e c o n ds,  o v er  a  t esti n g 

r u n of  1 0, 0 0 0  st e ps.  A  bl a c k  d as h e d  v erti c al  li n e d e n ot es  t h e 9 5t h  

p er c e ntil e  of  t h e distri b uti o n.  S h o w n  i n d as h e d  gr e e n,  s oli d  or a n g e,  

a n d  s oli d  r e d w o ul d  b e  t h e ti m e p er  st e p  n e e d e d  f or 1 4,  1 3,  or  1 2  

si m ul ati o n  st e ps  p er  vi d e o  fr a m e. I n t his w or k  w e  c h os e  t o us e  1 3  

st e ps  p er  fr a m e f or o ur  si m ul ati o ns.  . . . . . . . . . . . . . . . . . . 7 9  
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6. 6  Vis u al  m oti o n  pr o c essi n g  n et w or k  us e d  i n t his w or k,  i ns pir e d b y  t h e 

a n at o m y  of  Dr os o p hil a  m el a n o g ast er  a n d  a d a pt e d  fr o m [9 3 ]. Vis u al  

sti m uli  ar e  e n c o d e d  i nt o a  n e ur al  r e pr es e nt ati o n i n t h e r eti n a. T h e y  ar e  

t h e n s p ati ot e m p or all y  filt er e d  i n t h e l a mi n a, a n d  t e m p or all y filt er e d  

a g ai n  i n t h e m e d ull a.  T h e  l o b ul a c o m bi n es  t h e n e ur al  a cti vit y  i n t h e 

m e d ull a  i nt o esti m at es  of  m oti o n  at  e a c h  pi x el,  a n d  t h es e esti m at es  

ar e  s u m m e d  a cr oss  t h e e ntir e  vis u al  fi el d  t o g e n er at e  a  gl o b al  esti m at e  

of  m oti o n  i n t h e l o b ul a pl at e.  . . . . . . . . . . . . . . . . . . . . . . 8 0  

6. 7  R e c e pti v e  fi el ds  of  t h e s e c o n d  l a y er i n o ur  vis u al  m oti o n  pr o c ess-

i n g n et w or k.  T h e  fi el ds  f or  (A ), (B ), a n d   (C ) ar e  b as e d  o n  

g a ussi a n  p ar a m et eri z ati o ns  of  r e c e pti v e fi el ds  b et w e e n  t h e r eti n a a n d  

l a mi n a i n Dr os o p hil a  m el a n o g ast er  [4 ] . . . . . . . . . . . . . . . . 8 3  

6. 8  P erf or m a n c e  of  t h e si m pl e  m oti o n  visi o n  pr o c essi n g  n et w or k  o n  t h e 

vi d e o  cli ps  i n t h e t est p orti o n  of  t h e Fl y W h e el  d at as et.  ( A) S c att er-

pl ot  of  a v er a g e  n e ur o n  st at e  f or t h e cl o c k wis e  a n d  c o u nt er- cl o c k wis e  

n e ur o ns  f or e a c h  i m a g e s e q u e n c e.  B.  C ur v es  d e n ot e  t h e m e a n  n e ur al  

r es p o ns e of  all  tri als at  e a c h  v el o cit y,  s h a d e d  ar e a  r e pr es e nts t h e 5t h  

a n d  9 5t h  p er c e ntil es.  All  d at a  is n or m ali z e d  t o t h e m a xi m u m  of  t h e 

9 5t h  p er c e ntil e  a cr oss  all  v el o citi es.  . . . . . . . . . . . . . . . . . . 8 6  

6. 9  A cti vit y  wit hi n  e a c h  p o p ul ati o n  o v er  t h e c o urs e  of  a  h ori z o nt al  gr ati n g  

sti m ul us.  Wit hi n  e a c h  pl ot,  t h e v erti c al  a xis  r e pr es e nts t h e di ff er e nt  

n e ur o ns  i n t h e p o p ul ati o n  a n d  t h e h ori z o nt al  a xis  s h o ws  t h e pr o gr es-

si o n  of  ti m e. Bri g ht er  c ol ors  d e n ot e  hi g h er  n e ur al  st at e.  . . . . . . . 8 7  



x vi  

A C K N O W L E D G E M E N T S  

Firstl y,  I m ust  t h a n k m y  f a mil y f or t h eir u nf aili n g  s u p p ort  t hr o u g h o ut t his e n d e a v or.  

T h a n k  y o u  es p e ci all y  t o m y  p ar e nts  f or al w a ys  c h e eri n g  m e  o n,  a n d  t o Eli z a b et h  f or 

j oi ni n g m e  a n d  h el pi n g  t o g et  o v er  t h e fi nis h  li n e. I w o ul d  n ot  b e  w h er e  I a m  t o d a y 

wit h o ut  all  of  y o u.  

N e xt,  I m ust  t h a n k m y  r es e ar c h m e nt ors,  Dr.  Q ui n n  a n d  Dr.  S z c z e ci ns ki.  Dr.  

Q ui n n  al w a ys  h el p e d  m e  n a vi g at e  t h e t wists a n d  t ur ns as  I s ettl e d  o n  a  r es e ar c h t o pi c, 

a n d  I al w a ys  b e  gr at ef ul  t h at h e  t o o k a  c h a n c e  o n  a n  E E  a n d  l et m e  dis c o v er  a n  ar e a  

of  w or k  I n e v er  k n e w  w as  p ossi bl e.  Dr.  S z c z e ci ns ki  h as  tr ul y b e e n  i nstr u m e nt al i n 

t h e d et ails  of  t his w or k,  a n d  h as  o p e n e d  m y  e y es  t o t h e m a gi c  of  n e ur os ci e n c e  a n d  

i ns e cts. Wit h o ut  his  g ui d a n c e,  t his w or k  w o ul d  h a v e  n e v er  b e e n  c o m pl et e d,  a n d  I 

h o p e  s o m e d a y  t o m er el y  a p pr o a c h  his  t al e nts. I m ust  als o  t h a n k Dr.  Ç a v uş o ğl u,  Dr.  

L e e,  a n d  Dr.  L e wi c ki  f or t h eir f e e d b a c k i n pr e p ari n g  t his diss ert ati o n,  as  w ell  as  

a gr e ei n g  t o p arti ci p at e  o n  m y  c o m mitt e e.  

O v er  t h e y e ars  I h a v e  h a d  t h e pl e as ur e  of  w or ki n g  wit h  s o m e  of  t h e b est  c ol -

l e a g u es I c o ul d  h a v e  as k e d  f or i n t h e Bi or o b oti cs  L a b  at  C W R U.  T h e  c oll a b or ati v e  

e n vir o n m e nt  o n  t h e ei g ht h  fl o or  of  Gl e n n a n  h as  f ost er e d s o m e  i n cr e di bl e dis c us -

si o ns,  w hi c h  h a v e  h el p e d  s h a p e  b ot h  t his w or k  as  w ell  as  m y  w or k  g oi n g  f or w ar d. 

T h er ef or e  I m ust  t h a n k, i n n o  p arti c ul ar  or d er  a n d  n ot  li mit e d t o, t h e f oll o wi n g 

p e o pl e:  Cl ar us  G ol ds mit h,  S h a n el  Pi c k ar d,  I a n A d a ms,  Fl et c h er  Y o u n g,  M ars h a u n  

Fit z p atri c k,  K e n  M os es,  Ni c ol e  Gr af,  N at as h a  R o us e,  a n d  S h a n e  Ri d dl e.  I w o ul d  

als o  li k e t o es p e ci all y  t h a n k Cl a yt o n  J a c ks o n  a n d  B e n  R u bi nst ei n,  w h o  gr e atl y  

assist e d  wit h  t h e p h ysi cs  si m ul ati o n  a n d  gr a di e nt  b a c k pr o p a g ati o n  i n t his w or k.  



x vii  

S N S- T o ol b o x:  A  S uit e  of  T o ols  f or t h e D esi g n,  O pti mi z ati o n,  a n d  
I m pl e m e nt ati o n of  S y nt h eti c  N er v o us  S yst e ms  

A bstr a ct  

b y  

WI L LI A M  R O B E R T  PI L L E R S  N O U R S E  

I n t his diss ert ati o n  I pr es e nt  S N S- T o ol b o x,  a n  o p e n-s o ur c e  s oft w ar e  p a c k a g e  f or t h e 

d esi g n  a n d  si m ul ati o n  of  n et w or ks  of  bi ol o gi c all y  i ns pir e d n e ur o ns  a n d  s y n a ps es,  

als o  k n o w n  as  s y nt h eti c  n er v o us  s yst e ms  ( S N S). S N S- T o ol b o x  all o ws  S N S  n et w or ks  

t o b e  d esi g n e d  usi n g  a  li g ht w ei g ht P yt h o n  A PI,  si m ul at e d  i n r e al-ti m e o n  c o ns u m er  

c o m p ut er  h ar d w ar e,  a n d  e x e c ut e d  o n b o ar d  p h ysi c al  r o b oti c s yst e ms.  I als o  pr es e nt  

a  c o m p a ni o n  p a c k a g e  t o S N S- T o ol b o x  w hi c h  all o ws  si m ul ati o n  a n d  tr ai ni n g of  

l ar g e S N S  n et w or ks  usi n g  gr a di e nt  b a c k pr o p a g ati o n.  T his  s oft w ar e  is r el e as e d 

u n d er  a n  o p e n-s o ur c e  li c e ns e wit h  o nli n e  d o c u m e nt ati o n  f or e as e  of  us e,  a n d  h as  

b e e n  diss e mi n at e d  t o ot h er  r es e ar c h ers f or t h eir us e.  As  a  d e m o nstr ati o n,  I us e  

S N S- T o ol b o x  t o i m pl e m e nt a  st er e o  vis u al  m oti o n  d et e ct or,  b as e d  o n  cir c uitr y  

pr es e nt  wit hi n  t h e Dr os o p hil a  m el a n o g ast er  (fr uit fl y)  o pti c  l o b e. T his  n et w or k  

a n al y z es  l o c al m oti o n  at  e a c h  p oi nt  wit hi n  a  vis u al  fi el d,  a n d  r et ur ns a n  esti m at e  of  

gl o b al  m oti o n  w h e n  s u bj e ct e d  t o gr ati n g  sti m uli.  Fi n all y  I s h o w c as e  t h e d esi g n  of  

Fl y W h e el,  a  r o b oti c b e n c h m ar k  f or st u d yi n g  m o d els  of  i ns e ct visi o n  a n d  a p pl yi n g  

S N S  n et w or ks  t o p h ysi c al  h ar d w ar e.  T his  b o d y  of  w or k  m ar ks  t h e first  t o ol w hi c h  

is c a p a bl e  of  si m ul ati n g  S N S  n et w or ks  wit h  h u n dr e ds  t o t h o us a n ds of  n e ur o ns  a n d  

s y n a pti c  c o n n e cti o ns  i n r e al-ti m e or  f ast er, o pti mi z e  n et w or ks  wit h  c h e mi c al  r e v ers al 

p ot e nti als  usi n g  gr a di e nt  b a c k pr o p a g ati o n,  a n d  i nt erf a c e t h es e n et w or ks  f or c o ntr ol  

of  e xt er n al  s yst e ms.  
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C h a p t e r  1  

I N T R O D U C TI O N 

W hil e  it m a y  s e e m  t h at r o b oti cists h a v e  di ff er e nt  r es e ar c h i nt er ests t h a n n e ur o-

s ci e ntists  a n d  bi ol o gists,  m a n y  i n f a ct s h ar e  a  c o m m o n  g o al:  U n d erst a n di n g  h o w  

s yst e ms  of  v ar yi n g  i nt elli g e n c e i nt er a ct wit h  t h eir e n vir o n m e nt  t o g e n er at e  a d a pti v e  

b e h a vi or  [2 4 ]. I n r o b oti cs t o d a y, r o b ots ar e  b ei n g  us e d  t o c oll e ct  d at a  o n  r e al w orl d  

i nt er a cti o n i n or d er  t o g e n er at e  l ar g e s c al e  f o u n d ati o n m o d els  of  h o w  p h ysi c al  s ys -

t e ms b e h a v e  i n i nt er a cti n g s etti n gs.  Si mil arl y,  e ff orts  ar e  u n d er w a y  i n n e ur os ci e n c e  

t o m a p  t h e l o c ati o n a n d  c o n n e cti o ns  of  e v er y  n e ur o n  i n c o n n e ct o mi c  m a ps  of  a ni -

m al  n er v o us  s yst e ms,  a n d  e x p eri m e nt all y  d e d u c e  t h e f u n cti o n al r ol e of  e a c h  n e ur o n  

b as e d  o n  b e h a vi or al  e x p eri m e nts  wit h  el e ctri c al  or  o pti c al  r e c or di n gs. I n t his li g ht, 

r o b oti cs a n d  n e ur os ci e n c e  h a v e  t h e p ossi bilit y  of  w or ki n g  t o g et h er t o a d v a n c e  t h eir 

c o m m o n  g o als:  B y  i m pl e m e nti n g m o d els  of  n er v o us  s yst e ms  w hi c h  i nt er a ct wit hi n  

a  r e al e n vir o n m e nt,  n e ur os ci e ntists  c a n  v ali d at e  t h eir m o d els  a n d  r u n e x p eri m e nt al  

st u di es  n ot  p ossi bl e  i n a ni m als  [8 3 , 1 3 4 ], a n d  r o b oti cists c a n  w or k  t o w ar ds u n -

d erst a n di n g  h o w  i nt elli g e nt b e h a vi or  c a n  e m er g e  fr o m t h e r el ati v el y s m all  n er v o us  

s yst e ms  i n a ni m als  [9 ]. 

F or  t his s y n er g y  of  i nt er ests t o o c c ur,  it is vit al  t o h a v e  s oft w ar e  w hi c h  c a n  t a k e 

a  bi ol o gi c all y-i ns pir e d  n e ur al  n et w or k,  als o  k n o w n  as  a  s y nt h eti c  n er v o us  s yst e m  

( S N S), a n d  r u n t h at n et w or k  i n a  cl os e d  l o o p wit h  a  r o b oti c s yst e m.  W hil e  t h er e 

is a  wi d e  v ari et y  of  n e ur al  si m ul ati o n  s oft w ar e  a v ail a bl e  t o d a y [1 5 , 5 1 , 5 9 , 1 4 1 ], 

m ost  d o  n ot  o ff er  a n  e as y  p at h  t o i nt erf a ci n g t h e n e ur al  si m ul ati o n  wit h  e xt er n al  

s yst e ms  s u c h  as  r o b ots or  p h ysi cs  e n gi n es.  Ot h er  fr a m e w or ks w hi c h  c a n  i nt erf a c e 

m or e  e asil y  wit h  e xt er n al  s yst e ms  e xist  [4 2 , 9 1 ], b ut  eit h er  r e d u c e t h e c o m pl e xit y  

of  n e ur al  d y n a mi cs  a v ail a bl e  or  s u ff er  p erf or m a n c e  iss u es w h e n  s c ali n g  t o l ar g e 

n et w or ks  [2 8 ]. 
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O n e  ar e a  w h er e  arti fi ci al  n e ur al  n et w or ks  ( A N Ns) a m d  m o d er n  n e ur al  si m ul at ors  

p erf or m  si m pli fi c ati o ns  is t h at of  s y n a pti c  d y n a mi cs.  M ost  l ar g e-s c al e si m ul at ors  

f o c us o n  s y n a pti c  w ei g hts  [4 2 , 1 4 1 ], i g n ori n g m or e  c o m pl e x  s y n a pti c  d y n a mi cs  

s u c h  as  c h e mi c al  a n d  el e ctri c al  s y n a ps es.  W hil e  m a n y  el e m e nts  of  t h es e d y n a mi cs  

c a n  b e  a p pr o xi m at e d  usi n g  w ei g hts,  usi n g  t h e s y n a pti c  d y n a mi cs  cl os er  t o t h os e 

s e e n  i n a ni m al  n er v o us  s yst e ms  all o w  S N S  n et w or ks  t o p erf or m  s o m e  c o m pl e x  

c o m p ut ati o ns  wit h  m u c h  s m all er  n et w or ks  t h a n A N Ns,  s u c h  as  m ulti pli c ati o n  a n d  

m o d ul ati o n  usi n g  c h e mi c al  s y n a ps es  [5 2 , 1 2 1 ] or  c o or di n at e  tr a nsf or m ati o n usi n g  

el e ctri c al  s y n a ps es  [5 3 , 9 7 ]. T h e  p ri m a r y  ai m  of  t his diss e rt ati o n  is t o d e v el o p  

s oft w ar e  f or t h e d esi g n  a n d  si m ul ati o n  of  n et w or ks  wit h  t h es e c o m pl e x  bi o- pl a usi bl e  

d y n a mi cs,  as  w ell  as  t o i nt erf a c e t h es e n et w or ks  wit h  ot h er  s yst e ms  f or t h e p ur p os es  

of  c o ntr ol  a n d  i nt er a cti o n. 

A  d o m ai n  of  i nt er est i n b ot h  r o b oti c s yst e ms  a n d  n e ur os ci e n c e  is vis u al  pr o -

c essi n g  of  m oti o n.  Esti m ati o n  of  t h e b o d y’s  m oti o n  b as e d  o n  c h a n g es  i n vis u al  

i nf or m ati o n is a  pr o bl e m  k n o w n  as  e g o- m oti o n  esti m ati o n  [7 1 ], a n d  is a  pr o b -

l e m w hi c h  h as  b e e n  s ol v e d  i n t h e n er v o us  s yst e m.  I n t h e fr uit fl y  Dr os o p hil a  

m el a n o g ast er  i n p arti c ul ar,  a n  e xtr e m el y  d et ail e d  c o n n e cti vit y  m a p  h as  b e e n  pr o -

d u c e d  w hi c h  hi g hli g hts  t h e e x a ct  a n at o m y  of  t h e br ai n  r e gi o n r es p o nsi bl e f or t his 

b e h a vi or  [1 0 8 , 1 1 5 ]. T h e  s e c o n d a r y  ai m  of  t his diss e rt ati o n  is t h e d esi g n  of  a  

r e d u c e d or d er  i m pl e m e nt ati o n of  t h e vis u al  m oti o n  pr o c essi n g  n et w or k  i n i ns e cts, 

w hi c h  is c a p a bl e  of  dis cri mi n ati n g  dir e cti o n  of  m oti o n  a n d  c o ul d  b e  i m pl e m e nt e d 

o n  e m b e d d e d  r o b oti c h ar d w ar e.  

S m all  n et w or ks  of  n e ur o ns  c a n  b e  d esi g n e d  a n d  t u n e d b y  h a n d  or  a n al yti c  c al -

c ul ati o ns,  a n d  is oft e n  d o n e  i n bi ol o gi c al  m o d eli n g  [1 2 1 ]. H o w e v er,  t his a n al ysis  

b e c o m es  i ntr a ct a bl e w h e n  e xt e n d e d  t o v er y  l ar g e n et w or ks  t h at ar e  pr es e nt e d  wit h  

c o m pl e x  sti m uli  s u c h  as  n at ur al  i m a g es. W hil e  n u m er o us  f or ms of  o pti mi z ati o n  

e xist  f or l ar g e n e ur al  n et w or ks,  gr a di e nt  b a c k pr o p a g ati o n  is c urr e ntl y  t h e d o mi n a nt  

c h oi c e  f or o pti mi zi n g  l ar g e n et w or ks  i n m a c hi n e  l e ar ni n g wit h  b ot h  f e e df or w ar d [7 8 ] 
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a n d  r e c urr e nt [1 3 6 ] c o n n e cti vit y.  W hil e  t his is g e n er all y  n ot  vi e w e d  as  t h e o pti -

mi z ati o n  m et h o d  us e d  i n r e al n er v o us  s yst e ms,  t h e o pti mi z ati o n  p erf or m a n c e  f or 

i m pl e m e nt ati o n of  n e ur al  s yst e ms  usi n g  b a c k pr o p a g ati o n  is c urr e ntl y  t h e st at e  of  t h e 

art.  Pl e nt y  of  fr a m e w or ks e xist  f or o pti mi zi n g  arti fi ci al  n e ur al  n et w or ks  ( A N Ns) [9 5 ] 

a n d  e v e n  s pi ki n g  n e ur al  n et w or ks  ( S N Ns) [4 2 , 5 8 ] usi n g  gr a di e nt  d es c e nt,  b ut  n o n e  

c urr e ntl y  e xist  w hi c h  h a n dl e  t h e c o m pl e x  d y n a mi cs  of  c h e mi c al  s y n a ps es.  W hil e  

tr a diti o n all y i g n or e d i n t h e w orl d  of  A N Ns,  c h e mi c al  s y n a ps es  h a v e  b e e n  s h o w n  

t o e x hi bit  us ef ul  n o nli n e ar  b e h a vi or  w hi c h  is n ot  p ossi bl e  usi n g  s y n a pti c  w ei g hts  

al o n e  [5 2 , 1 2 1 ]. B as e d  o n  t his, t h e t hi r d a n d  fi n al  ai m  of  t his diss e rt ati o n  is t h e 

d esi g n  of  s oft w ar e  w hi c h  all o ws  f or t h e o pti mi z ati o n  of  l ar g e S N S  n et w or ks  usi n g  

m o d er n  gr a di e nt- b as e d  o pti mi z ati o n.  

Aft er  C h a pt er  2 , e v er y  c h a pt er  i n t his diss ert ati o n  c o nsists  of  w or k  t h at h as  

b e e n  eit h er  p u blis h e d,  pr es e nt e d  at,  or  s u b mitt e d  f or p u bli c ati o n  i n a  p e er-r e vi e w e d  

j o ur n al, c o nf er e n c e  t ut ori al, or  c o nf er e n c e  pr o c e e di n g.  I a m  t h e first  a ut h or  of  e a c h  of  

t h es e w or ks,  a n d  t h e y ar e  r e pr o d u c e d h er e  i n a n  or d er  w hi c h  is r o u g hl y c hr o n ol o gi c al  

b ut  pri m aril y  f or l o gi c al or g a ni z ati o n.  C h a pt er  2  pr o vi d es  a n  o v er vi e w  i n t h e fi el ds  

of  S N S  n et w or ks,  n e ur al  si m ul ati o n,  a n d  vis u al  m oti o n  pr o c essi n g  i n b ot h  i ns e cts 

a n d  c o m p ut ati o n al  a p pr o a c h es.  

C h a pt er  3  i ntr o d u c es S N S- T o ol b o x,  t h e pri m ar y  o ut p ut  of  t his diss ert ati o n.  S N S-

T o ol b o x  is a n  o p e n-s o ur c e  P yt h o n  s oft w ar e  p a c k a g e  w hi c h  e n a bl es  t h e d esi g n  a n d  

si m ul ati o n  of  S N S  n et w or ks  usi n g  h et er o g e n e o us  c o m bi n ati o ns  of  bi o- pl a usi bl e  

n e ur al  a n d  s y n a pti c  d y n a mi cs.  N et w or ks  c a n  b e  c o m pil e d  t o si m ul at e  o n  eit h er  a  

C P U  or  G P U,  a n d  ar e  e as y  t o i nt erf a c e wit h  e xt er n al  s yst e ms.  As  a  d e m o nstr ati o n  

of  t his, I s h o w c as e  e x a m pl es  of  S N S- T o ol b o x  c o ntr olli n g  a  r o b oti c s yst e m  i n t h e 

r o b ot o p er ati n g  s yst e m  ( R O S) [9 9 ] a n d  a  m us c ul os k el et al  bi o m e c h a ni c al  m o d el  of  

r at l o c o m oti o n i n t h e p h ysi cs  si m ul at or  M uJ o c o  [1 2 7 ]. 

Usi n g  S N S- T o ol b o x,  i n C h a pt er  4  I pr es e nt  a n  S N S  f or esti m ati n g  l o c al vis u al  

m oti o n.  T his  n et w or k  is i ns pir e d b y  t h e c o n n e cti vit y  i nf or m ati o n a v ail a bl e  f or t h e 
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o pti c  l o b e i n t h e fr uit fl y  Dr os o p hil a  m el a n o g ast er , a n d  ai ms  t o b e  a  mi ni m al  n e ur al  

r e pr es e nt ati o n w hi c h  is s uit a bl e  f or f ut ur e i m pl e m e nt ati o n o n  a  r o b oti c pl atf or m.  

J ust  as  i n t h e i ns e ct, vis u al  i nf or m ati o n is s plit i nt o t w o p at h w a ys  f or pr o c essi n g  

i n cr e asi n g or  d e cr e asi n g  c h a n g e  i n bri g ht n ess,  a n d  t h es e p at h w a ys  ar e  n o nli n e arl y  

s u m m e d  a cr oss  n ei g h b ori n g  pi x els  t o pr o d u c e  a  l o c al esti m at e  of  m oti o n.  I e v al u at e  

t his s yst e m  o n  a  c oll e cti o n  of  si m ul at e d  vis u al  gr ati n gs,  a n d  s h o w  t h at t h e n et w or k  

is c a p a bl e  of  pr o d u ci n g  s h ar p  dir e cti o n al  s el e cti vit y.  

I n or d er  t o e x p a n d  t his m o d el  t o l ar g er si z es,  it w as  n e c ess ar y  t o it er at e o n  

S N S- T o ol b o x  i n or d er  t o h a n dl e  si g ni fi c a ntl y  l ar g er l a y er- b as e d n et w or ks  i n r e al-

ti m e. I n C h a pt er  5  I i ntr o d u c e S N S T or c h,  a n  o p e n-s o ur c e  c o m p a ni o n  p a c k a g e  t o 

S N S- T o ol b o x  d esi g n e d  t o si m ul at e  l ar g e p o p ul ati o ns  of  n o n-s pi ki n g  n e ur o ns  w hi c h  

c a n  b e  c o m bi n e d  i nt o l a y er e d n et w or ks  usi n g  c h e mi c al  s y n a ps es.  I d e m o nstr at e  t h e 

p erf or m a n c e  i m pr o v e m e nts of  S N S T or c h  o v er  S N S- T o ol b o x  f or l ar g e n et w or ks,  a n d  

us e  gr a di e nt  b a c k pr o p a g ati o n  wit hi n  P y T or c h  [9 5 ] t o o pti mi z e  p ar a m et er  t u ni n g vi a  

r e gr essi o n i n a  s m all  n et w or k  as  w ell  as  a  l ar g e-s c al e r e c urr e nt S N S  f or s e q u e n c e  

cl assi fi c ati o n.  T his  m ar ks  t h e first  ti m e t h at c h e mi c al  s y n a ps es  h a v e  b e e n  i n c or p o-

r at e d i nt o a  fr a m e w or k c o m p ati bl e  wit h  m o d er n  m a c hi n e  l e ar ni n g t e c h ni q u es, a n d  

o p e ns  t h e d o or  f or e x pl or ati o n  of  t h eir b e n e fits  i n ot h er  d o m ai ns.  

I n C h a pt er  6 , I o utli n e  t h e pr o d u cts  of  i niti al e ff orts  t o d e v el o p  a n  S N S  f or gl o b al  

vis u al  m oti o n  esti m ati o n  i n n at ur al  e n vir o n m e nts.  I first  d es cri b e  t h e d esi g n  of  

Fl y W h e el,  a  m o bil e  r o b ot w hi c h  us es  a  st er e o  vis u al  s yst e m  t o m o d el  t h e vis u al  

i nf or m ati o n a v ail a bl e  t o t h e fr uit fl y.  I t h e n us e  Fl y W h e el  t o r e c or d a  c oll e cti o n  of  

i m a g e s e q u e n c es  d uri n g  r ot ati o n, a n d  t h e n a u g m e nt  t h es e s e q u e n c es  t o g e n er at e  a n  

o p e n-s o ur c e  d at as et  f or gl o b al  m oti o n  esti m ati o n  of  o v er  2 1, 0 0 0  o n e-s e c o n d  cli ps.  

I t h e n pr es e nt  i niti al r es ults f or a d a pti n g  t h e n et w or k  pr es e nt e d  i n C h a pt er  4  f or 

n at ur alisti c  s etti n gs.  

Fi n all y,  i n C h a pt er  7  I dis c uss  t h e n o v elt y  of  a n d  i m p a ct of  t his w or k  i n n e ur al  

si m ul ati o n,  as  w ell  as  f ut ur e w or k  i n e x p a n d e d  c a p a biliti es  of  t h e s oft w ar e  as  w ell  
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as  i m pr o vi n g t h e i ns e ct-i ns pir e d vis u al  m oti o n  pr o c essi n g  n et w or k.  

O v er  t h e s c o p e  of  t his diss ert ati o n,  I d es cri b e  t h e d esi g n  a n d  us e  of  S N S- T o ol b o x,  

as  w ell  as  a  c o m p a ni o n  p a c k a g e  S N S T or c h.  T h es e  ar e  t h e first  t o ols w hi c h  ar e  

c a p a bl e  of  si m ul ati n g  l ar g e-s c al e s y nt h eti c  n er v o us  s yst e ms  of  t h o us a n ds of  n e ur o ns  

i n r e al-ti m e or  f ast er, p arti c ul arl y  n et w or ks  w hi c h  c o nt ai n  a  h et er o g e n e o us  mi xt ur e  

of  n e ur al  a n d  s y n a pti c  d y n a mi cs.  T h es e  n et w or ks  c a n  b e  us e d  f or t h e c o ntr ol  of  a n y  

e xt er n al  s yst e m,  w hi c h  is als o  a  n o v el  c a p a bilit y  f or l ar g e-s c al e s y nt h eti c  n er v o us  

s yst e m  si m ul at ors.  A d diti o n all y,  I pr es e nt  t h e c a p a bilit y  t o o pti mi z e  c h e mi c al  

s y n a ps es  usi n g  gr a di e nt  b a c k pr o p a g ati o n,  w hi c h  is c urr e ntl y  u n us e d  i n m a c hi n e  

l e ar ni n g b ut  all o ws  t h e l e ar ni n g of  m o d ul at or y  c o n n e cti o ns.  Wit h  t h es e t o ols i n 

pl a c e,  r es e ar c h c a n  b e gi n  o n  t h e n e xt  g e n er ati o n  of  s y nt h eti c  n er v o us  s yst e ms  as  

w ell  as  t h eir a p pli c ati o n  a cr oss  a  wi d e  v ari et y  of  d o m ai ns.  
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C h a p t e r  2  

B A C K G R O U N D  

2. 1  S y nt h eti c  N e r v o us  S yst e ms  

As  m e nti o n e d  i n C h a pt er  1 , a  c o m m o n  g o al  of  n e ur os ci e ntists  a n d  r o b oti cists is t o 

u n d erst a n d  h o w  a ni m al  n er v o us  s yst e ms  i nt er a ct wit h  t h eir b o d y  a n d  t h eir e n vir o n -

m e nt  i n or d er  t o g e n er at e  a d a pti v e  a n d  i nt elli g e nt b e h a vi or  [2 4 ]. B y  u n d erst a n di n g  

a n d  m o d eli n g  as p e cts  of  t h e n er v o us  s yst e m,  it is h o p e d  t h at r o b ots will  o n e  d a y  

b e  a bl e  t o e x hi bit  e m b o di e d  i nt elli g e n c e [9 ] as  w ell  as  a ni m al-li k e  r o b ust n ess a n d  

a d a pt a bilit y  [1 2 4 ]. O n e  a p pr o a c h  is t o d esi g n  S y nt h eti c  N er v o us  S yst e ms  ( S N S), 

n et w or ks  of  c o n d u ct a n c e- b as e d  n e ur o ns  a n d  s y n a ps es  w hi c h  c a n  b e  us e d  t o m o d el  

a ni m al  n er v o us  s yst e ms  [1 0 9 , 1 2 0 ] a n d  c o ntr ol  r o b ots [5 , 5 0 , 6 4 ]. S N S  n et w or ks  ar e  

di ff er e nt  fr o m tr a diti o n al arti fi ci al  n e ur al  n et w or ks  ( A N Ns) [3 2 ] or  d e e p  l e ar ni n g 

( D L) [7 8 ] s yst e ms,  wit h  t h e m ai n  di ff er e n c es  c o mi n g  fr o m w h er e  d y n a mi c  b e h a vi or  

is i m pl e m e nt e d. I n A N Ns,  p arti c ul arl y  wit h  r e c urr e n c e [1 3 6 ], c o m pl e x  d y n a mi cs  

e m er g e  as  a  n et w or k  pr o p ert y  if t h e n et w or k  c o nt ai ns  e n o u g h  st ati c  n e ur o ns.  I n 

c o ntr ast,  S N S  n et w or ks  ar e  b uilt  wit h  n e ur o ns  w hi c h  t h e ms el v es ar e  d y n a mi c  s ys -

t e ms [1 0 ] a n d  t h e n i nt e gr at e d wit hi n  l ar g er n et w or ks.  I n t his w a y,  S N S  n et w or ks  ar e  

m or e  si mil ar  t o s pi ki n g  n e ur al  n et w or ks  ( S N Ns) [8 1 ], alt h o u g h  t h e y m a y  c o nt ai n  

eit h er  n o n-s pi ki n g  n e ur o ns,  s pi ki n g  n e ur o ns,  or  a  h et er o g e n o us  mi xt ur e  of  n e ur o ns  

wit h  di ff er e nt  d y n a mi cs  [5 0 ]. A d diti o n all y,  s y n a ps es  wit hi n  S N S  n et w or ks  c a n  als o  

h a v e  t h eir o w n  d y n a mi cs  [1 2 3 ], a d di n g  a n  a d diti o n al  l a y er of  d y n a mi c  c o m pl e xit y.  

2. 2  N e u r al  Si m ul ati o n  S oft w a r e  

A  wi d e  v ari et y  of  s oft w ar e  e xists  f or si m ul ati n g  c o n d u ct a n c e- b as e d  n e ur al  d y n a m -

i cs [1 5 , 5 1 , 5 9 , 1 4 1 ], a n d  t h es e si m ul at ors  ar e  c a p a bl e  of  si m ul ati n g  hi g hl y  d et ail e d  
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a n d  bi ol o gi c all y  a c c ur at e  n e ur al  m o d els.  H o w e v er,  si n c e  t h es e si m ul at ors  w er e  ori g -

i n all y d esi g n e d  f or t h e p ur p os e  of  p erf or mi n g  di git al  e x p eri m e nts  a n d  c oll e cti n g  d at a  

o v er  a  l o n g si m ul ati o n  r u n it c a n  b e  c h all e n gi n g  t o i nt erf a c e t h es e si m ul at ors  wit h  

e xt er n al  s oft w ar e  a n d  s yst e ms  [3 9 , 1 1 8 ]. A d diti o n all y,  t h es e si m ul at ors  ar e  li mit e d 

t o b ei n g  r u n o n  c o n v e nti o n al  C P Us,  alt h o u g h  s o m e  h a v e  b e g u n  t o b e  a d a pt e d  f or 

si m ul ati o n  o n  G P Us  [2 ]. 

I n t h e fi el d  of  s pi ki n g  n e ur al  n et w or ks  ( S N Ns), m a n y  si m ul at ors  h a v e  b e e n  

d e v el o p e d  w hi c h  si m ul at e  l ar g e n et w or ks  of  s pi ki n g  n e ur o ns  a n d  tr ai n t h e m wit h  

pri n ci pl es  fr o m m a c hi n e  l e ar ni n g [4 2 , 5 8 , 8 9 ]. I n g e n er al,  tr ai ni n g usi n g  m o d er n  

m et h o ds  is li mit e d t o n et w or ks  w hi c h  us e  t h e l e a k y i nt e gr at e a n d  fir e  m o d el  of  a  

n e ur o n.  F or  p ur e  si m ul ati o n,  si m ul at ors  h a v e  als o  b e e n  d esi g n e d  t o si m ul at e  t h e 

I z hi k e vi c h n e ur al  m o d el  [6 6 ] at  s c al e  [9 1 ]. W hil e  t h es e si m ul at ors  ar e  c a p a bl e  of  

e x e c uti n g  at  hi g h  s p e e d,  t h e y d o  s o at  t h e c ost  of  li miti n g si m ul ati o ns  t o r e d u c e d 

m o d els  of  s pi ki n g  n e ur o ns  a n d  c urr e nt- b as e d  s y n a ps es.  A d diti o n all y,  m ost  d o  n ot  

s u p p ort  h y bri d  n et w or ks  of  n e ur o ns  wit h  h et er o g e n e o us  d y n a mi cs,  s u c h  as  a  mi x  of  

s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns.  

M ulti pl e  s ol uti o ns  h a v e  b e e n  d e v el o p e d  w hi c h  c o m bi n e  a  n e ur al  d y n a mi cs  si m-

ul at or  wit h  a  p h ysi cs  e n gi n e.  O n e  a p pr o a c h  is t o c o m bi n e  a n  e xisti n g  n e ur al  si m-

ul at or  wit h  a n  e xisti n g  p h ysi cs  e n gi n e  usi n g  a  mi d dl e w ar e  m e m or y  m a n a g e m e nt  

s oft w ar e  [3 9 , 1 3 1 ], all o wi n g  us ers  w h o  ar e  c o mf ort a bl e  wit h  a  s p e ci fi c  n e ur al  si m u -

l at or t o i nt erf a c e t h eir n et w or ks  wit h  p h ysi cs  o bj e cts  at  t h e e x p e ns e  of  c o m pli c at e d  

s oft w ar e  d e p e n d e n ci es  w hi c h  ar e  di ffi c ult  t o tr a nsl at e t o ot h er  s yst e ms.  T h e  first  

i nt e gr at e d s yst e m  w as  A ni m at L a b  [2 8 ], w hi c h  all o ws  n et w or ks  c o nsisti n g  of  eit h er  

a  n o n-s pi ki n g  or  s pi ki n g  n e ur al  m o d el  t o c o ntr ol  us er- d e fi n a bl e  p h ysi cs  b o di es  t o 

b e  si m ul at e d  i n a  G UI  wit h  a n  i nt e gr at e d pl otti n g  e n gi n e.  N u m er o us  m o d els  h a v e  

s u c c essf ull y  b e e n  c o ntr oll e d  wit h  A ni m at L a b,  b ot h  i n si m ul ati o n  [2 7 , 6 5 , 1 2 0 ] a n d  

wit h  r o b oti c h ar d w ar e  [5 0 , 6 4 ], h o w e v er  t h e r eli a n c e o n  a  G UI  a n d  t h e s oft w ar e  i m-

pl e m e nt ati o n  m a k es  it di ffi c ult  t o d esi g n  l ar g er n et w or ks  [1 1 0 ]. T h e  N e ur or o b oti cs  
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Pl atf or m  ( N R P) is a  si mil ar  s yst e m  t o A ni m atl a b  i n t h at it is l ar g e s oft w ar e  s uit e  

w hi c h  i nt e gr at es m ulti pl e  n e ur al  si m ul at ors  wit h  a  p h ysi cs  e n gi n e  i n a  cl o u d- b as e d  

si m ul ati o n  e n vir o n m e nt  [4 3 ], a n d  h as  b e e n  us e d  s u c c essf ull y  f or m ulti pl e  n e ur o-

r o b oti c c o ntr oll ers  i n si m ul ati o n  [2 2 , 8 4 ]. H o w e v er,  t h e N R P  c o m es  wit h  si g ni fi c a nt  

o v er h e a d  a n d  is c o ns e q u e ntl y  u ns uit e d  f or r e al-ti m e c o ntr ol  of  r o b oti c h ar d w ar e.  

F oll o wi n g  d e v el o p m e nts  i n n e ur o m or p hi c  h ar d w ar e  w hi c h  ai ms  t o a c c el er at e  

s pi ki n g  n e ur al  n et w or ks  [3 3 ], s oft w ar e  t o ol kits ar e  b e gi n ni n g  t o e m er g e  w hi c h  

e n a bl e  t h e m a p pi n g  of  n e ur al  m o d els  t o n e ur o m or p hi c  h ar d w ar e  [1 1 , 7 7 ]. Hi g h-

p erf or m a n c e  r o b oti c c o ntr oll ers  h a v e  b e e n  d e v el o p e d  usi n g  t h es e fr a m e w or ks [2 9 , 

3 8 ], h o w e v er  as  of  t h e writi n g  of  t his diss ert ati o n  n e ur o m or p hi c  h ar d w ar e  is n ot  

wi d el y  a v ail a bl e  or  a ff or d a bl e,  a n d  t h e s ol uti o ns  w hi c h  e xist  d o  n ot  s u p p ort  c o m pl e x  

s y n a pti c  d y n a mi cs  s u c h  as  c h e mi c al  r e v ers al p ot e nti als  [3 3 ]. 

2. 3  Vis u al  M oti o n  P r o c essi n g  

O n e  e x a m pl e  of  a  pr o bl e m  w hi c h  h as  p ot e nti al  s ol uti o ns  i n b ot h  n e ur os ci e n c e  a n d  

r o b oti cs is t h e pr o c essi n g  of  vis u al  m oti o n.  St a bili zi n g  t h e y a w  m oti o n  of  a  m o bil e  

a g e nt  is a  s p e ci al  c as e  of  vis u al  o d o m etr y  w h er e  t h e m oti o n  of  a  c a m er a  t hr o u g h a  

fi x e d  w orl d  is c al c ul at e d,  als o  k n o w n  as  e g o- m oti o n  esti m ati o n  [7 1 ]. 

2. 3. 1  Dr os o p hil a  m el a n o g ast er  

A  p o p ul ar  m o d el  or g a nis m  f or st u d yi n g  vis u al  m oti o n  pr o c essi n g  is t h e fr uit fl y  

Dr os o p hil a  m el a n o g ast er , as  it c o nt ai ns  m a n y  of  t h e s a m e  l o gi c al el e m e nts  as  t h at 

of  t h e vis u al  s yst e m  i n v ert e br at e  a ni m als  [2 6 ] w hil e  usi n g  t hr e e or d ers  of  m a g nit u d e  

f e w er n e ur o ns  [1 4 , 7 9 ]. C o m bi ni n g  t his r e d u cti o n i n s c al e  wit h  t h e e xt e nsi v e  w or k  

i n r e c e nt y e ars  t o cr e at e  a  f ull Dr os o p hil a  br ai n  c o n n e ct o m e  [1 0 8 , 1 3 7 ] m a k es  t h e 

fr uit fl y  a  c o m p elli n g  i ns pir ati o n f or r o b oti c i m pl e m e nt ati o n. 

Wit hi n  t h e fr uit fl y,  t h e m oti o n  visi o n  p at h w a y  is a n  e xtr e m el y  i m p ort a nt s yst e m  

f or a d a pti v e  b e h a vi or  w hi c h  ai ds  i n esti m ati o n  of  b o d y  m oti o n  a n d  e n a bli n g  r a pi d 
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R 1- 6 

L 3L 1 L 4 L 5 

Mi 1 T m 3 Mi 4 Mi 9 T m 1 T m 2 T m 4 T m 9 

C T 1 C T 1 

T 4 T 5 

L 2 

R eti n a 

L a mi n a 

M e d ull a 

L o b ul aM e d ull a 

Fi g ur e   2. 1:   N e ur o a n at o m y   of   t h e  m oti o n   visi o n   p at h w a y   i n  t h e  Dr os o p hil a  
m el a n o g ast er   o pti c  l o b e.  C o n n e cti vit y  b as e d  o n  i nf or m ati o n pr es e nt e d  i n B orst  
et  al.  2 0 2 0  [1 4 ] a n d  Br a u n  et  al.  2 0 2 3  [1 7 ]. 

r es p o ns e t o o n c o mi n g  t hr e ats [1 , 3 1 , 4 8 ].  Wit hi n  t h e Dr os o p hil a  o pti c  l o b e, r eti n al 

a n d  l a mi n a c ells  c o n v ert  c h a n g es  i n li g ht i nt e nsit y usi n g  s p ati ot e m p or al  filt ers  i nt o 

i nf or m ati o n us e d  i n t h e r est of  t h e n et w or k.  Wit hi n  t h e l a mi n a, c ells  L 1- L 3  s e p ar at e  

i nf or m ati o n  fl o w   i nt o  t w o  p at h w a ys:   a n   O n   p at h w a y   f or  e n c o di n g   i n cr e as es  i n 

bri g ht n ess,  a n d  a n  O ff  p at h w a y  f or e n c o di n g  d e cr e as es  i n bri g ht n ess  [1 1 2 , 1 2 5 ]. 

T his  tr a nsf or m e d vis u al  i nf or m ati o n is t h e n filt er e d  i n t h e m e d ull a  b y  t w o b a n ks  

of  u ni q u e  s p ati ot e m p or al  filt ers  ( Mi 1, T m 3,  Mi 4,  Mi 9  f or t h e O n  p at h w a y;  T m 1,  

T m 2,  T m 4,  T m 9  f or t h e O ff  p at h w a y)  [4 , 4 0 ], w hi c h  ar e  t h e n c o m bi n e d  n o nli n e arl y  
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(along with the wide amacrine cell CT1 [86]) onto the elementary motion detector

(EMD) cells T4 and T5. Through this spatial combination, the T4 and T5 cells

generate directional selectivity for each point in the visual  eld [115] and can then

be spatially integrated for more complex behavior [14]. For a schematic diagram,

pleaserefertoFig.2.1

This mechanism for directional selectivity has been modeled for decades, with

initial models consisting of two-pixel (or arm) detectors which either enhance motion

in the preferred direction [57] or suppress motion in the opposite direction [8]. As

the D o ophila connectomic maps have improved, it has become clear that the

motion detectors for both the On and Off pathway are implemented as three-arm

detectors, implementing the combination of preferred-direction enhancement and

null-direction suppression within a single circuit for improved noise rejection [54,

115].

2.3.2 Algo ithmicSolution 

Calculating ego-motion based on sequences of images is an established area of work

in computer vision, with the majority of approaches utilizing either measurements of

optic  ow or tracking point correspondence [71]. Initial methods estimated rotation

then translation based on changing  ows of point triplets [98], followed by methods

which took the  rst derivative of image brightness in regions of interest [62]. Further

methods were developed which used motion parallax between pairs of images,

either to compute changes in depth [103] or image deformation [128]. In recent

years convolutional neural networks have also been used, either as an end-to-end

solution[30]orstartingfromaninitialoptical ow eld[143].

Many bio-inspired algorithms have been developed which are based off of the

two-pixel Hassentein-Reichardt [57] and Barlow [8] motion detectors, and have been

successfully used for applications including quadrotor  ight control [142] and target

tracking [7]. However these algorithms are potentially less robust to noise due to
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the use of two-arm motion detectors instead of three [54]. 

An initial spiking SNS model for motion detection has previously been im-

plemented, which was inspired by then-current information about the insect optic 

lobe and two-arm motion detectors [110]. While successful, this work was per -

formed prior to new connectivity information which became available for Drosophila 

melanogaster. Additionally, this network was time-intensive to implement using 

manual GUI-based design in AnimatLab [28]. 
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C h a p t e r  3  

S N S- T O O L B O X:  A N  O P E N  S O U R C E  T O O L  F O R  D E SI G NI N G  
S Y N T H E TI C  N E R V O U S  S Y S T E M S  

M at eri al  i n t his c h a pt er  h as  b e e n  pr e vi o usl y  p u blis h e d  i n 

• N o urs e,  W.  R.,  S z c z e ci ns ki,  N.  S.,  &  Q ui n n,  R.  D.  ( 2 0 2 2, J ul y).  S N S-

T o ol b o x:  A  T o ol  f or E ffi ci e nt  Si m ul ati o n  of  S y nt h eti c  N er v o us  S yst e ms.  I n 

C o nf er e n c e  o n  Bi o mi m eti c  a n d  Bi o h y bri d  S yst e ms  ( p p. 3 2- 4 3).  C h a m:  

S pri n g er  I nt er n ati o n al P u blis hi n g.  

• N o urs e,  W.  R.,  J a c ks o n,  C.,  S z c z e ci ns ki,  N.  S.,  &  Q ui n n,  R.  D.  ( 2 0 2 3). S N S-

T o ol b o x:  A n  O p e n  S o ur c e  T o ol  f or D esi g ni n g  S y nt h eti c  N er v o us  S yst e ms  a n d  

I nt erf a ci n g T h e m  wit h  C y b er – P h ysi c al  S yst e ms.  Bi o mi m eti cs,  8( 2),  2 4 7.  

A d diti o n all y,  s o m e  m at eri al  i n t his c h a pt er  w as  pr es e nt e d  i n p ers o n  as  t h e t ut ori al 

" A n  I ntr o d u cti o n t o D esi g n  a n d  Si m ul ati o n  usi n g  S N S- T o ol b o x  a n d  S N S T or c h "  at  

t h e 2 0 2 4  c o nf er e n c e  o n  N e ur o  I ns pir e d C o m p ut ati o n al  El e m e nts  ( NI C E) o n  A pril  

2 6,  2 0 2 4.  E dits  h a v e  b e e n  m a d e  t o pl a c e  t his m at eri al  i nt o c o nt e xt  wit h  t h e r est of  

t his diss ert ati o n.  

3.1 Abstract 

O n e  d e v el o pi n g  a p pr o a c h  f or r o b oti c c o ntr ol  is t h e us e  of  n et w or ks  of  d y n a mi c  

n e ur o ns  c o n n e ct e d  wit h  c o n d u ct a n c e- b as e d  s y n a ps es,  als o  k n o w n  as  S y nt h eti c  N er -

v o us  S yst e ms  ( S N S). T h es e  n et w or ks  ar e  oft e n  d e v el o p e d  usi n g  c y cli c  t o p ol o gi es 

a n d  h et er o g e n e o us  mi xt ur es  of  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns,  w hi c h  is a  di ffi -

c ult  pr o p ositi o n  f or e xisti n g  n e ur al  si m ul ati o n  s oft w ar e.  M ost  s ol uti o ns  a p pl y  t o 

eit h er  o n e  of  t w o e xtr e m es,  t h e d et ail e d  m ulti- c o m p art m e nt  n e ur al  m o d els  i n s m all  

n et w or ks,  a n d  t h e l ar g e-s c al e n et w or ks  of  gr e atl y  si m pli fi e d  n e ur al  m o d els.  I n t his 
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w or k,  w e  pr es e nt  o ur  o p e n-s o ur c e  P yt h o n  p a c k a g e  S N S- T o ol b o x,  w hi c h  is c a p a bl e  of  

si m ul ati n g  h u n dr e ds  t o t h o us a n ds of  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns  i n r e al-ti m e or  

f ast er o n  c o ns u m er- gr a d e  c o m p ut er  h ar d w ar e.  We  d es cri b e  t h e n e ur al  a n d  s y n a pti c  

m o d els  s u p p ort e d  b y  S N S- T o ol b o x,  a n d  pr o vi d e  p erf or m a n c e  o n  m ulti pl e  s oft w ar e  

a n d  h ar d w ar e  b a c k e n ds,  i n cl u di n g G P Us  a n d  e m b e d d e d  c o m p uti n g  pl atf or ms.  We  

als o  s h o w c as e  t w o e x a m pl es  usi n g  t h e s oft w ar e,  o n e  f or c o ntr olli n g  a  si m ul at e d  li m b 

wit h  m us cl es  i n t h e p h ysi cs  si m ul at or  M uj o c o,  a n d  a n ot h er  f or a  m o bil e  r o b ot usi n g  

R O S.  We  h o p e  t h at t h e a v ail a bilit y  of  t his s oft w ar e  will  r e d u c e t h e b arri er  t o e ntr y  

w h e n  d esi g ni n g  S N S  n et w or ks,  a n d  will  i n cr e as e t h e pr e v al e n c e  of  S N S  n et w or ks  

i n t h e fi el d  of  r o b oti c c o ntr ol.  

3.2 Introduction 

A  c o m m o n  g o al  of  n e ur os ci e ntists  a n d  r o b oti cists is t o u n d erst a n d  h o w  a ni m al  

n er v o us  s yst e ms  i nt er a ct wit h  bi o m e c h a ni cs  a n d  t h eir e n vir o n m e nt  a n d  g e n er at e  

a d a pti v e  b e h a vi or  [2 4 ]. B y  u n d erst a n di n g  a n d  m o d eli n g  as p e cts  of  t h e n er v o us  

s yst e m,  it is h o p e d  t h at r o b ots will  b e  a bl e  t o e x hi bit  e m b o di e d  i nt elli g e n c e [9 ] 

a n d  e x hi bit  a ni m al-li k e  r o b ust n ess a n d  a d a pt a bilit y  [1 2 4 ]. O n e  a p pr o a c h  is t o 

d esi g n  S y nt h eti c  N er v o us  S yst e ms  ( S N S), n et w or ks  of  c o n d u ct a n c e- b as e d  n e ur o ns  

a n d  s y n a ps es  w hi c h  c a n  b e  us e d  t o m o d el  a ni m al  n er v o us  s yst e ms  [1 0 9 , 1 2 0 ] a n d  

c o ntr ol  r o b ots [5 , 5 0 , 6 4 ]. S o m e  str e n gt hs  of  S N S  n et w or ks  i n cl u d e t h at t h e y c a n  

b e  t u n e d usi n g  a n al yti c  d esi g n  r ul es [1 2 1 , 1 2 3 ] a n d  t h at r es ults o bt ai n e d  c o ntr olli n g  

r o b oti c h ar d w ar e  c a n  pr o p os e  n e ur o bi ol o gi c al  h y p ot h es es  [8 3 , 1 3 4 ]. 

I n or d er  t o d esi g n  S N S  n et w or ks  f or r o b oti c c o ntr ol,  s oft w ar e  t o ols ar e  n e e d e d.  

S oft w ar e  f or si m ul ati n g  S N S  n et w or ks  s h o ul d  s u p p ort  c o n d u ct a n c e- b as e d  m o d eli n g  

of  n e ur o ns  a n d  s y n a ps es,  as  t h er e ar e  el e m e nts  of  n e ur al  b e h a vi or  i n c o n d u ct a n c e-

b as e d  m o d els  w hi c h  ar e  i n c o m p ati bl e wit h  c urr e nt- b as e d  m o d els  [1 0 0 , 1 2 1 ]. Bi di -

r e cti o n al s y n a pti c  li n ks, s u c h  as  el e ctri c al  s y n a ps es,  s h o ul d  als o  b e  s u p p ort e d  [5 3 ]. 

Si m ul at ors  s h o ul d  als o  s u p p ort  n et w or ks  wit h  h et er o g e n e o us  n e ur al  m o d els,  p ot e n-
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ti all y c o nt ai ni n g  b ot h  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns  [5 0 ]. W hil e  i n di vi d u al s pi k-

i n g n e ur o ns  c a n  b e  m or e  c o m p ut ati o n all y  p o w erf ul  t h a n n o n-s pi ki n g  n e ur o ns  [8 1 ], 

n o n-s pi ki n g  n e ur o ns  ar e  c a p a bl e  of  c a pt uri n g  m u c h  of  t h e d y n a mi cs  of  p o p ul a -

ti o ns of  s pi ki n g  n e ur o ns  w hil e  b ei n g  m or e  a m e n a bl e  t o r e al-ti m e si m ul ati o n  [1 3 0 ]. 

N et w or ks  s h o ul d  b e  a bl e  t o b e  c o nstr u ct e d  i n a  pr o gr a m m ati c  w a y,  i n or d er  t o ai d  

t h e d esi g n  of  l ar g e b ut  f or m ul ai c n et w or ks  [1 1 0 ]. S N S  n et w or ks  s h o ul d  b e  a bl e  

t o b e  si m ul at e d  wit h  f ast er t h a n r e al-ti m e p erf or m a n c e  usi n g  C P Us  a n d  G P Us,  

a n d  t h e s a m e  n et w or ks  s h o ul d  b e  e asil y  i nt erf a c e d wit h  p h ysi cs  si m ul ati o n  e n gi n es  

a n d  r o b oti c h ar d w ar e.  A d diti o n all y,  f or a c c essi bilit y  a n d  e as e  of  us e  i n l a b or at or y 

a n d  e d u c ati o n al  s etti n gs,  a  si m ul at or  s oft w ar e  s h o ul d  b e  cr oss- pl atf or m  c o m p ati -

bl e  wit h  t h e Wi n d o ws  (tr a d e m ar k Mi cr os oft  C or p or ati o n,  R e d m o n d,  W A,  U S A),  

M a c O S  (tr a d e m ar k A p pl e  C or p or ati o n,  C u p erti n o,  C A,  U S A),  a n d  Li n u x  o p er ati n g  

s yst e ms.  A  s el e ct e d  s ur v e y  of  a v ail a bl e  si m ul ati o n  s oft w ar e  is pr es e nt e d  i n Ta bl e  3. 1 . 

S oft w ar e  f or si m ul ati n g  c o n d u ct a n c e- b as e d  n e ur al  d y n a mi cs  h a v e  l o n g b e e n  

a v ail a bl e,  wit h  t h e m ost  p o p ul ar  o pti o ns  b ei n g  N E U R O N  [5 9 ], N E S T  [4 9 ], G E N -

E SI S  [1 5 ], a n d  Bri a n  [5 1 ]. T h es e  si m ul at ors  ar e  c a p a bl e  of  si m ul ati n g  hi g hl y  

d et ail e d  a n d  bi ol o gi c all y  a c c ur at e  n e ur al  m o d els,  h o w e v er  t h e y w er e  ori gi n all y  d e -

si g n e d  f or t h e p ur p os e  of  p erf or mi n g  di git al  e x p eri m e nts  a n d  c oll e cti n g  d at a  o v er  a  

l o n g si m ul ati o n  r u n. As  s u c h,  i nt erf a ci n g wit h  e xt er n al  s oft w ar e  a n d  s yst e ms  c a n  

b e  c h all e n gi n g  [1 1 8 ] a n d  oft e n  r e q uir es d e di c at e d  s oft w ar e  f or m e m or y  m a n a g e -

m e nt  [3 9 ]. A d diti o n all y,  t h es e si m ul at ors  ar e  li mit e d t o b ei n g  r u n o n  c o n v e nti o n al  

C P Us,  alt h o u g h  s o m e  h a v e  b e g u n  t o b e  a d a pt e d  f or us e  wit h  G P Us  [2 ]. 

Ot h er  si m ul at ors  ar e  c a p a bl e  of  d esi g ni n g  l ar g e n et w or ks  of  n e ur o ns  usi n g  pri n -

ci pl es  fr o m m a c hi n e  l e ar ni n g, s u c h  as  s n n T or c h  [4 2 ], S p y k e T or c h  [8 9 ], a n d  Bi n d-

s N E T  [5 8 ]. T h es e  si m ul at ors  ar e  c a p a bl e  of  e x e c uti n g  at  hi g h  s p e e d  o n  b ot h  C P Us  

a n d  G P Us,  b ut  t h e y d o  s o at  t h e c ost  of  li miti n g si m ul ati o ns  t o r e d u c e d m o d els  of  

s pi ki n g  n e ur o ns  a n d  c urr e nt- b as e d  s y n a ps es.  Si m ul at ors  h a v e  als o  b e e n  d esi g n e d  

t o si m ul at e  t h e I z hi k e vi c h n e ur o n  [6 6 ] a n d  ot h er  s pi ki n g  n e ur o ns  at  s c al e,  i n cl u di n g 
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S oft w ar e  
N o  G UI  
R e q uir e d  

R e al- Ti m e  
C a p a bl e  

N o n- S pi ki n g 
&  S pi ki n g  

C h e mi c al 
S y n a p s e s  

El e ctri c al  
S y n a p s e s  

C P U/ G P U  
S u p p ort  

Cr o s s-
Pl atf or m*  

A ni m at L a b  X  X  X   X  

N R P  X  X †  X †  X †  X  

N e n g o   X   X  X  X †  X †  X †  X  

s n n T or c h   X   X  X   X  

S p y k e-
T or c h  

X   X  X   X  

Bi n d s N E T   X   X  X   X  

Bri a n 2   X  X  X   X   X   X  

N E U R O N   X  X  X   X   X ‡  X  

N E S T  X   X  X   X ‡  X  

A N N ar c h y   X   X  X  X   X   X ‡  

S N S-
T o ol b o x  

X   X  X  X   X   X   X  

Ta bl e  3. 1:  C o m p aris o n  of  n e ur al  si m ul ati o n  s oft w ar e.  N ot e  t h at d u e  t o t h e m a n y  si m-
ul at ors  a v ail a bl e,  n ot  all  ar e  pr es e nt e d  i n t his t a bl e. *  T o  b e  c o nsi d er e d  cr oss- pl atf or m  
c o m p ati bl e,  t h e s oft w ar e  m ust  b e  e asil y  r u n o n  Li n u x,  M a c O S,  a n d  Wi n d o ws.  †  T o  
i m pl e m e nt s o m e  f e at ur es, c ust o m  c o d e  m ust  b e  i m pl e m e nt e d w hi c h  is i n c o m p ati bl e 
wit h  t h e r est of  t h e N e n g o  e c os yst e m.  ‡  Li mit e d  G P U  s u p p ort  is c urr e ntl y  a v ail a bl e.  

C A R L Si m  [9 1 ], N E M O  [4 5 ], G e N N  [1 3 8 ], C N S  [9 0 ], a n d  N C S 6  [6 0 ];  h o w e v er  

t h e y t y pi c all y d o  n ot  s u p p ort  h y bri d  n et w or ks  of  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns.  

M ulti pl e  s ol uti o ns  h a v e  b e e n  d e v el o p e d  w hi c h  c o m bi n e  a  n e ur al  d y n a mi cs  si m u-

l at or wit h  a  p h ysi cs  e n gi n e.  O n e  a p pr o a c h  is t o c o m bi n e  a n  e xisti n g  n e ur al  si m ul at or  

wit h  a n  e xisti n g  p h ysi cs  e n gi n e  usi n g  a  mi d dl e w ar e  m e m or y  m a n a g e m e nt  s oft w ar e.  

T his  h as  b e e n  us e d  t o c o m bi n e  Bri a n  [5 1 ] a n d  S O F A  [3 ] usi n g  C L O N E S  [1 3 1 ], 

as  w ell  as  N E S T  [4 9 ] wit h  G a z e b o  [7 3 ] usi n g  M U SI C  [3 9 ].  T his  a p pr o a c h  al -

l o ws us ers  w h o  ar e  c o mf ort a bl e  wit h  a  s p e ci fi c  n e ur al  si m ul at or  t o i nt erf a c e t h eir 

n et w or ks  wit h  p h ysi cs  o bj e cts.   H o w e v er,  it l e a ds t o c o m pli c at e d  s oft w ar e  d e p e n -

d e n ci es  w hi c h  ar e  di ffi c ult  t o tr a nsl at e t o ot h er  s yst e ms.  T h e  first  i nt e gr at e d s yst e m  



1 6  

w as  A ni m at L a b  [2 8 ], w hi c h  all o ws  n et w or ks  c o nsisti n g  of  eit h er  a  n o n-s pi ki n g  or  

s pi ki n g  n e ur al  m o d el  t o c o ntr ol  us er- d e fi n a bl e  p h ysi cs  b o di es.  It als o  c o m es  wit h  

a n  i nt e gr at e d pl otti n g  e n gi n e,  all o wi n g  us ers  t o r u n e x p eri m e nts  a n d  a n al y z e  d at a  

wit hi n  a  si n gl e  a p pli c ati o n.  N u m er o us  m o d els  h a v e  s u c c essf ull y  b e e n  c o ntr oll e d  

wit h  A ni m at L a b,  b ot h  i n si m ul ati o n  [2 7 , 6 5 , 1 2 0 ] a n d  wit h  r o b oti c h ar d w ar e  [5 0 , 

6 4 ], h o w e v er  n et w or ks  c a n n ot  b e  d esi g n e d  i n a  pr o gr a m m ati c  w a y  a n d  ar e  di ffi c ult  

t o s c al e  t o l ar g er n et w or ks  [1 1 0 ]. T h e  N e ur or o b oti cs  Pl atf or m  ( N R P) is a  l ar g e s oft -

w ar e  s uit e  w hi c h  i nt e gr at es m ulti pl e  n e ur al  si m ul at ors,  i n cl u di n g N e n g o  [1 1 ] a n d  

N E S T  [4 9 ], wit h  G a z e b o  [7 3 ] i n a  cl o u d- b as e d  si m ul ati o n  e n vir o n m e nt.  T h e  N R P  

is a  c o m pr e h e nsi v e  t o ol b o x w hi c h  c o m es  wit h  a  v ari et y  of  a d v a n c e d  vis u ali z ati o n  

t o ols, a n d  h as  b e e n  us e d  s u c c essf ull y  f or m ulti pl e  n e ur or o b oti c  c o ntr oll ers  i n si m-

ul ati o n  [2 2 , 8 4 ]. H o w e v er,  t h e N R P  c o m es  wit h  m u c h  o v er h e a d  a n d,  as  s u c h,  is 

u ns uit e d  f or r e al-ti m e c o ntr ol  of  r o b oti c h ar d w ar e.  

I n r e c e nt y e ars,  hi g h- p erf or m a n c e  r o b ots h a v e  b e e n  d e v el o p e d  w hi c h  ar e  c o n -

tr oll e d usi n g  n et w or ks  of  s pi ki n g  n e ur o ns  [2 9 , 3 8 ]. T h es e  n et w or ks  a c hi e v e  st at e-

of-t h e- art  p erf or m a n c e,  b ut  r el y o n  s p e ci ali z e d  n e ur o m or p hi c  h ar d w ar e,  s u c h  as  

I nt el’s L oi hi  pr o c ess ors  [3 3 ], w hi c h  ar e  n ot  y et  wi d el y  a v ail a bl e.  L a v a  [7 7 ] is a  

r el ati v el y r e c e nt a n d  pr o misi n g  s oft w ar e  s ol uti o n  f or d esi g ni n g  s pi ki n g  n et w or ks,  

b ut  it is pri m aril y  d esi g n e d  f or us e  wit h  C P Us  a n d  L oi hi.  C urr e ntl y,  t h e m ost  wi d el y  

us e d  s oft w ar e  f or i m pl e m e nti n g s pi ki n g  n et w or ks  a n d  c o ntr olli n g  r e al h ar d w ar e  is 

N e n g o  [1 1 ], w hi c h  h as  a c hi e v e d  i m pr essi v e r es ults [3 8 ]. H o w e v er,  N e n g o  is o pti -

mi z e d  f or n et w or ks  d esi g n e d  usi n g  t h e N e ur al  E n gi n e eri n g  Fr a m e w or k  [4 1 ], a n d  c a n  

h a v e  r e d u c e d p erf or m a n c e  wit h o ut  t h e us e  of  n e ur o m or p hi c  h ar d w ar e.  O n e  si m ul a -

t or w hi c h  c a n  si m ul at e  n et w or ks  wit h  a  mi xt ur e  of  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns  

i n r e al-ti m e or  f ast er is A N N ar c h y  [1 3 0 ], w hi c h  d o es  s o usi n g  a  C + +  c o d e  g e n er a -

ti o n s yst e m.  H o w e v er,  t his c o d e  g e n er ati o n  s yst e m  w hi c h  e n a bl es  hi g h  p erf or m a n c e  

c o m es  at  t h e c ost  of  i n c o m p ati bilit y wit h  t h e Mi cr os oft  Wi n d o ws  o p er ati n g  s yst e m,  

w hi c h  r e d u c es its l e v el of  a c c essi bilit y.  
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H er e,  w e  pr es e nt  S N S- T o ol b o x,  a n  o p e n-s o ur c e  P yt h o n  p a c k a g e  f or t h e d esi g n  

a n d  si m ul ati o n  of  s y nt h eti c  n er v o us  s yst e ms.  S N S- T o ol b o x  all o ws  us ers  t o d esi g n  

S N S  n et w or ks  wit h  a  si m pl e  i nt erf a c e a n d  si m ul at e  t h e m usi n g  est a blis h e d  n u m er -

i c al pr o c essi n g  li br ari es o n  c o ns u m er- gr a d e  h ar d w ar e.  We  f o c us o n  si m ul ati n g  a  

s p e ci fi e d  s et of  n e ur al  a n d  s y n a pti c  d y n a mi cs,  wit h o ut  d e di c at e d  ti es t o a  G UI  or  

a  p h ysi cs  si m ul at or.  T his  f o c us all o ws  t h e S N S- T o ol b o x  t o b e  e asil y  i nt erf a c e d 

wit h  ot h er  s yst e ms,  a n d  f or a  gi v e n  n et w or k  d esi g n  t o b e  a bl e  t o b e  r e us e d wit h o ut  

m o di fi c ati o n  i n m ulti pl e  c o nt e xts.  I n pr e vi o us  w or k  [9 4 ], w e  pr es e nt e d  a n  i niti al 

v ersi o n  of  S N S- T o ol b o x  wit h  r e d u c e d f u n cti o n alit y. H er e  w e  e x pl ai n  i n d et ail  t h e 

e x p a n d e d  n e ur al  a n d  s y n a pti c  d y n a mi cs  s u p p ort e d  i n t h e t o ol b o x, a n d  d es cri b e  t h e 

w or k fl o w  f or d esi g ni n g  a n d  si m ul ati n g  n et w or ks.  We  pr o vi d e  r es ults w hi c h  d e m o n -

str at e  c o m p ar ati v e  p erf or m a n c e  wit h  ot h er  n e ur al  si m ul at ors,  a n d  w e  s h o w c as e  t h e 

us e  of  S N S- T o ol b o x  i n t w o di ff er e nt  a p pli c ati o ns,  m ot or  c o ntr ol  of  a  m us cl e- a ct u at e d  

bi o mi m eti c  s yst e m  i n M uj o c o  [1 2 7 ], a n d  n a vi g ati o n  c o ntr ol  of  a  r o b oti c s yst e m  i n 

si m ul ati o n  usi n g  t h e R o b oti c  O p er ati n g  S yst e m  ( R O S) [9 9 ]. 

3. 3  M at e ri als  a n d  M et h o ds  

H er ei n  w e  d es cri b e  t h e i nt er n al f u n cti o n alit y of  t h e S N S- T o ol b o x,  h o w  di ff er e nt  n e u -

r o ns a n d  s y n a ps es  ar e  si m ul at e d,  d esi g n e d,  a n d  c o m pil e d  b y  t h e us er.  S e cti o n  3. 3. 1  

d e fi n es  t h e n e ur al  m o d els  w hi c h  ar e  s u p p ort e d  i n t h e t o ol b o x, a n d  S e cti o n  3. 3. 2  

d o es  t h e s a m e  f or c o n n e cti o n  t y p es. S e cti o n  3. 4. 2  d es cri b es  t h e d esi g n  pr o c ess  

usi n g  S N S- T o ol b o x,  a n d  h o w  a  n et w or k  is c o m pil e d  a n d  si m ul at e d.  

All  s oft w ar e  d es cri b e d  is writt e n  i n P yt h o n  [1 0 5 ], w hi c h  w as  c h os e n  d u e  t o its 

e as e  of  d e v el o p m e nt  a n d  wi d e  c o m p ati bilit y.  U nl ess  ot h er wis e  s p e ci fi e d,  t h e u nits  

f or all  q u a ntiti es  ar e  as  f oll o ws, c urr e nt  ( n A), v olt a g e  ( m V), c o n d u ct a n c e  ( S),  

c a p a cit a n c e  ( n F), a n d  ti m e ( ms). 
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3. 3. 1  N e ur al  M o d els  

S N S- T o ol b o x  is d esi g n e d  t o si m ul at e  a  s m all  s el e cti o n  of  n e ur al  m o d els,  w hi c h  ar e  

v ari ati o ns  of  a  st a n d ar d  l e a k y i nt e gr at or. I n t his s e cti o n,  w e  pr es e nt  t h e p ar a m et ers  

a n d  d y n a mi cs  of  e a c h  n e ur al  m o d el  w hi c h  c a n  b e  si m ul at e d  usi n g  S N S- T o ol b o x.  

N o n- S pi ki n g  N e u r o n  

T h e  b as e  m o d el  f or all  n e ur o ns  i n S N S- T o ol b o x  is t h e n o n-s pi ki n g  l e a k y i nt e gr at or, 

as  h as  b e e n  us e d  i n c o nti n u o us-ti m e  r e c urr e nt n e ur al  n et w or ks  [1 0 ]. T his  n e ur al  

m o d el  c a n  b e  us e d  t o m o d el  n o n-s pi ki n g  i nt er n e ur o ns, as  w ell  as  a p pr o xi m at e  t h e 

r at e- c o di n g b e h a vi or  of  a  p o p ul ati o n  of  s pi ki n g  n e ur o ns  [1 2 1 ]. T h e  m e m br a n e  

p ot e nti al   b e h a v es  a c c or di n g  t o t h e di ff er e nti al  e q u ati o n  

  
 

 
            

 
            ( 3. 1) 

w h er e   i s t h e m e m br a n e  c a p a cit a n c e,    t h e m e m br a n e  c o n d u ct a n c e,  a n d     i s 

t h e r esti n g p ot e nti al  of  t h e n e ur o n.   i s a n  i nj e ct e d c urr e nt  of  c o nst a nt  m a g nit u d e,  

a n d       i s a n y  e xt er n al  a p pli e d  c urr e nt.     i s t h e c urr e nt  i n d u c e d vi a  s y n a ps es  

fr o m pr es y n a pti c  n e ur o ns,  t h e f or ms of  w hi c h  ar e  d e fi n e d  i n S e cti o n  3. 3. 2 . 

D uri n g  si m ul ati o n,  t h e v e ct or  of  m e m br a n e  p ot e nti als   is u p d at e d  at  e a c h  st e p  

 b y  r e pr es e nti n g E q u ati o n  (3. 1 ) i n a  f or w ar d- E ul er st e p:  

                
 

   
 

          

 
                

 
 ( 3. 2) 

w h er e   d e n ot es  t h e el e m e nt- wis e  H a d a m ar d  pr o d u ct,  a n d   r e pr es e nts t h e si m u -

l ati o n ti m est e p.  i s t h e m e m br a n e  ti m e f a ct or, w hi c h  is s et as     
   . 

S pi ki n g  N e u r o n  

S pi ki n g  n e ur o ns  i n S N S- T o ol b o x  ar e  r e pr es e nt e d as  e x p a n d e d  l e a k y i nt e gr at e- a n d-

fir e  n e ur o ns  [8 8 ], wit h  t h e m e m br a n e  d e p ol ari z ati o n  d y n a mi cs  d es cri b e d  i n E q u a-
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ti o n (3. 1 ) a n d  a n  a d diti o n al  d y n a mi c al  v ari a bl e  f or a  firi n g  t hr es h ol d  [1 2 3 ], 

 
 

  
     0             ( 3. 3) 

w h er e   i s a  t hr es h ol d ti m e c o nst a nt,  a n d   0  i s t h e i niti al t hr es h ol d v olt a g e.   is a  

pr o p orti o n alit y  c o nst a nt  w hi c h  d es cri b es  h o w  c h a n g es  i n  a ff e ct  t h e b e h a vi or  of  , 

wit h    0  c a usi n g   t o al w a ys  e q u al  0 . W h e n  t h e n e ur o n  is s u bj e ct e d  t o a  c o nst a nt  

sti m ul us,     0  r es ults i n a  firi n g  r at e w hi c h  d e cr e as es  o v er  ti m e, a n d     0  c a us es  a  

firi n g  r at e w hi c h  i n cr e as es o v er  ti m e. S pi k es  ar e  r e pr es e nt e d usi n g  a  s pi ki n g  v ari a bl e  

, 

   
 

 
 

1        

0  ot h er wis e  

( 3. 4) 

w hi c h  als o  tri g g ers t h e m e m br a n e  p ot e nti al  t o r et ur n t o r est: 

if     1          . ( 3. 5) 

T h e  v e ct or  of  firi n g  t hr es h ol ds  is u p d at e d  as  

                     
 

            0      
 
             

 
 ( 3. 6) 

w h er e     i s t h e t hr es h ol d ti m e f a ct or. B as e d  o n  t h e t hr es h ol d st at es,  t h e s pi ki n g  

st at es  ar e  u p d at e d  as  

        
 

   
 
0     

 
 ( 3. 7) 

N ot e  t h at f or si m pli fi e d  i m pl e m e nt ati o n, all  s pi k es  wit h  S N S- T o ol b o x  ar e  i nt er-

n all y  r e pr es e nt e d as  i m p uls es of  m a g nit u d e  1.  Usi n g  t h es e s pi k e  st at es,  t h e m e m -

br a n e  p ot e nti al  of  e a c h  n e ur o n  w hi c h  s pi k e d  is r es et t o r est 

      
 
         

 
 
 
      1  

 
     ( 3. 8) 

N e u r o n  wit h  V olt a g e- G at e d  I o n  C h a n n els  

T h e  ot h er  n e ur al  m o d el  a v ail a bl e  wit hi n  S N S- T o ol b o x  is a  n o n-s pi ki n g  n e ur o n  

wit h  a d diti o n al  H o d g ki n – H u xl e y  [6 1 ] st yl e  v olt a g e- g at e d  i o n c h a n n els.  T h e  m e m -

br a n e  d y n a mi cs  ar e  si mil ar  t o E q u ati o n  (3. 1 ), wit h  t h e a d diti o n  of  a n  i o ni c c urr e nt  



2 0  

 [1 2 2 ]: 

  
 

 
            

 
              ( 3. 9) 

T his  i o ni c c urr e nt  is t h e s u m  of  m ulti pl e  v olt a g e- g at e d  i o n c h a n n els,  all  o b e yi n g  

t h e f oll o wi n g str u ct ur e:  

  
 

 

         

             

       

  
 

    
 
 ( 3. 1 0) 

A n y  n e ur o n  wit hi n  a  n et w or k  c a n  h a v e  a n y  n u m b er  of  i o n c h a n n els.     i s t h e 

m a xi m u m  i o ni c c o n d u ct a n c e  of  t h e j    i o n c h a n n el,  a n d     i s t h e i o ni c r e v ers al 

p ot e nti al.   a n d   ar e  d y n a mi c al  g ati n g  v ari a bl es,  a n d  h a v e  t h e f oll o wi n g d y n a mi cs  

    

 
 

           

      
 ( 3. 1 1) 

w h er e  f u n cti o ns of  t h e f or m    ar e  a  v olt a g e- d e p e n d e nt  st e a d y-st at e  

        
1  

1        e x p  
 
     

 
     

  ( 3. 1 2) 

a n d     i s a  v olt a g e- d e p e n d e nt  ti m e c o nst a nt  

                    
 

    e x p  
 
     

 
     

 
 ( 3. 1 3) 

 d e n ot es  a n  e x p o n e nt,  a n d      i s t h e g at e  r e v ers al p ot e nti al.     a n d      ar e  

p ar a m et ers  w hi c h  s h a p e  t h e    a n d     f u n cti o ns.    i s t h e m a xi m u m  v al u e  

of     . N ot e  t h at d e p e n di n g  o n  t h e d esir e d  i o n c h a n n el,  t h e e x p o n e nt  f or v ari o us  

s e cti o ns  c a n  b e  s et t o 0  i n or d er  t o e ff e cti v el y  r e m o v e it fr o m E q u ati o n  (3. 1 0 ). O n e  

p arti c ul ar  e x a m pl e  of  t his is a  n e ur o n  wit h  a  p ersist e nt  s o di u m  c urr e nt,  w hi c h  is als o  

a v ail a bl e  as  a  pr es et  i n S N S- T o ol b o x,  

  
 

 

                   
 

       
 
 ( 3. 1 4) 

w hi c h  is t h e s a m e  as  E q u ati o n  (3. 1 0 ) wit h  o n e  d y n a mi c  v ari a bl e  dis a bl e d  a n d  s o m e  

v ari a bl e  r e n a mi n g. 
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3. 3. 2 C o n n e cti o n M o d els

Wit hi n S N S- T o ol b o x, n e ur o ns ar e c o n n e ct e d usi n g c o n n e cti o n o bj e cts. T h es e c a n

eit h er d e fi n e li n ks b et w e e n i n di vi d u al n e ur o ns, or str u ct ur es of c o n n e cti vit y b et w e e n

n e ur al p o p ul ati o ns (s e e S e cti o n 3. 3. 2).

N o n- S pi ki n g C h e mi c al S y n a ps e

W h e n c o n n e cti n g n o n-s pi ki n g n e ur o ns, n o n-s pi ki n g c h e mi c al s y n a ps es ar e t y pi c all y

us e d. T h e a m o u nt of s y n a pti c c urr e nt t o p ost-s y n a pti c n e ur o n fr o m pr es y n a pti c

n e ur o n is

( 3. 1 5)

w h er e is t h e s y n a pti c r e v ers al p ot e nti al. is t h e i nst a nt a n e o us s y n a pti c

c o n d u ct a n c e, w hi c h is a f u n cti o n of t h e pr es y n a pti c v olt a g e :

0 ( 3. 1 6)

is t h e m a xi m u m s y n a pti c c o n d u ct a n c e, a n d v olt a g es a n d d e fi n e t h e

r a n g e of pr es y n a pti c v olt a g es w h er e t h e s y n a pti c c o n d u ct a n c e d e p e n ds li n e arl y o n

t h e pr es y n a pti c n e ur o n’s v olt a g e.

W h e n si m ul ati n g, E q u ati o n ( 3. 1 5) is e x p a n d e d t o us e m atri c es of s y n a pti c p a-

r a m et ers ( d e n ot e d i n b ol d),

 G sy n E G sy n ( 3. 1 7)

a n d e a c h t er m is s u m m e d c ol u m n- wis e t o g e n er at e t h e pr es y n a pti c c urr e nt f or e a c h

n e ur o n. S y n a pti c p ar a m et er m atri c es h a v e a n N x N str u ct ur e, wit h t h e c ol u m ns

c orr es p o n di n g t o t h e pr es y n a pti c n e ur o ns a n d t h e r o ws c orr es p o n di n g t o t h e p osts y-

n a pti c n e ur o ns. E q u ati o n ( 3. 1 6) is als o e x p a n d e d t o us e p ar a m et er m atri c es,

G n o n  0 G m a x n o n
E l o

E hi E l o
G m a x n o n ( 3. 1 8)
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S pi ki n g  C h e mi c al  S y n a ps e  

S pi ki n g  c h e mi c al  s y n a ps es  pr o d u c e  a  si mil ar  s y n a pti c  c urr e nt  as  n o n-s pi ki n g  c h e m -

i c al s y n a ps es  ( E q u ati o n (3. 1 5 )), b ut  a  k e y  di ff er e n c e  is t h at  
 

 i s a  d y n a mi c al  

v ari a bl e  d e fi n e d  as  

   
   

   
   
   

  
   

   
    ( 3. 1 9) 

if     1    
   
             

   
   . ( 3. 2 0) 

T h e  c o n d u ct a n c e  is r es et t o  
   

       , t h e m a xi m u m  v al u e,  w h e n e v er  t h e pr es y-

n a pti c  n e ur o n  s pi k es.  Ot h er wis e,  it d e c a ys  t o z er o  wit h  a  ti m e c o nst a nt  of  
 
 . W h e n  

si m ul at e d,  t h es e d y n a mi cs  ar e  r e pr es e nt e d as  

G s pi k e       G s pi k e     1    
 
1    T s y n 

 
 ( 3. 2 1) 

w h er e  G s pi k e  i s t h e m atri x  of  s pi ki n g  s y n a pti c  c o n d u ct a n c es,  a n d  T s y n i s t h e s y n a pti c  

ti m e f a ct or m atri x.  

A n  a d diti o n al  f e at ur e a v ail a bl e  wit h  s pi ki n g  s y n a ps es  is a  s y n a pti c  pr o p a g ati o n  

d el a y.  T his  s ets  t h e n u m b er  of  si m ul ati o n  st e ps  it t a k es f or a  s pi k e  t o tr a v el fr o m o n e  

n e ur o n  t o a n ot h er  usi n g  a  s p e ci fi c  s y n a ps e,  a  f e at ur e w hi c h  is us ef ul  f or p erf or mi n g  

s o m e  as p e cts  of  t e m p or al c o m p ut ati o n  [1 1 0 ]. If t h e s y n a ps e  b et w e e n  n e ur o ns   a n d  

 h as  a  d el a y  of   ti m est e ps, t h e d el a y e d  s pi k e  is r e pr es e nt e d as  

 
   

                          ( 3. 2 2) 

F or  si m ul ati o n,  t his pr o p a g ati o n  d el a y  is i m pl e m e nt e d usi n g  a  b u ff er  m atri x  

b u ff er  wit h   c ol u m ns  a n d   r o ws, w h er e   is t h e l o n g est d el a y  wit hi n  t h e n et w or k.  

T h e  r o ws of  b u ff er  ar e  s hift e d  d o w n  at  e a c h  ti m est e p, a n d  t h e first  r o w is r e pl a c e d wit h  

c urr e nt  s pi k e  st at e  v e ct or    . b u ff er  i s t h e n tr a nsf or m e d i nt o a  m atri x  of  d el a y e d  

s pi k es  d el a y  b y  r e arr a n gi n g b as e d  o n  t h e d el a y  of  e a c h  s y n a ps e  i n t h e n et w or k.  d el a y  

i s t h e n us e d  t o si m ul at e  t h e s y n a pti c  r es et d y n a mi cs  fr o m E q u ati o n  (3. 2 0 ), 

G s pi k e           
 
G s pi k e                 G m a x s pi k e  

 
 ( 3. 2 3) 
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El e ct ri c al  S y n a ps es  

El e ctri c al  s y n a ps es,  or  g a p  j u n cti o ns, ar e  r esisti v e c o n n e cti o ns  b et w e e n  n e ur o ns  t h at 

d o  n ot  us e  s y n a pti c  n e ur otr a ns mitt ers.  As  a  r es ult, t h e n e ur o ns  e x c h a n g e  c urr e nt  

pr o p orti o n al  t o t h e di ff er e n c e  b et w e e n  t h eir v olt a g e  v al u es.  T h eir  c urr e nt  is d e fi n e d  

as  

 
   
            

 
    

 
 ( 3. 2 4) 

w h er e          i s t h e s y n a pti c  c o n d u ct a n c e.  El e ctri c al  s y n a ps es  ar e  si m ul at e d  

i n S N S- T o ol b o x  usi n g  a  si mil ar  f or m ul ati o n as  E q u ati o n  (3. 1 7 ), 

         
 

 

G el e c  
      

 
               

 

 

G el e c  
    ( 3. 2 5) 

S N S- T o ol b o x  si m ul at es  el e ctri c al  s y n a ps es  as  bi dir e cti o n al  b y  d ef a ult,  w h er e  

c urr e nt  c a n  fl o w  i n eit h er  dir e cti o n  b et w e e n  t h e c o n n e ct e d  n e ur o ns.  R e cti fi e d  

c o n n e cti o ns  ar e  als o  s u p p ort e d,  w h er e  c urr e nt  o nl y  fl o ws  fr o m t h e pr es y n a pti c  t o 

t h e p osts y n a pti c  n e ur o n  a n d  o nl y  if        . W h e n  si m ul ati n g  wit h  r e cti fi e d 

el e ctri c al  s y n a ps es,  a  bi n ar y  m as k  M  is g e n er at e d,  

M      
 
              

  
 
 ( 3. 2 6) 

w h er e   d e n ot es  o ut er  s u btr a cti o n.  T h e  v olt a g e  of  e a c h  n e ur o n  is s u btr a ct e d  i n 

a  p air wis e  f as hi o n, wit h  t h e r es ult pr o c ess e d  b y  t h e h e a visi d e  st e p  f u n cti o n  . 

T his  g e n er at es  a  m atri x  w h er e  e a c h  el e m e nt  is 1  if c urr e nt  is all o w e d  t o fl o w  i n 

t h at dir e cti o n,  a n d  0  ot h er wis e.  T his  bi n ar y  m as k  is t h e n a p pli e d  t o a  s y n a pti c  

c o n d u cti vit y  m atri x  G r e c  t o o bt ai n  t h e m as k e d  c o n d u ct a n c e  M G , 

M G    M    G r e c  ( 3. 2 7) 

T o  g e n er at e  t h e o p p osit e  c urr e nt  fl o w  i n r e cti fi e d s y n a ps es,  t h e m as k e d  c o n d u c -

t a n c e is t h e n a d d e d  t o its tr a ns p os e wit h  t h e di a g o n al  e ntri es  r e m o v e d, 

M D    M G   M G  
  di a g  M G   ( 3. 2 8) 
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T his  fi n al  m as k e d,  tr a nsf or m e d c o n d u ct a n c e  m atri x   i s s u bstit ut e d  f or G el e c  

i n E q u ati o n  (3. 2 5 ) 

         
 

 

M D  
      

 
               

 

 

M D  
    ( 3. 2 9) 

M at ri x  a n d  P att e r n  C o n n e cti o ns  

I n t h eir b as e  f or m, e a c h  of  t h e pr e c e di n g  c o n n e cti o n  m o d els  d e fi n es  t h e c o n n e c -

ti o n b et w e e n  t w o i n di vi d u al n e ur o ns.  H o w e v er,  t h e c o n n e cti o ns’  b e h a vi or  c a n  b e  

e xt e n d e d  t o d e fi ni n g  c o n n e cti o ns  b et w e e n  p o p ul ati o ns  of  n e ur o ns.  F oll o wi n g  t h e 

m o d el  pr es e nt e d  i n [1 2 3 ], i n t h e si m pl est  f or m of  p o p ul ati o n-t o- p o p ul ati o n  c o n n e c -

ti o n all  n e ur o ns  b e c o m e  f ull y c o n n e ct e d  a n d  t h e s y n a pti c  c o n d u ct a n c e  is a ut o m at -

i c all y s c al e d  s u c h  t h at t h e t ot al c o n d u ct a n c e  i nt o e a c h  p osts y n a pti c  n e ur o n  is t h e 

s a m e  as  t h e ori gi n al  s y n a ps e.  

F or  m or e  c o m pl e x  d esir e d  b e h a vi or,  m or e  t y p es of  p o p ul ati o n-t o- p o p ul ati o n  

c o n n e cti o ns  ar e  a v ail a bl e.  M atri x  c o n n e cti o ns  all o w  t h e us er  t o s p e cif y  t h e e x a ct  

m atri c es  f or e a c h  s y n a pti c  p ar a m et er,  a n d  o n e-t o- o n e  c o n n e cti o ns  r es ult i n e a c h  

pr es y n a pti c  n e ur o n  t o b e  c o n n e ct e d  t o e x a ctl y  o n e  p osts y n a pti c  n e ur o n,  wit h  all  

s y n a ps es  s h ari n g  t h e s a m e  pr o p erti es.  P att er n  c o n n e cti o ns  ar e  als o  a v ail a bl e,  m o d -

el e d  aft er  c o n v ol uti o n al  c o n n e cti o ns  i n A N Ns  [7 8 ]. I n p att er n  c o n n e cti o ns,  a  k er n el  

m atri x  K  c a n  b e  gi v e n,  

K  

 

     

     

      

 ( 3. 3 0) 

w h er e  t h e i n di c es ar e  v al u es  f or a  si n gl e  s y n a pti c  p ar a m et er  (                ). If K  

d es cri b es  t h e c o n n e cti o n  p att er n  b et w e e n  t w o 3  3  n e ur al  p o p ul ati o ns,  t h e n t h e 
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r es ulti n g s y n a pti c  p ar a m et er  m atri x  P  will  pr es e nt  t h e f oll o wi n g str u ct ur e:  

P  

 

 

 

 

 

 

 

 

 

  0    0  0  0  0  

     0  0  0

0   0    0  0  0

  0    0    0  

         

0    0    0    

0 0  0    0    0

0  0  0        

0  0  0  0    0    

 

 

 

 

 

 

 

 

 

( 3. 3 1) 

3. 3. 3  I n p uts a n d  O ut p uts  

I n or d er  f or a n  S N S  t o i nt er a ct wit h  e xt er n al  s yst e ms,  it m ust  b e  c a p a bl e  of  r e c ei vi n g 

i n p uts a n d  s e n di n g  o ut p uts.  F or  a p pl yi n g  e xt er n al  sti m ul us  t o a  n et w or k,  i n p ut 

s o ur c es  c a n  b e  a d d e d.  T h es e  s o ur c es  c a n  b e  eit h er  i n di vi d u al el e m e nts  or  a  o n e-

di m e nsi o n al  v e ct or,  a n d  ar e  a p pli e d  t o t h e n et w or k  vi a        , 

           C i n        ( 3. 3 2) 

w h er e  C i n i s a n  L x N  bi n ar y  m as ki n g  m atri x  w hi c h  r o ut es e a c h  i n p ut t o t h e c orr e ct  

t ar g et n e ur o n.  L  is t h e n u m b er  of  i n p ut el e m e nts,  a n d  N  is t h e n u m b er  of  n e ur o ns  i n 

t h e n et w or k.  T his  e xt er n al  i n p ut v e ct or  is v ari e d  fr o m st e p  t o st e p  a n d  c o ul d  c o m e  

fr o m a n y  s o ur c e  ( e. g., st ati c  d at a,  r e al-ti m e s e ns ors).  

O ut p ut  m o nit ors  c a n  als o  b e  a d d e d,  b ot h  f or s e n di n g  si g n als  t o ot h er  s yst e ms  

a n d  f or o bs er vi n g  n e ur al  st at es  d uri n g  si m ul ati o n.  T h es e  o ut p uts  ar e  assi g n e d  o n e-

t o- o n e t o e a c h  d esir e d  n e ur o n,  m e a ni n g  o n e  o ut p ut  a p pli e d  t o a  p o p ul ati o n  of  fi v e  

n e ur o ns  r es ults i n fi v e  i n di vi d u al o ut p uts.  O ut p ut  m o nit ors  c a n  b e  v olt a g e- b as e d  

or  s pi k e- b as e d,  w h er e  t h e o ut p ut  is t h e dir e ct  v olt a g e  or  s pi ki n g  st at e  of  t h e s o ur c e  
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n e ur o n.  D uri n g  si m ul ati o n,  t h e o ut p ut  v e ct or  is c o m p ut e d  as  

        C o ut v olt a g e          C o ut s pi k e        ( 3. 3 3) 

w h er e  C o ut v olt a g e  a n d  C o ut s pi ke  ar e  c o n n e cti vit y  m atri c es  f or t h e v olt a g e  a n d  s pi k e-

b as e d  m o nit ors,  r es p e cti v el y. 

3. 3. 4  S oft w ar e  D esi g n  a n d  W or k fl o w  

Usi n g  S N S- T o ol b o x,  t h e d esi g n  a n d  i m pl e m e nt ati o n of  a n  S N S  is s plit a cr oss  t hr e e 

p h as es,  a  d esi g n  p h as e,  a  c o m pil ati o n  p h as e,  a n d  a  si m ul ati o n  p h as e.  

D esi g n  

T o  d esi g n  a  n et w or k,  us ers  first  d e fi n e  n e ur o n  a n d  c o n n e cti o n  t y p es. T h es e  d es cri b e  

t h e p ar a m et er  v al u es  of  t h e v ari o us  n e ur al  a n d  s y n a pti c  m o d els  i n t h e n et w or k,  

w hi c h  c a n  b e  s u bs e q u e ntl y  r e us e d. O n c e  t h e n e ur o n  a n d  c o n n e cti o n  pr es ets  ar e  

d e fi n e d,  t h e y c a n  b e  i n c or p or at e d i nt o a  N et w or k  o bj e ct  (f or a  c o m pl et e  i n v e nt or y 

of  t h e di ff er e nt  el e m e nts  w hi c h  c a n  b e  a d d e d  t o a  N et w or k,  r ef er t o S e cti o ns  3. 3. 1 –  

3. 3. 3 ). First,  t h e us er  c a n  a d d  p o p ul ati o ns  of  n e ur o ns  b y  gi vi n g  t h e n e ur o n  t y p e, 

t h e si z e  or  s h a p e  of  t h e p o p ul ati o n,  a n d  a  n a m e  t o r ef er t o t h e p o p ul ati o n.  W h e n  

si m ul at e d,  all  p o p ul ati o ns  will  b e  fl att e n e d  i nt o a  o n e- di m e nsi o n al  v e ct or,  b ut  d uri n g  

t h e d esi g n  pr o c ess  t h e y c a n  b e  r e pr es e nt e d as  a  t w o- di m e nsi o n al m atri x  f or e as e  of  

i nt er pr et ati o n ( e. g., w or ki n g  wit h  t w o- di m e nsi o n al i m a g e d at a).  Aft er  p o p ul ati o ns  

ar e  d e fi n e d  a n d  l a b el e d, t h e us er  c a n  a d d  s y n a ps es  or  p att er ns  of  s y n a ps es  b et w e e n  

n e ur o ns/ p o p ul ati o ns,  gi vi n g  a n  i n d e x or  c h ar a ct er-stri n g  c orr es p o n di n g  t o t h e s o ur c e  

a n d  d esti n ati o n  n e ur o ns  or  p o p ul ati o ns  a n d  t h e c o n n e cti o n  pr es et.  

O n c e  a  n et w or k  is d esi g n e d,  it c a n  als o  b e  us e d  as  a n  el e m e nt  wit hi n  a n ot h er  

n et w or k.  I n t his w a y,  a  l ar g e n et w or k  c a n  b e  d esi g n e d  usi n g  l ar g e c oll e cti o ns  of  

pr e d e fi n e d  s u b n et w or ks,  i n a  m et h o d ol o g y  r ef err e d t o as  t h e F u n cti o n al  S u b n et w or k  

A p pr o a c h  ( F S A). A v ail a bl e  wit hi n  t h e S N S- T o ol b o x  is a  c oll e cti o n  of  s u b n et w or ks  
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w hi c h  p erf or m  si m pl e  arit h m eti c  a n d  d y n a mi c  f u n cti o ns. F or  a  c o m pl et e  e x pl a n ati o n  

of  t h es e n et w or ks,  as  w ell  as  t h e F S A,  pl e as e  r ef er t o [1 2 1 ]. 

C o m pil ati o n  

W hil e  it d es cri b es  t h e f ull str u ct ur e  of  a n  S N S,  a  N et w or k  o bj e ct  is m er el y  a  di c -

ti o n ar y w hi c h  c o nt ai ns  all  of  t h e n et w or k  p ar a m et ers.  I n or d er  t o b e  si m ul at e d,  it 

m ust  b e  c o m pil e d  i nt o a n  e x e c ut a bl e  st at e.  Gi v e n  a  N et w or k,  t h e S N S- T o ol b o x  c a n  

c o m pil e  a  m o d el  c a p a bl e  of  b ei n g  si m ul at e d  usi n g  o n e  of  t h e f o ur s oft w ar e  b a c k e n ds,  

N u m P y  [5 6 ], P y T or c h  [9 5 ], a  P y T or c h- b as e d  s p ars e  m atri x  li br ar y (t or c h.s p ars e), 

a n d  a n  it er ati v e e v al u at or  w hi c h  e v al u at es  e a c h  s y n a ps e  i n di vi d u all y. T h es e  b a c k-

e n ds  ar e  all  b uilt  o n  w ell- est a blis h e d  n u m eri c al  pr o c essi n g  li br ari es, wit h  P y T or c h  

bri n gi n g  n ati v e  a n d  si m pl e  G P U  s u p p ort.  E a c h  b a c k e n d  h as  di ff er e nt  str e n gt hs  a n d  

w e a k n ess es,  w hi c h  ar e  ill ustr at e d i n S e cti o n  3. 4. 2 . Alt h o u g h  e a c h  is di ff er e nt,  all  

b a c k e n ds  ar e  c o m pil e d  f oll o wi n g t h e g e n er al  pr o c e d ur e  d es cri b e d  i n Al g orit h m  1 . 

O n c e  a  n et w or k  is c o m pil e d,  it c a n  eit h er  b e  i m m e di at el y us e d  f or si m ul ati o n  or  

s a v e d  t o dis k  f or l at er us e.  

Al g o rit h m  1  G e n er al  c o m pil ati o n  pr o c e d ur e.  

f u n cti o n C ( n et,  ) 
G et  n et w or k  p ar a m et ers  
I niti ali z e st at e  a n d  p ar a m et er  v e ct ors  a n d  m atri c es  
S et  p ar a m et er  v al u es  of  e a c h  n e ur o n  i n e a c h  p o p ul ati o n  
S et  i n p ut m a p pi n g  a n d  c o n n e cti vit y  p ar a m et er  v al u es  
S et  c o n n e cti o n  s y n a pti c  p ar a m et er  v al u es  
C al c ul at e  ti m e f a ct ors 
I niti ali z e pr o p a g ati o n  d el a y  b u ff er  
S et  o ut p ut  m a p pi n g  a n d  c o n n e cti vit y  p ar a m et er  v al u es  
r et u r n  m o d el  

e n d  f u n cti o n 

Si m ul ati o n  

Si n c e  t h e S N S- T o ol b o x  f o c us es o n  s m all er  n et w or ks  w hi c h  ar e  c o n n e ct e d  wit h  

v ar yi n g  l e v els of  f e e d b a c k l o o ps [1 0 , 5 0 , 6 3 , 6 4 , 9 6 ] i nst e a d of  m ulti pl e  m assi v el y  
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c o n n e ct e d  l a y ers [4 6 ], w e  o pti mi z e  o ur  c o m p ut ati o ns  b y  r e pr es e nti n g all  n et w or ks  

as  si n gl e-l a y er,  f ull y- c o n n e ct e d r e c urr e nt n et w or ks.   D uri n g  si m ul ati o n,  t h e n e ur al  

d y n a mi cs  ar e  e v al u at e d  b y  u nf ol di n g  t h e n et w or k  t hr o u g h ti m e.  T his  is si mil ar  

t o  t h e  m et h o d   d e v el o p e d   b y   Wer b os   et   al.,   f or  tr ai ni n g  r e c urr e nt  A N Ns   [1 3 6 ]. 

S e e  Fi g ur e  3. 1  f or a  vis u al  r e pr es e nt ati o n of  t his str at e g y.   At  e a c h  ti m est e p, e v er y  

n e ur o n  c a n  r e c ei v e i n p ut fr o m a n y  n e ur o n  at  t h e pr e vi o us  st e p (i n cl u di n g its elf vi a  a n  

a ut a ps e  [1 1 3 ]). Alt h o u g h  t h e S N S- T o ol b o x  o nl y  a cts  as  a  n e ur al  d y n a mi cs  si m ul at or,  

it is e xt e nsi bl e  t o i nt er a ct wit h  ot h er  s yst e ms  f or c o ntr olli n g  r o b ot ( S e cti o n 3. 4. 4 ) or  

m us c ul os k el et al  ( S e cti o n 3. 4. 5 ) d y n a mi cs.  

0

1 2 O 0

O 1 O 2

I a p p
A. B. 

t 

t- d t 

t + d t 

I a p p

I a p p

I a p p

Fi g ur e  3. 1:  Si m ul ati o n  m et h o d  f or a  s m all e x a m pl e  n et w or k  usi n g  t h e S N S- T o ol b o x.  
(A ) O v er all  n et w or k  di a gr a m  g e n er at e d  wit hi n  t h e t o ol b o x.  (B ) Di a gr a m  of  t h e 
g e n er al  c o m p ut ati o n al  fl o w  w h e n  si m ul ati n g  t h e n et w or k.  T h e  n et w or k  is u nf ol d e d  
i n ti m e, a n d  n e ur al  v olt a g es  ar e  pr o p a g at e d  i n f e e df or w ar d l a y ers fr o m o n e  ti m e-st e p 
t o a n ot h er.  

3. 4   R es ults  

I n t his S e cti o n,  w e  pr o vi d e  r es ults s h o w c asi n g  t h e c a p a biliti es  of  S N S- T o ol b o x.  We  

first  pr o vi d e  q u a ntit ati v e  b e n c h m ar ks  w hi c h  c h ar a ct eri z e  t h e p erf or m a n c e  of  t h e 
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s oft w ar e,  a n d  c o n cl u d e  wit h  t w o a p pli c ati o n  e x a m pl es.  

3. 4. 1   S p e ci fi c ati o ns  

U nl ess   ot h er wis e   s p e ci fi e d,   all   of   t h e  f oll o wi n g  r es ults  w er e   o bt ai n e d   usi n g   t h e 

s oft w ar e  a n d  h ar d w ar e  pr es e nt e d  i n Ta bl e  3. 2 . 

Ta bl e  3. 2:  S oft w ar e  a n d  h ar d w ar e  s p e ci fi c ati o ns.  

It e m  C P U   G P U   R A M   P yt h o n   N u m P y   P y T or c h   C U D A  

S p e cifi c ati o n   A M D  R y z e n  9 
3 9 0 0 X  

N VI DI A  
R T X 2 0 6 0  

3 2  G B  D D R 4 
2 4 0 0  M H z  

3. 8. 1 0   1. 2 1. 1   1. 9. 0   1 1. 5  

3. 4. 2   Perf or m a n c e  B e n c h m ar ki n g  

F or   e v al u ati n g   t h e  p erf or m a n c e   of   t h e  S N S- T o ol b o x,   w e   pr es e nt   b e n c h m ar ki n g  

r es ults f or v ar yi n g  n et w or k  si z e, str u ct ur e,  a n d  t y p e. I n t h es e b e n c h m ar ks,  n et w or ks  

c o nsist  e ntir el y  of  eit h er  s pi ki n g  or  n o n-s pi ki n g  n e ur o ns,  a n d  ar e  eit h er  d e ns el y  or  

s p ars el y  c o n n e ct e d.   I n d e ns el y  c o n n e ct e d  n et w or ks,  e v er y  n e ur o n  is s y n a pti c all y  

c o n n e ct e d  t o e v er y  ot h er  n e ur o n.   F or  s p ars e  n et w or ks,  t h e n e ur o ns  ar e  c o n n e ct e d  

wit h  t h e f oll o wi n g str u ct ur e;  8 %  of  n e ur o ns  r e c ei v e e xt er n al  i n p ut, 1 2 %  of  n e ur o ns  

ar e  r e c or d e d f or o ut p ut,  a n d  t h e n u m b er  of  n e ur o ns  a n d  s y n a ps es  is e q u al.   T his  

str u ct ur e  is b as e d  o n  g e n er al  pri n ci pl es  o bs er v e d  i n pr e vi o us  l ar g e-s c al e s y nt h eti c  

n er v o us  s yst e ms  [5 0 , 6 4 ]. 

M a xi m u m  N et w o r k  Si z e  

N et w or ks  w er e  c o nstr u ct e d  f oll o wi n g t h e str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 , a n d  i n-

cr e as e d  i n si z e u ntil  o n e  of  t h e f oll o wi n g t w o t er mi n ati o n c o n diti o ns  w er e  m et,  eit h er  

t h e n et w or k  p ar a m et er  m atri c es  c o ul d  n ot  fit  i n m e m or y  or  n et w or k  s y nt h esis  t o o k 

a n  e x c essi v e  a m o u nt  of  ti m e (≥ 1 0  h).   T h es e  e x p eri m e nt al  r es ults ar e  s h o w n  i n Ta -

bl e  3. 3 .  T h e  li miti n g f a ct ors of  w h et h er  a  n et w or k  c a n  s u c c essf ull y  b e  s y nt h esi z e d  

ar e  t h e s y n a pti c  p ar a m et er  m atri c es,  as  t h es e i n cr e as e i n si z e q u a dr ati c all y  as  t h e 
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si z e of  t h e n et w or k  i n cr e as es.  C P U- b as e d  b a c k e n ds  ar e  a bl e  t o a c hi e v e  t h e hi g h est  

n et w or k  si z es,  w hi c h  is e x p e ct e d  d u e  t o t h e i n cr e as e d v ol u m e  of  m e m or y  a v ail a bl e  t o 

t h e C P U.  T h e  it er ati v e b a c k e n d  is a bl e  t o a c hi e v e  t h e hi g h est  si z es  of  n et w or k,  si n c e  

its n e ur al  a n d  s y n a pti c  d y n a mi cs  ar e  c o m p ut e d  b y  it er ati n g o v er  o n e- di m e nsi o n al  

arr a ys  i nst e a d of  v e ct or  a n d  m atri x  o p er ati o ns  o n  t w o- di m e nsi o n al arr a ys.  All  of  t h e 

s p ars e  n et w or ks  t o o k si g ni fi c a ntl y  l o n g er t o s y nt h esi z e,  r es ulti n g i n t er mi n ati o n of  

t h eir t esti n g b ef or e  r u n ni n g o ut  of  m e m or y.  

Ta bl e  3. 3:  M a xi m u m  n et w or k  si z e. 

B a c k e n d   It er ati v e  N u m P y  
T or c h  
( C P U) 

T or c h 
( G P U) 

S p ar s e 
( C P U) 

S p ar s e 
( G P U) 

M a x  D e n s e   1 1, 0 1 0   2 0, 0 1 0   2 2, 0 0 0   7 8 6 5   1 5 1 *  2 5 1 0 * 

M a x  1: 1   1 5 8, 0 1 0   2 3, 0 1 0   2 4, 0 1 0   7 6 3 9   1 7, 5 1 0 *  1 1, 1 2 0 * 

*  L ar g er  n et w or ks  c a n  b e  si m ul at e d,  b ut  c o m pil ati o n  t a k es e x c essi v e  ti m e. 

B a c k e n d  P e rf o r m a n c e  

We   s h o w   t h at  S N S- T o ol b o x   is  c a p a bl e   of   si m ul ati n g   t h o us a n ds  of   n o n-s pi ki n g  

n e ur o ns  i n r e al-ti m e or  f ast er, wit h  sl o w er  p erf or m a n c e  w h e n  si m ul ati n g  s pi ki n g  

n e ur o ns.   I n t ot al,  1 0 0  n et w or ks,   w hi c h  v ari e d  i n si z e fr o m 1 0  t o 5 0 0 0  n e ur o ns  

i n  a   l o g arit h mi c  s p a ci n g,   w er e   g e n er at e d   a n d   si m ul at e d   f or  1 0 0 0   st e ps   i n  e a c h  

b a c k e n d.  A  si m ul ati o n  st e p of  Δ 𝑡 =  0 .1  ms  w as  us e d.  T h e  el a ps e d  ti m e t o si m ul at e  

e a c h   st e p  w as   r e c or d e d,  a n d   t h e  r es ults  ar e   s h o w n   i n  Fi g ur e   3. 2 .  E a c h   of   t h e 

a v ail a bl e  b a c k e n ds  e x hi bit  di ff er e nt  str e n gt hs  a n d  w e a k n ess es.   F or  n et w or ks  wit h  

l ess t h a n 1 0 0  n e ur o ns,  t h e N u m p y  [5 6 ] b a c k e n d  r u ns t h e f ast est, f oll o w e d b y  t h e 

P y T or c h  [9 5 ] b a c k e n d  r u n ni n g o n  t h e C P U.  O n c e  n et w or ks  i n cr e as e i n si z e b e y o n d  

2 0 0 – 3 0 0  n e ur o ns,   t h e P y T or c h  b a c k e n d  r u n ni n g o n  a  G P U  b e c o m es  t h e f ast est. 

W hil e  t his b a c k e n d  is t h e f ast est, t h e e x c h a n g e  of  d at a  b et w e e n  t h e C P U  a n d  G P U  

r es ults i n a  hi g h er  d e gr e e  of  t e m p or al v ari a bilit y  t h a n t h e C P U- b as e d  b a c k e n ds.  

F urt h er  i n v esti g ati o n is n e e d e d  t o r e d u c e t his v ari a bilit y  i n p erf or m a n c e.  
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T h e  e x a ct  t hr es h ol d f or w h at  c o ul d  b e  c o nsi d er e d  r e al-ti m e p erf or m a n c e  is 

d e p e n d e nt  o n  t h e si m ul ati o n  st e p  si z e,  w hi c h,  i n t ur n, is d e p e n d e nt  o n  t h e m e m br a n e  

pr o p erti es  of  n e ur o ns  wit hi n  t h e n et w or k.  W hil e  all  n et w or ks  i n t his t est w er e  

si m ul at e d  wit h  t h e s a m e  st e p  si z e  f or c o nsist e n c y,  a c c ur at el y  si m ul ati n g  s pi ki n g  

n et w or ks  will  g e n er all y  r e q uir e a  fi n er  si m ul ati o n  st e p  t h a n n o n-s pi ki n g  n et w or ks.  

I n t his t est, a n  el a ps e d  ti m e of  0. 1  ms  p er  st e p  is c o nsi d er e d  r e al-ti m e f or t h e s pi ki n g  

n et w or ks.  A  st e p  si z e  of  1  ms  w o ul d  s u ffi c e  f or t h e n o n-s pi ki n g  n et w or ks  t est e d 

i n t his s e cti o n,  s o t h eir r e al-ti m e li mit is 1  ms.  F or  n o n-s pi ki n g  n et w or ks,  t his 

m e a ns  t h at n et w or ks  u p  t o a b o ut  3 0 0 0  n e ur o ns  c a n  b e  si m ul at e d  i n r e al-ti m e, a n d  f or 

s pi ki n g  n et w or ks  t h e t hr es h ol d is a b o ut  1 0 0 – 2 0 0  n e ur o ns.  
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Fi g ur e  3. 2:  C o m p aris o n  of  w all- cl o c k  ti m es t o si m ul at e  a  n et w or k  f or o n e  si m ul ati o n  
ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  usi n g  t h e si x s oft w ar e  b a c k e n ds  pr o vi d e d  i n 
S N S- T o ol b o x.  (A ,B ): N et w or ks  of  n o n-s pi ki n g  n e ur o ns,  (C ,D ): n et w or ks  of  s pi ki n g  
n e ur o ns.  L eft : F ull y- c o n n e ct e d  n et w or ks,  Ri g ht : S p ars el y  c o n n e ct e d  n et w or ks,  
f oll o wi n g t h e str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 . Li n es  d e n ot e  t h e m e a n  o v er  1 0 0 0  
st e ps,  s h a d e d  r e gi o n d e n ot es  t h e ar e a  b et w e e n  t h e fift h  a n d  ni n et y- fift h  p er c e ntil es.  
T h e  r e al-ti m e li mit is d e n ot e d  wit h  a  h ori z o nt al  d as h e d  bl a c k  li n e. 
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T h e e x a ct t hr es h ol d f or w h at c o ul d b e c o nsi d er e d r e al-ti m e p erf or m a n c e is

d e p e n d e nt o n t h e si m ul ati o n st e p si z e, w hi c h, i n t ur n, is d e p e n d e nt o n t h e m e m br a n e

pr o p erti es of n e ur o ns wit hi n t h e n et w or k. W hil e all n et w or ks i n t his t est w er e

si m ul at e d wit h t h e s a m e st e p si z e f or c o nsist e n c y, a c c ur at el y si m ul ati n g s pi ki n g

n et w or ks will g e n er all y r e q uir e a fi n er si m ul ati o n st e p t h a n n o n-s pi ki n g n et w or ks.

I n t his t est, a n el a ps e d ti m e of 0. 1 ms p er st e p is c o nsi d er e d r e al-ti m e f or t h e s pi ki n g

n et w or ks. A st e p si z e of 1 ms w o ul d s u ffi c e f or t h e n o n-s pi ki n g n et w or ks t est e d

i n t his s e cti o n, s o t h eir r e al-ti m e li mit is 1 ms. F or n o n-s pi ki n g n et w or ks, t his

m e a ns t h at n et w or ks u p t o a b o ut 3 0 0 0 n e ur o ns c a n b e si m ul at e d i n r e al-ti m e, a n d f or

s pi ki n g n et w or ks t h e t hr es h ol d is a b o ut 1 0 0 – 2 0 0 n e ur o ns.

Fi g ur e 3. 2: C o m p aris o n of w all- cl o c k ti m es t o si m ul at e a n et w or k f or o n e si m ul ati o n
ti m e-st e p o v er v ar yi n g n et w or k si z es, usi n g t h e si x s oft w ar e b a c k e n ds pr o vi d e d i n
S N S- T o ol b o x. (A ,B ): N et w or ks of n o n-s pi ki n g n e ur o ns, (C ,D ): n et w or ks of s pi ki n g
n e ur o ns. L eft : F ull y- c o n n e ct e d n et w or ks, Ri g ht : S p ars el y c o n n e ct e d n et w or ks,
f oll o wi n g t h e str u ct ur e d es cri b e d i n S e cti o n 3. 4. 2 . Li n es d e n ot e t h e m e a n o v er 1 0 0 0
st e ps, s h a d e d r e gi o n d e n ot es t h e ar e a b et w e e n t h e fift h a n d ni n et y- fift h p er c e ntil es.
T h e r e al-ti m e li mit is d e n ot e d wit h a h ori z o nt al d as h e d bl a c k li n e.
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B e n c h m a r ki n g  Alt e r n ati v e  S oft w a r e  

T h e  S N S- T o ol b o x  is f ast er t h a n t h e m aj orit y  of  si mil ar  n e ur al  si m ul at ors.  We  p er -

f or m t h e s a m e  t esti n g pr o c e d ur e  pr es e nt e d  i n S e cti o n  3. 4. 2 , a n d  c o m p ar e  a g ai nst  

t h e b e h a vi or  of  si mil ar  si m ul at ors,  n a m el y  Bri a n 2  [5 1 ], N e n g o  [1 1 ], a n d  A N N ar-

c h y  [1 3 0 ]. F or  t h es e ot h er  si m ul at ors,  t h e n e ur al  a n d  s y n a pti c  d y n a mi cs  f or b asi c  

s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns  wit hi n  S N S- T o ol b o x  (s e e S e cti o ns  3. 3. 1  a n d  3. 3. 2 ) 

w er e  i m pl e m e nt e d a n d  v eri fi e d  t o m at c h  t h e b e h a vi or  i n S N S- T o ol b o x.  I n Bri a n 2  

a n d  A N N ar c h y,  t his w as  c o m pl et e d  vi a  t h eir b uilt-i n  i nt erf a c es f or i nt er pr eti n g c us -

t o m b e h a vi or al  stri n gs.  T his  pr o c ess  w as  l ess str ai g htf or w ar d  i n N e n g o,  r e q uiri n g a  

c ust o m  N e n g o  pr o c ess  o bj e ct  w hi c h  r e-i m pl e m e nt e d t h e e q u ati o ns  as  p erf or m e d  i n 

S N S- T o ol b o x.  As  s u c h,  w hil e  t h e n et w or ks  ar e  a bl e  t o s u c c essf ull y  r u n i n N e n g o,  

t h e y ar e  n ot  f ull y c o m p ati bl e  wit h  t h e r est of  t h e N e n g o  e c os yst e m.  Si n c e  t h es e 

b e n c h m ar ks  ar e  n ot  b ei n g  c o m p ar e d  a g ai nst  bi ol o gi c al  r e c or di n gs, v ali d ati o n  is 

c o m pl et e d  b y  c o m p ari n g  t h e b e h a vi or  of  t h e n e ur al  m o d els  a cr oss  si m ul at ors  a n d  

v erif yi n g  t h at t h e si m ul ati o n  r e c or di n gs ar e  i d e nti c al. 

R es ults  ar e  s h o w n  i n Fi g ur e  3. 3 . F or  cl arit y,  si m ul at ors  wit h  m ulti pl e  b a c k e n ds  

or  v ari a nts  ar e  c o n d e ns e d  t o s h o w  t h e b est  p erf or mi n g  v ersi o n  f or e a c h  n et w or k  

si z e.  T h e  v ari a nts  t est e d i n Bri a n 2  ar e  t h e n or m al  v ersi o n  o n  C P U,  a n d  t h e G P U-

a c c el er at e d  Bri a n 2 C U D A  [2 ], a n d  A N N ar c h y  w as  c o m pil e d  usi n g  t h e C P U  a n d  

G P U  p ar a di g ms.  All  S N S- T o ol b o x  b a c k e n ds  w er e  t est e d. A cr oss  all  n et w or k  si z es  

a n d  str u ct ur es,  S N S- T o ol b o x  is f ast er or  wit hi n  p erf or m a n c e  v ari a n c e  of  Bri a n 2  

a n d  N e n g o.  S N S- T o ol b o x  is f ast er t h a n A N N ar c h y  f or s o m e  d e ns el y- c o n n e ct e d  

n o n-s pi ki n g  n et w or ks,  b ut,  i n g e n er al,  is sl o w er  b ut  c o m p etiti v e  a cr oss  t h e t est s uit e.  

S u g g esti o ns  f or i m pr o vi n g t his s p e e d  dis cr e p a n c y  will  b e  e x pl or e d  i n t h e Dis c ussi o n.  
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Fi g ur e  3. 3:  C o m p aris o n  of  w all- cl o c k  ti m es f or S N S- T o ol b o x  t o si m ul at e  a  n et w or k  
f or o n e  si m ul ati o n  ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  usi n g  S N S- T o ol b o x  a n d  
t hr e e ot h er  n e ur al  si m ul at ors  ( Bri a n 2 [5 1 ], N e n g o  [1 1 ], a n d  A N N ar c h y  [1 3 0 ]). 
F or  t h e f oll o wi n g si m ul at ors,  t h e ti m e d at a  pr es e nt e d  ar e  c h os e n  as  t h e b est-
p erf or mi n g  b a c k e n d  v ari a nt,  Bri a n 2,  st a n d ar d  Bri a n 2,  a n d  t h e G P U- a c c el er at e d  
Bri a n 2 C U D A;  S N S- T o ol b o x,  all  a v ail a bl e  v ari a nts;  a n d  A N N ar c h y,  C P U- b as e d  
c o m pil ati o n,  a n d  G P U- b as e d  c o m pil ati o n.  (A ,B ): N et w or ks  of  n o n-s pi ki n g  n e u -
r o ns, (C ,D ): n et w or ks  of  s pi ki n g  n e ur o ns.  L eft : F ull y- c o n n e ct e d  n et w or ks,  Ri g ht : 
S p ars el y  c o n n e ct e d  n et w or ks,  f oll o wi n g t h e str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 . 
Li n es  d e n ot e  t h e m e a n  o v er  1 0 0 0  st e ps,  s h a d e d  r e gi o n d e n ot es  t h e ar e a  b et w e e n  t h e 
fift h  a n d  ni n et y- fift h  p er c e ntil es.  T h e  r e al-ti m e li mit is d e n ot e d  wit h  a  h ori z o nt al  
d as h e d  bl a c k  li n e. 

P e rf o r m a n c e  o n  E m b e d d e d  H a r d w a r e  

T h e  t esti n g pr o c e d ur e  pr es e nt e d  i n S e cti o n  3. 4. 2  is a g ai n  r e p e at e d, t esti n g t h e 

p erf or m a n c e  of  S N S- T o ol b o x  o n  v ari o us  e m b e d d e d  c o m p uti n g  pl atf or ms.  T h es e  

i n cl u d e d a  R as p b err y  Pi  M o d el  3 B  (tr a d e m ar k R as p b err y  Pi  Li mit e d,  C a m bri d g e,  

U K),  J ets o n  N a n o  4 G B  (tr a d e m ar k N VI DI A  C or p or ati o n,  S a nt a  Cl ar a,  C A,  U S A),  

a n d  a n  I nt el N U C  S W N U C 1 1 P H Ki 7 c 0 0  (tr a d e m ar k I nt el C or p or ati o n,  S a nt a  Cl ar a,  

C A,  U S A)  wit h  3 2  G B  of  R A M.  D u e  t o t h e r e d u c e d a v ail a bl e  m e m or y  a v ail a bl e  o n  

t h e R as p b err y  Pi  a n d  J ets o n,  n et w or k  si z e  is v ari e d  l o g arit h mi c all y fr o m 1 0  t o 1 0 0 0  
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n e ur o ns,  i nst e a d of  t h e 1 0 – 5 0 0 0  n e ur o ns  i n S e cti o ns  3. 4. 2  a n d  3. 4. 2 . R es ults  ar e  

s h o w n  i n Fi g ur e  3. 4 ; f or cl arit y,  all  b a c k e n ds  ar e  c o n d e ns e d  f or e a c h  d e vi c e  s u c h  t h at 

t h e b est  p erf or mi n g  s ol uti o n  at  e a c h  n et w or k  si z e  is pr es e nt e d.  T h e  R as p b err y  Pi  

p erf or ms  c o m p ar a bl y  wit h  a  J ets o n  N a n o,  wit h  t h e J ets o n  e x hi biti n g  sli g htl y  b ett er  

p erf or m a n c e  a cr oss  all  n et w or k  si z es.  T h e  a m o u nt  of  m e m or y  a v ail a bl e  o n  t h e 

R as p b err y  Pi  is t h e s m all est  of  t h e t hr e e d e vi c es,  s o it is u n a bl e  t o si m ul at e  d e ns el y-

c o n n e ct e d  n et w or ks  o v er  a p pr o xi m at el y  9 0 0  n e ur o ns  i n si z e.  T h e  I nt el N U C  is a  

si g ni fi c a ntl y  m or e  p o w erf ul  c o m p uti n g  pl atf or m  t h a n t h e R as p b err y  Pi  or  t h e J ets o n  

N a n o,  a n d  a c c or di n gl y  b e h a v es  m or e  cl os el y  t o d es kt o p-l e v el  p erf or m a n c e.  
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Fi g ur e  3. 4:  C o m p aris o n  of  w all- cl o c k  ti m es t o si m ul at e  a  n et w or k  f or o n e  si m ul ati o n  
ti m e-st e p o v er  v ar yi n g  n et w or k  si z es,  usi n g  S N S- T o ol b o x  o n  t hr e e di ff er e nt  e m b e d -
d e d  c o m p uti n g  pl atf or ms  (I nt el N U C,  R as p b err y  Pi  v ersi o n  3 b,  a n d  a n  N VI DI A  
J ets o n  N a n o).  T h e  ti m e d at a  pr es e nt e d  ar e  c h os e n  as  t h e b est- p erf or mi n g  b a c k e n d  
v ari a nt  at  e a c h  n et w or k  si z e,  wit h  G P U- b as e d  b a c k e n ds  e x cl u d e d  o n  t h e R as p b err y  
Pi.  (A ,B ): N et w or ks  of  n o n-s pi ki n g  n e ur o ns,  (C ,D ): n et w or ks  of  s pi ki n g  n e ur o ns.  
L eft : F ull y- c o n n e ct e d  n et w or ks,  Ri g ht : S p ars el y  c o n n e ct e d  n et w or ks,  f oll o wi n g t h e 
str u ct ur e  d es cri b e d  i n S e cti o n  3. 4. 2 . Li n es  d e n ot e  t h e m e a n  o v er  1 0 0 0  st e ps,  s h a d e d  
r e gi o n d e n ot es  t h e ar e a  b et w e e n  t h e fift h  a n d  ni n et y- fift h  p er c e ntil es.  T h e  r e al-ti m e 
li mit is d e n ot e d  wit h  a  h ori z o nt al  d as h e d  bl a c k  li n e. 



3 5  

3. 4. 3  B asi c  D e m o nstr ati o n  

Usi n g  t h e S N S- T o ol b o x,  w e  i m pl e m e nt e d a  n et w or k  w hi c h  m o d els  a n  a n at o mi c al  

cir c uit  a n d  p erf or ms  a  us ef ul  f u n cti o n, b ut  w o ul d  b e  c o m pli c at e d  a n d  t e di o us t o 

d esi g n  b y  h a n d.  I n t h e Dr os o p hil a  m el a n o g ast er  n er v o us  s yst e m,  t h e o pti c  l o b e 

c o nt ai ns  cir c uits  f or pr o c essi n g  m oti o n  i n t h e vis u al  fi el d[ 1 2 , 8 5 ]. T h e  first  t w o 

l a y ers of  t his vis u al  s yst e m  ar e  t h e r eti n a a n d  t h e l a mi n a, w hi c h  p erf or m  t w o disti n ct  

vis u al  pr o c essi n g  o p er ati o ns.  R eti n al  n e ur o ns  R 1- R 6  e n c o d e  i n c o mi n g p h ot o ns  as  

c h a n gi n g  n e ur al  a cti vit y[ 2 6 ], a n d  t h e l a mi n a pri m aril y  c o nsists  of  t w o p at h w a ys:  

t h e L 2  n e ur o ns  h a v e  a n  a nt a g o nisti c  c e nt er-s urr o u n d  r e c e pti v e fi el d,  a n d  L 1  n e ur o ns  

h a v e  a  tr a diti o n al c e nt er-s urr o u n d  r e c e pti v e fi el d[ 4 7 ]. B as e d  o n  t his str u ct ur e,  

m o d eli n g  t h e r eti n a a n d  L 1  c ells  r es ults i n a  cir c uit  w hi c h  p erf or ms  hi g h- p ass  

filt eri n g  of  a n  i n p ut i m a g e. Pr e vi o us  w or k  h as  cr e at e d  a  s y nt h eti c  n er v o us  s yst e m  

m o d el  of  t h e Dr os o p hil a  o pti c  l o b e m oti o n  cir c uitr y[ 1 1 0 ] usi n g  t h e A ni m atl a b  

s oft w ar e[ 2 8 ]. T his  m o d el  w as  c o nstr ai n e d  t o o n e- di m e nsi o n al  i m a g es, i n p art  d u e  

t o t h e di ffi c ult y  of  i m pl e m e nti n g t h e m o d el.  I n t his pr e vi o us  a p pr o a c h  n e ur o ns  

a n d  s y n a ps es  h a v e  t o b e  pl a c e d  a n d  r o ut e d b y  h a n d,  w hi c h  is ti m e-i nt e nsi v e a n d  

t e di o us t o pr o d u c e  a  si m pli fi e d  m o d el  wit h  5 1 0  n e ur o ns  a n d  1 5 7 4  s y n a ps es  f or o n e-

di m e nsi o n al  i m a g es[1 1 0 ]. T o  d e m o nstr at e  t h e e ff e cti v e n ess  of  t h e S N S- T o ol b o x,  w e  

cr e at e d  a  m o d el  of  t h e r eti n a a n d  L 1  c ells  of  t h e o pti c  l o b e c a p a bl e  of  pr o c essi n g  t w o-

di m e nsi o n al  i m a g es, c o nsisti n g  of  2 0 4 8  n e ur o ns  a n d  8 4 7 6  s y n a ps es  a n d  g e n er at e d  

i n o nl y  1 8  li n es of  P yt h o n  c o d e  (s e e Fi g ur e  3. 5 A).  

T o  e ns ur e  t h e n et w or k  r es p o n ds t o i n p ut i n a  r e alisti c ( wit hi n si m ul ati o n)  ti m e, 

w e  e x a mi n e  t h e t e m p or al pr o p erti es  of  t h e Dr os o p hil a  o pti c  l o b e. B as e d  o n  fli c k er  

f usi o n st u di es,  t h e r es p o ns e r at e of  t h e fr uit fl y  t o vis u al  sti m uli  is i n t h e r a n g e of  

6 0- 1 0 0  H z[ 8 7 ]. A p pr o xi m ati n g  t h e s ettli n g  ti m e of  e a c h  n e ur o n  t o b e  4      , t h e 

m a xi m u m  ti m e c o nst a nt  of  t h e e ntir e  vis u al  pr o c essi n g  s yst e m  is 4 0- 6 6. 6 7  ms.  Si n c e  

o ur  t w o-l a y er cir c uit  is n ot  t h e e ntir e  vis u al  s yst e m,  w e  will  r e d u c e t h es e esti m at es  

b y  a n  or d er  of  m a g nit u d e  a n d  s et t h e m e m br a n e  ti m e c o nst a nt  of  e a c h  n e ur o n  i n t h e 
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Fi g ur e  3. 5:  Usi n g  S N S- T o ol b o x  t o d esi g n  a  t w o-l a y er vis u al  pr o c essi n g  s yst e m.  
A.  P yt h o n  c o d e  t o g e n er at e  t h e d esir e d  n et w or k.  I m a g e pr e pr o c essi n g  a n d  o ut p ut  
pl otti n g  ar e  o mitt e d.  B.  N et w or k  vis u al  r e pr es e nt ati o n. A n  i n p ut i m a g e is c o n v ert e d  
t o sti m ul us  c urr e nt  f or a  p o p ul ati o n  of  n e ur o ns,  r e pr es e nti n g t h e i ns e ct r eti n a. Fr o m  
t h e r eti n a, a  3 3  k er n el  of  i n hi bit or y (li g ht bl u e)  a n d  e x cit at or y  ( p ur pl e) s y n a ps es  
is a p pli e d  t o cr e at e  a  hi g h- p ass  filt eri n g  e ff e ct  i n t h e n e xt  l a y er, r e pr es e nti n g t h e 
L 1  i ns e ct l a mi n a n e ur o ns.  C.  O ut p ut  of  r eti n a a n d  l a mi n a n e ur o ns,  r es p e cti v el y. 
V olt a g es  ar e  m a p p e d  t o gr a ys c al e  i nt e nsiti es. 

n et w or k  as  5  ms.  

We  ass u m e  t h at i n p ut i m a g es ar e  gr a ys c al e,  b e c a us e  t h e r eti n a n e ur o ns  us e d  

wit hi n  t h e m oti o n  visi o n  p at h w a y  o nl y  r es p o n d t o a  si n gl e  li g ht c ol or  ( gr e e n)[2 5 ]. 

Si n c e  a  si n gl e  Dr os o p hil a  e y e  c o nsists  of  ar o u n d  8 0 0  o m m ati di a  arr a n g e d  i n 3 2- 3 4  

c ol u m ns[ 7 5 ], w e  will  als o  d esi g n  f or i n p ut i m a g es w hi c h  ar e  3 2 x 3 2  pi x els.  As  a n  

i n p ut tr a nsf or m ati o n t o t h e r eti n a l a y er, pi x el  v al u es  ar e  li n e arl y s c al e d  fr o m t h eir 

ori gi n al  0- 2 5 5  t o 0- R  n A.  

Aft er  cr e ati n g  t w o 3 2 x 3 2  p o p ul ati o ns  of  n e ur o ns  a n d  att a c hi n g  a n  i n p ut s o ur c e,  

t h e l ast st e p  is t o d e fi n e  t h e c o n n e cti o n  b et w e e n  t h e r eti n a a n d  t h e l a mi n a. O ur  

l a mi n a m o d el  o nl y  c o nsists  of  L 1  n e ur o ns,  s o e a c h  n e ur o n  h as  c e nt er- o n  s urr o u n d-

o ff  r e c e pti v e fi el d.  Si n c e  e a c h  L 1  c ell  r e c ei v es i n p ut fr o m t h e dir e ctl y  a dj a c e nt  
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o m m ati di a,  w e  c a n  i m pl e m e nt t h es e r e c e pti v e fi el ds  as  a  3 x 3  c o n n e cti o n  k er n el:  

K  

 

      

      

       

 

w h er e    a n d    ar e  t h e d esir e d  g ai ns  f or i n hi bit or y a n d  e x cit at or y  s y n a ps es,  

r es p e cti v el y. F or  d esir e d b e h a vi or,  t h es e g ai ns  w er e  c h os e n  as      1  
9  a n d     1 . 

T h es e  s y n a pti c  g ai ns  c a n  b e  tr a nsf or m e d i nt o s y n a pti c  c o n d u ct a n c es  a n d  r el ati v e 

r e v ers al p ot e nti als  usi n g  t h e m et h o d  d es cri b e d  i n[1 2 1 ], 

     
     

         
 ( 3. 3 4) 

w h er e  all  e x cit at or y  s y n a ps es  us e  a n    of  1 6 0  m V  a n d  all  i n hi bit or y s y n a ps es  us e  

a n   of  - 8 0 m V.  

T h e  r es ults of  si m ul ati n g  t h e n et w or k  ar e  s h o w n  i n Fi g ur e  3. 5 . T h e  o ut p ut  of  

t h e l a mi n a l a y er is as  e x p e ct e d,  a n d  c orr e ctl y  i m pl e m e nts a  r u di m e nt ar y hi g h- p ass  

filt er  or  e d g e- d et e ct or.  

3. 4. 4  M o bil e  R o b ot  C o ntr ol  

As  a  t o y a p pli c ati o n  e x a m pl e,  w e  us e  S N S- T o ol b o x  t o c o ntr ol  a  si m ul at e d  m o bil e  

r o b ot. A  s ki d-st e er  J a c k al  r o b ot (tr a d e m ar k Cl e ar p at h  R o b oti cs,  Kit c h e n er,  O N,  

U S A)  is pl a c e d  i n a  n a vi g ati o n al  c o urs e  r es e m bli n g a  fi g ur e- ei g ht  i n t h e G a z e b o  

p h ysi cs  si m ul at or  [7 3 ] ( Fi g ur e 3. 6 B),  wit h  t h e g o al  b ei n g  t o dri v e  t h e r o b ot ar o u n d  

t h e c o urs e  wit h o ut  c olli di n g  wit h  a n y  of  t h e w alls  or  b arri ers.  T h e  si m ul at e d  r o b ot 

is e q ui p p e d  wit h  a  pl a n ar  Li D A R  u nit,  a n d  is c o ntr oll e d  a n d  o p er at e d  usi n g  t h e 

R O S  s oft w ar e  e c os yst e m  [9 9 ]. We  i m pl e m e nt t h e n e ur al  c o ntr ol  s yst e m  as  a  R O S  

n o d e  w hi c h  s u bs cri b es  t o t h e a n g ul ar  dist a n c e  r e a di n gs fr o m t h e l as er s c a n n er,  

a n d  p u blis h es  t o t h e v el o cit y  c o ntr oll er  o n b o ar d  t h e r o b ot. 

T h e  c o ntr ol  n et w or k,  s h o w n  i n Fi g ur e  3. 6 A,  i m pl e m e nts a  Br ait e n b er g-i ns pir e d  [1 6 ] 

st e eri n g  al g orit h m.  T h e  l as er s c a n  s e n ds  dist a n c e  m e as ur e m e nts  f or 7 2 0  p oi nts  i n a  
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2 7 0  ar c  ar o u n d  t h e fr o nt of  t h e r o b ot, a n d  e a c h  n e ur o n  i n a  p o p ul ati o n  of  7 2 0  n o n-

s pi ki n g  n e ur o ns  r e c ei v es e xt er n al  c urr e nt  fr o m a  c orr es p o n di n g  dir e cti o n al  dist a n c e  

s c a n.  T h es e  c urr e nts  ar e  s c al e d  a n d  m a p p e d  b y  t h e f oll o wi n g r el ati o ns hi p, 

          
 1     1  

   

 1  
    1  

   

 ( 3. 3 5) 

s u c h  t h at e a c h  n e ur o n  h as  a  st e a d y-st at e  v olt a g e  of  0  w h e n  t h e s e ns or  dist a n c e   is 

at  its m a xi m u m  v al u e      , a n d  i n cr e as es t o 1  w h e n  t h e dist a n c e  is at  its mi ni m u m  

  . T his  p o p ul ati o n  t h e n e x cit es  t w o h e a di n g  c o ntr ol  n e ur o ns,  wit h  t h e l eft 

3 6 0  n e ur o ns  e x citi n g  t h e cl o c k wis e  r ot ati o n n e ur o n,  a n d  t h e ri g ht 3 6 0  e x citi n g  t h e 

c o u nt er- cl o c k wis e  r ot ati o n n e ur o n.  All  s y n a ps es  b et w e e n  t h e s e ns or y  a n d  h e a di n g  

c o ntr ol  n e ur o ns  s h ar e  t h e s a m e  s y n a pti c  c o n d u ct a n c e.  T h e  di ff er e n c e  b et w e e n  t h e 

p ot e nti als  of  t h es e t w o n e ur o ns  is t a k e n a n d  s c al e d  t o g e n er at e  t h e d esir e d  a n g ul ar  

v el o cit y  of  t h e r o b ot, 

         ( 3. 3 6) 

As  t h e r o b ot a p pr o a c h es  a  b arri er,  t h e s yst e m  g e n er at es  str o n g er  r ot ati o n al c o m -

m a n ds  t o m o v e  a w a y  fr o m t h e o bst a cl e.  All  7 2 0  s e ns or y  n e ur o ns  als o  i n hi bit a  s p e e d  

c o ntr ol  n e ur o n,  w hi c h  s c al es  t h e li n e ar v el o cit y  of  t h e r o b ot as  

                  ( 3. 3 7) 

T h e  s p e e d  c o ntr ol  n e ur o n  als o  h as  a  c o nst a nt  a p pli e d  bi as  c urr e nt  of  1  n A.  T his  

h as  t h e e ff e ct  of  d y n a mi c all y  sl o wi n g  t h e r o b ot as  it b e c o m es  cl os er  t o o bst a cl es,  

all o wi n g  t h e r ot ati o n al c o m m a n ds  t o c orr e ctl y  ori e nt  t h e r o b ot. T his  c o ntr oll er  

r es ults i n s u c c essf ul  n a vi g ati o n  of  t h e dri vi n g  c o urs e  i n 1 3 3. 2 4  s, wit h  mi ni m al  

t u ni n g. C urr e ntl y  t h e v el o cit y  is u p d at e d  wit h  e v er y  n e ur al  st e p,  h o w e v er  f or 

i m pr o v e d s p e e d  p erf or m a n c e  t h e v el o cit y  c a n  b e  u p d at e d  aft er  m ulti pl e  n e ur al  st e ps.  

T his  all o ws  t h e n e ur al  st at es  t o c o n v er g e  t o a  st e a d y-st at e  f or e a c h  s c a n  dist a n c e,  

a n d  r e d u c es t h e a m o u nt  of  c o m m u ni c ati o n  tr a ffi c. 

Br ait e n b er g-i ns pir e d  [1 6 ] n et w or ks  h a v e  b e e n  wi d el y  us e d  f or st e eri n g  a n d  l a n e-

k e e pi n g  t as ks i n t h e p ast  [7 0 , 1 3 2 , 1 3 5 ] t o gr e at  s u c c ess.  T h e  n et w or k  d esi g n e d  i n 
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B

C 

A 

C C W C W 

S p e e d1. 0 

5 0 0 0    1 0, 0 0 0 1 5, 0 0 0 2 0, 0 0 0    2 5, 0 0 0    3 0, 0 0 0    3 5, 0 0 00 

Fi g ur e  3. 6:   Li D A R- b as e d  st e eri n g  al g orit h m  f or a  si m ul at e d  m o bil e  r o b ot usi n g  
R O S.  (A ): N et w or k  di a gr a m  of  t h e c o ntr ol  n et w or k.   E a c h  dist a n c e  m e as ur e m e nt  
a n gl e   of   a   si m ul at e d   Li D A R   is  i n v ert e d,  s c al e d,   a n d   m a p p e d   as   t h e  i n p ut  t o  a  
si n gl e  i n p ut pr o c essi n g  n e ur o n.   T h es e  ar e  t h e n s u m m e d  o nt o  dir e cti o n al  n e ur o ns  
c orr es p o n di n g  t o cl o c k wis e  or  c o u nt er- cl o c k wis e  r ot ati o n, d e p e n di n g  o n  w hi c h  h alf  
of  t h e s c a n ni n g  fi el d  t h e n e ur o n  r e pr es e nts.  All  s e ns or y  n e ur o ns  als o  c o n n e ct  t o a  
s p e e d  c o ntr ol  n e ur o n.  T h e  di ff er e n c e  b et w e e n  t h e dir e cti o n al  n e ur o ns  is t a k e n as  t h e 
r ot ati o n al v el o cit y,  a n d  t h e s p e e d  c o ntr ol  n e ur o n  is s c al e d  b y  t h e m a xi m u m  s p e e d  
t o c o ntr ol  t h e li n e ar v el o cit y.  (B ): O v er h e a d  vi e w  of  t h e si m ul ati o n  e n vir o n m e nt  i n 
G a z e b o  [7 3 ].  Or a n g e  a n d  w hit e  b arri ers  a ct  as  b o u n d ari es  of  t h e c o urs e,  t h e r o b ot 
tr aj e ct or y is s u p eri m p os e d  o n  t o p wit h  a  d as h e d  bl u e  li n e.  (C ): N e ur al  a cti vit y  of  
t h e t hr e e c o m m a n d  n e ur o ns  d uri n g  t h e g e n er ati o n  of  t h e tr aj e ct or y s h o w n  a b o v e.  

t his s e cti o n  is i nt e n d e d as  a  pr o of  of  c o n c e pt  t o s h o w c as e  t h e a bilit y  t o i nt erf a c e 

S N S- T o ol b o x  wit h  R O S  si m ul ati o ns,  n ot  as  a  st at e- of-t h e- art  st e eri n g  al g orit h m.  

3. 4. 5   M us c ul os k el et al  D y n a mi cs  

I n D e n g  et  al.  [3 5 ], a n  S N S  w as  d esi g n e d  t o c o ntr ol  a  bi o m e c h a ni c al  si m ul ati o n  of  r at 

hi n dli m bs,  wit h  t h e n et w or k  a n d  b o d y  d y n a mi cs  si m ul at e d  usi n g  A ni m at L a b  [2 8 ]. 

H er e   w e   r ei m pl e m e nt  t his  S N S   usi n g   S N S- T o ol b o x   a n d   i nt erf a c e  it  wit h   a   n e w  

bi o m e c h a ni c al  m o d el  i m pl e m e nt e d i n t h e p h ysi cs  si m ul at or  M uj o c o  [1 2 7 ]. 
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N e u r al  M o d el  

A n  o v er all  n et w or k  di a gr a m  c a n  b e  f o u n d i n Fi g ur e  3. 7 A.  T h e  g e n er al  n et w or k  

str u ct ur e  c o nsists  of  a  t w o-l a y er C P G  wit h  s e p ar at e  r h yt h m g e n er ati o n  ( R G) a n d  

p att er n  f or m ati o n ( P F) l a y ers [1 0 6 ], wit h  e a c h  l a y er c o m prisi n g  of  h alf- c e nt er  ( H C) 

os cill at ors  [1 9 ]. T h e  R G  n et w or k  h as  t w o H C  n e ur o ns  w hi c h  c o nt ai n  v olt a g e- g at e d  

i o n c h a n n els  ( E q u ati o n (3. 1 4 )), w hi c h  m ut u all y  i n hi bit o n e  a n ot h er  vi a  t w o n o n-

s pi ki n g  i nt er n e ur o ns ( E q u ati o n (3. 1 )). T his  n et w or k  g e n er at es  t h e o v er all  r h yt h mi c 

a cti vit y  of  t h e l e gs, a n d  t h e gl o b al  s p e e d  c a n  b e  c o ntr oll e d  vi a  t h e l e v el of  m ut u al  

s y n a pti c  i n hi biti o n [1 2 2 ]. 

T h e  H C  n e ur o ns  of  t h e R G  n et w or k  e x cit e  t h e c orr es p o n di n g  H C  n e ur o ns  i n t h e 

P F  n et w or ks,  w hi c h  ar e  c o nstr u ct e d  i n a  si mil ar  m a n n er  t o t h e R G  n et w or k.  E a c h  P F  

n et w or k  s h a p es  t h e p h as e  fr o m t h e R G  n et w or k  i nt o t h e a p pr o pri at e  j oi nt p ositi o n  

f or a  s p e ci fi c  j oi nt, wit h  t h e k n e e  a n d  a n kl e  j oi nts s h ari n g  a  P F  n et w or k.  T h e  P F  

n et w or ks  ar e  als o  pr es y n a pti c  t o a  m ot or  c o ntr ol  n et w or k  f or e a c h  j oi nt [6 3 , 6 8 ], 

w h er e  m ot o n e ur o ns  ( M N) dri v e  t h e fl e x or  a n d  e xt e ns or  m us cl es  f or e a c h  j oi nt a n d  

ar e  a dj ust e d  b y  I a a n d  I b f e e d b a c k fr o m t h e m us cl es.  

Bi o m e c h a ni c al  M o d el  

I n D e n g  et  al.  [3 5 ], t h e r at hi n dli m bs  w er e  m o d el e d  i n A ni m at L a b  [2 8 ] usi n g  

si m pli fi e d  b o x  g e o m etr y  a n d  a  p air  of  li n e ar Hill  m us cl es  f or e a c h  j oi nt. We  r e pli c at e 

t his m o d el  i n M uj o c o  [1 2 7 ] usi n g  a  t hr e e- di m e nsi o n al m o d el  of  b o n e  g e o m etr y  [6 9 ] 

a n d  n o n-li n e ar  Hill  m us cl es  (s h o w n i n Fi g ur e  3. 7 C).  M uj o c o  w as  c h os e n  d u e  t o its 

o p e n-s o ur c e  a v ail a bilit y,  a n d  its r o b ust i nt er n al s u p p ort  f or c o m pl e x  m us cl e- b as e d  

a ct u ati o n  wit h  a  l o w er c o m p ut ati o n al  o v er h e a d  t h a n O p e n Si m  [3 4 ]. 

All  m us cl es  i n t h e m o d el  s h ar e  t h e s a m e  si g m oi d al  a cti v ati o n  c ur v e  w hi c h  

c o n v erts  m ot o n e ur o n  a cti vit y  t o a  m us cl e  a cti v ati o n  b et w e e n  0  a n d  1.  T his  is 
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Hi p P F K n e e/ A n kl e P F 

R h y t h m G e n e r a t o r 

K n e e M o t o r 
Ci r c ui t 

A n kl e M o t o r 
Ci r c ui t 

E x t 
I N 

E x t 
I N 

Fl x 
I N 

Fl x 
I N 

I b Fl x M u s cl e 
F e e d b a c k 

Hi p M o t o r Ci r c ui t 

I a 
I N 

I a 
I N 

I b 
I N 

I b 
I N 

I a 
E x t 

I a 
Fl x 

M N 
Fl x 

R C 
Fl x 

M N 
E x t 

R C 
E x t 

I a E x t M u s cl e 
F e e d b a c k 

I a Fl x M u s cl e 
F e e d b a c k 

I b E x t M u s cl e 
F e e d b a c k 

E x t M u s cl e 
A c ti v a ti o n 

Fl x M u s cl e 
A c ti v a ti o n 

I n hi bi t o r y 

E x ci t a t o r y 

T o/ Fr o m M u s cl e 

M o t o r Ci r c ui t 

E x t 
H C 

E x t 
H C 

Fl x 
H C 

Fl x 
H C 

E x t 
H C 

Fl x 
H C 

E x t 
I N 

Fl x 
I N 

Fi g ur e  3. 7:  S N S- T o ol b o x  c o ntr ols  a  m us c ul os k el et al  m o d el  of  a  r at hi n dli m b.  (A ): 
Di a gr a m  of  t h e n e ur al  c o ntr ol  n et w or k.  (B ): R el ati o ns hi p  b et w e e n  m ot or  n e u -
r o n v olt a g e  a n d  m us cl e  a cti v ati o n.  (C ): T h e  m us c ul os k el et al  m o d el  us e d  i n M u-
j o c o [1 2 7 ]. (D ): N e ur al  a cti vit y  fr o m t h e h alf- c e nt er  n e ur o ns  i n t h e c e ntr al  r h yt h m 
g e n er at or.  (E ,F ): N e ur al  a cti vit y  fr o m t h e hi p  a n d  k n e e/ a n kl e  p att er n  f or m ati o n cir -
c uits.  (G – I): M ot or  n e ur o n  a cti vit y  i n t h e m ot or  cir c uits  f or t h e hi p,  k n e e,  a n d  a n kl e.  
(J – L ): J oi nt  a n gl es  of  t h e hi p,  k n e e,  a n d  a n kl e.  All  r e c or di n gs ar e  s h o w n  f or a  p eri o d  
of  1 0 0 0  ms,  aft er  t h e m o d el  h as  fi nis h e d  i niti ali z ati o n. Pi ct ur e d  ar e  r e c or di n gs fr o m 
t h e el e m e nts  wit hi n  t h e l eft l e g. 

c al c ul at e d  i n t h e s a m e  m a n n er  as  [1 3 9 ], wit h  t h e a cti v ati o n  si g m oi d  d e fi n e d  as  

     
1  

1                   
             ( 3. 3 8) 

w h er e   is t h e st e e p n ess  of  t h e si g m oi d  a n d      is t h e m ot o n e ur o n  p ot e nti al.  T h e  

e x a ct  c ur v e  is s h o w n  i n Fi g ur e  3. 7 B.  

Si m ul ati o n  R es ults  

T h e  n et w or k  a n d  m e c h a ni c al  m o d el  ar e  si m ul at e d  f or 5 0 0 0  ms,  wit h  d at a  s h o w n  i n 

Fi g ur e  3. 7 . O n  e a c h  st e p,  m us cl e  t e nsi o ns fr o m M uj o c o  ar e  first  f or m att e d as  I a a n d  
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I b f e e d b a c k f or t h e S N S,  t h e n t h e o ut p uts  of  t h e S N S  ar e  m a p p e d  vi a  E q u ati o n  (3. 3 8 ) 

i nt o m us cl e  a cti v ati o ns  f or t h e M uj o c o  m o d el.  T h e  n et w or k  p ar a m et ers  ar e  e x a ctl y  

t h e s a m e  i n t his w or k  as  i n D e n g  et  al.  [3 5 ], a n d  r es ult i n os cill at or y  m ot or  b e h a vi or.  

T h e  o v er all  l e g os cill ati o n  o c c urs  at  h alf  t h e fr e q u e n c y of  t h e ori gi n al  m o d el,  a n d  t h e 

j oi nts e x hi bit  s c al e d  a n d  s hift e d  tr aj e ct ori es. T h e  hi p  j oi nt os cill at es  i n t h e r a n g e 

of  0 9 4  0 0 7  r a di a ns i nst e a d of  0 0 9  0 1 7  r a di a ns i n t h e ori gi n al  m o d el,  

wit h  t h e k n e e  i n 0 1 9  0 8 4  r a di a ns i nst e a d of  0 4 7  0 0 9  r a di a ns a n d  t h e a n kl e  

i n 1 7 6  0 9 7  r a di a ns i nst e a d of  0 9 2  0 2 6  r a di a ns. F urt h er  i n v esti g ati o n 

is n e e d e d  t o d et er mi n e  t h e s o ur c es  of  t h es e dis cr e p a n ci es  i n b e h a vi or,  h o w e v er  a  

di ff er e n c e  is t o b e  e x p e ct e d  gi v e n  t h e di ff er e n c e  i n m us cl e  m o d eli n g.  

3. 5  Dis c ussi o n  

I n t his w or k,  w e  pr es e nt  S N S- T o ol b o x,  a n  o p e n-s o ur c e  P yt h o n  p a c k a g e  f or si m ul at -

i n g s y nt h eti c  n er v o us  s yst e ms.  We  f o c us o n  si m ul ati n g  a  s p e ci fi c  s u bs et  of  n e ur al  

a n d  s y n a pti c  m o d els,  w hi c h  all o ws  f or i m pr o v e d p erf or m a n c e  o v er  m a n y  e xisti n g  

n e ur al  si m ul at ors.  T o  t h e b est  of  o ur  k n o wl e d g e,  t h e S N S- T o ol b o x  is t h e o nl y  n e ur al  

si m ul at or  a v ail a bl e  w hi c h  m e ets  all  of  t h e d esir e d  f u n cti o n alit y f or d esi g ni n g  s y n -

t h eti c n er v o us  s yst e ms.  T h e  S N S- T o ol b o x  is n ot  ti e d t o a  d e di c at e d  gr a p hi c al  us er  

i nt erf a c e, all o wi n g  n et w or ks  t o b e  d esi g n e d  a n d  si m ul at e d  o n  e m b e d d e d  s yst e ms.  

H et er o g e n e o us  n et w or ks  of  b ot h  s pi ki n g  a n d  n o n-s pi ki n g  n e ur o ns,  as  w ell  as  c h e m -

i c al a n d  el e ctri c al  s y n a ps es,  c a n  als o  b e  si m ul at e d  i n r e al-ti m e o n  b ot h  C P U  a n d  

G P U  h ar d w ar e.  All  of  t h es e c a p a biliti es  ar e  als o  f ull y a v ail a bl e  a cr oss  all  m aj or  

o p er ati n g  s yst e ms,  i n cl u di n g Wi n d o ws  (tr a d e m ar k Mi cr os oft  C or p or ati o n),  M a c O S  

(tr a d e m ar k A p pl e  C or p or ati o n),  a n d  Li n u x- b as e d  s yst e ms.  

We  fi n d  t h at S N S- T o ol b o x  c a n  si m ul at e  n et w or ks  wit h  h u n dr e ds  t o t h o us a n ds of  

n e ur o ns  i n r e al-ti m e o n  d es kt o p  h ar d w ar e,  a n d  l o w h u n dr e ds  of  n e ur o ns  o n  e m b e d d e d  

h ar d w ar e.  T h e  p erf or m a n c e  is als o  c o m p etiti v e  wit h  ot h er  p o p ul ar  n e ur al  si m ul at ors.  

T hr o u g h  a  si m pl e  pr o gr a m mi n g  i nt erf a c e, it is r el ati v el y si m pl e  t o c o m bi n e  n et w or ks  
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m a d e  i n S N S- T o ol b o x  wit h  ot h er  s oft w ar e.  Usi n g  R O S  [9 9 ], w e  i m pl e m e nt e d a  

Br ait e n b er g-i ns pir e d  [1 6 ] n e ur al  st e eri n g  al g orit h m  a n d  c o ntr oll e d  n a vi g ati o n  of  a  

si m ul at e d  m o bil e  r o b ot t hr o u g h a n  e n vir o n m e nt  i n G a z e b o  [7 3 ]. We  als o  t a k e a n  

e xisti n g  S N S  n et w or k  w hi c h  c o ntr oll e d  a  m us c ul os k el et al  m o d el  [3 5 ] i m pl e m e nt e d 

i n A ni m at L a b  [2 8 ], a n d  a c hi e v e d  c y cli c al  li m b m oti o n  aft er  r ei m pl e m e nti n g t h e 

n et w or k  i n S N S- T o ol b o x  a n d  i nt erf a ci n g wit h  M uj o c o  [1 2 7 ]. 

O n e  d e cisi o n  w e  m a d e  e arl y  i n t h e d esi g n  pr o c ess  w as  t o pr o vi d e  a  si m pli fi e d  

d esi g n  a n d  c o m pil ati o n  i nt erf a c e, as  w ell  as  t o b uil d  S N S- T o ol b o x  o n  t o p of  wi d el y  

us e d  P yt h o n  n u m eri c al  pr o c essi n g  li br ari es i n or d er  t o f a cilit at e us e  a cr oss  all  

c o m p uti n g  pl atf or ms.  T his  h as  all o w e d  m ulti pl e  r es e ar c h ers wit h  v ar yi n g  d e gr e es  

of  pr o gr a m mi n g  e x p eri e n c e  wit hi n  o ur  l a b or at ori es t o b e gi n  usi n g  S N S- T o ol b o x  

s u c c essf ull y,  as  w ell  as  a n  i nstr u cti o n al t o ol i n pil ot  cl ass es  o n  n e ur or o b oti cs.  W hil e  

ot h er  t o ols, s u c h  as  A N N ar c h y  [1 3 0 ], a c hi e v e  hi g h er  p erf or m a n c e  b y  dir e ct  c o d e  

g e n er ati o n  i n C + +,  t h e y d o  s o at  t h e e x p e ns e  of  e as y  cr oss- pl atf or m  s u p p ort.  F ut ur e  

w or k  m a y  e x pl or e  a d di n g  a d diti o n al  b uil d  s yst e ms  f or di ff er e nt  o p er ati n g  s yst e ms  

i n or d er  t o a c hi e v e  c o m p ar a bl e  p erf or m a n c e.  

I n or d er  t o all o w  n et w or k  si m ul ati o n  o n  G P Us,  m ulti pl e  b a c k e n ds  i n S N S-

T o ol b o x  ar e  b uilt  o n  t o p of  P y T or c h  [9 5 ]. H o w e v er,  P y T or c h  h as  a  l ar g e i nfr astr u ct ur e 

of  f e at ur es w hi c h  ar e  c urr e ntl y  n ot  s u p p ort e d  b y  t h e str u ct ur e  of  t h e S N S- T o ol b o x  

b a c k e n d,  s u c h  as  l a y er- b as e d or g a ni z ati o n  of  n et w or ks  a n d  gr a di e nt- b as e d  o pti mi z a -

ti o n usi n g  a ut o m ati c  di ff er e nti ati o n.  A d diti o n all y,  m o d els  b uilt  usi n g  t h e f or m al 

P y T or c h  st yl e  ar e  a bl e  t o b e  c o m pil e d  i nt o t h e C + +- a dj a c e nt  T or c hs cri pt,  all o wi n g  

i m pr o v e d si m ul ati o n  p erf or m a n c e.  W or k  is c urr e ntl y  u n d er w a y  t o r estr u ct ur e t h e 

P y T or c h  b a c k e n d  wit hi n  S N S- T o ol b o x  t o all o w  t h es e b e n e fits.  

Pr e vi o us  S N S  m o d els  h a v e  oft e n  b e e n  m a d e  usi n g  t h e s oft w ar e  A ni m at L a b  [2 8 , 

5 0 , 6 4 , 1 2 0 ], w hi c h  us es  a  di ff er e nt  w or k fl o w  t h a n S N S- T o ol b o x.  Wit hi n  A ni m at L a b,  

us ers  h a v e  a n  i nt e gr at e d G UI  t h at c o nt ai ns  a  ri gi d- b o d y m o d el er,  c a n v as  f or dr a g gi n g  

a n d  dr o p pi n g  n e ur o ns  a n d  s y n a ps es  i nt o a  n et w or k,  a n d  a  pl otti n g  wi n d o w  f or 
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vi e wi n g  si m ul ati o n  r es ults. T h e  S N S- T o ol b o x  is d esi g n e d  t o f o c us o n  t h e d esi g n  

a n d  si m ul ati o n  of  t h e n e ur al  a n d  s y n a pti c  d y n a mi cs,  wit h  t h e p h ysi cs  si m ul ati o n  

a n d  pl otti n g  b ei n g  r el e g at e d t o e xt er n al  li br ari es. W hil e  t his m a y  b e  l ess c o n v e ni e nt  

f or a  us er  w h o  is eit h er  a  b e gi n n er  or  is mi gr ati n g  fr o m A ni m at L a b,  w e  f e el t h at 

t his s e p ar ati o n  is b e n e fi ci al  as  it all o ws  n et w or ks  m a d e  usi n g  t h e S N S- T o ol b o x  t o 

b e  m or e  e xt e nsi bl e  t o i nt erf a ci n g wit h  ot h er  s yst e ms.  W h e n  tr a nsiti o ni n g fr o m 

A ni m at L a b,  t h e pri m ar y  di ff er e n c e  i n w or k fl o w  is t h at n et w or ks  i n t h e S N S- T o ol b o x  

ar e  d es cri b e d  vi a  c o d e  i nst e a d of  dr a w n.  If t h e tr a nsiti o ni n g us er  is f a mili ar wit h  

writi n g  c o d e  i n P yt h o n  or  a n ot h er  si mil ar  l a n g u a g e, t his c h a n g e  is e asil y  m a n a g e d.  

T h e  ot h er  di ffi c ult y  w h e n  c o n v erti n g  fr o m A ni m at L a b  t o S N S- T o ol b o x  is w h e n  usi n g  

M uJ o C o  [1 2 7 ] f or p h ysi cs  si m ul ati o n.  As  t h e n ati v e  m us cl e  m o d el  wit hi n  M uJ o C o  

is di ff er e nt  t h a n A ni m at L a b,  w e  s h o w  i n S e cti o n  3. 4. 5  t h at t h e s a m e  n et w or k  wit h  

t h e s a m e  p ar a m et er  v al u es  will  e x hi bit  di ff er e nt  b e h a vi or  if n ot  t u n e d t o us e  t h e n e w  

m us cl e  m o d el.  

T hr o u g h o ut  t h e d esi g n  pr o c ess  of  S N S- T o ol b o x,  w e  c h os e  t o f o c us o n  i m-

pl e m e nti n g  s p e ci fi c  s ets  of  n e ur al  a n d  s y n a pti c  d y n a mi cs.  T his  bri n gs  e n h a n c e d  

p erf or m a n c e,  h o w e v er  it d o es  m e a n  t h at t h er e is n o  m et h o d  f or a  us er  t o a d d  a  

n e w  n e ur al  or  s y n a pti c  m o d el  t o a  n et w or k  w hi c h  h as  n ot  b e e n  pr e vi o usl y  d e fi n e d,  

wit h o ut  e diti n g  t h e s o ur c e  c o d e  f or t h e t o ol b o x its elf. O n e  w or k ar o u n d  t o t his iss u e 

is t o cr e at e  m or e  c o m pli c at e d  m o d els  b y  tr e ati n g i n di vi d u al n o n-s pi ki n g  or  s pi ki n g  

n e ur o ns  as  c o m p art m e nts  w hi c h  ar e  c o n n e ct e d  t o g et h er as  a  m ulti- c o m p art m e nt  

m o d el,  h o w e v er,  i n g e n er al,  w e  fi n d  t h at t his is a  li mit ati o n f or t h e S N S- T o ol b o x  at  

t his ti m e. 

T h e  S N S- T o ol b o x  is c urr e ntl y  a v ail a bl e  as  o p e n-s o ur c e  s oft w ar e  o n  Git H u b  

(tr a d e m ar k Git H u b  i n c or p or at e d), a n d  h as  a n  e xt e nsi v e  s uit e  of  d o c u m e nt ati o n  

fr e el y a v ail a bl e  o nli n e.  I n a d diti o n  t o i nst alli n g fr o m s o ur c e,  t h e S N S- T o ol b o x  is 

als o  a v ail a bl e  t o i nst all fr o m t h e P yt h o n  P a c k a g e  I n d e x ( P y Pi). All  of  t h e f e at ur es 

wit hi n  t h e t o ol b o x ar e  b uilt  o n  t o p of  st a n d ar d,  wi d el y  us e d  P yt h o n  li br ari es. As  l o n g 
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as  t h es e li br ari es m ai nt ai n  b a c k w ar ds  c o m p ati bilit y  as  t h e y u p d at e,  or  t h e c urr e nt  

v ersi o ns  r e m ai n a v ail a bl e,  t h e f u n cti o n alit y of  S N S- T o ol b o x  s h o ul d  r e m ai n i nt o 

t h e f ut ur e. 

E x a m pl es  w er e  s h o w n  usi n g  t h e S N S- T o ol b o x  t o i nt erf a c e wit h  e xt er n al  s oft w ar e  

s yst e ms,  p arti c ul arl y  R O S  [9 9 ] a n d  M uj o c o  [1 2 7 ]. W hil e  t h e pri m ar y  g o al  of  S N S-

T o ol b o x  is a  si m pli fi e d  i nt erf a c e w hi c h  f o c us es o n  n e ur al  d y n a mi cs,  ot h er  us ers  

m a y  fi n d  o ur  i nt erf a c e m a p pi n gs  b et w e e n  S N S- T o ol b o x  a n d  ot h er  s oft w ar e  us ef ul.  

As  s u c h,  w e  i nt e n d t o r el e as e s u p pl e m e nt ar y  P yt h o n  p a c k a g es  w hi c h  c o nt ai n  h el p er  

l o gi c t o i nt erf a c e t h e S N S- T o ol b o x  wit h  ot h er  s oft w ar e  as  w e  d e v el o p  t h e m. 

M a n y  r o b ots h a v e  b e e n  b uilt  w hi c h  us e  S N S  n et w or ks  f or c o ntr ol,  alt h o u g h  t h es e 

ar e  us u all y  t et h er e d t o a n  o ff- b o ar d  c o m p ut er  [5 0 , 6 4 ] or  r e q uir e n o n-tr a diti o n al  

c o m p ut er  h ar d w ar e  [5 ] t o o p er at e.  Wit h  t h e r el e as e of  S N S- T o ol b o x,  w e  h a v e  

t w o f or w ar d-l o o ki n g h o p es.  Firstl y,  t h at m or e  r es e ar c h ers d esi g n  a n d  i m pl e m e nt 

s y nt h eti c  n er v o us  s yst e ms  f or r o b oti c c o ntr ol,  a n d  t h at m e m b ers  of  t h e r o b oti cs 

c o m m u nit y  will  fi n d  v al u e  i n n e ur al  si m ul at ors  w hi c h  ar e  c a p a bl e  of  si m ul ati n g  

h et er o g e n e o us  n et w or ks  of  d y n a mi c  n e ur o ns.  



4 6  

C h a p t e r  4  

A  S Y N T H E TI C  N E R V O U S  S Y S T E M  F O R  O N  A N D  O F F  
M O TI O N  D E T E C TI O N  I N S PI R E D B Y  T H E  D R O S O P HI L A  

M E L A N O G A S T E R  O P TI C  L O B E  

M at eri al  i n t his c h a pt er  h as  b e e n  pr e vi o usl y  p u blis h e d  i n 

• N o urs e,  W.  R.,  S z c z e ci ns ki,  N.  S.,  &  Q ui n n,  R.  D.  ( 2 0 2 3, J ul y).  A  S y nt h eti c  

N er v o us  S yst e m  f or o n  a n d  O ff  M oti o n  D et e cti o n  I ns pir e d b y  t h e Dr os o p hil a  

m el a n o g ast er  O pti c  L o b e.  I n C o nf er e n c e  o n  Bi o mi m eti c  a n d  Bi o h y bri d  S ys -

t e ms ( p p. 3 6 4- 3 8 0).  C h a m:  S pri n g er  N at ur e  S wit z erl a n d.  

E dits  h a v e  b e e n  m a d e  t o pl a c e  t his m at eri al  i nt o c o nt e xt  wit h  t h e r est of  t his diss er -

t ati o n. 

4. 1  A bst r a ct  

I n t his w or k,  w e  d esi g n  a n d  si m ul at e  a  s y nt h eti c  n er v o us  s yst e m  w hi c h  is c a p a bl e  

of  c o m p uti n g  o pti c  fl o w  t hr o u g h o ut a  vis u al  fi el d,  i ns pir e d b y  r e c e nt a d v a n c es  

i n t h e n e ur al  a n at o m y  of  Dr os o p hil a  m el a n o g ast er  f o u n d t hr o u g h c o n n e ct o mi cs.  

We  pr es e nt  m et h o ds  f or t u ni n g t h e n et w or k  f or d esir e d  sti m uli,  a n d  b e n c h m ar k  its 

t e m p or al pr o p erti es  a n d  c a p a bilit y  f or dir e cti o n al  s el e cti vit y.  T his  n et w or k  a cts  as  a  

st e p pi n g  p oi nt  t o w ar ds vis u al  l o c o m oti o n c o ntr ol  i n a  h e x a p o d  r o b ot i ns pir e d b y  t h e 

a n at o m y  of  Dr os o p hil a . 

4. 2  I nt r o d u cti o n  

A  c o nti n ui n g  g o al  i n t h e r o b oti cs c o m m u nit y  is t o d e v el o p  r o b ots wit h  t h e d y n a mi c  

c a p a biliti es  a n d  r esili e n c e of  a ni m als.  A  p arti c ul ar  f o c us is o n  a d di n g  t h e i n fl u e n c e 

of  vis u al  i nf or m ati o n t o i m pr o v e t h e a d a pt a bilit y  of  r o b oti c s yst e ms  [7 , 1 4 0 ]. A  



4 7  

pr o misi n g  a p pr o a c h  is t o d esi g n  r o b oti c c o ntr oll ers  usi n g  n e ur o m or p hi c  n et w or ks  

of  n e ur o ns  wit h  bi ol o gi c all y  i ns pir e d d y n a mi cs  [6 ], als o  k n o w n  as  s y nt h eti c  n er v o us  

s yst e ms  ( S N S) [5 0 , 6 4 , 1 2 1 ]. 

M u c h  is k n o w n  a b o ut  t h e cir c uitr y  wit hi n  t h e Dr os o p hil a  m el a n o g ast er  o pti c  

l o b e, m a ki n g  it a  c o n v e ni e nt  i ns pir ati o n f or r o b oti c visi o n  s yst e ms.  F or  vis u al  

m oti o n  pr o c essi n g  i n p arti c ul ar,  t h e Dr os o p hil a  n er v o us  s yst e m  c o nt ai ns  m a n y  of  

t h e s a m e  l o gi c al el e m e nts  as  t h at of  m a m m als  a n d  v ert e br at es  [2 6 ], b ut  d o es  s o wit h  

t hr e e or d ers  of  m a g nit u d e  f e w er n e ur o ns  i n t h e vis u al  s yst e m  [1 3 , 8 0 ]. A n  a d diti o n al  

a d v a nt a g e  of  Dr os o p hil a  o v er  ot h er  m o d el  or g a nis ms  is t h at e xt e nsi v e  w or k  h as  b e e n  

d o n e  i n r e c e nt y e ars  t o cr e at e  a  f ull c o n n e ct o m e  of  t h eir br ai ns  [1 0 7 , 1 3 7 ], a n d  t h e 

vis u al  s yst e m  i n p arti c ul ar  h as  b e e n  e xt e nsi v el y  st u di e d  [1 1 2 , 1 1 5 , 1 2 5 ]. 

T h e  m oti o n  visi o n  p at h w a y  is e xtr e m el y  i m p ort a nt f or a d a pti v e  b e h a vi or  i n 

Dr os o p hil a , ai di n g  i n esti m ati o n  of  b o d y  m oti o n  a n d  e n a bli n g  r a pi d r es p o ns e t o 

o n c o mi n g  t hr e ats [1 , 3 1 , 4 8 ]. T h e  str u ct ur e  is w ell  d o c u m e nt e d,  s e e  Fi g. 4. 1  f or 

a  vis u al  r e pr es e nt ati o n a n d  r ef er t o [1 3 ] f or a  m or e  t h or o u g h r e vi e w. Wit hi n  t h e 

Dr os o p hil a  o pti c  l o b e, r eti n al a n d  l a mi n a c ells  c o n v ert  c h a n g es  i n li g ht i nt e nsit y 

i nt o i nf or m ati o n us e d  i n t h e r est of  t h e n et w or k.  Of  p arti c ul ar  r el e v a n c e t o t h e 

m oti o n  visi o n  s yst e m  ar e  c ells  L 1- L 3,  w hi c h  p erf or m  s p ati ot e m p or al  filt eri n g  of  

i n p ut sti m uli  a n d  s e p ar at e  i nf or m ati o n fl o w  i nt o t w o p at h w a ys:  a n  O n  p at h w a y  f or 

e n c o di n g  i n cr e as es i n bri g ht n ess,  a n d  a n  O ff  p at h w a y  f or e n c o di n g  d e cr e as es  i n 

bri g ht n ess  [1 1 2 , 1 2 5 ]. Fr o m  t h er e, t h e tr a nsf or m e d vis u al  i nf or m ati o n is f urt h er 

filt er e d  i n t h e m e d ull a  i nt o a  b a n k  of  u ni q u e  filt ers  ( Mi 1, T m 3,  Mi 4,  Mi 9  f or t h e O n  

p at h w a y;  T m 1,  T m 2,  T m 4,  T m 9  f or t h e O ff  p at h w a y),  e a c h  wit h  sli g htl y  di ff er e nt  

s p ati ot e m p or al  c h ar a ct eristi cs  [4 , 4 0 ]. T h es e  ar e  t h e n c o m bi n e d  n o nli n e arl y  ( al o n g 

wit h  t h e wi d e  a m a cri n e  c ell  C T 1  [8 6 ]) o nt o  t h e el e m e nt ar y  m oti o n  d et e ct or  ( E M D) 

c ells  T 4  a n d  T 5,  a n d  t h e r es ulti n g c o m bi n ati o n  g e n er at es  dir e cti o n al  s el e cti vit y  f or 

e a c h  p oi nt  i n t h e vis u al  fi el d  [1 1 5 ] w hi c h  c a n  t h e n b e  s p ati all y  i nt e gr at e d f or m or e  

c o m pl e x  b e h a vi or  [1 3 ]. 
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Pr e vi o us  w or k  h as  a d a pt e d  t his cir c uitr y  t o r o b oti cs [7 ] a n d  S N S  n et w or ks  [1 1 0 ], 

b ut  t h es e st u di es  w er e  p erf or m e d  b ef or e  t h e wi d e  br e a dt h  a n d  d e pt h  of  c o n n e cti vit y  

i nf or m ati o n fr o m c o n n e ct o mi c  a n al ysis  f or Dr os o p hil a  b e c a m e  a v ail a bl e.   I n t his 

w or k,  w e  d esi g n  a n  S N S  n et w or k  w hi c h  m e as ur es  o pti c  fl o w  f or b ot h  risi n g a n d  

f alli n g bri g ht n ess  l e v els, usi n g  i ns pir ati o n fr o m t h e c urr e nt  b o d y  of  k n o wl e d g e  a b o ut  

c o n n e cti vit y  a n d  a cti vit y  wit hi n  t h e Dr os o p hil a  o pti c  l o b e [1 3 , 1 1 5 ].  As  t h er e is 

l ess k n o w n  a b o ut  t h e e x a ct  o p er ati o n  of  t h e O ff  E M D,  w e  m a k e  s o m e  d esi g n- b as e d  

d e cisi o ns  i n its c o nstr u cti o n.   Usi n g  t h e c a p a biliti es  of  t his n et w or k,  w e  pl a n  f ut ur e 

vis u al  c o ntr ol  of  m oti o n  o n b o ar d  t h e bi o-i ns pir e d  r o b ot Dr os o p hi b ot  [5 0 ]. 

R 1- 6 

L 3 

I n 

LB O B F 

D O E O E F D F 

S O S F 

O n O ff  

L 1 L 4 L 5 

Mi 1 T m 3 Mi 4 Mi 9 T m 1 T m 2 T m 4 T m 9 

C T 1 C T 1 

T 4 T 5 

L 2 

A B 
R eti n a 

L a mi n a 

M e d ull a 

L o b ul aM e d ull a 

Fi g ur e  4. 1:  A:  A  cir c uit  di a gr a m  of  a  si n gl e  c ol u m n  wit hi n  t h e Dr os o p hil a  m oti o n  
visi o n  p at h w a y,  a d a pt e d  fr o m [1 3 , 1 1 5 ].  B:  R e d u c e d  di a gr a m  us e d  i n t his w or k.  
N o d e   c ol ors   i n  b ot h   di a gr a ms   ar e   c h os e n   t o  hi g hli g ht   t h eir  c o m m o n   f u n cti o n al 
r ol es.  Si n gl e  cir cl es  d esi g n at e  n e ur o ns  w hi c h  b e h a v e  as  a  l o w- p ass filt er,  d o u bl e  
cir cl es  i n di c at e a  b a n d- p ass  filt er.  D ar k  cl os e d  cir cl es  i n di c at e i n hi bit or y s y n a ps es,  
o p e n  tri a n gl es i n di c at e e x cit at or y  s y n a ps es.   I n p a n el  B , D  a n d  S  n e ur o ns  a p pr o x -
i m at e b a n d- p ass  b e h a vi or  b y  filt eri n g  t h e r es p o ns es of  t h e 𝑡  n e ur o ns,  f or r e d u c e d 
c o m p ut ati o n al  c o m pl e xit y.  
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4. 3  N et w o r k  C o m p o n e nts  

4. 3. 1  N e ur al  a n d  S y n a pti c  M o d els  

As  t his w or k  is pri m aril y  f o c us e d o n  d esi g ni n g  g e n er al  n et w or k  b e h a vi or  i nst e a d of  

e x a ctl y  r e pr o d u ci n g n e ur al  r e c or di n gs, all  n e ur o ns  i n t h e n et w or k  ar e  si m ul at e d  as  

n o n-s pi ki n g  l e a k y i nt e gr at ors f oll o wi n g [1 2 1 ], w h er e  t h e n e ur al  st at e   is u p d at e d  

as  

                      ( 4. 1) 

w h er e   is t h e n e ur al  ti m e c o nst a nt,   is a n y  e xt er n al  i n p ut, a n d   is a  c o nst a nt  bi as  

t er m.  is t h e s y n a pti c  i n p ut fr o m a n y  pr es y n a pti c  n e ur o ns  i n t h e n et w or k,  

   
 

 

        
 

       
 
 ( 4. 2) 

wit h   d e n oti n g  a  pr es y n a pti c  n e ur o n,  a n d        d e n oti n g  t h e s y n a pti c  r e v ers al 

p ot e nti al.  I n t his w or k,  all  e x cit at or y  s y n a ps es  h a v e     5  ,   2  for  

i n hi bit or y s y n a ps es,  a n d  s p e ci fi c  m o d ul at or y  s y n a ps es  h a v e  a  r e v ers al p ot e nti al  of  

       0 1  , w h er e   is t h e pri m ar y  r a n g e of  n e ur al  a cti vit y  i n t h e n et w or k.  F or  

n u m eri c al  si m pli cit y,    1  i n t his w or k  s o t h at m ost  n e ur o ns  c o m m u ni c at e  w h e n  

t h eir st at e  is b et w e e n  0  a n d  1 , wit h  t h e e x c e pti o n  of  t h e s y n a ps e  b et w e e n  n e ur o ns    

a n d    .   h as  a n  e ff e ct  r o u g hl y a n al o g o us  t o c h oli n er gi c  s y n a ps es  i n Dr os o p hil a , 

 t o G A B A er gi c  s y n a ps es,  a n d        t o gl ut a m at er gi c  s y n a ps es.          i s a  

m o n ot o ni c  f u n cti o n w hi c h  d es cri b es  t h e i n c o mi n g s y n a pti c  c o n d u ct a n c e  s u c h  t h at 

         0          w h er e       i s t h e u p p er  b o u n d.  I n t his w or k,  w e  d e fi n e  

      a s  

                     

 

0      

 
       

        
1  

 

 ( 4. 3) 

w h er e      a n d    ar e  t h e l o w er a n d  u p p er  t hr es h ol d st at es  of  s y n a pti c  a cti vit y.  F or  

m ost  s y n a ps es  i n t h e n et w or k,  w e  s et      0 , a n d      . F or  t h e s y n a ps e  b et w e e n  

n e ur o ns    a n d    , w e  s et        , a n d     2  . 
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St e a d y  St at e  F o r m ul ati o n  

F or  s o m e  d esi g n  s e cti o ns,  w e  r e q uir e d s ol vi n g  f or t h e st e a d y  st at e  of  t h e n e ur o n  

gi v e n  st e a d y  i n p uts. As  i n [1 2 1 ], t h e st e a d y-st at e  r es p o ns e   i s 

   

  
      

  
 

                

1  
  
      

  
 

 

 ( 4. 4) 

S y n a pti c  P at h w a y  D esi g ns  

W h e n  c o n n e cti n g  c o m p o n e nts  of  o ur  n et w or k,  di ff er e nt  p at h w a ys  ar e  t u n e d a n al yt -

i c all y b as e d  o n  t h eir f u n cti o n al r ol e. O n e  c o m m o n  e x a m pl e  is si g n al  tr a ns missi o n, 

w h er e  t h e d esir e d  st e a d y-st at e  v al u e  (s e e e q.  4. 4 ) of  t h e p osts y n a pti c  n e ur o n    i s 

t h e st e a d y-st at e  v olt a g e  of  t h e pr es y n a pti c  n e ur o n  m ulti pli e d  b y  a  tr a ns missi o n g ai n  

 . Fr o m  [1 2 1 ], t his c a n  b e  s ol v e d  as  

    
     

             
 ( 4. 5) 

w h er e      i s   f or e x cit at or y  s y n a ps es,  a n d     f or i n hi bit or y s y n a ps es.  

A n ot h er  f or m ul ati o n w hi c h  is us e d  t hr o u g h o ut t his w or k  c o m es  fr o m s etti n g  a  

t ar g et st at e   of  t h e p osts y n a pti c  n e ur o n,  gi v e n  a  pr es y n a pti c  st e a d y-st at e  a n d  t h e 

pr es e n c e  of  ot h er  e xt er n al  or  s y n a pti c  c urr e nts  t o t h e p osts y n a pti c  n e ur o n.  T his  is 

d eri v e d  fr o m e q.  4. 4  a n d  writt e n  as  

      
          

  
    

 
        

 ( 4. 6) 

Fi n all y,  i n s o m e  i nst a n c es it is d esir a bl e  f or a  pr es y n a pti c  n e ur o n  t o m o d ul at e  

t h e s e nsiti vit y  of  a  p osts y n a pti c  n e ur o n  t o e xt er n al  a n d  s y n a pti c  i n p uts. F or  t his w e  

f oll o w t h e d eri v ati o n  i n [1 2 1 ], a n d  us e  t h e m o d ul at or y  r e v ers al p ot e nti al        a n d  

s et  t h e s y n a pti c  c o n d u ct a n c e  as  

          1  ( 4. 7) 

w h er e  t h e d esir e d  b e h a vi or  is s u c h  t h at   i s di vi d e d  b y   w h e n    
    . T his  

f or m of  s y n a ps e  is us e d  wit hi n  t h e O n  p at h w a y  b et w e e n    a n d  O n . 
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I 

O u t 

F a s t Sl o w 

BA 

Fi g ur e  4. 2:  A:  Cir c uit  di a gr a m  of  a  b a n d- p ass  s u b n et w or k.   T w o  n e ur o ns  ar e  t u n e d 
as  l o w- p ass filt ers  wit h  di ff er e nt  c ut o ff  fr e q u e n ci es, a n d  ar e  s u btr a ct e d  t o pr o d u c e  
a  b a n d- p ass  r es p o ns e.  B:  R es p o ns e  of  e a c h  n e ur o n  wit hi n  t h e s u b n et w or k  w h e n  
s u bj e ct e d  t o a  ti m e- v ar yi n g i n p ut. 

4. 3. 2   N e ur al  Filt ers  

M ost   n e ur o ns   wit hi n   t h e  Dr os o p hil a   m oti o n   visi o n   p at h w a y   b e h a v e   t e m p or all y 

as  eit h er  l o w or  b a n d- p ass  filt ers  [1 3 ], a n d  h er e  w e  d es cri b e  o ur  m et h o d ol o g y  i n 

d esi g ni n g  o ur  n et w or k  t o b e h a v e  a c c or di n gl y.   T h e  pr o c ess  t o t u n e o ur  n e ur o ns  as  

l o w- p ass filt ers  is str ai g htf or w ar d,  as  t h e l e a k y i nt e gr at or is its elf a  l o w- p ass filt er  

wit h  a  c ut o ff  fr e q u e n c y ( w h er e t h e g ai n  is - 3 d B) d e fi n e d  as   𝑡𝑐  =  
1  

2 𝜋 𝜏  . 

C o m m o n  m et h o ds  f or i m pl e m e nti n g a  n e ur o n  wit h  b a n d- p ass  t e m p or al b e h a vi or  

t y pi c all y i n v ol v e a d di n g  a  s e c o n d  d y n a mi c  v ari a bl e  t o t h e n e ur o n  m o d el  [6 6 ], s u c h  

as   a   v olt a g e- g at e d   i o n  c h a n n el   [1 2 2 ]  or   a d a pti v e   s pi ki n g   t hr es h ol d  [1 2 3 ,  1 2 6 ]. 

I ns pir e d b y  t h e di ff er e nti ati o n  n et w or k  i n [1 2 1 ],  w e  i m pl e m e nt b a n d- p ass  filt ers  

i n o ur  n et w or k  usi n g  a  s u b n et w or k  of  f o ur n o n-s pi ki n g  l e a k y i nt e gr at ors i nst e a d 

of  a d di n g  a  n e w,  m or e  c o m pl e x  n e ur al  m o d el.   W hil e  t his a d ds  m or e  n e ur o ns  t o 

t h e n et w or k,  w e  d o  t his t o r e d u c e t h e c o m p ut ati o n al  c o m pl e xit y  of  o ur  s yst e m  i n 

a nti ci p ati o n  of  r u n ni n g it o n  e m b e d d e d  h ar d w ar e.  F or  a  vis u al  r e pr es e nt ati o n, pl e as e  



5 2  

s e e  Fi g.  4. 2 . 

T his  n et w or k  is d esi g n e d  as  f oll o ws. I n p uts t o t h e s u b n et w or k  e nt er  as  a  s y n a pti c  

i n p ut f or n e ur o n  I, w hi c h  t h e n i n hi bits n e ur o ns  F ast  a n d  Sl o w  usi n g  i n hi bit or y 

tr a ns missi o n s y n a ps es  ( e q. 4. 5 ) wit h  r e v ers al p ot e nti al   a n d  a  g ai n    1 , t o 

arri v e  at  a  m a xi m u m  s y n a pti c  c o n d u ct a n c e  of  

                      
 

   
 ( 4. 8) 

N e ur o ns  I, Sl o w , a n d  o ut p ut  n e ur o n  O ut  all  h a v e  t h e s a m e  ti m e c o nst a nt,  w hi c h  

a p pr o xi m at el y  a cts  as  t h e u p p er  b o u n d  of  t h e filt er’s  p ass b a n d.  N e ur o n  F ast  h as  

a  l ar g er ti m e c o nst a nt  a n d  l o w er c ut o ff  fr e q u e n c y t h a n t h e ot h er  n e ur o ns,  a n d  t h e 

c orr es p o n di n g  c ut o ff  fr e q u e n c y r es ults i n s etti n g  t h e l o w er b o u n d  of  t h e p ass b a n d.  

N e ur o n  F ast  i n hi bits n e ur o n  O ut  wit h  a  g ai n- c o ntr oll e d  i n hi bit or y s y n a ps e  ( e q. 4. 5 ), 

a n d  n e ur o n  Sl o w  e x cit es  O ut  wit h  a  s y n a ps e  d esi g n e d  t o mirr or              , w h er e  

              
                   

      
 ( 4. 9) 

T his  r es ults i n t h e st at e  of  n e ur o n  O ut  b ei n g  t h e di ff er e n c e  b et w e e n  t h e ori gi n al  si g n al  

i n I b ei n g  pr o c ess e d  vi a  t w o di ff er e nt  l o w- p ass filt ers,  r es ulti n g i n a  b a n d- p ass  e ff e ct.  

I n pr a cti c e,  t h e v al u e  of  t h e tr a ns missi o n g ai n   fr o m F ast  t o O ut  is f o u n d usi n g  

t h e Br e nt  m et h o d  f or s c al ar  mi ni mi z ati o n  [1 8 ] i n S ci P y  [1 2 9 ] s u c h  t h at t h e c h a n g e  

i n m a g nit u d e  d uri n g  a  st e p  i n p ut is - 1. All  n e ur o ns  i n t his s u b n et w or k  a d diti o n all y  

h a v e  a  c o nst a nt  bi as  i n p ut of   , si n c e  t h e b a n d p ass  filt ers  i n o ur  n et w or k  n e e d  t o 

h y p er p ol ari z e  d uri n g  risi n g l u mi n a n c e l e v els, b ut  o mitti n g  t h es e bi as  t er ms a n d  

s w a p pi n g  t h e i n hi bit or y a n d  e x cit at or y  s y n a ps es  w o ul d  r es ult i n a  m or e  tr a diti o n al 

b a n d- p ass  filt er  [1 2 1 ]. 

4. 4  N et w o r k  D esi g n  

F or  a  cir c uit  di a gr a m  of  t h e n et w or k  d es cri b e d  i n t his s e cti o n,  as  w ell  as  t h e c o m -

p ar ati v e  str u ct ur e  pr es e nt  i n t h e Dr os o p hil a  o pti c  l o b e, pl e as e  r ef er t o Fi g.  4. 1 . 
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4. 4. 1  I n p ut Pr o c essi n g  

W h e n  pr es e nt e d  wit h  a  vis u al  sti m ul us,  e a c h  i n p ut n o d e  ( d e n ot e d I n i n Fi g.  4. 1 B)  

a cts  as  a  t e m p or al l o w- p ass filt er,  p erf or mi n g  a n  a n al o g o us  o p er ati o n  t o a  Dr os o p hil a  

p h ot or e c e pt or  c ell  [2 6 ]. As  t his i niti al st a g e  s ets  a n  u p p er  b o u n d  o n  t h e fr e q u e n c y 

r es p o ns e f or t h e r est of  t h e cir c uit,  w e  s et t h e ti m e c o nst a nt  f or t his filt er        

s u c h  t h at n o  fr e q u e n ci es i n o ur  d esir e d  i n p ut r a n g e ar e  filt er e d  o ut  a n d  o ur  n et w or k  

d y n a mi cs  r e m ai n st a bl e.  I n t his w or k,  w e  s et t his as         1 0    b as e d  o n  o ur  

si m ul ati o n  ti m est e p  . 

4. 4. 2  I niti al Filt er  St a g e  

Si mil ar  t o t h e c ells  pr es e nt  i n t h e Dr os o p hil a  l a mi n a, w e  a p pl y  t e m p or al filt ers  t o 

t h e o ut p ut  of  t h e i niti al i n p ut filt eri n g  st a g e.  W hil e  t h e pri m ar y  l a mi n a c ells  i n 

t h e Dr os o p hil a  m oti o n  p at h w a y  h a v e  sli g ht  di ff er e n c es  i n t e m p or al b e h a vi or  [4 0 ], 

f or a n al yti c  si m pli cit y  b ot h   a n d    h a v e  t h e s a m e  pr o p erti es  i n t his w or k.  F or  

r e d u c e d a n al yti c  c o m pl e xit y,  all  s p ati al  r e c e pti v e fi el ds  ar e  c o n d e ns e d  i nt o si n gl e  

c ol u m ns.  

We  a p pl y  a  b a n d- p ass  filt er  w hi c h  h y p er p ol ari z es  t o sti m uli  of  i n cr e asi n g bri g ht -

n ess  wit hi n  e a c h  p at h w a y  t o t h e o ut p ut  of  t h e i n p ut st a g e,  a n al o g o us  t o t h e b e h a vi or  

of  t h e L 1  a n d  L 2  c ells  [1 3 ], a n d  w e  r ef er t o t h e m as   a n d    . T h es e  ar e  c o n -

str u ct e d  i n t h e m a n n er  d es cri b e d  i n S e cti o n  4. 3. 2 , a n d  t h e ti m e c o nst a nt  of  t h e f ast 

si d e  is s et t o       . F or  t h e sl o w  si d e,  w e  c h o os e     s o  t h at f or t h e f ast est i n p ut 

sti m ul us,  t h e r es p o ns e h as  ti m e t o s ettl e  t o b as eli n e  o v er  t h e c o urs e  of  a  si n gl e  i n p ut 

p eri o d.  A p pr o xi m ati n g  t h e s ettli n g  p eri o d  f or a  l e a k y i nt e gr at or as  5  , w e  writ e  t h e 

ti m e c o nstr ai nt  as  

5       
 

2  
 

1  

      
 ( 4. 1 0) 

w h er e   is t h e s p ati al  w a v el e n gt h  a n d        i s t h e f ast est s p ati al  v el o cit y  of  t h e i n p ut 

sti m ul us.  
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Fi g ur e  4. 3:   A:  Di a gr a m  of  a  t hr e e- ar m H a a g- B orst  H R/ B L  E M D  cir c uit  [5 4 ].  B:  
S c h e m ati c  of  t h e t hr e e- ar m m oti o n  d et e ct ors  i n t his w or k,   f or b ot h  O n  a n d  O ff  
sti m uli.  P D  d e n ot es  t h e pr ef err e d  dir e cti o n,  N D  d e n ot es  t h e n ot  pr ef err e d  ( n ull) 
dir e cti o n.   N o d es  wit h o ut  c ol or  d o  n ot  c o ntri b ut e  t o b e h a vi or  i n t his dir e cti o n  of  
m oti o n.  

Si mil ar  t o t h e L 3  n e ur o n  i n Dr os o p hil a  [1 3 ],  w e  i n cl u d e a n  a d diti o n al  l o w-

p ass  filt er  ( d e n ot e d as  𝑡  i n Fi g.  4. 1 B)  w hi c h  is s h ar e d  a cr oss  b ot h  t h e O n  a n d  O ff  

p at h w a ys.  I n or d er  t o pr es er v e  t h e r a n g e of  t e m p or al i nf or m ati o n a v ail a bl e  f or l at er 

pr o c essi n g,  w e  s et t h e ti m e c o nst a nt  of   𝑐   t o 𝜋  𝜏 𝑎  𝑠𝑡 , c a usi n g  t his n o d e  t o a ct  as  a  

d el a y e d  a n d  i n v ert e d c o p y  of  t h e i n p ut sti m ul us.  

4. 4. 3   M oti o n  D et e ct ors  

F or  t h e d esi g n  of  t h e el e m e nt ar y  m oti o n  d et e ct ors  ( E M D) i n t h e O n  a n d  O ff  p at h w a ys,  

w e  t a k e i ns pir ati o n fr o m t h e H a a g- B orst  H R/ B L  t hr e e- ar m E M D  [5 4 ]( Fi g. 4. 3 A).  

T his  str u ct ur e  h as  b e e n  s h o w n  t o b e  c a p a bl e  of  r e pr o d u ci n g r e c or di n gs fr o m T 4  [5 4 ] 

a n d  T 5  [5 5 ] c ells,  a n d  c o n n e ct o mi c  a n al ysis  h as  f o u n d c a n di d at e  c ells  f or e a c h  i n p ut 

ar m  of  t h e m o d el  [1 1 5 ]. I n t his m o d el,  t h e o ut p ut  n e ur o n  of  e a c h  E M D  (O n  f or t h e 

O n  p at h w a y,  O ff  f or t h e o ff  p at h w a y)  r e c ei v es i n p ut fr o m t hr e e s e p ar at e  el e m e nts:  a  
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dir e ct  i n p ut fr o m t h e c ell  i n t h e s a m e  c ol u m n,  a n  e n h a n c e m e nt  i n p ut w hi c h  e n h a n c es  

sti m uli  c o mi n g  fr o m t h e pr ef err e d  dir e cti o n,  a n d  a  s u p pr ess or  i n p ut w hi c h  s u p pr ess es  

sti m uli  c o mi n g  fr o m t h e n ull  dir e cti o n.  I n t his w or k  w e  c h o os e  t o m o d el  t h e E M D  

as  a  t hr e e- ar m cir c uit  i nst e a d of  ol d er  m o d els  w hi c h  us e d  t w o ar ms  t o a c hi e v e  

eit h er  pr ef err e d- dir e cti o n  e n h a n c e m e nt  [5 7 ] or  n ull- dir e cti o n  s u p pr essi o n  [8 ], as  

t h e t hr e e- ar m m o d el  g e n er at es  fi n er  dir e cti o n al  s el e cti vit y  a n d  is l ess s us c e pti bl e  t o 

n ois e  [5 4 ]. 

I n Dr os o p hil a  t h e i n p uts i n e a c h  ar m  c a n  c o m e  fr o m m ulti pl e  n e ur o ns,  w hi c h  

c o m bi n e  t o cr e at e  v ari e d  s p ati o-t e m p or al  pr o p erti es  [4 , 1 3 , 4 0 ]. F or  si m pli fi e d  

a n al ysis  a n d  r e d u c e d c o m p ut ati o n al  c o m pl e xit y,  e a c h  ar m  is r e pr es e nt e d as  a  si n gl e  

n e ur o n  i n t his w or k.  A d diti o n all y,  w hil e  t h e c ells  i n t h e m e d ull a  a ct  as  b a n d- p ass  

a n d  l o w- p ass filt ers  wit h  a  v ari et y  of  ti m e c o nst a nts,  f or si m pli cit y  w e  r e pr es e nt 

all  of  t h e m as  l o w- p ass filt ers  a n d  r es h a p e t h e a cti vit y  fr o m t h e hi g h er-l e v el  filt ers  

(  ,   , a n d   ). I n t his w or k,  n e ur o ns  w hi c h  p erf or m  e n h a n c e m e nt  ar e  n a m e d   , 

dir e ct  sti m ul ati o n   , a n d  s u p pr essi o n  . U nl ess  ot h er wis e  s p e ci fi e d,  all  n e ur o ns  

c a n  b e  ass u m e d  t o h a v e  a  ti m e c o nst a nt  of        . T his  is o nl y  c h a n g e d  as  n e e d e d  f or 

b e h a vi or al  r e as o ns, w hi c h  will  b e  e x pl ai n e d  b el o w.  

O n  P at h w a y  

R e c e nt  st u di es  h a v e  f o c us e d o n  t h e b e h a vi or  of  T 4  c ells  a n d  f o u n d p ot e nti al  m e c h -

a nis ms  w hi c h  g e n er at e  m oti o n- d et e cti o n  a n d  dir e cti o n  s el e cti vit y  usi n g  t h e c ells  

w hi c h  c o ntri b ut e  t o t h e O n  p at h w a y  [1 1 5 ], p arti c ul arl y  i n t h e w or k  of  Gr os c h n er  

et  al.  [5 2 ]. I n t h eir w or k,  t h e y m o d el e d  t h e T 4  p at h w a y  a n d  f o u n d t h at m ulti pli c a -

ti v e b e h a vi or  c a n  o c c ur  d uri n g  a  p eri o d  of  l o w i n hi biti o n t h at cr e at es  a  “ wi n d o w  

of  o p p ort u nit y ”  [3 7 ]. We  a d a pt  a  si mil ar  m e c h a nis m  h er e  b as e d  o n  o ur  pr e vi o us  

w or k  [1 2 1 ], wit h  a  cir c uit  di a gr a m  i n Fi g.  4. 3 B  a n d  b e h a vi or  s h o w n  i n Fi g.  4. 4 . 

N e ur o n    mi mi cs  t h e b e h a vi or  of  Mi 1  a n d  T m 3,   t h e r es p o ns e of  C T 1,  a n d   

i s a n al o g o us  t o Mi 9.  
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Di r e ct:  N e ur o n    r e c ei v es i n p ut fr o m  vi a  a n  i n hi bit or y tr a ns missi o n s y n a ps e  

( e q. 4. 5 ), a n d  t h e g ai n  is t u n e d vi a  Br e nt’s  m et h o d  [1 8 ] s u c h  t h at t h e p e a k  d uri n g  a  

st e p  i n p ut is 1.  It e x cit es  O n  wit h  a n  e x cit at or y  tr a ns missi o n s y n a ps e,  wit h  t h e g ai n  

t u n e d a g ai n  vi a  Br e nt’s  m et h o d  f or a n  is ol at e d p e a k  r es p o ns e of  1.  

S u p p r essi o n:  U nli k e  t h e ot h er  ar ms  of  t h e O n  E M D,   r e c ei v es i n p ut fr o m   

i nst e a d of  t h e filt eri n g  st a g e.  T his  is si mil ar  t o C T 1  r e c ei vi n g i n dir e ct i n p ut fr o m 

Mi 1  [8 6 , 1 1 5 ]. T his  cr e at es  a  sli g ht  d el a y  i n t h e r es p o ns e, w hi c h  i m pr o v es t h e a bilit y  

of   t o s u p pr ess  sti m uli  i n t h e n ull  dir e cti o n.  T h e  c o n n e cti o n  b et w e e n   a n d  O n  

is t u n e d as  a n  i n hi bit or y t ar g et s y n a ps e  ( e q. 4. 6 ) w hi c h  ai ms  t o bri n g  t h e st at e  of  O n  

t o z er o  w h e n    i s si g n ali n g  wit h  p e a k  str e n gt h.  

E n h a n c e m e nt:  I n o ur  m o d el,   i s r es p o nsi bl e f or t h e m aj orit y  of  t h e sti m ul us-

d e p e n d e nt  b e h a vi or  of  t h e O n  E M D.  St arti n g  wit h  t h e t e m p or al r es p o ns e, w e  s et t h e 

n e ur al  ti m e c o nst a nt  s o t h at t h e st at e  of    s ettl es  d uri n g  t h e ti m e it t a k es t h e si g n al  

t o tr a v el fr o m o n e  c ol u m n  t o t h e n e xt  at  t h e sl o w est  d esir e d  v el o cit y     , ass u mi n g  

t h at t h e n e ur o n  s ettl es  aft er  a  ti m e p eri o d  of  5  ( e q. 4. 1 0 ). T his  is f o u n d wit h  

  
 

5         
 ( 4. 1 1) 

w h er e   is t h e s p ati al  r es ol uti o n of  t h e m o d el  (5  i n t his w or k).    sti m ul at es  O n  

usi n g  a  m o d ul at or y  s y n a ps e  wit h  a  di visi o n  f a ct or  of  1 0  ( e q. 6. 7 ), a n d  is sti m ul at e d  

b y   usi n g  a n  e x cit at or y  tr a ns missi o n s y n a ps e  ( e q. 4. 5 ) wit h  u nit y  g ai n.  

O ff  P at h w a y  

W hil e  st u di es  h a v e  f o u n d t h e pr es y n a pti c  n e ur o ns  w hi c h  g e n er at e  dir e cti o n  s el e c -

ti vit y wit hi n  t h e O ff  m oti o n  d et e ct or  cir c uit  [8 6 , 1 1 5 ], c urr e nt  st u di es  w hi c h  m o d el  

t h e O ff  p at h w a y  eit h er  o mit  t h e r ol e of  C T 1  i n s u p pr essi o n  [7 4 ] or  d o  n ot  m o d el  

c h e mi c al  r e v ers al p ot e nti als  [7 6 ]. As  s u c h,  w e  m a k e  s o m e  b as e  ass u m pti o ns  b as e d  
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o n  t h e c o n n e cti vit y  i n or d er  t o pr o d u c e  dir e cti o n  s el e cti vit y.  N e ur o n    i m pl e m e nts 

t h e r ol e of  T m 1,  T m 2,  a n d  T m 4,    i s a n al o g o us  t o C T 1,  a n d    mi mi cs  T m 9.  

Di r e ct:    r e c ei v es sti m ul ati o n  fr o m   vi a  a n  e x cit at or y  tr a ns missi o n s y n a ps e  

( e q. 4. 5 ) wit h  a  g ai n  t u n e d s u c h  t h at t h e p osts y n a pti c  p e a k  is 1  f or a  d e cr e asi n g  

st e p  r es p o ns e i n bri g ht n ess,  a n d      a n d    of   a n d  2  r es p e cti v el y. It sti m ul at es  

O ff  wit h  a n  e x cit at or y  t ar g et s y n a ps e  of  t ar g et  ( e q. 4. 6 ), wit h  t h e c o n d u ct a n c e  

m ulti pli e d  b y    , w h er e    i s t h e p er c e nt a g e  of  dir e ct  sti m ul ati o n.  I n t his w or k,  

   0 5 . We  f o u n d t h at t h e p e a k  of    i s a  pri m ar y  f a ct or i n t h e m a g nit u d e  of  O ff , 

s o w e  s el e ct  t h e ti m e c o nst a nt     s o  t h at t h e p e a k  m a g nit u d e  st arts  d e cr e asi n g  at  

o ur  sl o w est  i n p ut v el o cit y       . We  first  fi n d  t h e fr e q u e n c y of  o ur  sl o w est  i n p ut as  

       

 , a n d  s c al e  t h at t o g et      1 0       . A  s c ali n g  f a ct or of  1 0  is c h os e n  

b e c a us e  t h e g ai n  of  l e a k y i nt e gr at ors b e gi ns  t o d e cr e as e  a p pr o xi m at el y  1  d e c a d e  

b el o w  t h e c ut o ff  fr e q u e n c y o n  a  l o g arit h mi c s c al e.  

S u p p r essi o n:    i s t u n e d i n a  si mil ar  m a n n er  t o  , r e c ei vi n g a n  e x cit at or y  

tr a ns missi o n ( e q. 4. 5 ) i n p ut fr o m   t h at is o pti mi z e d  usi n g  Br e nt’s  m et h o d  [1 8 ] 

f or a  p e a k  m a g nit u d e  of  1.    i n hi bits O ff  vi a  a n  i n hi bit or y t ar g et s y n a ps e  wit h  t h e 

s a m e  pr o p erti es  as  t h e s y n a ps e  b et w e e n   a n d  O n . 

E n h a n c e m e nt:    i s t u n e d wit h  t h e e x a ct  i n p ut a n d  n e ur al  pr o p erti es  of    f or 

si m pli cit y.  It sti m ul at es  O ff  wit h  a n  e x cit at or y  t ar g et s y n a ps e  ( e q. 4. 6 ) wit h  t ar g et 

 , a n d  t h e c o n d u ct a n c e  s c al e d  b y    w h er e    i s t h e p er c e nt a g e  of  e n h a n c e m e nt  

sti m ul ati o n  a n d  is c o nstr ai n e d  s o       1 . 
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Fi g ur e  4. 4:  Si m ul ati o n  of  el e m e nts  wit hi n  t h e O n  p at h w a y  d uri n g  a  sti m ul us  m o vi n g  
i n t h e pr ef err e d  (L eft ) or  n ull  (Ri g ht ) dir e cti o ns.  D as h e d  gr e e n  tr a c es c orr es p o n d  
t o E n h a n c e m e nt  (   ) si g n als,  s oli d  bl u e  t o Dir e ct  (   ) si g n als,  d ott e d  pi n k  t o 
S u p pr essi o n  (  ) si g n als,  a n d  s oli d  i n di g o f or t h e O n  E M D  (O n  ). T o p:  Tr a c es  of  
vis u al  sti m uli  t o t h e E n h a n c e m e nt,  Dir e ct,  a n d  S u p pr essi o n  c ol u m ns  of  t h e m oti o n  
d et e ct or;  Mi d dl e:  Tr a c es  of  t h e E n h a n c e m e nt,  Dir e ct,  a n d  S u p pr essi o n  n e ur o ns  
w hi c h  ar e  pr es y n a pti c  t o t h e E M D  n e ur o n;  B ott o m:  Tr a c e  of  t h e fi n al  m oti o n  
d et e ct or,  w hi c h  d e p ol ari z es  f or sti m uli  tr a v eli n g fr o m l eft t o ri g ht (O n  ). 

4. 5  R es ults  

4. 5. 1  Si m ul ati o n  S et u p  

All  si m ul ati o ns  ar e  d o n e  usi n g  S N S- T o ol b o x  [9 4 ], a  P yt h o n  p a c k a g e  f or d esi g n -

i n g a n d  si m ul ati n g  s y nt h eti c  n er v o us  s yst e ms  (htt ps:// git h u b. c o m/ w n o urs e 0 5/ S N S -

T o ol b o x).  A   of  0. 1  ms  is us e d  as  t h e si m ul ati o n  st e p.  I n all  si m ul ati o ns,  t h e 

n et w or k  w as  t u n e d f or s e nsiti vit y  t o i m a g es wit h  a  s p ati al  w a v el e n gt h   of  3 0  

a n d  a  v el o cit y  b et w e e n  1 0  a n d  1 8 0  a cr oss  t h e vis u al  fi el d.  C o d e  t o si m-

ul at e  t h e n et w or k  a n d  g e n er at e  all  of  t h e fi g ur es  pr es e nt e d  h er e  is a v ail a bl e  at  

htt ps:// git h u b. c o m/ w n o urs e 0 5/ M oti o n- Visi o n- S N S . 

https://github.com/wnourse05/Motion-Vision-SNS
https://github.com/wnourse05/SNS
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Fi g ur e  4. 5:  Si m ul ati o n  of  el e m e nts  wit hi n  t h e O ff  p at h w a y  d uri n g  a  sti m ul us  m o vi n g  
i n t h e pr ef err e d  (L eft ) or  n ull  (Ri g ht ) dir e cti o ns.  D as h e d  gr e e n  tr a c es c orr es p o n d  
t o E n h a n c e m e nt  (   ) si g n als,  s oli d  bl u e  t o Dir e ct  (   ) si g n als,  d ott e d  pi n k  t o 
S u p pr essi o n  (   ) si g n als,  a n d  s oli d  oli v e  f or t h e O ff  E M D  (O ff   ). F or  f urt h er 
d es cri pti o n  r ef er t o Fi g.  4. 4 . 

4. 5. 2  I n di vi d u al E M D  Sti m ul ati o n  

T o  v erif y  t h e b asi c  b e h a vi or  of  t h e E M D  cir c uits,  w e  a p pli e d  s q u ar e  w a v e  gr ati n gs  

wit h  a  s p ati al  w a v el e n gt h  of  3 0  a n d  a  v el o cit y  of  3 0  t o 3  a dj a c e nt  c ol u m ns.  We  

f o c us o n  t h e b e h a vi or  of  t h e B  c h a n n el  n e ur o ns,  w hi c h  ar e  t u n e d f or s e nsiti vit y  i n 

m oti o n  tr a v eli n g fr o m l eft t o ri g ht. 

S h o w n  i n Fi g.  4. 4 , w e  e x a mi n e  t h e b e h a vi or  of  t h e O n  p at h w a y.  W h e n  sti m uli  

of  i n cr e asi n g bri g ht n ess  m o v e  a cr oss  i n t h e pr ef err e d  dir e cti o n,    r e c ei v es t h e 

sti m ul us  c h a n g e  first  a n d  st arts  t o h y p er p ol ari z e.  I n t h e ti m e it t a k es f or t h e sti m ul us  

t o c o nti n u e  t o t h e c e ntr al  c ol u m n,    h as  d e cr e as e d.  T his  all o ws  t h e dir e ct  sti m ul us  

fr o m   t o e x cit e  O n  wit h  r e d u c e d i n hi biti o n. As  t h e sti m ul us  c o nti n u es  t o t h e ri g ht 

c ol u m n,   e x hi bits  a  b o ut  of  f urt h er i n hi biti o n. T h e  ti mi n g r el ati o ns hi p b et w e e n  

 a n d   cr e at es  t h e s p e e d- d e p e n d e nt  b e h a vi or;  as  sti m uli  m o v e  m or e  r a pi dl y, t h e 



6 0  

o ffs et  i n ti m e b et w e e n  t h es e c ol u m ns  d e cr e as es  a n d  m or e  i n hi biti o n is a p pli e d  t o 

O n , c a usi n g  a  d e cr e as e  i n t h e a cti vit y  c a us e d  b y    . W h e n  sti m uli  m o v e  i n t h e 

o p p osit e  dir e cti o n,   a n d    ar e  b ot h  a cti v at e d  w hil e    i s str o n gl y  d e p ol ari z e d,  

r es ulti n g i n a  si g ni fi c a nt  r e d u cti o n of  p e a k  m a g nit u d e  i n O n . 

R e p e ati n g  t h e e x p eri m e nt  f or sti m uli  wit h  d e cr e asi n g  bri g ht n ess,  as  t h e o ff- e d g e  

sti m ul us  m o v es  i n t h e pr ef err e d  dir e cti o n    i n t h e O ff  p at h w a y  b e gi ns  t o d e p ol ari z e.  

T his  is a c c e nt u at e d  b y  a  l at er p uls e  fr o m   , f oll o w e d b y  str o n g  i n hi biti o n fr o m   . 

As  sti m uli  m o v e  i n t h e o p p osit e  dir e cti o n,    i s eit h er  at  r est or  h y p er p ol ari zi n g  

t o w ar ds r est, d e p e n di n g  o n  t h e ti mi n g of  pri or  sti m uli.  T h e  o ff- e d g e  first  arri v es  at  

  w hi c h  str o n gl y  i n hi bits O ff , f oll o w e d b y  a  p uls e  i n e x cit ati o n  fr o m   a n d  t h e n 

a  s e p ar at e  i n cr e as e i n e x cit ati o n  fr o m   . W hil e  t h e s p e ci fi cs  of  t h e m e c h a nis m  ar e  

di ff er e nt  b et w e e n  t h e O n  a n d  O ff  p at h w a ys,  t h e n et  b e h a vi or al  r es ult is t h e s a m e:  

sti m uli  tr a v eli n g i n t h e pr ef err e d  dir e cti o n  ar e  e n h a n c e d  t o s o m e  d e gr e e,  w hil e  

sti m uli  i n t h e o p p osit e  dir e cti o n  d o  n ot  h a v e  as  str o n g  a  r es p o ns e. 

4. 5. 3  Vel o cit y  R es p o ns e  

S q u ar e- w a v e  sti m uli  wit h    3 0  ar e  a p pli e d  t o a  n et w or k  w hi c h  c o nsist e d  of  4 9  

c ol u m ns,  arr a n g e d  i n a  7 x 7  gri d.  T h e  v el o cit y  of  sti m uli  is v ari e d  fr o m 1 0  t o 

3 6 0  , a n d  d at a  is r e c or d e d fr o m t h e c e ntr al  E M D.  As  s h o w n  i n Fi g.  4. 6 , t h e p e a k  

m a g nit u d e  of  b ot h  t h e O n  a n d  O ff  p at h w a ys  d e cr e as es  as  t h e v el o cit y  a p pr o a c h es  

t h e m a xi m u m  t u ni n g r a n g e (1 8 0  ). T h e  O n  p at h w a y  h as  a  hi g h  d y n a mi c  r a n g e, 

v ar yi n g  s m o ot hl y  fr o m 1  t o n e ar  z er o,  a n d  wit h  p e a ks  i n t h e pr ef err e d  dir e cti o n  

al w a ys  gr e at er  t h a n t h e n ull  dir e cti o n.  C h a n g es  i n t h e m a g nit u d e  of  t h e O ff  p at h w a y  

ar e  m or e  gr a d u al  as  it a p pr o a c h es  t h e d esir e d  m a xi m u m  v el o cit y,  wit h  a  sl o w  i n cr e as e 

sli g htl y  b ef or e  t his p oi nt.  T h e  r ati o b et w e e n  t h e pr ef err e d  a n d  n ull  dir e cti o ns  

is al w a ys  gr e at er  t h a n 1,  b ut  t o a  l ess er d e gr e e  i n t h e O ff  t h a n t h e O n  p at h w a y.  

B e h a vi or  i n t h e Dr os o p hil a  T 4  a n d  T 5  c ells  ar e  m or e  si mil ar  t o t h e O n  r es ults 

s h o w n  i n Fi g.  4. 6  t h a n t h e O ff  r es ults, wit h  a  p e a k  r es p o ns e t h at d e cr e as es  as  t h e 
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Fi g ur e  4. 6:  O ut p ut  b e h a vi or  of  t h e O n  (s oli d i n di g o) a n d  O ff  ( d as h e d oli v e)  m oti o n  
d et e ct ors  w h e n  s u bj e ct e d  t o a  s q u ar e  w a v e,  tr a nsl ati n g fr o m 1 0  t o 3 6 0  p er  s e c o n d.  
Tar g et  m a xi m u m  v el o cit y  ( 1 8 0 ) s h o w n  wit h  a  v erti c al  d as h e d  li n e. T o p:  P e a k  
m a g nit u d e  of  t h e m oti o n  d et e ct or  i n t h e pr ef err e d  dir e cti o n;  B ott o m:  R ati o  b et w e e n  
t h e m oti o n  d et e ct or  i n t h e pr ef err e d  dir e cti o n  a n d  t h e n ull  dir e cti o n.  

i n p ut v el o cit y  i n cr e as es [8 2 ]. H o w e v er,  i n Dr os o p hil a  t his d e cr e as e  o c c urs  as  i n p ut 

v el o cit y  is b ot h  i n cr e as e d a n d  d e cr e as e d  fr o m a  p e a k  v el o cit y.  

4. 5. 4  Dir e cti o n al  S el e cti vit y  

Sti m uli  of  a  c o nsist e nt  w a v el e n gt h  a n d  v el o cit y  ar e  a p pli e d  t o t h e s a m e  n et w or k  

d es cri b e d  i n S e cti o n  4. 5. 3  w hil e  t h e dir e cti o n  of  tr a v el is v ari e d  fr o m 0   3 6 0  i n 

4 5  i n cr e m e nts, wit h  r es ults s h o w n  i n Fi g.  4. 7 . T h e  E M D  f or e a c h  c ar di n al  dir e cti o n  

e x hi bits  e n h a n c e d  s e nsiti vit y  t o sti m uli  i n t h e pr ef err e d  dir e cti o n,  a n d  r e d u c e d 

s e nsiti vit y  t o t h e ot h er  dir e cti o ns.  T h e  O n  p at h w a y  is a bl e  t o g e n er at e  a  fi n er  l e v el 

of  dir e cti o n al  s e nsiti vit y  t h a n t h e O ff  p at h w a y,  d u e  t o its m ulti pli c ati v e  wi n d o w  

of  r e d u c e d i n hi biti o n. F urt h er  w or k  is n e c ess ar y  t o fi n d  a  si mil ar  m ulti pli c ati o n  

m e c h a nis m  f or t h e O ff  p at h w a y.  

As  t h e n et w or ks  f or e a c h  c ar di n al  dir e cti o n  ar e  mirr or e d  v ersi o ns  of  e a c h  ot h er,  
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Fi g ur e  4. 7:  P e a k  r es p o ns e of  e a c h  m oti o n  d et e ct or  i n t h e O n  (L eft ) a n d  O ff  (Ri g ht ) 
p at h w a ys  t o a  s q u ar e  w a v e  gr ati n g  wit h    3 0  a n d    3 0 . Pr ef err e d  dir e cti o n  
of  e a c h  s u b-t y p e:  A : ri g ht t o l eft; B : l eft t o ri g ht C : b ott o m  t o t o p; D : t o p t o b ott o m.  

t h e r es ulti n g r es p o ns es ar e  i d e nti c al e x c e pt  f or t h eir ori e nt ati o n.  T his  is di ff er e nt  

t h a n t h e t u ni n g f o u n d i n Dr os o p hil a , w h er e  t h e s e nsiti vit y  of  e a c h  c ar di n al  dir e cti o n  

is sli g htl y  di ff er e nt  [8 2 ]. T h e  g e n er al  s h a p e  of  o ur  O n  a n d  O ff  r es p o ns es m ost  

cl os el y  m at c h es  t h e b e h a vi or  of  t h e T 4 b  a n d  T 5 b  n e ur o ns  i n t h e a ni m al,  c o nsisti n g  

of  a  s h ar p  tri a n g ul ar p oi nt  i n t h e pr ef err e d  dir e cti o n  a n d  a  sli g ht  b u m p  i n t h e n ull  

dir e cti o n,  h o w e v er  T 5 b  is m u c h  m or e  si mil ar  t o T 4 b  t h a n o ur  O ff  n e ur o ns  ar e  t o t h e 

O n  n e ur o ns.  

4. 6  Dis c ussi o n  a n d  F ut u r e  W o r k  

I n t his w or k,  w e  i m pl e m e nt a n  S N S  n et w or k  w hi c h  is a  r e d u c e d m o d el  of  t h e 

Dr os o p hil a  m oti o n  visi o n  s yst e m.  T h e  n et w or k  p erf or ms  o pti c  fl o w  m e as ur e m e nt  

at  e a c h  p oi nt  i n t h e vis u al  fi el d,  a n d  c a n  b e  t u n e d f or di ff er e nt  r a n g es of  i n p ut 

sti m uli  i n a  p ar a m etri c  m a n n er.  W hil e  s o m e  p ar a m et ers  ar e  f o u n d vi a  n u m eri c al  

o pti mi z ati o n,  m ost  ar e  c h os e n  b y  h a n d  vi a  a n al yti c  r ul es. Wit h  f urt h er o pti mi z ati o n,  
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w e  e x p e ct  t h at t h e p erf or m a n c e  of  t h e n et w or k  c o ul d  b e  t u n e d t o d et e ct  p arti c ul ar  

sti m uli.  

C o m p ar e d  t o t h e cir c uit  f o u n d i n Dr os o p hil a , t h e m o d el  pr es e nt e d  h er e  is f ar 

r e d u c e d i n c o m pl e xit y.  I n p arti c ul ar,  t h e a ni m al  us es  m or e  n e ur o ns  as  i n p uts t o t h e 

E M D  c ells,  w hi c h  all o ws  f or b ett er  t e m p or al r es p o ns e a n d  a d diti o n al  a d a pt ati o n  t o 

f a ct ors s u c h  as  c h a n gi n g  i n p ut c o ntr ast  [4 0 ]. A d di n g  m or e  n e ur o ns  i nt o t h e m oti o n  

d et e cti o n  ar e a  i n o ur  n et w or k  m a y  b e  pr o misi n g  f or f ut ur e d e v el o p m e nt.  A n ot h er  

si m pli fi c ati o n  i n o ur  m o d el  is t h at t h e i niti al filt er  st a g e  o nl y  r e c ei v es vis u al  i n p ut 

wit hi n  its o w n  c ol u m n.  T his  is n ot  t h e c as e  f or t h e l a mi n a n e ur o ns  i n Dr os o p hil a , 

w hi c h  p erf or m  s p ati al  filt eri n g  o v er  a  1 5   2 0  r a di us f or e a c h  c ol u m n  [1 3 ]. F ut ur e  

w or k  will  e xt e n d  o ur  a n al ysis  t o g e n er at e  dir e cti o n al  s el e cti vit y  i n t h e pr es e n c e  of  

wi d er  s p ati al  r e c e pti v e fi el ds.  

W hil e  o ur  i m pl e m e nt ati o n of  t h e O n  p at h w a y  is d eri v e d  fr o m d et ail e d  bi ol o gi c al  

m o d els  [5 2 ], l ess r e c or di n gs a n d  d et ail  w er e  a v ail a bl e  f or t h e O ff  p at h w a y.  O ur  

m o d el  att e m pts  t o m o d el  dir e cti o n  s el e cti vit y  usi n g  c urr e nt  i nf or m ati o n a b o ut  t h e 

str u ct ur e  of  t his s yst e m,  b ut  s h o w c as es  s o m e  c urr e nt  g a ps  i n u n d erst a n di n g.  I n 

p arti c ul ar,  t h e n e ur o n  i n o ur  m o d el  w hi c h  is i nt e n d e d t o a ct  a n al o g o usl y  t o T m 9  

(   ) d o es  n ot  pr o vi d e  a  si g ni fi c a nt  r ol e i n m oti o n  d et e cti o n  b as e d  o n  its c o n n e cti vit y.  

T his  di ff ers  str o n gl y  fr o m bi ol o gi c al  e x p eri m e nts,  w h er e  t h e e ff e ct  of  T m 9  i n O ff  

m oti o n  d et e cti o n  is gr e at er  t h a n m a n y  of  t h e ot h er  n e ur o ns  c o m bi n e d  [1 1 2 ]. As  

s u c h  T m 9  m a y  h a v e  a d diti o n al  f u n cti o n alit y a n d  r ol es, as  dis c uss e d  i n [1 1 5 ]. 

M u c h  w or k  h as  b e e n  d o n e  t o st u d y  t h e e ff e ct  of  t h e vis u al  s yst e m  o n  w al ki n g  

c o ntr ol  i n Dr os o p hil a  [3 1 , 4 8 ]. We  ai m  t o c o nti n u e  d e v el o p m e nt  of  t h e n et w or k  

d es cri b e d  i n t his w or k,  s o t h at it m a y  b e  us e d  t o assist  i n t h e c o ntr ol  of  l e g g e d m oti o n  

o n b o ar d  o ur  Dr os o p hil a -i ns pir e d r o b ot, Dr os o p hi b ot  [5 0 ]. 
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C h a p t e r  5  

S N S T O R C H:  SI M U L A TI O N  O F  L A R G E- S C A L E  S Y N T H E TI C  
N E R V O U S  S Y S T E M S  

S o m e  m at eri al  i n t his c h a pt er  w as  pr es e nt e d  i n p ers o n  as  t h e t ut ori al " A n  I ntr o d u cti o n 

t o D esi g n  a n d  Si m ul ati o n  usi n g  S N S- T o ol b o x  a n d  S N S T or c h "  at  t h e 2 0 2 4  c o nf er e n c e  

o n  N e ur o  I ns pir e d C o m p ut ati o n al  El e m e nts  ( NI C E) o n  A pril  2 6,  2 0 2 4.  

5. 1  A bst r a ct  

S N S- T o ol b o x  is a n  o p e n-s o ur c e  fr a m e w or k f or d esi g ni n g  a n d  si m ul ati n g  n et w or ks  

of  bi o- pl a usi bl e  n e ur o ns  a n d  s y n a ps es  at  m o d er at e  n et w or k  s c al e  wit h  ar bitr ar y  c o n -

n e cti vit y.  D u e  t o r e pr es e nti n g ar bitr ar y  n et w or ks  as  a  si n gl e  r e c urr e nt p o p ul ati o n  

h o w e v er,  S N S- T o ol b o x  e x p eri e n c es  ti mi n g a n d  m e m or y  iss u es f or n et w or ks  wit h  

m or e  t h a n t h o us a n ds of  n e ur o ns.  I n t his w or k  w e  i ntr o d u c e S N S T or c h,  a  c o m -

p a ni o n  p a c k a g e  t o S N S- T o ol b o x  w hi c h  s u p p orts  l ar g er n et w or ks  a n d  l a y er- b as e d 

d esi g n.  We  b e n c h m ar k  t h e s p e e d  p erf o m a n c e  of  S N S T or c h  a g ai nst  S N S- T o ol b o x  

o n  a  p o p ul ati o n- b as e d  t as k, a n d  t h e n d e m o nstr at e  t h e o pti mi z ati o n  of  S N S  n et w or ks  

o n  b ot h  r e gr essi o n a n d  cl assi fi c ati o n  t as ks. 

5. 2  I nt r o d u cti o n  

I n t h e w orl d  of  n e ur al  si m ul ati o n  s oft w ar e,  t h er e is a  wi d e  v ari et y  of  s yst e ms  

w hi c h  ar e  c a p a bl e  of  si m ul ati n g  di ff er e nt  as p e cts  of  n e ur al  c o m p ut ati o n  [4 1 , 4 2 , 9 1 , 

1 4 1 ]. S o m e  f o c us o n  s m all er  n et w or ks  wit h  d et ail e d  m o d els  of  bi o p h ysi c al  m e c h -

a nis ms  [5 9 ], w hil e  ot h ers  f o c us o n  l ar g er n et w or ks  wit h  si m pl e  n e ur al  d y n a mi cs  

b ut  c o m pl e x  p o p ul ati o n  i nt er a cti o ns [1 5 , 5 8 ]. I n C h a pt er  3  w e  pr es e nt e d  S N S-

T o ol b o x,  a n  o p e n-s o ur c e  n e ur al  si m ul at or  i n P yt h o n  w hi c h  c a n  si m ul at e  s y nt h eti c  

n er v o us  s yst e m  ( S N S) n et w or ks  of  h u n dr e ds  t o t h o us a n ds of  n e ur o ns  i n r e al-ti m e 
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or  f ast er [9 2 ]. W hil e  t his s c al e  of  si m ul ati o n  is a p pr o pri at e  f or m o d eli n g  n et w or ks  

i n i n v ert e br at e l o c o m oti o n [5 0 ] or  p o p ul ati o n-l e v el  m o d eli n g  of  v ert e br at e  l o c o-

m oti o n  [3 5 , 6 4 ], it is di ffi c ult  t o si m ul at e  n et w or ks  of  hi g h er  s c al e  s u c h  as  t h os e 

us e d  f or vis u al  pr o c essi n g  [9 3 , 1 1 0 ]. A d diti o n all y,  S N S- T o ol b o x  is n ot  d esi g n e d  f or 

p ar a m et er  o pti mi z ati o n  a n d  is n ot  o pti mi z e d  f or l a y er- b as e d str u ct ur es.  

I n t his w or k  w e  pr es e nt  S N S T or c h,  a  c o m p a ni o n  p a c k a g e  t o S N S- T o ol b o x  f or 

l ar g er n et w or ks.  S N S T or c h  is b uilt  i n P y T or c h  [9 5 ] t o si m ul at e  t h e s a m e  n o n-

s pi ki n g  n e ur al  d y n a mi cs  as  S N S- T o ol b o x,  a n d  d o es  s o i n a  l a y er- b as e d m a n n er  

w hi c h  is c o n d u ci v e  t o n u m eri c al  o pti mi z ati o n  vi a  a ut o m ati c  di ff er e nti ati o n.  As  of  

t h e writi n g  of  t his m a n us cri pt,  n o  ot h er  t o ol e xists  f or si m ul ati n g  a n d  o pti mi zi n g  

l ar g e n et w or ks  wit h  c o n d u ct a n c e- b as e d  s y n a ps es.  

5. 3  M et h o ds  

W hil e  t h er e ar e  a  wi d e  v ari et y  of  n e ur o n al  a n d  s y n a pti c  d y n a mi cs  i m pl e m e nt e d 

i n S N S- T o ol b o x,  w e  h a v e  i niti all y f o c us e d o n  i m pl e m e nti n g n o n-s pi ki n g  n e ur o ns  

a n d  t h eir s y n a ps es  i n S N S T or c h  d u e  t o t h eir r e d u c e d c o m p ut ati o n al  c o m pl e xit y  a n d  

f ast er si m ul ati o n  s p e e d.  A d diti o n all y,  n o n-s pi ki n g  n e ur o ns  ar e  m or e  a m e n a bl e  t o 

tr ai ni n g vi a  gr a di e nt  b a c k pr o p a g ati o n  t h a n s pi ki n g  n e ur o ns  a n d  s y n a ps es  d u e  t o n ot  

r e q uiri n g a  s urr o g at e  gr a di e nt.  All  of  t h e i m pl e m e nt ati o ns d es cri b e d  i n t his s e cti o n  

ar e  i m pl e m e nt e d usi n g  t h e P y T or c h  fr a m e w or k d u e  t o its p o p ul arit y  a n d  e as e  of  us e,  

a n d  all  of  S N S T or c h  is c o m p ati bl e  wit h  t h e b uilt-i n  a ut o di ff er e nti ati o n  e n gi n e  i n 

P y T or c h  f or o pti mi z ati o n.  

5. 3. 1  N e ur al  D y n a mi cs  

As  i n S N S- T o ol b o x,  w e  b as e  o ur  i m pl e m e nt ati o n of  n o n-s pi ki n g  n e ur o ns  aft er  t h e 

f oll o wi n g d y n a mi cs,  

  
 

  
              

 
                   ( 5. 1) 
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w h er e   i s t h e m e m br a n e  c a p a cit a n c e,    t h e m e m br a n e  c o n d u ct a n c e,  a n d       i s 

t h e r esti n g p ot e nti al  of  t h e n e ur o n.        i s a n  i nj e ct e d c urr e nt  of  c o nst a nt  m a g nit u d e,  

      i s a n y  e xt er n al  a p pli e d  c urr e nt,  a n d       i s t h e c urr e nt  i n d u c e d vi a  s y n a ps es  

fr o m a n y  pr es y n a pti c  n e ur o ns.  

F or  si m ul ati o n,  w e  dis cr eti z e  t h e d y n a mi cs  i n 5. 1  vi a  t h e f or w ar d- E ul er a p pr o x -

i m ati o n as  

           1       
 

  
 

    1      
 

      
 
 ( 5. 2) 

w h er e   is t h e st at e,   is t h e ti m e c o nst a nt,   is t h e l e a k r at e,  is t h e r esti n g 

st at e,   is t h e c o nst a nt  bi as,  a n d   is a n y  i n p ut c o mi n g  fr o m o utsi d e  t h e n e ur o n.  

I n c o m p aris o n  t o S N S- T o ol b o x,  t his p ar a m et eri z ati o n  w as  d o n e  f or tr ai ni n g t o b e  

s e mi-i n d e p e n d e nt  of  t h e s p e ci fi c  si m ul ati o n  ti m est e p. 

5. 3. 2  S y n a pti c  C o n n e cti o ns  

T hr e e  t y p es of  s y a n pti c  c o n n e cti o ns  ar e  c urr e ntl y  s u p p ort e d  i n S N S T or c h,  all  of  

w hi c h  ar e  b as e d  o n  t h e d y n a mi cs  of  a  n o n-s pi ki n g  c h e mi c al  s y n a ps e:  

 
   
      

   
          

 
 
   
    

 
 ( 5. 3) 

w h er e   
  

 i s t h e s y n a pti c  r e v ers al p ot e nti al  a n d   
 
      i s t h e i nst a nt a n e o us 

s y n a pti c  c o n d u ct a n c e  as  a  f u n cti o n of  t h e pr es y n a pti c  v olt a g e    . I n t h e or y a n y  

P y T or c h  a cti v ati o n  f u n cti o n c a n  b e  us e d  t o d e fi n e  t h e s y n a pti c  c o n d u ct a n c e,  alt h o u g h  

t h e d ef a ult  f u n cti o n a n d  t h e o n e  e x cl usi v el y  us e d  i n t his w or k  is t h e pi e c e wis e  si g m oi d  

 
   
                

 

0      

 

 
   
      

        

        
   

   
         

 

 ( 5. 4) 

 
   

   i s t h e m a xi m u m  s y n a pti c  c o n d u ct a n c e,  a n d  v olt a g es      a n d    d e fi n e  t h e 

r a n g e of  pr es y n a pti c  v olt a g es  w h er e  t h e s y n a pti c  c o n d u ct a n c e  d e p e n ds  li n e arl y o n  

t h e pr es y n a pti c  n e ur o n’s  v olt a g e.  

T h es e  s y n a ps es  ar e  s u p p ort e d  i n t hr e e di ff er e nt  p er m ut ati o ns:  d e ns e,  el e m e nt-

wis e,  a n d  c o n v ol uti o n al.  E a c h  s y n a ps e  t y p e a cts  as  a  f u n cti o n w hi c h  t a k es i n t h e 
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Fi g ur e  5. 1:  C o m p aris o n  i n p erf or m a n c e  b et w e e n  S N S- T o ol b o x  a n d  S N S T or c h.  ( A) 
T h e  n et w or k  t o b e  e v al u at e d  is t h e s a m e  str u ct ur e  as  s e cti o n,  wit h  t w o p o p ul ati o ns  
b ei n g  c o n n e ct e d  b y  a  c o n v ol uti o n al  s y n a ps e.  ( B) T his  n et w or k  w as  c o m pil e d  a n d  
t h e n r u n i n S N S- T o ol b o x  a n d  S N S T or c h  at  i n cr e asi n g p o p ul ati o n  si z e.  

pr es y n a pti c  a n d  p osts y n a pti c  st at es  a n d  a p pli es  t h e d y n a mi cs  i n e q.  5. 3 , wit h  e a c h  

a p pl yi n g  t h e c o n d u ct a n c e  a n d  r e v ers al p ot e nti als  b as e d  o n  di ff eri n g  c o n n e cti viti es.  

T h e  d e ns e  c o n n e cti o n  i m pl e m e nts a  s y n a ps e  fr o m e v er y  pr es y n a pti c  n e ur o n  t o e v er y  

p osts y n a pti c  n e ur o n,  t h e el e m e nt wis e  c o n n e cti o n  o nl y  c o n n e cts  n e ur o ns  wit h  t h e 

s a m e  i n d e x, a n d  t h e c o n v ol uti o n al  c o n n e cti o n  r e us es a  l o c al p att er n  t h at is til e d 

a cr oss  t h e p o p ul ati o n.  

5. 4  R es ults  

T o  t est S N S T or c h,  w e  first  c o m p ar e  t h e p erf or m a n c e  of  t his s yst e m  wit h  S N S-

T o ol b o x.  We  t h e n e v al u at e  t h e f u n cti o n alit y of  S N S T or c h  o n  t w o s e p ar at e  o pti mi z a -

ti o n t as ks. 

5. 4. 1  C o m p aris o n  wit h  S N S- T o ol b o x  

Alt h o u g h  S N S T or c h  si m ul at es  s o m e  of  t h e s a m e  d y n a mi cs  as  S N S- T o ol b o x,  i n-

t er n all y t h e y ar e  str u ct ur e d  di ff er e ntl y.  S N S- T o ol b o x  m a k es  n o  ass u m pti o ns  a b o ut  

c o n n e cti vit y  a n d  r e pr es e nts t h e e ntir e  n et w or k  as  a  si n gl e  r e c urr e nt p o p ul ati o n,  

w hi c h  l e n ds it w ell  t o d e ns el y  r e c urr e nt n et w or ks  wit h  n est e d  f e e d b a c k l o o ps s u c h  

as  t h os e i n l o c o m oti o n [6 8 ]. S N S T or c h  o n  t h e ot h er  h a n d  is d esi g n e d  i n t h e m or e  
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Fi g ur e  5. 2:  Usi n g  S N S T or c h  f or a  p ar a m et er  i d e nti fi c ati o n t as k. ( A) We  ar e  tr yi n g 
t o m at c h  t h e b e h a vi or  of  a  si m pl e  n et w or k  of  n e ur o ns,  w h er e  o n e  n e ur o n  r e c ei v es 
a  r a n d o m sti m ul us  a n d  e x cit es  t h e ot h er  n e ur o n  vi a  a n  e x cit at or y  c h e mi c al  s y n a ps e.  
Usi n g  a  gr o u n d  tr ut h m o d el,  t h e n et w or k  l e ar n e d t h e n e ur al  a n d  s y n a pti c  pr o p erti es  
t o r e pli c at e t his b e h a vi or.  We  c h os e  t o f o c us o n  mi ni mi zi n g  t h e m e a n-s q u ar e d  err or  
b et w e e n  t h e fi n al  st at e  of  t h e ori gi n al  a n d  tr ai n e d n et w or k.  S h o w n  i n ( B) is t h e 
tr ai ni n g l oss o v er  1 0 0 0  r a n d o m sti m uli,  a n d  i n ( C) w e  pl ot  t h e tr aj e ct or y of  t h e 
p osts y n a pti c  n e ur o n  i n t h e ori gi n al  a n d  tr ai n e d n et w or ks.  

c o n v e nti o n al  f as hi o n i n d e e p  l e ar ni n g, w h er e  e a c h  p o p ul ati o n  is r e pr es e nt e d a n d  

e v al u at e d  i n di vi d u all y as  its o w n  l a y er. W hil e  t his m e a ns  ar bitr ar y  c o n n e cti vit y  is 

m or e  c h all e n gi n g,  t h e p a y o ff  is i n hi g h er  s p e e d  a n d  r e d u c e d m e m or y  c o ns u m pti o n  

f or l ar g e n et w or ks.  T o  d e m o nstr at e  t his, w e  si m ul at e d  t h e s a m e  n et w or k  str u ct ur e  

usi n g  S N S- T o ol b o x  a n d  S N S T or c h,  r u n ni n g it o n  t h e C P U  a n d  G P U  a n d  v ar yi n g  

a cr oss  l ar g e di ff er e n c es  i n n et w or k  si z e.  R es ults  c a n  b e  s e e n  i n Fi g.  5. 1 . F or  s m all  

n et w or ks,  S N S- T o ol b o x  r u ns f ast er t h a n S N S T or c h.  As  t h e n et w or k  si z e  i n cr e as es, 

S N S T or c h  q ui c kl y  b e c o m es  t h e f ast est s ol uti o n  ( or o nl y  s ol uti o n,  as  m e m or y  c o n -

s u m pti o n  i n cr e as es). 

5. 4. 2  P ar a m et er  T u ni n g  a n d  R e gr essi o n  

As  a  t o y e x a m pl e,  w e  us e  S N S T or c h  f or p ar a m et er  t u ni n g i n a  si m pl e  n et w or k  

(s h o w n i n Fi g.  5. 2 A).  T w o  n e ur o ns  ar e  c o n n e ct e d  vi a  a  c h e mi c al  s y n a ps e,  a n d  t h e 

pr es y n a pti c  n e ur o n  is sti m ul at e d  wit h  a  c o nst a nt  i n p ut. I n t his t as k, w e  h a v e  t w o 

v ersi o ns  of  t his n et w or k:  o n e  w hi c h  a cts  as  t h e t ar g et, a n d  t h e ot h er  w hi c h  m ust  b e  

tr ai n e d t o m at c h  t h e t ar g et. T his  s yst e m  h as  1 2  p ar a m et ers:   ,  ,  , , a n d   0  f or 
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b ot h  n e ur o ns,  a n d  t h e s y n a pti c  c o n d u ct a n c e  a n d  r e v ers al p ot e nti al.  F or  e a c h  b at c h  

of  r a n d o m i n p uts, w e  e v al u at e  t h e l oss as  t h e m e a n-s q u ar e d  err or  b et w e e n  t h e fi n al  

st at e  of  t h e d esti n ati o n  n e ur o n  i n b ot h  n et w or ks:  

   
1  

 

 

 

 
                  

2  
 ( 5. 5) 

T his  l oss is t h e n p ass e d  t hr o u g h t h e n et w or k  usi n g  b a c k pr o p a g ati o n  t hr o u g h ti m e [1 3 6 ]. 

We  us e d  t h e A d a m  o pti mi z er  [7 2 ] f or tr ai ni n g, wit h  a  l e ar ni n g r at e of    0 0 0 1 . 

Tr ai ni n g  c o n v er g e d  r el ati v el y q ui c kl y  t o a  n e ar  s ol uti o n,  wit h  t h e tr ai ni n g p erf or -

m a n c e  s h o w n  i n Fi g.  5. 2 . 

5. 4. 3  S e q u e nti al  Cl assi fi c ati o n  

I n or d er  t o s h o w c as e  t h e o pti mi z ati o n  c a p a biliti es  of  S N S T or c h,  w e  e x p a n d e d  o ur  

o pti mi z ati o n  pr o bl e m  t o o n e  wit h  or d ers  of  m a g nit u d e  m or e  p ar a m et ers.  We  tr ai n e d 

a n d  e v al u at e d  a  r e c urr e nt S N S  o n  t h e r o w- wis e s e q u e nti al  M NI S T  [3 6 ] h a n d- writt e n  

di git  d at as et,  w h er e  t h e i m a g e is s plit i nt o 2 8  r o ws a n d  f e d i nt o t h e m o d el  s e q u e nti all y.  

T h e  str u ct ur e  of  t h e S N S  (s h o w n i n Fi g.  5. 3 A)  is a  si n gl e  r e c urr e nt l a y er wit h  1 2 8  

n o n-s pi ki n g  n e ur o ns,  w hi c h  r e c ei v es a  s y n a pti c  c urr e nt  v e ct or  a n d  i n p ut di git  r o w 

e v er y  st e p.  F or  tr ai ni n g w e  us e d  t h e A d a m  o pti mi z er  wit h  a  l e ar ni n g r at e of  0. 0 0 1,  

a n d  e v al u at e d  t h e l oss as  t h e cr oss  e ntr o p y  b et w e e n  t h e m a xi m all y  a cti v e  o ut p ut  a n d  

t h e t ar g et cl ass.  We  c o m p ar e d  t his p erf or m a n c e  wit h  a  tr a diti o n al R N N,  w hi c h  h a d  

a  hi d d e n  si z e  of  1 7 7  i n or d er  t o m at c h  t h e n u m b er  of  p ar a m et ers  i n t h e S N S,  a n d  t h e 

r es ults ar e  s h o w n  i n Fi g.  5. 3 . T h e  S N S  is a bl e  t o l e ar n u p  t o 9 5  p er c e nt  a c c ur a c y,  

alt h o u g h  it d o es  c o n v er g e  m or e  sl o wl y  t h a n t h e tr a diti o n al R N N.  

5. 5  Dis c ussi o n  a n d  F ut u r e  W o r k  

I n C h a pt er  3 , w e  pr es e nt e d  S N S- T o ol b o x  as  a  t o ol f or d esi g ni n g  a n d  si m ul ati n g  

n et w or ks  of  s y nt h eti c  n er v o us  s yst e ms  of  n e ur o ns  a n d  s y n a ps es  wit h  bi ol o gi c all y  

pl a usi bl e  d y n a mi cs.  W hil e  S N S- T o ol b o x  is e ff e cti v e  i n its r ol e, it h as  di ffi c ult y  
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Fi g ur e  5. 3:  Tr ai ni n g  a n  S N S  f or s e q u e n c e  cl assi fi c ati o n.  ( A) We  tr ai n a n  S N S  
n et w or k  t o cl assif y  t h e r o w- wis e s e q u e nti al  M NI S T  d at as et  [7 8 ], w h er e  e a c h  h a n d -
writt e n  di git  is di vi d e d  i nt o 2 8  1 x 2 8  i m a g es. ( B) T h e  S N S  n et w or k  c o nsists  of  
a  si n gl e  r e c urr e nt l a y er of  n o n-s pi ki n g  n e ur o ns,  wit h  t h e r e c urr e n c e i m pl e m e nt e d 
usi n g  c h e mi c al  s y n a ps es.  Tr ai ni n g  l oss ( C) a n d  a c c ur a c y  ( D) of  t h e S N S  n et w or k  
a n d  a n  R N N  wit h  a  si mil ar  n u m b er  of  p ar a m et ers.  Li n e  d e n ot es  t h e m e a n  a cr oss  
fi v e  tri als, t h e s h a d e d  ar e a  d e n ot es  t h e fift h  a n d  ni n et y- fift h  p er c e ntil es.  

w h e n  si m ul ati n g  l ar g e n et w or ks  of  n e ur o ns  w hi c h  c o ul d  b e  str u ct ur e d  b as e d  o n  

l a y ers of  p o p ul ati o ns.  It is als o  pri m aril y  a  t o ol f or d esi g n,  s o it is n ot  o pti mi z e d  f or 

o pti mi zi n g  p ar a m et ers  wit h o ut  r e c o m pili n g t h e n et w or k.  I n t his c h a pt er,  w e  pr es e nt  

S N S T or c h  as  a  c o m p a ni o n  s oft w ar e  p a c k a g e  t o S N S- T o ol b o x.  S N S T or c h  si m ul at es  

s o m e  of  t h e s a m e  d y n a mi cs  as  S N S- T o ol b o x,  w hil e  b ei n g  a bl e  t o si m ul at e  l ar g er 

n et w or ks  a n d  s u p p orti n g  o pti mi z ati o n  vi a  a ut o m ati c  di ff er e nti ati o n  i n P y T or c h.  We  



7 1  

d e m o nstr at e d  its e ffi ci e n c y  c o m p ar e d  t o S N S- T o ol b o x  o n  a  t w o-l a y er c o n v ol uti o n al  

n et w or k,  a n d  t h e n e v al u at e d  its a bilit y  t o tr ai n o n  b ot h  r e gr essi o n a n d  cl assi fi c ati o n  

t as ks. 

I n its c urr e nt  st at e,  S N S T or c h  o nl y  s u p p orts  n e ur o ns  a n d  s y n a ps es  wit h  n o n-

s pi ki n g  d y n a mi cs.  I n or d er  t o m at c h  s o m e  of  t h e v ers atilit y  of  S N S- T o ol b o x,  i n 

f ut ur e w or k  w e  will  i n c or p or at e all  of  t h e n e ur al  a n d  s y n a pti c  d y n a mi cs  i m pl e m e nt e d 

i n S N S- T o ol b o x  i n S N S T or c h.  W hil e  s o m e  of  t h es e d y n a mi cs  m a y  b e  di ffi c ult  or  

i n e ff e cti v e t o tr ai n wit h  gr a di e nt  b a c k pr o p a g ati o n,  t h er e s h o ul d  still b e  a  p erf or m a n c e  

i m pr o v e m e nt i n S N S T or c h  o v er  S N S- T o ol b o x  f or si m ul ati n g  t h es e d y n a mi cs  at  s c al e  

i n t h e f or w ar d dir e cti o n.  O n c e  all  of  t h es e d y n a mi cs  ar e  s u p p ort e d,  w e  will  als o  

pr o vi d e  a  c o n v ersi o n  t o ol w hi c h  will  m a p  e a c h  p o p ul ati o n  i n S N S- T o ol b o x  i nt o a  

c orr es p o n di n g  l a y er i n S N S T or c h.  

O n e  of  t h e m aj or  di ff er e n c es  b et w e e n  S N S T or c h  a n d  S N S- T o ol b o x  is its s u p -

p ort  f or n u m eri c al  o pti mi z ati o n,  p arti c ul arl y  gr a di e nt  b a c k pr o p a g ati o n,  w hi c h  is 

n ot  n ati v el y  i nt e gr at e d i nt o t h e w or k fl o w  f or S N S- T o ol b o x.  E v e n  t h o u g h gr a di e nt  

b a c k pr o p a g ati o n  is a  p o w erf ul  t e c h ni q u e f or o pti mi zi n g  n e ur al  n et w or ks,  it is i n-

h er e ntl y  a  m at h e m ati c al  s ol uti o n  w hi c h  d o es  n ot  o c c ur  i n bi ol o gi c al  br ai ns.  D u e  

t o t h e fl e xi bilit y  of  b ei n g  a bl e  t o d esi g n  n e w  c o n n e cti o n  l a y ers, i n f ut ur e w or k  w e  

will  i n c or p or at e s y n a ps es  wit h  l o c al a n d  m o d ul at e d  l e ar ni n g r ul es s u c h  as  ti mi n g-

d e p e n d e nt  pl asti cit y.  T his  will  e n a bl e  d esi g n ers  t o si m ul at e  S N S  n et w or ks  w hi c h  

tr ai n a n d  a d a pt  o nli n e.  
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C h a p t e r  6  

F L Y W H E E L:  A  M O BI L E  R O B O T  F O R  T E S TI N G  M O D E L S  O F  
F L Y  M O TI O N  C O N T R O L  

M at eri al  i n t his c h a pt er  is u n d er  r e vi e w f or t h e 1 3t h  C o nf er e n c e  o n  Bi o mi m eti c  a n d  

Bi o h y bri d  S yst e ms  as  

• N o urs e,  W.  R.  &  Q ui n n,  R.  D.  ( 2 0 2 4). Fl y W h e el:  A  R o b oti c  Pl atf or m  f or 

M o d eli n g  Fl y  Vis u al  B e h a vi or.  

E dits  h a v e  b e e n  m a d e  t o pl a c e  t his m at eri al  i nt o c o nt e xt  wit h  t h e r est of  t his diss er -

t ati o n. 

6. 1  A bst r a ct  

A n  o n g oi n g  pr o bl e m  i n r o b oti cs is t h e c al c ul ati o n  of  b o d y  m oti o n  gi v e n  m oti o n  i n 

t h e vis u al  fi el d,  als o  k n o w n  as  e g o- m oti o n  esti m ati o n.  T his  is a  pr o bl e m  w hi c h  h as  

b e e n  s ol v e d  i n t h e vis u al  s yst e m  of  m ost  a ni m als,  i n cl u di n g t h e fr uit fl y  Dr os o p hil a  

m el a n o g ast er . H er e  w e  pr es e nt  Fl y W h e el,  a n  o p e n-s o ur c e  r o b oti c pl atf or m  f or 

st u d yi n g  m o d els  of  t h e vis u al  m oti o n- pr o c essi n g  s yst e m  i n i ns e cts. We  s h o w c as e  a  

d at as et  of  r ot ati o n al m oti o n  d at a  i n r e al- w orl d c o n diti o ns  usi n g  t h e r o b ot, a n d  us e  

a  si m pli fi e d  m o d el  of  t h e m oti o n  p at h w a y  i n Dr os o p hil a  as  a  b as eli n e  f or f urt h er 

c o m p aris o n  a n d  d e v el o p m e nt.  

6. 2  I nt r o d u cti o n  

A n  i m p ort a nt pr o bl e m  w hi c h  m ust  b e  s ol v e d  f or n a vi g ati o n  i n b ot h  r o b oti c s yst e ms  

a n d  a ni m als  is vis u al  e g o- m oti o n  esti m ati o n,  or  t h e a bilit y  t o us e  m oti o n  i n t h e vis u al  

fi el d  t o c al c ul at e  h o w  t h e b o d y  is m o vi n g  t hr o u g h a  fi x e d  w orl d  [7 1 ]. C al c ul ati n g  e g o-

m oti o n  b as e d  o n  s e q u e n c es  of  i m a g es h as  b e e n  a  l o n gst a n di n g c h all e n g e  i n t h e fi el d  
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Fi g ur e  6. 1:  Fl y W h e el,  a  m o bil e  r o b ot f or t esti n g m o d els  of  m oti o n  c o ntr ol  i n fli es.  

of  c o m p ut er  visi o n,  wit h  t h e m aj orit y  of  s u c c essf ul  s ol uti o ns  b ei n g  b uilt  o ff  of  eit h er  

m e as ur e m e nts  of  o pti c  fl o w  or  p oi nt  c orr es p o n d e n c e.  I niti al m et h o ds  esti m at e d  

r ot ati o n t h e n tr a nsl ati o n b as e d  o n  c h a n gi n g  fl o ws  of  p oi nt  tri pl ets [9 8 ], f oll o w e d b y  

m et h o ds  w hi c h  t o o k t h e first  d eri v ati v e  of  i m a g e bri g ht n ess  i n r e gi o ns of  i nt er est [6 2 ]. 

F urt h er  m et h o ds  w er e  d e v el o p e d  w hi c h  us e d  m oti o n  p ar all a x  b et w e e n  p airs  of  

i m a g es, eit h er  t o c o m p ut e  c h a n g es  i n d e pt h  [1 0 3 ] or  i m a g e d ef or m ati o n  [1 2 8 ]. 

I n r e c e nt y e ars  c o n v ol uti o n al  n e ur al  n et w or ks  h a v e  als o  b e e n  us e d,  eit h er  as  a n  

e n d-t o- e n d  s ol uti o n  [3 0 ] or  st arti n g  fr o m a n  i niti al o pti c al  fl o w  fi el d  [1 4 3 ]. 

A n  or g a nis m  oft e n  st u di e d  f or its m oti o n- visi o n  pr o c essi n g  is t h e fr uit fl y  

Dr os o p hil a  m el a n o g ast er  [1 1 2 , 1 1 5 , 1 2 5 ], d u e  t o h a vi n g  a  n er v o us  s yst e m  wit h  

si g ni fi c a ntl y  f e w er n e ur o ns  t h a n v ert e br at es  [1 3 , 7 9 ] as  w ell  as  r e c e nt e ff orts  t o 

cr e at e  a  f ull br ai n  c o n n e ct o m e  [1 0 8 , 1 3 7 ]. Dr os o p hil a  a n d  ot h er  i ns e cts g e n er at e  

a n  esti m at e  of  dir e cti o n al  v el o cit y  t hr o u g h o ut t h e vis u al  fi el d  usi n g  t h e di ff er e n c es  

i n ti mi n g b et w e e n  a dj a c e nt  n e ur o ns  i n r es p o ns e t o c h a n gi n g  a m o u nts  of  bri g ht n ess,  
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wit h  s e cti o ns  b ei n g  s e nsiti v e  t o i n cr e as es i n bri g ht n ess  a n d  ot h ers  t o d e cr e asi n g  

bri g ht n ess  [1 3 ]. I niti al m o d els  of  t his m e c h a nis m  f or dir e cti o n al  s el e cti vit y  c o n -

sist e d  of  t w o- pi x el ( or ar m)  d et e ct ors  w hi c h  eit h er  e n h a n c e d  m oti o n  i n t h e pr ef err e d  

dir e cti o n  [5 7 ] or  s u p pr ess e d  m oti o n  i n t h e o p p osit e  dir e cti o n  [8 ]. M a n y  bi o-i ns pir e d  

al g orit h ms  h a v e  b e e n  d e v el o p e d  w hi c h  ar e  b as e d  o ff  of  t h es e t w o- pi x el m oti o n  d e -

t e ct ors, a n d  h a v e  b e e n  s u c c essf ull y  us e d  f or a p pli c ati o ns  i n cl u di n g q u a dr ot or  fli g ht  

c o ntr ol  [1 4 2 ] a n d  t ar g et tr a c ki n g [7 ]. It is als o  p ossi bl e  t o esti m at e  t h e v el o cit y  of  

n at ur al  i m a g es b y  c o m bi ni n g  m ulti pl e  of  t h es e t w o- pi x el d et e ct ors  w hi c h  ar e  t u n e d 

t o di ff er e nt  s p ati al  fr e q u e n ci es [2 1 ]. 

As  m or e  d et ail e d  i nf or m ati o n h as  b e c o m e  a v ail a bl e  a b o ut  c o n n e cti vit y  wit hi n  t h e 

Dr os o p hil a  o pti c  l o b e, it h as  b e c o m e  cl e ar  t h at t h e m oti o n  d et e ct ors  ar e  i m pl e m e nt e d 

as  t hr e e- ar m d et e ct ors,  n ot  t w o, all o wi n g  t h e c o m bi n ati o n  of  pr ef err e d- dir e cti o n  

e n h a n c e m e nt  a n d  n ull- dir e cti o n  s u p pr essi o n  wit hi n  a  si n gl e  cir c uit  [5 4 , 1 1 5 ]. I n t h e 

w or k  of  N o urs e  et  al.  [9 3 ], a  si m pli fi e d  v ersi o n  of  t his t hr e e- ar m d et e ct or  w as  us e d  

t o c al c ul at e  t h e v el o cit y  of  m o vi n g  s q u ar e- w a v e  gr ati n gs  usi n g  a  n et w or k  of  n e ur o ns  

wit h  bi o-i ns pir e d  d y n a mi cs.  C urr e ntl y  h o w e v er,  n o  t hr e e- ar m d et e ct or  s yst e m  h as  

b e e n  us e d  f or a n y  r o b oti cs a p pli c ati o n.  

I n t his w or k,  w e  pr es e nt  t h e o p e n-s o ur c e  r o b ot Fl y W h e el,  a  pl atf or m  f or t esti n g 

m o d els  of  i ns e ct m oti o n  visi o n.  We  s h o w c as e  a  d at as et  of  vi d e o  cli ps  c oll e ct e d  

d uri n g  r ot ati o n o n  t h e r o b ot, a n d  pr o vi d e  r es ults of  a  n e ur al  t hr e e- ar m m oti o n  

d et e ct or  as  a  b as eli n e  f or f urt h er i m pr o v e m e nt. 

6. 3  R o b ot  D esi g n  

Fl y W h e el  is b uilt  fr o m t hr e e s u bs yst e ms:  c e ntr al  c o m p ut ati o n,  a  w h e el e d  b as e,  a n d  

vis u al  i n p ut. E a c h  of  t h es e c o m p o n e nts  w as  d esi g n e d  t o b e  m o d ul ar,  a n d  c a n  b e  

r e m o v e d a n d  r e pl a c e d o n  t h e r o b ot. T h e  r o b ot b o d y  is f a bri c at e d usi n g  3 d- pri nt e d  

P L A  o n  a  c o ns u m er- gr a d e  pri nt er.  T h e  h ar d w ar e  a n d  s oft w ar e  f or Fl y W h e el  is 

a v ail a bl e  at  htt ps:// git h u b. c o m/ w n o urs e 0 5/ Fl y W h e el . 

https://github.com/wnourse05/FlyWheel
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1 9. 5 V 

1 9. 5 V 

5 V 

J e t s o n O ri n N a n o 

Wi fi  R o u t e r 

N e u r al C o n t r oll e r 

R O S 

( C o m m u ni c a ti o n I n t e rf a c e) 

C e n t r al C o m p u t a ti o n 

C a m e r a ( L eft) 

C a m e r a ( Ri g h t) 

Vi s u al I n p u t 

U S B 

W h e el e d R o b o t B a s e 

O p e n R B- 1 5 0 

( Mi c r o c o n t r oll e r) 
2 x D y n a mi x el 

S m a r t S e r v o s I M U 

1 2 V 
U S B 

5 V 

B a t t e r y P a c k 

B u c k R e g ul a t o r 1 2 V 

~ 2 1 V 

~ 2 1 V 

Fi g ur e  6. 2:  S yst e m  di a gr a m  of  h ar d w ar e  a n d  s oft w ar e  c o m p o n e nts  f or Fl y W h e el.  
T h er e  ar e  t hr e e s u bs yst e ms:  vis u al  i n p ut, c e ntr al  c o m p ut ati o n,  a n d  a  w h e el e d  b as e.  
E a c h  of  t h es e c o m p o n e nts  is m o d ul ar,  a n d  c a n  b e  r e m o v e d a n d  r e pl a c e d o n  t h e 
r o b ot. T h e  vis u al  i n p ut c o nsists  of  t w o 1 6 0  d e gr e e  F O V  c a m er as,  arr a n g e d  t o h a v e  a  
si mil ar  st er e o  F O V  as  Dr os o p hil a  m el a n o g ast er . T h e  w h e el e d  b as e  pr o vi d es  p o w er  
t o t h e s yst e m,  a n d  h as  t w o D y n a mi x el  ( R o b otis C o.  Lt d.,  S e o ul,  S o ut h  K or e a)  
s m art  m ot ors  t o pr o vi d e  pr o p ulsi o n.  T h e  c e ntr al  c o m p uti n g  pl atf or m  r u ns a  R O S  
fr a m e w or k o n  a n  N VI DI A  J ets o n  Ori n  N a n o  ( N VI DI A, S a nt a  Cl ar a,  C A),  wit h  a  
s m all  wir el ess  r o ut er as  a n  e xt er n al  a c c ess  p oi nt.  

6. 3. 1  C e ntr al  C o m p ut ati o n  

T h e  C e ntr al  C o m p ut ati o n  m o d ul e  o n b o ar d  Fl y W h e el  is r es p o nsi bl e f or c o m m u ni c at -

i n g wit h  all  of  t h e s e ns ors  a n d  a ct u at ors  o n  t h e r o b ot, as  w ell  as  r u n ni n g a n y  d esir e d  

c o ntr ol  al g orit h ms.  We  c h os e  t o us e  a n  N VI DI A  J ets o n  Ori n  N a n o  ( N VI DI A, 

S a nt a  Cl ar a,  C A)  as  o ur  e m b e d d e d  c o m p ut er  d u e  t o its r el ati v e a ff or d a bilit y  a n d  

s u p p ort  f or G P U  a c c el er ati o n,  alt h o u g h  t h e m e c h a ni c al  d esi g n  w o ul d  s u p p ort  t h e 

l ess e x p e nsi v e  a n d  l ess p o w erf ul  J ets o n  N a n o  as  w ell.  F or  c o m m u ni c ati n g  wit h  t h e 

c a m er as,  m ot ors,  a n d  a n y  e xt er n al  c o m p ut ers,  t h e J ets o n  Ori n  N a n o  us es  a  c ust o m  

li br ar y b uilt  i n t h e R o b ot  O p er ati n g  S yst e m  ( R O S) [9 9 ]. T h e  c o m bi n e d  c a m er a  f e e d 

is p u blis h e d  as  a  r ost o pi c, al o n g  wit h  t h e st at us  of  a  wir el ess  g a m e  c o ntr oll er  a n d  

c o m m a n d e d  v el o citi es  f or t h e m ot or  s yst e m.  Us ers  c a n  a c c ess  t h e r o b ot r e m ot el y 

vi a  a  mi ni at ur e  wir el ess  r o ut er o n b o ar d.  
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6. 3. 2  W h e el e d  B as e  

T h e  w h e el e d  b as e  h as  t w o pri m ar y  r ol es: t o m o v e  t h e r o b ot, a n d  t o pr o vi d e  p o w er  

t o t h e e m b e d d e d  c o m p ut er.  P o w er  c o m es  fr o m a  lit hi u m-i o n b att er y  b a n k,  w hi c h  

pr o vi d es  5  v olts  D C  f or t h e wir el ess  r o ut er, 1 9. 5  v olts  D C  f or t h e J ets o n  Ori n  N a n o,  

a n d  a  2 1- 2 9  v olts  D C  o ut p ut  w hi c h  is r e g ul at e d d o w n  t o 1 2  v olts  D C  f or t h e m ot ors.  

T h e  m ot ors  ar e  a  p air  of  D y n a mi x el  X L 4 3 0  ( R o b otis C o.  Lt d.,  S e o ul,  S o ut h  K or e a)  

s m art  m ot ors,  all o wi n g  pr e cis e  c o ntr ol  of  t h e w h e el  r ot ati o n al v el o citi es.  T h e  

m ot ors  r e c ei v e c o m m a n ds  fr o m t h e J ets o n  Ori n  N a n o  usi n g  a  R o b otis  O p e n R B- 1 5 0  

mi cr o c o ntr oll er  b o ar d.  T his  b o ar d  als o  s e n ds  r ot ati o n al v el o cit y  i nf or m ati o n t o t h e 

J ets o n  Ori n  N a n o  b as e d  o n  r e a di n gs fr o m a  B os c h  B N O 0 5 5  i n erti al m e as ur e m e nt  

u nit  ( R o b ert B os c h  G m b H,  G erli n g e n,  G er m a n y).  T h e  w h e els  ar e  p ositi o n e d  i n 

a  u ni c y cl e- m o d el  c o n fi g ur ati o n  o n  eit h er  si d e  of  t h e r o b ot, i n or d er  t o r e d u c e t h e 

dist a n c e  b et w e e n  t h e a xis  of  r ot ati o n a n d  t h e c a m er as.  

6. 3. 3  Vis u al  I n p ut 

Si n c e  Fl y W h e el  is d esi g n e d  f or t esti n g m o d els  of  i ns e ct visi o n,  it is i m p ort a nt t h at 

t h e r o b ot h as  a  vis u al  s yst e m  w hi c h  r e pli c at es t h at of  t h e m o d el  i ns e ct as  m u c h  

as  p ossi bl e.  E a c h  of  Dr os o p hil a  m el a n o g ast er ’s e y es  h as  a  fi el d- of- vi e w  ( F O V) 

of  a p pr o xi m at el y  1 4 4  d e gr e es  [1 3 3 ], a n d  ar e  c o m bi n e d  t o pr o d u c e  a n  o v er all  F O V  

of  2 7 0  d e gr e es  wit h  a  st er e o  o v erl a p  of  1 7  d e gr e es  [1 1 7 , 1 1 9 ]. T o  r e pli c at e t his, 

Fl y W h e el  us es  t w o 1 6 0  d e gr e e  F O V  I M X 2 1 9 c a m er as  fr o m Ya h b o o m  ( Ya h b o o m, 

S h e n z h e n,  C hi n a).  T h es e  c a m er as  ar e  arr a n g e d  t o pr o d u c e  a  n et  F O V  of  2 8 6  d e gr e es  

wit h  a  st er e o  o v erl a p  of  3 4  d e gr e es  as  s h o w n  i n Fi g.  6. 3 . 

Alt h o u g h  fli es  ar e  a bl e  t o i m pr o v e t h e r es ol uti o n of  t h eir visi o n  t hr o u g h vi br ati n g  

t h eir p h ot or e c e pt ors  [4 4 ], t h e y still h a v e  a  f airl y s m all  vis u al  r es ol uti o n c o m p ar e d  t o 

m o d er n  c a m er a  s e ns ors.  E a c h  e y e  c o nsists  of  a p pr o xi m at el y  8 0 0  f a c ets or  o m m a-

ti di a [7 5 ] arr a n g e d  i n a  h e x a g o n al  p att er n  [2 0 ], e a c h  wit h  a  r e c e pti v e a n gl e  of  fi v e  
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1 6 0 o 

3 4 o7 4 o 

Fi g ur e  6. 3:   Fl y W h e el  fi el d  of  vi e w  ( F O V). E a c h  e y e  h as  a  1 6 0  d e gr e e  F O V,  a n d  is 
arr a n g e d  t o pr o d u c e  a  n et  F O V  of  2 8 6  d e gr e es  wit h  a  st er e o  o v erl a p  of  3 4  d e gr e es.  

d e gr e es  [1 3 ].  I n t ot al, e a c h  e y e  c a n  b e  a p pr o xi m at e d  as  h a vi n g  a  vis u al  r es ol uti o n 

of  2 5 x 3 2  pi x els.   A d diti o n all y,  m ost  Dr os o p hil a  m el a n o g ast er  p h ot or e c e pt ors  ar e  

s e nsiti v e  t o gr e e n  w a v el e n gt hs  of  li g ht [2 5 , 1 1 6 ], alt h o u g h  ot h ers  ar e  s e nsiti v e  t o 

bl u e  li g ht [1 0 4 , 1 1 4 ].  T o  r e pli c at e t his o n  Fl y W h e el,  w e  first  stri p t h e r e d a n d  bl u e  

c h a n n els  fr o m t h e i m a g es c a pt ur e d  b y  t h e c a m er as.  We  t h e n c o n c at e n at e  t h e st er e o  

p air  of  i m a g es si d e b y  si d e i nt o a  si n gl e  i m a g e, a n d  t h e n d o w ns a m pl e  t h e i m a g e 

usi n g  n e ar est- n ei g h b or  i nt er p ol ati o n.  W hil e  n ot  as  a c c ur at e  as  ar e a- b as e d  i nt er p o-

l ati o n, t h e pr o c essi n g  ti m e of  n e ar est- n ei g h b or  i nt er p ol ati o n is si g ni fi c a ntl y  f ast er. 

F or  a  c o m p aris o n  of  l at e n c y b et w e e n  b ot h  i nt er p ol ati o n m et h o ds  a cr oss  di ff er e nt  

fi n al  r es ol uti o ns, pl e as e  r ef er t o Fi g.  6. 5 A.  T h e  fi n al  r es ol uti o n of  t h e st er e o  i m a g e is 

2 4 x 6 4  pi x els,  t h e di m e nsi o ns  w hi c h  ar e  cl os est  t o t h at of  Dr os o p hil a  m el a n o g ast er  

w hil e  still h a vi n g  s atisf a ct or y  p erf or m a n c e.   T h e  e ntir e  i m a g e pr o c essi n g  pi p eli n e  

r u ns at  a  r at e of  3 0  fr a m es p er  s e c o n d  ( F P S), wit h  a  pr o c essi n g  l at e n c y of  6  ms.  F or  

a  vis u al  e x a m pl e  of  t h e fi n al  i m a g es, pl e as e  r ef er t o Fi g.  6. 4 . 
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Fi g ur e  6. 4:  E x a m pl e  st er e o  vi d e o  fr a m es aft er  pr o c essi n g.  St er e o  p airs  ar e  c o n -
c at e n at e d  i nt o a  si n gl e  i m a g e, c o n v ert e d  t o gr e ys c al e,  t h e n d o w ns a m pl e d  fr o m t h e 
n ati v e  r es ol uti o n of  1 2 3 2 x 3 2 8 0  t o 2 4 x 6 4  pi x els.  

6. 4  M oti o n  Visi o n  D at as et  

A  g o al  of  Fl y W h e el  is t o t est m o d els  of  e g o- m oti o n  esti m ati o n  i n Dr os o p hil a  

m el a n o g ast er , s p e ci fi c all y  f or l at er al st e eri n g.  We  c oll e ct e d  a  d at as et  of  r ot ati o n al 

m oti o n  d at a  b y  pl a ci n g  t h e r o b ot i n m ulti pl e  di ff er e nt  i nt eri or l o c ati o ns wit h  v ari e d  

li g hti n g c o n diti o ns  a n d  c o m m a n d e d  it t o s pi n  i n pl a c e  w hil e  v ar yi n g  its r ot ati o n al 

s p e e d  b et w e e n  0. 1  a n d  0. 5  r a di a ns p er  s e c o n d.  Usi n g  t his p ar a di g m,  w e  cr e at e d  a  

d at as et  of  2, 6 4 6  o n e-s e c o n d  l o n g cli ps  w hi c h  ar e  l a b el e d wit h  t h eir c orr es p o n di n g  

r ot ati o n al v el o cit y,  a n d  w h er e  t w e nt y p er c e nt  of  t h e cli ps  ar e  r es er v e d f or v ali -

d ati o n.  T hr o u g h  d at a  a u g m e nt ati o n  i n cl u di n g s p ati al  a n d  t e m p or al r e v ers al, w e  

h a v e  e x p a n d e d  t his s et t o 2 1, 1 6 8  l a b el e d cli ps.  T his  d at as et  is fr e el y a v ail a bl e  at  

htt ps:// git h u b. c o m/ w n o urs e 0 5/ fl y w h e el-r ot ati o n- d at as et . 

6. 5  M oti o n  P r o c essi n g  N et w o r k  

As  a  b as e  s yst e m  of  p erf or m a n c e,  w e  i m pl e m e nt e d a  m oti o n  visi o n  pr o c essi n g  

n et w or k  i n S N S T or c h  () b as e d  o n  t h e m oti o n  visi o n  cir c uitr y  i n t h e o pti c  l o b e of  

t h e fr uit fl y  Dr os o p hil a  m el a n o g ast er . We  us e d  t h e s a m e  t e c h ni q u es as  N o urs e  et  

https://github.com/wnourse05/flywheel-rotation-dataset
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9 5 t h p e r c e n til e 

Fi g ur e  6. 5:  Ti mi n g  p erf or m a n c e  of  i m a g e f or m atti n g a n d  pr o c essi n g  e x e c uti o n  
o n  t ar g et h ar d w ar e.  A:  L at e n c y  i n i m a g e pr o c essi n g  as  t h e t ar g et i m a g e r e d u c es 
i n si z e.  T w o  di ff er e nt  i nt er p ol ati o n m et h o ds  ar e  c o m p ar e d,  wit h  n e ar est- n ei g h b or  
i nt er p ol ati o n s h o w n  i n s oli d  bl u e  a n d  ar e a  i nt er p ol ati o n s h o w n  i n d as h e d  or a n g e.  A  
v erti c al  d as h e d  li n e is pr es e nt  at  t h e i m a g e r es ol uti o n 2 4 x 6 4,  t h e s c al e d  di m e nsi o ns  
us e d  i n o ur  d at as et.  B:  Ti m e  p er  si m ul ati o n  st e p  of  o ur  vis u al  m oti o n  pr o c essi n g  
n et w or k,  i n s e c o n ds,  as  t h e di m e nsi o n alit y  of  t h e i n p ut i n cr e as es. E x e c uti o n  o n  t h e 
J ets o n  Ori n  N a n o  C P U  ar e  s h o w n  i n d ott e d  gr e e n,  a n d  ti m es f or t h e J ets o n  Ori n  
N a n o  G P U  ar e  s h o w n  i n s oli d  r e d. D ar k  li n es c orr es p o n d  t o t h e a v er a g e,  t h e s h a d e d  
ar e a  c orr es p o n ds  t o t h e 5t h  a n d  9 5t h  p er c e ntil es  o v er  1 0 0 0  st e ps.  We  us e  a  v erti c al  
d as h e d  li n e t o d e n ot e  t h e di m e nsi o n alit y  c orr es p o n di n g  t o a n  i n p ut i m a g e si z e  of  
2 4 x 6 4  pi x els.  C:  D et ail e d  ti mi n g of  o ur  n et w or k  wit h  a n  i n p ut di m e nsi o n alit y  of  
2 4 x 6 4  pi x els.  S h o w n  is a  hist o gr a m  of  ti m e p er  si m ul ati o n  st e p  i n millis e c o n ds,  
o v er  a  t esti n g r u n of  1 0, 0 0 0  st e ps.  A  bl a c k  d as h e d  v erti c al  li n e d e n ot es  t h e 9 5t h  
p er c e ntil e  of  t h e distri b uti o n.  S h o w n  i n d as h e d  gr e e n,  s oli d  or a n g e,  a n d  s oli d  r e d 
w o ul d  b e  t h e ti m e p er  st e p  n e e d e d  f or 1 4,  1 3,  or  1 2  si m ul ati o n  st e ps  p er  vi d e o  fr a m e. 
I n t his w or k  w e  c h os e  t o us e  1 3  st e ps  p er  fr a m e f or o ur  si m ul ati o ns.  

al.  [9 3 ], wit h  s o m e  a dj ust m e nts  t o a c c o u nt  f or t h e us e  of  n at ur al  i m a g es i nst e a d of  

si m ul at e d  s q u ar e  gr ati n gs.  T h e  f ull n et w or k  is s h o w n  i n Fi g.  6. 6 . I n t his s e cti o n  

w e  will  b e gi n  wit h  a n  o v er vi e w  of  t h e n e ur al  m o d eli n g  t e c h ni q u es e m pl o y e d,  a n d  

t h e n will  e x a mi n e  t h e d esi g n  of  e a c h  i n di vi d u al n et w or k  s e cti o n,  e m p h asi zi n g  t h e 

c h a n g es  m a d e  i n t his w or k.  T h e  n et w or k  a n d  all  r e m ai ni n g s u p p ort  c o d e  c a n  b e  

f o u n d at  htt ps:// git h u b. c o m/ w n o urs e 0 5/ Fl y W h e el B as eli n e- Li vi n g M a c hi n es 2 0 2 4 . 

6. 5. 1  N e ur al  M o d eli n g  

We  c h o os e  t o i m pl e m e nt o ur  m oti o n- visi o n  pr o c essi n g  n et w or k  as  a  S y nt h eti c  

N er v o us  S yst e m  ( S N S) of  n o n-s pi ki n g  l e a k y i nt e gr at or n e ur o ns,  w h er e  t h e n e ur al  

https://github.com/wnourse05/FlyWheelBaseline-LivingMachines2024
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Fi g ur e  6. 6:  Vis u al  m oti o n  pr o c essi n g  n et w or k  us e d  i n t his w or k,  i ns pir e d b y  t h e 
a n at o m y  of  Dr os o p hil a  m el a n o g ast er  a n d  a d a pt e d  fr o m [9 3 ]. Vis u al  sti m uli  ar e  
e n c o d e d  i nt o a  n e ur al  r e pr es e nt ati o n i n t h e r eti n a. T h e y  ar e  t h e n s p ati ot e m p or all y  
filt er e d  i n t h e l a mi n a, a n d  t e m p or all y filt er e d  a g ai n  i n t h e m e d ull a.  T h e  l o b ul a 
c o m bi n es  t h e n e ur al  a cti vit y  i n t h e m e d ull a  i nt o esti m at es  of  m oti o n  at  e a c h  pi x el,  
a n d  t h es e esti m at es  ar e  s u m m e d  a cr oss  t h e e ntir e  vis u al  fi el d  t o g e n er at e  a  gl o b al  
esti m at e  of  m oti o n  i n t h e l o b ul a pl at e.  

st at e   is u p d at e d  as  

                      ( 6. 1) 

w h er e   is t h e n e ur al  ti m e c o nst a nt,   is a n y  e xt er n al  i n p ut, a n d   is a  c o nst a nt  bi as  

t er m.  is t h e s y n a pti c  i n p ut fr o m a n y  pr es y n a pti c  n e ur o ns  i n t h e n et w or k,  

   
 

 

        
 

       
 
 ( 6. 2) 

wit h   d e n oti n g  a  pr es y n a pti c  n e ur o n,  a n d        d e n oti n g  t h e s y n a pti c  r e v ers al 

p ot e nti al.  T hr o u g h o ut  t h e n et w or k,  w e  d esi g n  f or n e ur o ns  t o c o m m u ni c at e  w h e n  
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t h eir st at e  is b et w e e n  0  a n d  , wit h    1  i n t his w or k  f or n u m eri c al  si m pli cit y.  All  

e x cit at or y  s y n a ps es  i n o ur  m o d el  h a v e     5  ,     2  for  i n hi bit or y s y n a ps es,  

a n d  m o d ul at or y  s y n a ps es  h a v e  a  r e v ers al p ot e nti al  of         0 .         i s a  

m o n ot o ni c  f u n cti o n w hi c h  d es cri b es  t h e i n c o mi n g s y n a pti c  c o n d u ct a n c e,  d e fi n e d  as  

                     

 

0      

 
       

        
1  

 

 ( 6. 3) 

w h er e       0  a n d      ar e  t h e l o w er a n d  u p p er  t hr es h ol d st at es  of  s y n a pti c  

a cti vit y.  

Ta ki n g  t h e m o d el  i n e q u ati o n  6. 1 , if w e  s et  t o 0  w e  fi n d  t h e st e a d y-st at e  

r es p o ns e   [1 2 1 ] as  

   

  
      

  
 

                

1  
  
      

  
 

 

 ( 6. 4) 

S y n a pti c  P at h w a y  D esi g ns  

I n t h e S N S  n et w or k,  w e  t u n e m a n y  of  t h e s y n a ps es  usi n g  o n e  of  t hr e e a n al yti c  r ul es. 

T h e  first  is f or si g n al  tr a ns missi o n, w h er e  t h e t ar g et v al u e  of  t h e p osts y n a pti c  n e ur o n  

  fr o m e q.  6. 4  is t h e st e a d y-st at e  v olt a g e  of  t h e pr es y n a pti c  n e ur o n  m ulti pli e d  b y  

a  tr a ns missi o n g ai n   . As  s e e n  i n S z c z e ci ns ki  et  al.  [1 2 1 ], t his c a n  b e  s ol v e d  as  

    
     

             
 ( 6. 5) 

w h er e      i s eit h er    or   d e p e n di n g  o n  t h e r ol e of  t h e s y n a ps e.  

A n  alt er n ati v e  f or m ul ati o n is t o s et a  t ar g et st at e   of  t h e p osts y n a pti c  n e ur o n,  

d e p e n di n g  o n  t h e pr es e n c e  of  e xt er n al  i n p uts. T his  is s h o w n  i n N o urs e  et  al.  [9 3 ] as  

      
          

  
    

 
        

 ( 6. 6) 

T h e  ot h er  a n al yti c  s y n a ps e  d esi g n  i n t his w or k  is a  m o d ul at or y  o n e,  m e a nt  

t o m o d ul at e  t h e s e nsiti vit y  of  a  p osts y n a pti c  n e ur o n  t o e xt er n al  a n d  s y n a pti c  i n-

p uts.  T his  c a n  b e  d esi g n e d  f oll o wi n g S z c z e ci ns ki  et  al.  [1 2 1 ], s etti n g  t h e s y n a pti c  

c o n d u ct a n c e  as  

          1  ( 6. 7) 
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a n d  usi n g  t h e m o d ul at or y  r e v ers al p ot e nti al        . I n t his f or m ul ati o n, t h e st e a d y  

st at e    i s di vi d e d  b y   w h e n    
    . 

F or  si m ul ati n g  t h es e d y n a mi cs,  w e  dis cr eti z e d  e q u ati o ns  6. 1 -6. 3  i nt o a  f or w ar d-

e ul er  f or m ul ati o n, a n d  si m ul at e d  t h e m as  i n di vi d u al l a y ers i n t h e P y T or c h  n u m eri c al  

si m ul ati o n  s oft w ar e  [9 5 ] i n or d er  t o s u p p ort  e x e c uti o n  o n  eit h er  a  C P U  or  a  G P U.  

6. 5. 2  G e n er al  N et w or k  Pr o p erti es  

O ur  first  st e p  i n a d a pti n g  t h e n et w or k  fr o m N o urs e  et  al.  [9 3 ] t o t his t as k w as  t o 

d et er mi n e  h o w  f ast t h e n et w or k  c o ul d  r u n. T o  d o  t his w e  e v al u at e d  t h e n et w or k  

o v er  m ulti pl e  di ff er e nt  i n p ut i m a g e di m e nsi o ns,  a n d  r e c or d e d t h e e x e c uti o n  ti m e 

f or e a c h  si m ul ati o n  st e p  o v er  1 0 0 0  st e ps.  We  c o m p ar e d  t h e st e p  si m ul ati o n  ti m e 

wit h  i n cr e asi n g i m a g e si z e  t o t h e i m a g e pr o c essi n g  l at e n c y wit h  d e cr e asi n g  i m a g e 

si z e,  a n d  d et er mi n e d  a n  i n p ut si z e  of  2 4 x 6 4  pi x els  t o b e  a n  a p pr o pri at e  b al a n c e  of  

pr o c essi n g  s p e e d  a n d  bi or e alis m.  Fr o m  h er e,  w e  si m ul at e d  t h e n et w or k  f or t h at 

i n p ut di m e nsi o n alit y  f or 1 0, 0 0 0  st e ps  i n or d er  t o fi n d  a  r e alisti c ti m e p er  st e p  t o b as e  

o ur  si m ul ati o ns  u p o n.  We  f o u n d t h at 9 5  p er c e nt  of  all  tri als c o ul d  b e  a c c o u nt e d  f or 

wit h  a  ti m est e p of    2 5 6  , e q ui v al e nt  t o a n  u p d at e  r at e of  3 9 0  H z  or  1 3  st e ps  

p er  i n p ut fr a m e. T h es e  r es ults c a n  b e  s e e n  i n Fi g.  6. 5 . 

6. 5. 3  R eti n a  

T h e  R eti n a  c o n v erts  t h e i m a g e str e a m  i nt o a  n e ur al  r e pr es e nt ati o n. T o  d o  t his, 

w e  cr e at e  a  l a y er of  n e ur o ns  t h e s a m e  si z e  as  t h e i n p ut i m a g e. F or  t h e t e m p or al 

pr o p erti es,  w e  s et t h e ti m e c o nst a nt  fr o m e q u ati o n  6. 1  as  s m all  as  p ossi bl e  w hil e  

m ai nt ai ni n g  n u m eri c  st a bilit y.  We  d e n ot e  t his as        , a n d  e m piri c all y  f o u n d t his 

t o b e  1 5. 4  ms.  
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Fi g ur e   6. 7:   R e c e pti v e   fi el ds   of   t h e  s e c o n d   l a y er  i n  o ur   vis u al   m oti o n   pr o c ess -
i n g n et w or k.   T h e  fi el ds  f or  𝑡 𝑐  (A ),  𝜋  (B ), a n d   𝜏  𝑎  (C ) ar e  b as e d  o n  g a ussi a n  p a -
r a m et eri z ati o ns  of   r e c e pti v e  fi el ds   b et w e e n   t h e  r eti n a  a n d   l a mi n a  i n  Dr os o p hil a  
m el a n o g ast er  [4 ] 

. 

6. 5. 4   L a mi n a  

T h e  L a mi n a  t a k es t h e i m a g e r e pr es e nt ati o n fr o m t h e r eti n a a n d  a p pli es  a  b a n k  of  

s p ati ot e m p or al  filt ers.  T h e  vis u al  pr o c essi n g  s yst e m  is als o  first  s plit i nt o t h e O n  a n d  

O ff  p at h w a ys,  wit h  e a c h  p at h w a y  h a vi n g  a  b a n d p ass  n et w or k  a n d  s h ari n g  a  l o w p ass 

filt er.  

S p ati al  Filt e ri n g  

T h e   m ost   si g ni fi c a nt   c h a n g e   i n  t his  w or k   o v er   t h at  of   N o urs e   et   al.   is  t h at  w e  

i m pl e m e nt t h e s p ati al  filt eri n g  w hi c h  w as  o m mitt e d  i n t h at w or k.  T o  p erf or m  s p ati al  

filt eri n g  of  t h e i m a g e r e pr es e nt ati o n i n t h e r eti n a, e a c h  of  t h e l a mi n a i n p ut n e ur o ns  

i nt e gr at es a cr oss  a  5 x 5  gri d  of  r eti n al n e ur o ns.   Gi v e n  t h at t h e r eti n a e n c o d es  t h e 

i m a g e bri g ht n ess  at  e a c h  pi x el  as  a  n e ur al  st at e b et w e e n  z er o  a n d  𝑠  , w e  w a nt  t o 

e ns ur e  t h at t h e i n p uts i nt o t h e l a mi n a l a y er r e m ai n st a bl e.   S p e ci fi c all y,  w e  ai m  t o 

b o u n d  𝑡  ∗  ∈  [0 , 𝑅  ] .  I n t h e tri vi al c as e  w h er e  all  pr es y n a pti c  n e ur o ns  ar e  at  r est, 

t h e st e a d y-st at e  p osts y n a pti c  v olt a g e  fr o m e q.  6. 4  is 𝑈  ∗  =  𝐵 .  W h e n  all  pr es y n a pti c  
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n e ur o ns  ar e  at  a  m a xi m u m  st at e  of  R,  e q.  6. 4  b e c o m es  

   
   

  
      

1  
  
    

( 6. 8) 

Wit h  t h e i n p uts t o  ,  , a n d    , w e  ar e  i nt er est e d i n t h e i n hi bit or y c as e,  w h er e  

   0  a n d     . 

0  
   

  
        

1  
  
       

( 6. 9) 

R e arr a n gi n g,  w e  fi n d  t h at t h e s u m  of  t h e s y n a pti c  c o n d u ct a n c es  m ulti pli e d  b y  t h e 

r e v ers al p ot e nti als  m ust  b e  b o u n d e d  b y   . 

 

 

        ( 6. 1 0) 

T o  d o  t his, w e  c h o os e  t o p ar a m et eri z e  t h e s u m  o n  t h e l eft h a n d  si d e  of  e q.  6. 1 0  

as  a  pr o b a bilit y  d e nsit y  f u n cti o n ( P D F) s c al e d  b y  - R, as  all  P D Fs  b y  d e fi niti o n  

h a v e  a  c o m bi n e d  s u m  of  1.  A n y  P D F  c o ul d  b e  c h os e n,  b ut  i n or d er  t o r e pli c at e 

e x p eri m e nt al  r es ults i n Dr os o p hil a  m el a n o g ast er  w e  p ar a m et eri z e  t h e s u m  as  a  

di ff er e n c e  of  g a ussi a ns  

                 

 

1  
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( 6. 1 1) 

w h er e   a n d   ar e  t h e st a n d ar d  d e vi ati o ns  of  t h e c e nt er  a n d  s urr o u n d  g a ussi a ns,  

a n d      0  1  is a  s c ali n g  c o e ffi ci e nt  [4 ]. As   is c o nstr ai n e d  t o a  fi nit e  s et of  

c h oi c es,  w e  di vi d e  e q u ati o n  6. 1 1  b y  t h e c orr es p o n di n g   b as e d  o n  its si g n  t o arri v e  

at         . 

Te m p o r al  Filt e ri n g  

Wit hi n  t h e l a mi n a, t h e O n  a n d  O ff  p at h w a y  e a c h  h a v e  a  b a n d p ass  filt er  n et w or k  a n d  

s h ar e  a  n e ur o n  a cti n g  as  a  l o w p ass filt er.  F or  t h e l o w p ass filt er  (  ), f or si m pli cit y  

w e  s et its m e m br a n e  ti m e c o nst a nt  t o       si n c e  it will  b e  f urt h er filt er e d  l at er o n  

i n t h e M e d ull a.  T o  i m pl e m e nt a  b a n d p ass  filt er,  w e  t a k e t h e di ff er e n c e  b et w e e n  t w o 

n o n-s pi ki n g  n e ur o ns  of  di ff er e nt  ti m e c o nst a nts  (       a n d        ). We  p ar a m et eri z e  
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b ot h  b a n d p ass  filt ers  i d e nti c all y, wit h  t h e f ast p at h w a y  b ei n g  s et t o       a n d  t h e sl o w  

p at h w a y  b ei n g  a p pr o xi m at el y  fi v e  ti m es sl o w er.  

6. 5. 5  M e d ull a  

I n t h e m e d ull a,  t h e s p ati ot e m p or al  filt eri n g  p erf or m e d  i n t h e l a mi n a is t e m p or all y 

filt er e d  a g ai n.  I n b ot h  t h e O n  a n d  O ff  p at h w a ys,  t h er e ar e  t hr e e n e ur o ns  r es p o nsi bl e 

f or dir e ct  sti m ul ati o n,  s u p pr essi o n,  a n d  e n h a n c e m e nt.  T h e  dir e ct  a n d  e n h a n c e m e nt  

(  a n d   ) n e ur o ns  r e c ei v e s y n a pti c  i n p ut fr o m t h e b a n d p ass  a n d  l o w p ass (  a n d  

 ) n e ur o ns,  w hil e  t h e s u p pr essi o n  ( ) n e ur o n  r e c ei v es i n p ut fr o m t h e dir e ct  n e ur o n.  

E a c h  of  t h es e n e ur o ns  b e h a v es  as  a  l o w p ass filt er,  wit h  t h e t e m p or al pr o p erti es  t u n e d 

f oll o wi n g t h e pr o c e d ur e  i n N o urs e  et  al.  a n d  ass u mi n g  a  s p ati al  r es ol uti o n of  fi v e  

d e gr e es  a n d  a  r ot ati o n al s p e e d  of  0. 1  t o 0. 5  r a di a ns p er  s e c o n d.  

6. 5. 6  L o b ul a  

T h e  r ol e of  t h e cir c uitr y  i n t h e l o b ul a is t o c o n v ert  t h e filt er e d  r e pr es e nt ati o ns i n 

e a c h  c ol u m n  of  t h e m e d ull a  i nt o a n  esti m at e  of  t h e v el o cit y  at  e a c h  pi x el.  T h e  

e n h a n c e m e nt,  dir e ct,  a n d  s u p pr essi o n  n e ur o ns  fr o m a dj a c e nt  c ol u m ns  ar e  c o m bi n e d  

t o b e h a v e  as  a  t hr e e- ar m el e m e nt ar y  m oti o n  d et e ct or  [5 4 ]. I n t h e O n  p at h w a y,  

  e x cit es  t h e m oti o n  d et e ct or  w h e n e v er  a n  i n cr e as e i n bri g ht n ess  p ass es  o v er  t h e 

c ol u m n.  T his  e x cit ati o n  is d a m p e n e d  b y  a  m o d ul at or y  s y n a ps e  fr o m   i n t h e 

pr e c e n di n g  c ol u m n  ( e q. 6. 7 ), a n d  s h ar pl y  i n hi bit e d b y   i n t h e n e xt  c ol u m n  i n t h e 

pr ef err e d  dir e cti o n.  T h e  m e c h a nis m  is n e arl y  i d e nti c al i n t h e O ff  p at h w a y,  wit h  t h e 

o nl y  di ff er e n c e  b ei n g  t h at   i s e x cit at or y  i nst e a d of  m o d ul at or y.  As  t h e v el o cit y  of  

t h e sti m uli  i n cr e as es, t h e m a g nit u d e  of  t h e r es p o ns e i n t h e m oti o n  d et e ct or  d e cr e as es  

as  t h e ti m e b et w e e n  e x cit ati o n  a n d  i n hi biti o n d e cr e as es.  
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Fi g ur e  6. 8:  P erf or m a n c e  of  t h e si m pl e  m oti o n  visi o n  pr o c essi n g  n et w or k  o n  t h e 
vi d e o  cli ps  i n t h e t est p orti o n  of  t h e Fl y W h e el  d at as et.  ( A) S c att er pl ot  of  a v er a g e  
n e ur o n  st at e  f or t h e cl o c k wis e  a n d  c o u nt er- cl o c k wis e  n e ur o ns  f or e a c h  i m a g e s e-
q u e n c e.  B.  C ur v es  d e n ot e  t h e m e a n  n e ur al  r es p o ns e of  all  tri als at  e a c h  v el o cit y,  
s h a d e d  ar e a  r e pr es e nts t h e 5t h  a n d  9 5t h  p er c e ntil es.  All  d at a  is n or m ali z e d  t o t h e 
m a xi m u m  of  t h e 9 5t h  p er c e ntil e  a cr oss  all  v el o citi es.  

6. 5. 7  L o b ul a  Pl at e  

I n t h e fi n al  l a y er, w e  e xt e n d  t h e n et w or k  pr es e nt e d  i n C h a pt er  4  t o i n cl u d e a n  

a p pr o xi m ati o n  of  t h e cir c uitr y  pr es e nt  i n t h e Dr os o p hil a  m el a n o g ast er  l o b ul a pl at e.  

We  a d d  t w o h ori z o nt al  s e nsiti v e  n e ur o ns,       a n d     , o n e  c orr es p o n di n g  t o 

c o u nt er- cl o c k wis e  r ot ati o n a n d  t h e ot h er  t o cl o c k wis e  r ot ati o n. T h es e  n e ur o ns  

r e c ei v e s y n a pti c  i n p ut fr o m e v er y  m oti o n  d et e ct or  n e ur o n  i n t h e l o b ul a, wit h  t h e 

c o u nt er- cl o c k wis e  s e nsiti v e  d et e ct ors  e x citi n g     a n d  i n hi biti n g    , a n d  t h e 

i n v ers e c as e  f or cl o c k wis e  s e nsiti v e  d et e ct ors  [1 3 ]. T h es e  n e ur o ns  h a v e  a  ti m e 

c o nst a nt  of        , a n d  t h e s y n a ps es  ar e  t u n e d usi n g  e q.  6. 5  s u c h  t h at t h e s u m  of  all  

t h e s y n a pti c  g ai ns  is o n e.  
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R eti n a 

B O,I n 

B O, F a st 

B O, Sl o w 

B O, O ut 

L 

B F,I n 

B F, F a st 

B F, Sl o w 

B F, O ut 

E O 

D O 

S O 

E F 

D F 

S F 

O n C C W 

O n C W 

O ff C C W 

O ff C W 

O ut p ut 

Fi g ur e  6. 9:  A cti vit y  wit hi n  e a c h  p o p ul ati o n  o v er  t h e c o urs e  of  a  h ori z o nt al  gr ati n g  
sti m ul us.   Wit hi n  e a c h  pl ot,  t h e v erti c al  a xis  r e pr es e nts t h e di ff er e nt  n e ur o ns  i n t h e 
p o p ul ati o n  a n d  t h e h ori z o nt al  a xis  s h o ws  t h e pr o gr essi o n  of  ti m e.  Bri g ht er  c ol ors  
d e n ot e  hi g h er  n e ur al  st at e. 

6. 6   R es ults  

Usi n g  t h e t est p orti o n  of  t h e d at as et  d es cri b e d  i n S e cti o n  6. 4 ,  w e  e v al u at e d  t h e 

p erf or m a n c e  of  t h e vis u al  m oti o n  pr o c essi n g  n et w or k  d es cri b e d  i n S e cti o n  6. 5 . We  

si m ul at e d  t h e n et w or k  wit h  5 x 5  pi x el  r e c e pti v e fi el ds,  a n d  f or e a c h  s a m pl e  cli p  w e  

l et t h e n et w or k  st at es  st a bili z e  t o t h e first  vi d e o  fr a m e a n d  t h e n r e c or d e d t h e n e ur al  

st at e of  t h e r e a d o ut n e ur o ns  𝑡  𝑐  𝜋  a n d  𝜏  𝑎  o v er  t h e r e m ai ni n g fr a m es.  A cr oss  t h e 

t est s et, t h e n et w or k  c orr e ctl y  i d e nti fi e d t h e dir e cti o n  of  r ot ati o n 4 3 %  of  t h e ti m e, 

wit h  a  pr ef er e nti al  bi as  t o w ar ds c o u nt er- cl o c k wis e  r ot ati o n.  P erf or m a n c e  f or e a c h  

v el o cit y  is s h o w n  i n Fi g.  6. 8 . 

Usi n g  S N S T or c h  ( C h a pt er 5 ), w e  att e m pt e d  t o i m pr o v e t h e p erf or m a n c e  of  o ur  



8 8  

m oti o n  pr o c essi n g  n et w or k  b y  tr ai ni n g it usi n g  gr a di e nt  b a c k pr o p a g ati o n  t hr o u g h 

ti m e ( B P T T) [1 3 6 ]. T h es e  r es ults ar e  o mitt e d,  as  t h e n et w or k  wit h  t his ar c hit e ct ur e  

di d  n ot  c o n v er g e  t o a  cl assi fi er  wit h  a  s u c c ess  r at e of  m or e  t h a n 5 0 %.  A d diti o n al   

n e ur o ns  w er e  als o  a d d e d  t o b ett er  a p pr o xi m at e  t h e ar c hit e ct ur e  s e e n  i n Fi g.  6. 6 , b ut  

di d  n ot  i m pr o v e p erf or m a n c e.  I n or d er  t o v ali d at e  t h e n e w  el e m e nts  i n t h e n et w or k’s  

l o b ul a pl at e  w hi c h  w er e  n ot  i m pl e m e nt e d i n C h a pt er  4 , w e  tr ai n e d t h e n et w or k  o n  

a  s hifti n g  s q u ar e  w a v e  gr ati n g.  Usi n g  a ut o di ff er e nti ati o n,  t h e n et w or k  s u c c essf ull y  

tr ai n e d t h e s y n a pti c  str e n gt hs  b et w e e n  t h e l o b ul a a n d  t h e l o b ul a pl at e  as  w ell  as  

b et w e e n  t h e m e d ull a  a n d  t h e l o b ul a. W h e n  t h e m o vi n g  gr ati n g  is a p pli e d  t o t h e 

r eti n a, t h e a cti vit y  o v er  ti m e is filt er e d  b y  t h e s p ati ot e m p or al  filt ers  i n t h e l a mi n a 

a n d  t h e t e m p or al filt ers  i n t h e m e d ull a.  T his  r es ults i n t h e o ut p ut  l a y er c o n v er gi n g  

t o o n e  a cti v e  n e ur o n,  r e pr es e nti n g tr a nsl ati o n i n t h at dir e cti o n.  E x a m pl e  d at a  fr o m 

o n e  tri al c a n  b e  s e e n  i n Fi g.  6. 9 . 

6. 7  Dis c ussi o n  

I n t his w or k,  w e  pr es e nt  t h e r o b oti c pl atf or m  Fl y W h e el.  Fl y W h e el  is a  w h e el e d  

r o b ot wit h  a  bi n o c ul ar  c a m er a  s yst e m  d esi g n e d  t o mi mi c  t h e F O V  of  t h e fr uit fl y  

Dr os o p hil a  m el a n o g ast er . We  c oll e ct e d  a  d at as et  of  vi d e o  s e q u e n c es  a cr oss  a  r a n g e 

of  t ur ni n g v el o citi es,  a n d  t h e n i m pl e m e nt e d a  vis u al  m oti o n  pr o c essi n g  S N S  n et w or k  

t o dis cri mi n at e  b et w e e n  c o u nt er- cl o c k wis e  a n d  cl o c k- wis e  r ot ati o n o v er  t his d at as et.  

T h e  h ar d w ar e  a n d  s oft w ar e  f or Fl y W h e el  ar e  o p e n-s o ur c e  al o n g  wit h  t h e d at as et,  

a n d  w e  b eli e v e  t h at Fl y W h e el  c a n  b e  a  v al u a bl e  pl atf or m  f or b e n c h m ar ki n g  a n d  

st u di n g  m o d els  of  m oti o n  pr o c essi n g  a n d  n a vi g ati o n  i n Dr os o p hil a  m el a n o g ast er  

a n d  ot h er  i ns e cts. 

As  i m pl e m e nt e d, o ur  pr o c essi n g  n et w or k  h a d  di ffi c ult y  s u c c essf ull y  i d e ntif yi n g 

t h e dir e cti o n  of  gl o b al  r ot ati o n i n n at ur al  i m a g es, e x hi biti n g  a  bi as  i n s e nsiti vit y  

t o w ar ds c o u nt er- cl o c k wis e  r ot ati o n. A d diti o n all y,  t his esti m at e  d o es  n ot  all o w  t h e 

dis cri mi n ati o n  of  r ot ati o n al s p e e d.  T his  is n ot  s ur prisi n g,  gi v e n  t h at t h e pr o c essi n g  
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n et w or k  w as  a d a pt e d  fr o m o n e  m a d e  f or s q u ar e- w a v e  gr ati n gs  wit h  littl e a d diti o n al  

t u ni n g. We  pr o vi d e  t his n et w or k  as  a  b as e  f or c o m p aris o n,  b ut  a  g o al  of  f ut ur e w or k  

will  e x pl or e  m or e  c o m pl e x  ar c hit e ct ur es  t o b ett er  t u n e t h e n et w or k  f or n at ur al  i m a g e 

s e q u e n c es.  S o m e  el e m e nts  w hi c h  c o ul d  b e  a d d e d  t o i m pr o v e a c c ur a c y  i n cl u d e 

a d diti o n al  i n p uts t o t h e m oti o n  d et e ct ors  [2 1 ], r e c urr e n c e a n d  f e e d b a c k wit hi n  a n d  

b et w e e n  l a y ers [1 4 ], or  s y n a pti c  f e e d b a c k l o o ps w hi c h  ar e  f o u n d wit hi n  t h e O ff  

p at h w a y  i n Dr os o p hil a  [1 7 ]. T his  d e ns e  p att er n  of  r e c urr e nt c o n n e cti vit y  m a y  b e  

t h e k e y  t o i m pl e m e nti n g s u c h  c o m pl e x  vis u al  b e h a vi or  i n a  c o m p ar ati v el y  s m all  

n et w or k,  wit h  t h e r e c urr e n c e s u g g est e d  t o i m pr o v e c o ntr ast  i ns e nsiti vit y [1 4 ]. 

A d diti o n all y,  vis u al  pr o c essi n g  is n ot  t h e o nl y  m e c h a nis m  b y  w hi c h  i ns e cts d e -

t er mi n e t h eir r ot ati o n al v el o cit y,  wit h  f e e d b a c k c o mi n g  fr o m pr o pri o c e pti o n  a n d  

ot h er  s e ns or y  m o d aliti es  i n fl u e n ci n g t his c al c ul ati o n  [1 1 1 ]. D u e  t o t h e hi g h  v ari -

a bilit y  of  n at ur al  s c e n es  wit h  di ff eri n g  l e v els of  d e pt h  a n d  p ar all a x,  it is p ossi bl e  t h at 

t h e vis u al  s yst e m  is o nl y  r es p o nsi bl e f or s e n di n g  a  c orr e cti v e  si g n al  t o t h e m ot or  

n er v o us  s yst e m  w h e n  si g ni fi c a nt  m oti o n  is pr es e nt e d  r el ati v e t o t h e a ni m als  c urr e nt  

r ot ati o n al v el o cit y.  A n  ar e a  f or f ut ur e e x pl or ati o n  is t h e i nt e gr ati o n of  t h es e s e ns or y  

s yst e ms  i n c o m bi n ati o n  wit h  ot h er  s o ur c es  of  f e e d b a c k. 
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C h a p t e r  7  

C O N C L U SI O N  A N D  F U T U R E  W O R K  

7. 1  S u m m a r y  

I n C h a pt er  3 , I pr es e nt e d  S N S- T o ol b o x  as  a n  o p e n-s o ur c e  s oft w ar e  p a c k a g e  f or 

d esi g ni n g  s y nt h eti c  n er v o us  s yst e ms  ( S N S) a n d  si m ul ati n g  t h e m o n  c o ns u m er-

gr a d e  h ar d w ar e.  S N S- T o ol b o x  i m pl e m e nts a  wi d e  v ari et y  of  n e ur al  a n d  s y n a pti c  

d y n a mi cs  b as e d  o n  bi o- pl a usi bl e  d y n a mi cs,  i n cl u di n g s pi ki n g  n e ur o ns,  c h e mi c al  

s y n a ps es,  a n d  el e ctri c al  s y n a ps es,  a n d  c a n  si m ul at e  n et w or ks  wit h  h u n dr e ds  t o 

t h o us a n ds of  n e ur o ns  i n r e al-ti m e. T his  p erf or m a n c e  is c o m p etiti v e  wit h  all  ot h er  

n e ur al  si m ul at ors  w hi c h  e x hi bit  t h e s a m e  r a n g e of  n e ur al  a n d  s y n a pti c  d y n a mi cs  

as  S N S- T o ol b o x.  I n a d diti o n  t o si m ul ati o n  of  n e ur al  a n d  s y n a pti c  d y n a mi cs,  I als o  

pr es e nt e d  t w o e x a m pl es  of  usi n g  S N S- T o ol b o x  f or t h e c o ntr ol  of  a n  e xt er n al  s yst e m:  

o n e  o n  c o ntr olli n g  t h e n a vi g ati o n  of  a  m o bil e  r o b ot i n t h e R o b ot  O p er ati n g  S yst e m  

( R O S), a n d  t h e ot h er  o n  c o ntr olli n g  a  bi o m e c h a ni c al  s yst e m  i n t h e p h ysi cs  si m ul at or  

M uJ o c o.  

I n C h a pt er  4 , I us e d  S N S- T o ol b o x  t o d esi g n  a n d  si m ul at e  a n  S N S  n et w or k  f or 

pr o c essi n g  vis u al  m oti o n.  I n t his m o d el,  c h a n g es  i n vis u al  sti m uli  ar e  pr o c ess e d  

i nt o t w o p at h w a ys  f o c usi n g o n  eit h er  i n cr e as es or  d e cr e as es  i n bri g ht n ess.  Aft er  

m ulti pl e  l a y ers of  t e m p or al filt eri n g,  t h es e si g n als  ar e  c o m bi n e d  a cr oss  l o c al pi x el  

gr o u ps  t o g e n er at e  a  l o c al esti m at e  of  m oti o n.  T his  n et w or k  w as  b as e d  o n  t h e 

a v ail a bl e  c o n n e ct o mi c  i nf or m ati o n f or t h e o pti c  l o b e i n Dr os o p hil a  m el a n o g ast er , 

a n d  s er v es  as  a  mi ni m al  n e ur al  r e pr es e nt ati o n of  t h e c o m p ut ati o n  pr es e nt  i n t h at 

n e ur o pil.  A  k e y  f e at ur e of  t his n et w or k  is t h e m ulti pli c ati v e  e ff e ct  of  m o d ul at or y  or  

s h u nti n g  i n hi biti o n, a  c o m p ut ati o n  w hi c h  is n ot  p ossi bl e  usi n g  p ur el y  w ei g ht- b as e d  

s y n a ps es.  I e v al u at e d  t his n et w or k  o n  s e q u e n c es  of  tr a nsl ati n g bi n ar y  gr ati n gs,  a n d  
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d e m o nstr at e d  l o c al dir e cti o n al  s e nsiti vit y  a cr oss  all  c ar di n al  dir e cti o ns.  

D u e  t o t h e c o m p ut ati o n al  c o nsi d er ati o ns  i n s c ali n g  t h e n et w or k  fr o m C h a pt er  4  

b e y o n d  a  s m all  gr o u p  of  pi x els,  i n C h a pt er  5  I pr es e nt e d  S N S T or c h  as  a  s ol uti o n  f or 

si m ul ati n g  l ar g e-s c al e S N S  n et w or ks.  S N S T or c h  is a  l a y er- b as e d si m ul at or  f or n e ur al  

p o p ul ati o ns  wit h  c h e mi c al  s y n a pti c  c o n n e cti o ns,  w hi c h  e x hi bits  f ast er si m ul ati o n  

s p e e d  t h a n S N S- T o ol b o x  w hil e  e x hi biti n g  a  l o w er m e m or y  o v er h e a d.  A d diti o n all y,  

it i m pr o v es u p o n  S N S- T o ol b o x  t hr o u g h t h e m or e  n ati v e  s u p p ort  of  o pti mi z ati o n  

t o ols. I n s u p p ort  of  t his, I pr es e nt e d  t w o e x a m pl es  of  S N S  n et w or ks  b ei n g  tr ai n e d: 

o n e  e x a m pl e  of  r e gr essi o n- b as e d p ar a m et er  t u ni n g i n a  ti n y n et w or k,  a n d  t h e ot h er  

s h o w c asi n g  t h e tr ai ni n g of  a  l ar g er r e c urr e nt S N S  f or s e q u e nti al  cl assi fi c ati o n.  

Fi n all y,  i n C h a pt er  6  I pr es e nt e d  o n g oi n g  e ff orts  t o a d a pt  t h e cir c uitr y  i n t h e 

Dr os o p hil a  m el a n o g ast er  o pti c  l o b e t o esti m at e  gl o b al  m oti o n  b as e d  o n  s e q u e n c es  

of  n at ur al  i m a g es. First  I pr es e nt e d  Fl y W h e el,  a  m o bil e  r o b ot w hi c h  us es  t w o wi d e-

a n gl e  c a m er as  t o a p pr o xi m at e  t h e st er e o- vis u al  pr o p erti es  of  a  fr uit fl y.  I us e d  t his 

r o b ot t o g e n er at e  a  d at as et  of  n at ur al  i m a g e s e q u e n c es  w hi c h  c orr es p o n d  t o a  r a n g e 

of  r ot ati o n al v el o citi es  o n b o ar d  t h e r o b ot, a n d  usi n g  d at a  a u g m e nt ati o n  t e c h ni q u es 

e xt e n d e d  t his d at as et  t o c o nt ai n  o v er  2 1, 0 0 0  l a b el e d s a m pl es.  N e xt  I pr es e nt e d  a  first  

att e m pt  at  usi n g  S N S T or c h  fr o m C h a pt er  5  t o si m ul at e  a n d  o pti mi z e  t h e n et w or k  

d e v el o p e d  i n C h a pt er  4 . W hil e  t h e n et w or k  w as  a bl e  t o esti m at e  gl o b al  r ot ati o n 

dir e cti o n  o n  a  si m ul at e d  gr ati n g,  f urt h er w or k  is n e c ess ar y  t o e x p a n d  t h e n et w or k  

s u c h  t h at it c a n  pr o c ess  n at ur al  i m a g e s e q u e n c es.  

7. 2  I m p a ct  a n d  F ut u r e  W o r k  

T h e  pri m ar y  f o c us of  t his diss ert ati o n  h as  b e e n  t h e d e v el o p m e nt  of  S N S- T o ol b o x  

a n d  S N S T or c h  f or d esi g ni n g  a n d  si m ul ati n g  S N S  n et w or ks.  S N S- T o ol b o x  m ar ks  

t h e first  ti m e t h at it h as  b e e n  p ossi bl e  t o si m ul at e  t h es e h et er o g e n e o us  n et w or ks  at  a  

l ar g e e n o u g h  s c al e  t o m o d el  i nt er esti n g cir c uits  f o u n d i n a ni m als  f or c o ntr ol  w hil e  

b ei n g  a bl e  t o i nt er a ct wit h  a  wi d e  v ari et y  of  s yst e ms  i n r e al-ti m e or  f ast er. T his  e as e  
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of  i nt er a cti o n wit h  e xt er n al  s yst e ms,  as  w ell  as  t h e cr oss- pl atf or m  c o m p ati bilit y  

of  t h e s oft w ar e,  h as  f a cilit at e d t h e us e  of  S N S- T o ol b o x  a cr oss  a  wi d e  v ari et y  of  

r es e ar c h pr oj e cts  f or b ot h  r es e ar c h a n d  c o urs e  pr oj e cts  ( a s el e ct e d  list is pr es e nt e d  

i n A p p e n di x  B ). T h e  n e ur al  d y n a mi cs  pr es e nt  i n S N S- T o ol b o x  e x p a n d  w h at  c o ul d  

b e  m o d el e d  i n t h e S N S  fr a m e w or k as  w ell,  wit h  t h e a d diti o n  of  el e ctri c al  s y n a ps es  

all o wi n g  t h e p ot e nti al  f or i m pl e m e nti n g d e n driti c  c o m p uti n g  [2 3 ]. 

Wit h  t h e d e v el o p m e nt  of  S N S T or c h,  I h a v e  d e v el o p e d  t h e first  s oft w ar e  w hi c h  

i n c or p or at es c h e mi c al  s y n a ps es  i nt o l ar g e-s c al e n e ur al  n et w or ks  c o m p ati bl e  wit h  

tr ai ni n g vi a  gr a di e nt  b a c k pr o p a g ati o n.  T his  all o ws  t h e c a p a bilit y  f or n e ur al  n et w or ks  

t o l e ar n c o n n e cti o ns  wit h  m o d ul at or y  or  s h u nti n g  i n hi biti o n, w hi c h  as  e vi d e n c e d  

i n C h a pt er  4  is a n  i m p ort a nt c o m p ut ati o n  i n bi ol o gi c al  n er v o us  s yst e ms  t h at is n ot  

pr es e nt  i n m o d er n  n e ur al  n et w or ks.  O n e  ar e a  of  f ut ur e e x p a nsi o n  is t h e a p pli c ati o n  

of  t his fr a m e w or k t o ot h er  m a c hi n e  l e ar ni n g pr o bl e ms  i n or d er  t o i n v esti g at e t h e 

p ot e nti al  b e n e fit  of  t h es e r e v ers al p ot e nti als,  p arti c ul arl y  r ei nf or c e m e nt l e ar ni n g f or 

c o ntr ol  pr o bl e ms.  

As  o utli n e d  i n C h a pt er  6 , f urt h er w or k  is n e e d e d  t o tr ai n t h e i ns e ct-i ns pir e d 

n et w or k  f or r ot ati o n esti m ati o n  i n n at ur al  i m a g e s e q u e n c es.  P art  of  t h e di ffi c ult y  i n 

t his t as k c o m es  fr o m t h e i nt e gr ati o n a cr oss  m ulti pl e  l o c al m oti o n  d et e ct ors,  as  d e pt h  

a n d  p ar all a x  c h a n g es  m e a n  t h at t h e s a m e  l o c al m oti o n  at  a  gr o u p  of  pi x els  c a n  i m pl y 

di ff er e nt  r at es of  m oti o n  d e p e n di n g  o n  t h e d e pt h  of  t h at p oi nt  i n t h e vis u al  s c e n e.  

F o c usi n g  t h e tr ai ni n g o n  l e ar ni n g t h e w ei g hti n g  of  t h es e i n di vi d u al m oti o n  d et e ct ors  

v ers us  l e ar ni n g t h e e ntir e  n et w or k  at  o n c e  is a  pr o misi n g  ar e a  of  f ut ur e e x p a nsi o n.  

A d diti o n all y,  w hil e  it h as  b e e n  s h o w n  t h at t h e i ns e ct n er v o us  s yst e m  cl e arl y  

c o m p ut es  c h a n g es  i n gl o b al  m oti o n  b as e d  o n  c h a n gi n g  v el o cit y  sti m uli,  it is still 

u n cl e ar  h o w  m u c h  t his r es p o ns e c h a n g es  as  t h e i n p ut sti m ul ati o n  p att er n  c h a n g es.  

F ut ur e  w or k  c a n  l o o k at  h o w  t h e i nf or m ati o n fr o m t his n et w or k  c a n  b e  c o m bi n e d  

wit h  ot h er  s e ns or y  f e e d b a c k s u c h  as  l e g pr o pri o c e pti o n  wit hi n  t h e i ns e ct n er v o us  

s yst e m  f or c o nt e xt- d e p e n d e nt  d e cisi o n  m a ki n g,  as  i m pl e m e nt e d i n n e ur al  str u ct ur es  
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s u c h  as  t h e i ns e ct c e ntr al  c o m pl e x.  

Fi n all y,  S N S T or c h  h as  b e e n  pri m aril y  us e d  f or si m ul ati n g  l ar g e n et w or ks  of  

n o n-s pi ki n g  n e ur o ns  a n d  tr ai ni n g t h e m usi n g  gr a di e nt  b a c k pr o p a g ati o n.  A  s h ort-

t er m ar e a  of  f ut ur e w or k  is i n c or p or ati n g t h e f ull s uit e  of  n e ur al  a n d  s y n a pti c  

d y n a mi cs  fr o m S N S- T o ol b o x  i nt o S N S T or c h,  alt h o u g h  t h e c a p a bilit y  of  gr a di e nt  

b a c k pr o p a g ati o n  t o o pti mi z e  s u c h  d y n a mi cs  as  bi dir e cti o n al  el e ctri c al  s y n a ps es  a n d  

v olt a g e- g at e d  i o n c h a n n els  r e m ai ns t o b e  i n v esti g at e d. O n c e  all  of  t h es e d y n a mi cs  

ar e  i m pl e m e nt e d, a  f ull c o n v ert er  c o ul d  b e  c o nstr u ct e d  w hi c h  t a k es a  n et w or k  d e -

si g n e d  i n S N S- T o ol b o x  a n d  mi gr at es  its p o p ul ati o ns  t o a n  S N S T or c h  r e pr es e nt ati o n. 

A d diti o n all y,  S N S T or c h’s  e as e  of  e x p a nsi o n  a n d  c o m p ati bilit y  wit h  t h e r est of  t h e 

P y T or c h  e c os yst e m  s u g g ests  it c o ul d  s u p p ort  l o c al o nli n e  l e ar ni n g m et h o ds  s u c h  as  

s h ort  t er m s y n a pti c  pl asti cit y.  I nt e gr ati o n a n d  i m pl e m e nt ati o n of  s y n a pti c  l e ar ni n g 

r ul es is a  c urr e ntl y  a cti v e  fi el d  of  r es e ar c h i n n e ur al  c o m p ut ati o n,  a n d  c o ul d  b e  a n  

a d diti o n al  ar e a  of  e x p a nsi o n  f or S N S- T o ol b o x  a n d  S N S T or c h.  



9 4  

A p p e n d i x  A  

D A T A  A V AI L A BI LI T Y  

All  of  t h e w or k  d es cri b e d  i n t his d o c u m e nt  is fr e el y o p e n-s o ur c e  a n d  a v ail a bl e  at  

t h e f oll o wi n g d o m ai ns:  

• S N S- T o ol b o x  ( S oft w ar e): htt ps:// git h u b. c o m/ w n o urs e 0 5/ S N S- T o ol b o x  

• S N S- T o ol b o x  ( D o c u m e nt ati o n): htt ps://s ns-t o ol b o x.r e a dt h e d o cs.i o/ e n/l at est/i n d e x. ht ml  

• R e d u c e d  m o d el  of  vis u al  pr o c essi n g:  htt ps:// git h u b. c o m/ w n o urs e 0 5/ M oti o n -

Visi o n- S N S  

• S N S T or c h:  htt ps:// git h u b. c o m/ w n o urs e 0 5/ S N S T or c h  

• Fl y W h e el  ( R o b ot I nf or m ati o n): htt ps:// git h u b. c o m/ w n o urs e 0 5/ Fl y W h e el  

• R ot ati o n al  D at as et:  htt ps:// git h u b. c o m/ w n o urs e 0 5/ fl y w h e el-r ot ati o n- d at as et  

• I niti al R ot ati o n  B as eli n e:  htt ps:// git h u b. c o m/ w n o urs e 0 5/ Fl y W h e el B as eli n e -

Li vi n g M a c hi n es 2 0 2 4  

• S N S T or c h  Vis u al  M oti o n  Pr o c essi n g:  htt ps:// git h u b. c o m/ w n o urs e 0 5/ S N S -

f or- Vis u al- M oti o n- Pr o c essi n g 

https://github.com/wnourse05/SNS
https://github.com/wnourse05/FlyWheelBaseline
https://github.com/wnourse05/flywheel-rotation-dataset
https://github.com/wnourse05/FlyWheel
https://github.com/wnourse05/SNSTorch
https://github.com/wnourse05/Motion
https://sns-toolbox.readthedocs.io/en/latest/index.html
https://github.com/wnourse05/SNS-Toolbox
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A p p e n d i x  B  

P R OJ E C T S  U SI N G  S N S- T O O L B O X  

W hil e  I h a v e  us e d  S N S- T o ol b o x  i n m y  o w n  w or k,  it h as  als o  b e e n  diss e mi n at e d  a n d  

us e d  b y  ot h ers  f or b ot h  r es e ar c h a n d  c o urs e w or k  pr oj e cts.  A  ( n o n- e x h a usti v e) list 

of  t h es e pr oj e cts  is gi v e n  b el o w,  wit h  cit ati o ns  if t h e w or k  h as  b e e n  p u blis h e d.  

• C o ntr ol  of  p erist alti c  l o c o m oti o n i n a  si m ul at e d  c o m pli a nt  m o d ul ar  m es h  

r o b ot [1 0 1 , 1 0 2 ] 

• M o d eli n g  a n d  si m ul ati o n  of  t h e c a pt ur e  r es p o ns e i n a  v e n us  fl ytr a p  

• M o d eli n g  a n d  o pti mi z ati o n  of  m ot or  mi cr o cir c uits  f or v ert e br at e  m us cl e  c o n -

tr ol usi n g  M ar k o v- C h ai n  M o nt e  C arl o  s a m pli n g  [6 7 ] 

• M o d eli n g  of  a  s e q u e n c e  g e n er ati o n  p o p ul ati o n  f or c o ntr ol  of  m us cl e  c o or di -

n ati o n  i n q u a dr u p e d  l o c o m oti o n 

• C o ntr ol  of  l o c o m oti o n i n a  s et of  si m ul at e d  f eli n e hi n dli m bs  b as e d  o n  m ulti -

l a y er c e ntr al  p att er n  g e n er at or  n et w or ks  

• C o ntr ol  of  a  si m ul at e d  l e g f or a  fr uit- fl y i ns pir e d r o b ot 

• C o ntr ol  of  si d e w a ys  l o c o m oti o n i n a  si m ul at e d  r o b oti c cr a b  
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C hris  Eli as mit h.  “ N e n g o:  A  P yt h o n  t o ol f or b uil di n g  l ar g e-s c al e f u n cti o n al 

br ai n  m o d els ”.  I n: Fr o nti ers  i n N e ur oi nf or m ati cs  7  (J A N J a n.  2 0 1 4).  i s s n: 

1 6 6 2 5 1 9 6.  

[ 1 2] Al e x a n d er  B orst.  Dr os o p hil a’s  Vi e w  o n  I ns e ct Visi o n . J a n.  2 0 0 9.  d oi : 1 0.  

1 0 1 6/j. c u b. 2 0 0 8. 1 1. 0 0 1 . 

[ 1 3] Al e x a n d er  B orst,  Mi c h a el  Dr e ws,  a n d  M att hi as  M ei er.  T h e  n e ur al  n et w or k  

b e hi n d  t h e e y es  of  a  fl y . A u g.  2 0 2 0.  d oi : 1 0. 1 0 1 6/j. c o p h ys. 2 0 2 0. 0 5. 0 0 4 . 

https://doi.org/10.1088/1748-3190/aa5b48
https://doi.org/10.1038/s41467-022-28487-2
https://doi.org/10.1016/j.cub.2008.11.001
https://doi.org/10.1016/j.cub.2008.11.001
https://doi.org/10.1016/j.cophys.2020.05.004
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[ 1 4] Al e x a n d er  B orst,  J ür g e n  H a a g,  a n d  Al e x  S.  M a uss.  H o w  fl y  n e ur o ns  c o m p ut e  

t h e dir e cti o n  of  vis u al  m oti o n . M ar.  2 0 2 0.  d oi : 1 0. 1 0 0 7/ s 0 0 3 5 9- 0 1 9- 0 1 3 7 5-

9 . 

[ 1 5] J a m es  M  B o w er  a n d  D a vi d  B e e m a n.  T h e  b o o k  of  G E N E SI S:  e x pl ori n g  r e-

alisti c  n e ur al  m o d els  wit h  t h e G E n er al  N E ur al  SI m ul ati o n  S yst e m . S pri n g er  

S ci e n c e  &  B usi n ess  M e di a,  2 0 1 2.  

[ 1 6] Val e nti n o  Br ait e n b er g.  Ve hi cl es:  E x p eri m e nts  i n s y nt h eti c  ps y c h ol o g y . MI T  

pr ess,  1 9 8 6.  

[ 1 7] A m ali a  Br a u n,  Al e x a n d er  B orst,  a n d  M att hi as  M ei er.  “ Dis y n a pti c  i n hi biti o n 

s h a p es  t u ni n g of  O F F- m oti o n  d et e ct ors  i n Dr os o p hil a ”.  I n: C urr e nt  Bi ol o g y  

3 3  ( 1 1 J u n e  2 0 2 3),  2 2 6 0 – 2 2 6 9. e 4.  i s s n: 1 8 7 9 0 4 4 5.  d oi : 1 0. 1 0 1 6/ j. c u b.  

2 0 2 3. 0 5. 0 0 7 . 

[ 1 8] Ri c h ar d  P  Br e nt.  Al g orit h ms  f or mi ni miz ati o n  wit h o ut  d eri v ati v es . C o uri er  

C or p or ati o n,  2 0 1 3.  

[ 1 9] T h o m as  Gr a h a m  Br o w n.  “ T h e  i ntri nsi c f a ct ors i n t h e a ct  of  pr o gr essi o n  i n 

t h e m a m m al ”.  I n: Pr o c e e di n gs  of  t h e R o y al  S o ci et y  of  L o n d o n.  S eri es  B,  

c o nt ai ni n g  p a p ers  of  a  bi ol o gi c al  c h ar a ct er  8 4  ( 5 7 2 1 9 1 1),  p p.  3 0 8 – 3 1 9.  

[ 2 0] R oss  C a g a n.  “ C h a pt er  5  Pri n ci pl es  of  Dr os o p hil a  E y e  Di ff er e nti ati o n ”.  I n: 

C urr e nt  T o pi cs  i n D e v el o p m e nt al  Bi ol o g y  8 9  (J a n. 2 0 0 9),  p p.  1 1 5 – 1 3 5.  i s s n: 

0 0 7 0- 2 1 5 3.  d oi : 1 0. 1 0 1 6/ S 0 0 7 0- 2 1 5 3( 0 9) 8 9 0 0 5- 4 . 

[ 2 1] B e nj a mi n  P.  C a m p b ell,  H u ai  Ti  Li n,  a n d  H ol g er  G.  Kr a p p.  “ Wei g hti n g  El -

e m e nt ar y  M o v e m e nt  D et e ct ors  T u n e d  t o Di ff er e nt  Te m p or al  Fr e q u e n ci es  

t o Esti m at e  I m a g e Vel o cit y ”.  I n: L e ct ur e  N ot es  i n C o m p ut er  S ci e n c e  (i n-

cl u di n g  s u bs eri es  L e ct ur e  N ot es  i n Arti fi ci al  I nt elli g e n c e a n d  L e ct ur e  N ot es  

i n Bi oi nf or m ati cs)  1 4 1 5 7  L N AI  ( 2 0 2 3), p p.  3 9 8 – 4 1 0.  i s s n: 1 6 1 1 3 3 4 9.  d oi : 

1 0. 1 0 0 7/ 9 7 8- 3- 0 3 1- 3 8 8 5 7- 6\ _ 2 9/ FI G U R E S/ 6 . 

https://doi.org/10.1007/s00359-019-01375-9
https://doi.org/10.1007/s00359-019-01375-9
https://doi.org/10.1016/j.cub.2023.05.007
https://doi.org/10.1016/j.cub.2023.05.007
https://doi.org/10.1016/S0070-2153(09)89005-4
https://doi.org/10.1007/978-3-031-38857-6\_29/FIGURES/6
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[ 2 2] M ari e  Cl air e  C a p ol ei,  E m m a n o uil  A n g eli dis,  E gi di o  F al oti c o,  H e nri k  H a u-

t o p L u n d,  a n d  Sil vi a  T ol u.  “ A  bi o mi m eti c  c o ntr ol  m et h o d  i n cr e as es t h e 

a d a pt a bilit y  of  a  h u m a n oi d  r o b ot a cti n g  i n a  d y n a mi c  e n vir o n m e nt ”.  I n: 

Fr o nti ers  i n N e ur or o b oti cs  1 3  ( 2 0 1 9). i s s n: 1 6 6 2 5 2 1 8.  d oi : 1 0. 3 3 8 9/f n b ot.  

2 0 1 9. 0 0 0 7 0 . 

[ 2 3] S u m a  G  C ar d w ell  a n d  Fr a n c es  S  C h a n c e.  “ D e n driti c  c o m p ut ati o n  f or n e ur o-

m or p hi c  a p pli c ati o ns ”.  I n: Pr o c e e di n gs  of  t h e 2 0 2 3  I nt er n ati o n al C o nf er e n c e  

o n  N e ur o m or p hi c  S yst e ms . 2 0 2 3,  p p.  1 – 5.  

[ 2 4] Hill el  J. C hi el  a n d  R a n d all  D.  B e er.  “ T h e  br ai n  h as  a  b o d y:  a d a pti v e  b e h a vi or  

e m er g es  fr o m i nt er a cti o ns of  n er v o us  s yst e m,  b o d y  a n d  e n vir o n m e nt ”.  I n: 

Tr e n ds  i n N e ur os ci e n c es  2 0  ( 1 2 D e c.  1 9 9 7),  p p.  5 5 3 – 5 5 7.  i s s n: 0 1 6 6 2 2 3 6.  

d oi : 1 0. 1 0 1 6/ S 0 1 6 6- 2 2 3 6( 9 7) 0 1 1 4 9- 1 . 

[ 2 5] T h o m as  R  Cl a n di ni n,  C hi- H o n  L e e,  T or y  H er m a n,  R o g er  C  L e e,  A n ni e  

Y  Ya n g,  S h a k e  O v as a p y a n,  a n d  S  L a wr e n c e  Zi p urs k y.  Dr os o p hil a  L A R  

R e g ul at es  R 1- R 6  a n d  R 7  T ar g et  S p e ci fi cit y  i n t h e Vis u al  S yst e m . 2 0 0 1.  

[ 2 6] D a m o n  A.  Cl ar k  a n d  J o n at h a n  B.  D e m b.  P ar all el  C o m p ut ati o ns  i n I ns e ct 

a n d  M a m m ali a n  Vis u al  M oti o n  Pr o c essi n g . O ct.  2 0 1 6.  d oi : 1 0. 1 0 1 6/j. c u b.  

2 0 1 6. 0 8. 0 0 3 . 

[ 2 7] D a vi d  C of er,  G e n n a d y  C y m b al y u k,  Willi a m  J. H eitl er,  a n d  D o n al d  H.  E d -

w ar ds.  “ C o ntr ol  of  t u m bli n g d uri n g  t h e l o c ust j u m p ”. I n: J o ur n al  of  E x p er -

i m e nt al Bi ol o g y  2 1 3  ( 1 9 O ct.  2 0 1 0),  p p.  3 3 7 8 – 3 3 8 7.  i s s n: 0 0 2 2 0 9 4 9.  d oi : 

1 0. 1 2 4 2/j e b. 0 4 6 3 6 7 . 

[ 2 8] D a vi d  C of er,  G e n n a d y  C y m b al y u k,  J a m es  R ei d,  Yi n g  Z h u,  Willi a m  J. 

H eitl er,  a n d  D o n al d  H.  E d w ar ds.  “ A ni m at L a b:  A  3 D  gr a p hi cs  e n vir o n m e nt  

f or n e ur o m e c h a ni c al  si m ul ati o ns ”.  I n: J o ur n al  of  N e ur os ci e n c e  M et h o ds  1 8 7  

( 2 M ar.  2 0 1 0),  p p.  2 8 0 – 2 8 8.  i s s n: 0 1 6 5 0 2 7 0.  

https://doi.org/10.3389/fnbot.2019.00070
https://doi.org/10.3389/fnbot.2019.00070
https://doi.org/10.1016/S0166-2236(97)01149-1
https://doi.org/10.1016/j.cub.2016.08.003
https://doi.org/10.1016/j.cub.2016.08.003
https://doi.org/10.1242/jeb.046367


1 0 0  

[ 2 9] Gr e g or y  C o h e n.  “ G o o a all!!!:  W h y  w e  B uilt  a  N e ur o m or p hi c  R o b ot  t o Pl a y  

F o os b all ”.  I n: I E E E S p e ctr u m  5 9  ( 3 M ar.  2 0 2 2),  p p.  4 4 – 5 0.  i s s n: 0 0 1 8- 9 2 3 5.  

[ 3 0] G a bri el e  C ost a nt e,  Mi c h el e  M a n ci ni,  P a ol o  Vali gi,  a n d  T h o m as  A.  Ci a-

rf u gli a. “ E x pl ori n g  R e pr es e nt ati o n  L e ar ni n g  Wit h  C N Ns  f or Fr a m e-t o-

Fr a m e  E g o- M oti o n  Esti m ati o n ”.  I n: I E E E R o b oti cs  a n d  A ut o m ati o n  L ett ers  1  

( 1 J a n.  2 0 1 6),  p p.  1 8 – 2 5.  i s s n: 2 3 7 7 3 7 6 6.  d oi : 1 0. 1 1 0 9/ L R A. 2 0 1 5. 2 5 0 5 7 1 7 . 

[ 3 1] M att h e w  S.  Cr e a m er,  O m er  M a n o,  a n d  D a m o n  A.  Cl ar k.  “ Vis u al  C o ntr ol  

of  Wal ki n g  S p e e d  i n Dr os o p hil a ”.  I n: N e ur o n  1 0 0  ( 6 D e c.  2 0 1 8),  1 4 6 0 –  

1 4 7 3. e 6.  i s s n: 1 0 9 7 4 1 9 9.  d oi : 1 0. 1 0 1 6/j. n e ur o n. 2 0 1 8. 1 0. 0 2 8 . 

[ 3 2] G e or g e  C y b e n k o.  “ A p pr o xi m ati o n  b y  s u p er p ositi o ns  of  a  si g m oi d al  f u n c-

ti o n ”. I n: M at h e m ati cs  of  c o ntr ol,  si g n als  a n d  s yst e ms  2. 4  ( 1 9 8 9), p p.  3 0 3 –  

3 1 4.  

[ 3 3] Mi k e  D a vi es,  N ar a y a n  Sri ni v as a,  Ts u n g- H a n  Li n,  G a ut h a m  C hi n y a,  Y o n g qi a n g  

C a o,  Sri  H ars h a  C h o d a y,  G e or gi os  Di m o u,  Pr as a d  J os hi,  N a bil  I m a m, 

S h w et a  J ai n,  et  al.  “ L oi hi:  A  n e ur o m or p hi c  m a n y c or e  pr o c ess or  wit h  o n- c hi p  

l e ar ni n g ”. I n: I E E E Mi cr o  3 8  ( 1 2 0 1 8),  p p.  8 2 – 9 9.  

[ 3 4] S c ott  L.  D el p,  Fr a n k  C.  A n d ers o n,  Allis o n  S.  Ar n ol d,  P et er  L o a n,  A y m a n  

H a bi b,  C h a n d  T.  J o h n,  Er a n  G u e n d el m a n,  a n d  D arr yl  G.  T h el e n.  “ O p e n-

Si m:  O p e n- S o ur c e  S oft w ar e  t o Cr e at e  a n d  A n al y z e  D y n a mi c  Si m ul ati o ns  

of  M o v e m e nt ”.  I n: I E E E Tr a ns a cti o ns  o n  Bi o m e di c al  E n gi n e eri n g  5 4  ( 1 1 

N o v.  2 0 0 7),  p p.  1 9 4 0 – 1 9 5 0.  i s s n: 0 0 1 8- 9 2 9 4.  

[ 3 5] K ai y u  D e n g,  Ni c h ol as  S.  S z c z e ci ns ki,  Dir k  Ar n ol d,  E m a n u el  A n dr a d a,  M ar -

ti n Fis c h er,  R o g er  D.  Q ui n n,  a n d  Al e x a n d er  J. H u nt.  “ N e ur o m e c h a ni c al  

m o d el  of  r at hi n d  li m b w al ki n g  wit h  t w o l a y er C P Gs  a n d  m us cl e  s y n er-

gi es ”.  I n: v ol.  1 0 9 2 8  L N AI.  S pri n g er  Verl a g,  2 0 1 8,  p p.  1 3 4 – 1 4 4.  i s b n: 

9 7 8 3 3 1 9 9 5 9 7 1 9.  

https://doi.org/10.1109/LRA.2015.2505717
https://doi.org/10.1016/j.neuron.2018.10.028
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[ 3 6] Li  D e n g.  “ T h e  m nist  d at a b as e  of  h a n d writt e n  di git  i m a g es f or m a c hi n e  l e ar n-

i n g r es e ar c h ”. I n: I E E E Si g n al  Pr o c essi n g  M a g azi n e  2 9. 6  ( 2 0 1 2), p p.  1 4 1 –  

1 4 2.  

[ 3 7] S o p hi e  D e n è v e  a n d  C hristi a n  K.  M a c h e ns.  E ffi ci e nt  c o d es  a n d  b al a n c e d  

n et w or ks . F e b.  2 0 1 6.  d oi : 1 0. 1 0 3 8/ n n. 4 2 4 3 . 

[ 3 8] Tr a vis  D e W olf,  Ki nj al  P at el,  P a w el  J a w ors ki,  R o x a n a  L e o nti e,  J o e  H a ys,  a n d  

C hris  Eli as mit h.  “ N e ur o m or p hi c  c o ntr ol  of  a  si m ul at e d  7- D O F  ar m  usi n g  

L oi hi ”.  I n: N e ur o m or p hi c  C o m p uti n g  a n d  E n gi n e eri n g  3  ( 1 M ar.  2 0 2 3),  

p.  0 1 4 0 0 7.  d oi : 1 0. 1 0 8 8/ 2 6 3 4- 4 3 8 6/ a c b 2 8 6 . 

[ 3 9] Mi k a el  Dj urf el dt,  J o h a n n es  Hj ort h,  J o c h e n  M.  E p pl er,  Nir aj  D u d a ni,  M orit z  

H eli as,  T o bi as  C.  P otj a ns,  U pi n d er  S.  B h all a,  M ar k us  Di es m a n n,  J e a n ett e  

H ell gr e n  K ot al es ki,  a n d  Örj a n  E k e b er g.  “ R u n-ti m e  i nt er o p er a bilit y b et w e e n  

n e ur o n al  n et w or k  si m ul at ors  b as e d  o n  t h e M U SI C  fr a m e w or k ”. I n: N e ur oi n-

f or m ati cs 8  ( 1 M ar.  2 0 1 0),  p p.  4 3 – 6 0.  i s s n: 1 5 3 9 2 7 9 1.  d oi : 1 0. 1 0 0 7/ s 1 2 0 2 1-

0 1 0- 9 0 6 4- z . 

[ 4 0] Mi c h a el  S.  Dr e ws,  Alj os c h a  L e o n h ar dt,  N a d e z h d a  Pir o g o v a,  Fl ori a n  G.  

Ri c ht er,  A n n a  S c h u et z e n b er g er,  L u k as  Br a u n,  Eti e n n e  S er b e,  a n d  Al e x a n d er  

B orst.  “ D y n a mi c  Si g n al  C o m pr essi o n  f or R o b ust  M oti o n  Visi o n  i n Fli es ”.  

I n: C urr e nt  Bi ol o g y  3 0  ( 2 J a n.  2 0 2 0),  2 0 9 – 2 2 1. e 8.  i s s n: 0 9 6 0 9 8 2 2.  d oi : 

1 0. 1 0 1 6/j. c u b. 2 0 1 9. 1 0. 0 3 5 . 

[ 4 1] C hris  Eli as mit h  a n d  C h arl es  H  A n d ers o n.  N e ur al  e n gi n e eri n g:  C o m p ut ati o n,  

r e pr es e nt ati o n,  a n d  d y n a mi cs  i n n e ur o bi ol o gi c al  s yst e ms . MI T  pr ess,  2 0 0 3.  

[ 4 2] J as o n  K.  Es hr a g hi a n,  M a x  War d,  E mr e  N eft ci,  Xi n xi n  Wa n g,  Gr e g or  L e n z,  

Giris h  D wi v e di,  M o h a m m e d  B e n n a m o u n,  D o o  S e o k  J e o n g,  a n d  Wei  D.  L u.  

“ Tr ai ni n g  S pi ki n g  N e ur al  N et w or ks  Usi n g  L ess o ns  Fr o m  D e e p  L e ar ni n g ”.  

I n: ( S e pt. 2 0 2 1).  

https://doi.org/10.1038/nn.4243
https://doi.org/10.1088/2634-4386/acb286
https://doi.org/10.1007/s12021-010-9064-z
https://doi.org/10.1007/s12021-010-9064-z
https://doi.org/10.1016/j.cub.2019.10.035
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[ 4 3] E gi di o  F al oti c o,  L or e n z o  Va n n u c ci,  Al ess a n dr o  A m br os a n o,  U g o  Al b a n es e,  

St ef a n  Ul bri c h,  J u a n  C a mil o  Vas q u e z  Ti e c k,  G e or g  Hi n k el,  J a c q u es  K ais er,  

I g or P eri c,  Oli v er  D e n ni n g er,  Ni n o  C a uli,  M ur at  Kirt a y,  Ar n e  R o e n n a u,  

G u dr u n  Kli n k er,  A x el  V o n  Ar ni m,  L u c  G u y ot,  D a ni el  P e p pi c elli,  P a bl o  

M a cti n a z- C a ñ a d a,  E d u ar d o  R os,  P atri c k  M ai er,  S a n dr o  We b er,  M a n u ei  H u-

b er,  D a vi d  Pl e c h er,  Fl ori a n  R ö hr b ei n,  St ef a n  D es er,  Ali n a  R oit b er g,  P atri c k  

Va n  D er  S m a gt,  R ü di g er  Dill m a n,  P a ul  L e vi,  C e cili a  L as c hi,  Al ois  C.  K n oll,  

a n d  M ar c  Oli v er  G e w alti g.  “ C o n n e cti n g  arti fi ci al  br ai ns  t o r o b ots i n a  c o m-

pr e h e nsi v e  si m ul ati o n  fr a m e w or k: T h e  n e ur or o b oti cs  pl atf or m ”.  I n: Fr o n-

ti ers i n N e ur or o b oti cs  1 1  (J A N J a n.  2 0 1 7).  i s s n: 1 6 6 2 5 2 1 8.  

[ 4 4] Lis a  M.  F e n k,  S o fi a  C.  A vrit z er,  J a z z  L.  Weis m a n,  A dit y a  N air,  L u c as  D.  

R a n dt,  T h o m as  L.  M o hr e n,  I g or Si w a n o wi c z,  a n d  G a b y  M ai m o n.  “ M us cl es  

t h at m o v e  t h e r eti n a a u g m e nt  c o m p o u n d  e y e  visi o n  i n Dr os o p hil a ”.  I n: 

N at ur e  2 0 2 2  6 1 2: 7 9 3 8  6 1 2  ( 7 9 3 8 O ct.  2 0 2 2),  p p.  1 1 6 – 1 2 2.  i s s n: 1 4 7 6-

4 6 8 7.  d oi : 1 0. 1 0 3 8/ s 4 1 5 8 6- 0 2 2- 0 5 3 1 7- 5 . 

[ 4 5] A n dr e as  K.  Fi dj el a n d,  Eti e n n e  B.  R o es c h,  M urr a y  P.  S h a n a h a n,  a n d  Wa y n e  

L u k.  “ N e M o:  A  pl atf or m  f or n e ur al  m o d elli n g  of  s pi ki n g  n e ur o ns  usi n g  

G P Us ”.  I n: 2 0 0 9,  p p.  1 3 7 – 1 4 4.  i s b n: 9 7 8 0 7 6 9 5 3 7 3 2 0.  d oi : 1 0. 1 1 0 9/ A S A P.  

2 0 0 9. 2 4 . 

[ 4 6] D a vi d  Fit z p atri c k.  “ T h e  F u n cti o n al  Or g a ni z ati o n  of  L o c al  Cir c uits  i n Vis u al  

C ort e x:  I nsi g hts fr o m t h e St u d y  of  Tr e e  S hr e w  Stri at e  C ort e x ”.  I n: C er e br al  

C ort e x  6  ( 3 1 9 9 6),  p p.  3 2 9 – 3 4 1.  i s s n: 1 0 4 7- 3 2 1 1.  d oi : 1 0. 1 0 9 3/ c er c or/ 6. 3.  

3 2 9 . 

[ 4 7] Li m or  Fr eif el d,  D a m o n  A.  Cl ar k,  M ar k  J. S c h nit z er,  M ar k  A.  H or o wit z,  

a n d  T h o m as  R.  Cl a n di ni n.  “ G A B A er gi c  L at er al  I nt er a cti o ns T u n e  t h e E arl y  

St a g es  of  Vis u al  Pr o c essi n g  i n Dr os o p hil a ”.  I n: N e ur o n  7 8  ( 6 J u n e  2 0 1 3),  

p p.  1 0 7 5 – 1 0 8 9.  i s s n: 0 8 9 6 6 2 7 3.  d oi : 1 0. 1 0 1 6/j. n e ur o n. 2 0 1 3. 0 4. 0 2 4 . 
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ar o us al  g at es  vis u al  pr o c essi n g  d uri n g  Dr os o p hil a  c o urts hi p ”.  I n: N at ur e  

2 0 2 1  5 9 5: 7 8 6 8  5 9 5  ( 7 8 6 8 J ul y  2 0 2 1),  p p.  5 4 9 – 5 5 3.  i s s n: 1 4 7 6- 4 6 8 7.  d oi : 

1 0. 1 0 3 8/ s 4 1 5 8 6- 0 2 1- 0 3 7 1 4- w . 

[ 1 1 8] B e c k  Str o h m er,  P or a m at e  M a n o o n p o n g,  a n d  L e o n  B o n d e  L ars e n.  “ Fl e xi-

bl e  S pi ki n g  C P Gs  f or O nli n e  M a ni p ul ati o n  D uri n g  H e x a p o d  Wal ki n g ”.  I n: 

Fr o nti ers  i n N e ur or o b oti cs  1 4  (J u n e 2 0 2 0).  i s s n: 1 6 6 2 5 2 1 8.  

[ 1 1 9] J a m es  A.  Str ot h er,  S hi u a n  T z e  W u,  E d w ar d  M.  R o g ers,  J essi c a  L. M.  Eli as o n,  

All a n  M.  W o n g,  Alj os c h a  N er n,  a n d  Mi c h a el  B.  R eis er.  “ B e h a vi or al  st at e  

m o d ul at es  t h e o n  vis u al  m oti o n  p at h w a y  of  dr os o p hil a ”.  I n: Pr o c e e di n gs  of  

t h e N ati o n al  A c a d e m y  of  S ci e n c es  of  t h e U nit e d  St at es  of  A m eri c a  1 1 5  ( 1 

J a n.  2 0 1 8),  E 1 0 2 – E 1 1 1.  i s s n: 1 0 9 1 6 4 9 0.  u r l : htt ps:// w w w. p n as. or g/ d oi/  

a bs/ 1 0. 1 0 7 3/ p n as. 1 7 0 3 0 9 0 1 1 5 . 

[ 1 2 0] Ni c h ol as  S.  S z c z e ci ns ki,  A m y  E.  Br o w n,  J o h n  A.  B e n d er,  R o g er  D.  Q ui n n,  

a n d  R o y  E.  Rit z m a n n.  “ A  n e ur o m e c h a ni c al  si m ul ati o n  of  i ns e ct w al ki n g  a n d  

tr a nsiti o n t o t ur ni n g of  t h e c o c kr o a c h  Bl a b er us  dis c oi d alis ”.  I n: Bi ol o gi c al  

C y b er n eti cs  1 0 8  ( 1 F e b.  2 0 1 4),  p p.  1 – 2 1.  i s s n: 0 3 4 0 1 2 0 0.  

[ 1 2 1] Ni c h ol as  S  S z c z e ci ns ki,  Al e x a n d er  J H u nt,  a n d  R o g er  D  Q ui n n.  “ A  f u n c-

ti o n al s u b n et w or k  a p pr o a c h  t o d esi g ni n g  s y nt h eti c  n er v o us  s yst e ms  t h at 

c o ntr ol  l e g g e d r o b ot l o c o m oti o n ”. I n: Fr o nti ers  i n n e ur or o b oti cs  1 1  ( 2 0 1 7), 

p.  3 7.  
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https://doi.org/10.1038/s41586-021-03714-w
https://www.pnas.org/doi/abs/10.1073/pnas.1703090115
https://www.pnas.org/doi/abs/10.1073/pnas.1703090115


1 1 4  

[ 1 2 2] Ni c h ol as  S.  S z c z e ci ns ki,  Al e x a n d er  J. H u nt,  a n d  R o g er  D.  Q ui n n.  “ D esi g n  

pr o c ess  a n d  t o ols f or d y n a mi c  n e ur o m e c h a ni c al  m o d els  a n d  r o b ot c o n -

tr oll ers ”. I n: Bi ol o gi c al  C y b er n eti cs  1 1 1  ( 1 F e b.  2 0 1 7),  p p.  1 0 5 – 1 2 7.  i s s n: 

0 3 4 0- 1 2 0 0.  u r l : htt p://li n k.s pri n g er. c o m/ 1 0. 1 0 0 7/ s 0 0 4 2 2- 0 1 7- 0 7 1 1- 4 . 

[ 1 2 3] Ni c h ol as  S.  S z c z e ci ns ki,  R o g er  D.  Q ui n n,  a n d  Al e x a n d er  J. H u nt.  “ E xt e n di n g  

t h e F u n cti o n al  S u b n et w or k  A p pr o a c h  t o a  G e n er ali z e d  Li n e ar  I nt e gr at e- a n d-

Fir e  N e ur o n  M o d el ”.  I n: Fr o nti ers  i n N e ur or o b oti cs  1 4  ( N o v. 2 0 2 0).  i s s n: 

1 6 6 2 5 2 1 8.  d oi : 1 0. 3 3 8 9/f n b ot. 2 0 2 0. 5 7 7 8 0 4 . 

[ 1 2 4] Ni c h ol as  St e p h e n  S z c z e ci ns ki,  Cl ariss a  G ol ds mit h,  Willi a m  N o urs e,  a n d  

R o g er  D  Q ui n n.  “ A  p ers p e cti v e  o n  t h e n e ur o m or p hi c  c o ntr ol  of  l e g g e d 

l o c o m oti o n i n p ast,  pr es e nt,  a n d  f ut ur e i ns e ct-li k e r o b ots ”. I n: N e ur o m or p hi c  

C o m p uti n g  a n d  E n gi n e eri n g  ( M ar. 2 0 2 3).  d oi : 1 0. 1 0 8 8/ 2 6 3 4- 4 3 8 6/ a c c 0 4f . 

[ 1 2 5] S hi n- Ya  Ta k e m ur a,  Alj os c h a  N er n,  D mitri  B  C h kl o vs kii,  L o uis  K  S c h e ff er,  

G er al d  M  R u bi n,  a n d  I a n A  M ei n ert z h a g e n.  “ T h e  c o m pr e h e nsi v e  c o n n e c-

t o m e of  a  n e ur al  s u bstr at e  f or ’ O N’ m oti o n  d et e cti o n  i n Dr os o p hil a ”.  I n: 

( 2 0 1 7). d oi : 1 0. 7 5 5 4/ e Lif e. 2 4 3 9 4. 0 0 1 . 

[ 1 2 6] C ori n n e  Te et er,  R a m a kris h n a n  I y er, Vil as  M e n o n,  N at h a n  G o u w e ns,  D a vi d  

F e n g,  Ji m B er g,  A ar o n  S z af er,  Ni c h ol as  C ai n,  H o n g k ui  Z e n g,  Mi c h a el  

H a wr yl y c z,  C hrist of  K o c h,  a n d  St ef a n  Mi h al as.  “ G e n er ali z e d  l e a k y i nt e gr at e-

a n d- fir e  m o d els  cl assif y  m ulti pl e  n e ur o n  t y p es ”. I n: N at ur e  C o m m u ni c ati o ns  

9  ( 1 D e c.  2 0 1 8).  i s s n: 2 0 4 1 1 7 2 3.  d oi : 1 0. 1 0 3 8/ s 4 1 4 6 7- 0 1 7- 0 2 7 1 7- 4 . 

[ 1 2 7] E m a n u el  T o d or o v,  T o m  Er e z,  a n d  Y u v al  Tass a.  “ M uJ o C o:  A  p h ysi cs  e n gi n e  

f or m o d el- b as e d  c o ntr ol ”.  I n: 2 0 1 2,  p p.  5 0 2 6 – 5 0 3 3.  i s b n: 9 7 8 1 4 6 7 3 1 7 3 7 5.  

d oi : 1 0. 1 1 0 9/I R O S. 2 0 1 2. 6 3 8 6 1 0 9 . 

[ 1 2 8] C arl o  T o m asi  a n d  Ji a n b o  S hi.  “ Dir e cti o n  of  h e a di n g  fr o m i m a g e d ef or m a -

ti o ns ”. I n: I E E E C o m p ut er  Visi o n  a n d  P att er n  R e c o g niti o n  ( 1 9 9 3), p p.  4 2 2 –  

4 2 7.  d oi : 1 0. 1 1 0 9/ C V P R. 1 9 9 3. 3 4 1 0 9 6 . 
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[ 1 2 9] P a uli  Virt a n e n,  R alf  G o m m ers,  Tr a vis  E.  Oli p h a nt,  M att  H a b erl a n d,  T yl er  

R e d d y,  D a vi d  C o ur n a p e a u,  E v g e ni  B ur o vs ki,  P e ar u  P et ers o n,  Warr e n  We c k ess er,  

J o n at h a n  Bri g ht,  St éf a n  J. v a n  d er  Walt,  M att h e w  Br ett,  J os h u a  Wils o n,  K.  

J arr o d  Mill m a n,  Ni k ol a y  M a y or o v,  A n dr e w  R.  J. N els o n,  Eri c  J o n es,  R o b ert  

K er n,  Eri c  L ars o n,  C  J C ar e y,  İl h a n P ol at,  Y u  F e n g,  Eri c  W.  M o or e,  J a k e  

Va n d er Pl as,  D e nis  L a x al d e,  J os ef  P er kt ol d,  R o b ert  Ci mr m a n,  I a n H e nri ks e n,  

E.  A.  Q ui nt er o,  C h arl es  R.  H arris,  A n n e  M.  Ar c hi b al d,  A nt ô ni o  H.  Ri b eir o,  

F a bi a n  P e dr e g os a,  P a ul  v a n  M ul br e gt,  a n d  S ci P y  1. 0  C o ntri b ut ors.  “ S ci P y  

1. 0:  F u n d a m e nt al  Al g orit h ms  f or S ci e nti fi c  C o m p uti n g  i n P yt h o n ”.  I n: N a-

t ur e M et h o ds  1 7  ( 2 0 2 0), p p.  2 6 1 – 2 7 2.  d oi : 1 0. 1 0 3 8/ s 4 1 5 9 2- 0 1 9- 0 6 8 6- 2 . 

[ 1 3 0] J uli e n  Vit a y,  H el g e  Di n k el b a c h,  a n d  Fr e d  H.  H a m k er.  “ A N N ar c h y:  A  c o d e  

g e n er ati o n  a p pr o a c h  t o n e ur al  si m ul ati o ns  o n  p ar all el  h ar d w ar e ”.  I n: Fr o n -

ti ers i n N e ur oi nf or m ati cs  9  (J U L Y J ul y  2 0 1 5).  i s s n: 1 6 6 2 5 1 9 6.  d oi : 1 0 .  

3 3 8 9/f ni nf. 2 0 1 5. 0 0 0 1 9 . 

[ 1 3 1] T h o m as  V o e gtli n.  “ C L O N E S  : a  cl os e d-l o o p  si m ul ati o n  fr a m e w or k f or b o d y,  

m us cl es  a n d  n e ur o ns ”.  I n: B M C  N e ur os ci e n c e  1 2  ( S 1 D e c.  2 0 1 1).  d oi : 

1 0. 1 1 8 6/ 1 4 7 1- 2 2 0 2- 1 2- s 1- p 3 6 3 . 

[ 1 3 2] C o n g  Wa n g,  Z ai z h e n g  Ya n g,  S h u a n g  Wa n g,  P e n gf ei  Wa n g,  C h e n- Y u  Wa n g,  

C h e n  P a n,  Bi n  C h e n g,  S hi-J u n  Li a n g,  a n d  F e n g  Mi a o.  “ A  Br ait e n b er g  v e -

hi cl e  b as e d  o n  m e mristi v e  n e ur o m or p hi c  cir c uits ”.  I n: A d v a n c e d  I nt elli g e nt 

S yst e ms  2. 1  ( 2 0 2 0), p.  1 9 0 0 1 0 3.  

[ 1 3 3] Si b o  Wa n g- C h e n,  Vi ct or  Alfr e d  Sti m p fli n g,  P e m b e  Gi z e m ¨ o z dil,  Gi z e m ¨  

Gi z e m ¨ o z dil,  L o uis e  G e n o u d,  F e m k e  H urt a k,  a n d  P a v a n  R a m d y a.  “ N e u-

r o M e c h Fl y 2. 0,  a  fr a m e w or k f or si m ul ati n g  e m b o di e d  s e ns ori m ot or  c o ntr ol  

i n a d ult  Dr os o p hil a ”.  I n: (). d oi : 1 0. 1 1 0 1/ 2 0 2 3. 0 9. 1 8. 5 5 6 6 4 9 . 

[ 1 3 4] B ar b ar a  We b b.  “ R o b ots  i n i n v ert e br at e n e ur os ci e n c e ”.  I n: N at ur e  4 1 7  ( 6 8 8 6 

M a y  2 0 0 2),  p p.  3 5 9 – 3 6 3.  i s s n: 0 0 2 8- 0 8 3 6.  d oi : 1 0. 1 0 3 8/ 4 1 7 3 5 9 a . 
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[ 1 3 5] P hili p p  Wei d el,  Mi k a el  Dj urf el dt,  R e n at o  C  D u art e,  a n d  A bi g ail  M orris o n.  

“ Cl os e d  l o o p i nt er a cti o ns b et w e e n  s pi ki n g  n e ur al  n et w or k  a n d  r o b oti c si m-

ul at ors  b as e d  o n  M U SI C  a n d  R O S ”.  I n: Fr o nti ers  i n n e ur oi nf or m ati cs  1 0  

( 2 0 1 6), p.  3 1.  

[ 1 3 6] P a ul  J. Wer b os.  “ B a c pr o p a g ati o n  T hr o u g h  Ti m e:  W H at  It D o es  a n d  H o w  t o 

D o  It ”. I n: Pr o c e e di n gs  of  t h e I E E E 7 8  ( 1 0 1 9 9 0).  

[ 1 3 7] Mi c h a el  Wi n di n g,  B e nj a mi n  D.  P e di g o,  C hrist o p h er  L.  B ar n es,  H e at h er  G.  

P ats oli c,  Y o u n gs er  P ar k,  T o m  K a zi mi ers,  A kir a  F us hi ki,  I n gri d V.  A n dr a d e,  

A vi n as h  K h a n d el w al,  J a vi er  Val d es- Al e m a n,  F e n g  Li,  N a di n e  R a n d el,  Eli z-

a b et h  B ars otti,  A n a  C orr ei a,  Ri c h ar d  D.  F ett er,  V ol k er  H art e nst ei n,  C ar e y  E.  

Pri e b e,  J os h u a  T.  V o g elst ei n,  Al b ert  C ar d o n a,  a n d  M art a  Zl ati c.  “ T h e  c o n-

n e ct o m e  of  a n  i ns e ct br ai n ”.  I n: S ci e n c e  ( N e w Y or k,  N. Y.)  3 7 9  ( 6 6 3 6 M ar.  

2 0 2 3),  e a d d 9 3 3 0.  i s s n: 1 0 9 5 9 2 0 3.  d oi : 1 0. 1 1 2 6/ s ci e n c e. a d d 9 3 3 0 . 

[ 1 3 8] Esi n  Ya v u z,  J a m es  T ur n er,  a n d  T h o m as  N o w ot n y.  “ G e N N:  A  c o d e  g e n er a -

ti o n fr a m e w or k f or a c c el er at e d  br ai n  si m ul ati o ns ”.  I n: S ci e nti fi c  R e p orts  6  

(J a n. 2 0 1 6).  i s s n: 2 0 4 5 2 3 2 2.  d oi : 1 0. 1 0 3 8/ sr e p 1 8 8 5 4 . 

[ 1 3 9] Fl et c h er  Y o u n g.  “ D esi g n  a n d  A n al ysis  of  a  Bi o m e c h a ni c al  M o d el  of  t h e 

R at  Hi n dli m b  wit h  a  C o m pl et e  M us c ul at ur e ”.  I n: ( 2 0 2 2). u r l : htt p://r a v e.  

o hi oli n k. e d u/ et d c/ vi e w ? a c c _ n u m = c as e 1 6 4 8 1 5 4 0 5 7 2 3 7 0 4 3 . 

[ 1 4 0] We n h a o  Y u,  D e e p ali  J ai n,  Al ej a n dr o  Es c o ntr el a,  Atil  Is c e n, P e n g  X u,  Er wi n  

C o u m a ns,  S e h o o n  H a,  Ji e Ta n,  a n d  Ti n g n a n  Z h a n g.  Vis u al- L o c o m oti o n:  

L e ar ni n g  t o W al k  o n  C o m pl e x  Terr ai ns  wit h  Visi o n . 

[ 1 4 1] Y ur y  V.  Z a yts e v  a n d  A bi g ail  M orris o n.  “ C y N E S T:  A  m ai nt ai n a bl e  c yt h o n-

b as e d  i nt erf a c e f or t h e N E S T  si m ul at or ”.  I n: Fr o nti ers  i n N e ur oi nf or m ati cs  

8  ( M A R M ar.  2 0 1 4).  i s s n: 1 6 6 2 5 1 9 6.  
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[ 1 4 2] L ei  Z h a n g,  Ti a n g u a n g  Z h a n g,  H ai y a n  W u,  Al e x a n d er  B orst,  a n d  K olj a  K h n-

l e n z. “ Vis u al  fli g ht  c o ntr ol  of  a  q u a dr ot or  usi n g  bi oi ns pir e d  m oti o n  d et e c -

t or ”. I n: I nt er n ati o n al J o ur n al  of  N a vi g ati o n  a n d  O bs er v ati o n  ( 2 0 1 2). i s s n: 

1 6 8 7 5 9 9 0.  d oi : 1 0. 1 1 5 5/ 2 0 1 2/ 6 2 7 0 7 9 . 

[ 1 4 3] B ai g a n  Z h a o,  Yi n g pi n g  H u a n g,  H o n gji a n  Wei,  a n d  Xi n g  H u.  “ E g o- M oti o n  

Esti m ati o n  Usi n g  R e c urr e nt  C o n v ol uti o n al  N e ur al  N et w or ks  t hr o u g h O pti c al  

Fl o w  L e ar ni n g ”.  I n: El e ctr o ni cs  2 0 2 1,  V ol.  1 0,  P a g e  2 2 2  1 0  ( 3 J a n.  2 0 2 1),  

p.  2 2 2.  i s s n: 2 0 7 9- 9 2 9 2.  d oi : 1 0. 3 3 9 0/ E L E C T R O NI C S 1 0 0 3 0 2 2 2 . 
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Fi g ur e 3. 3: C o m p aris o n of w all- cl o c k ti m es f or S N S- T o ol b o x t o si m ul at e a n et w or k
f or o n e si m ul ati o n ti m e-st e p o v er v ar yi n g n et w or k si z es, usi n g S N S- T o ol b o x a n d
t hr e e ot h er n e ur al si m ul at ors ( Bri a n 2 [5 1 ], N e n g o [1 1 ], a n d A N N ar c h y [1 3 0 ]).
F or t h e f oll o wi n g si m ul at ors, t h e ti m e d at a pr es e nt e d ar e c h os e n as t h e b est-
p erf or mi n g b a c k e n d v ari a nt, Bri a n 2, st a n d ar d Bri a n 2, a n d t h e G P U- a c c el er at e d
Bri a n 2 C U D A; S N S- T o ol b o x, all a v ail a bl e v ari a nts; a n d A N N ar c h y, C P U- b as e d
c o m pil ati o n, a n d G P U- b as e d c o m pil ati o n. (A ,B ): N et w or ks of n o n-s pi ki n g n e u -
r o ns, (C ,D ): n et w or ks of s pi ki n g n e ur o ns. L eft : F ull y- c o n n e ct e d n et w or ks, Ri g ht :
S p ars el y c o n n e ct e d n et w or ks, f oll o wi n g t h e str u ct ur e d es cri b e d i n S e cti o n 3. 4. 2 .
Li n es d e n ot e t h e m e a n o v er 1 0 0 0 st e ps, s h a d e d r e gi o n d e n ot es t h e ar e a b et w e e n t h e
fift h a n d ni n et y- fift h p er c e ntil es. T h e r e al-ti m e li mit is d e n ot e d wit h a h ori z o nt al
d as h e d bl a c k li n e.

P e rf o r m a n c e o n E m b e d d e d H a r d w a r e

T h e t esti n g pr o c e d ur e pr es e nt e d i n S e cti o n 3. 4. 2 is a g ai n r e p e at e d, t esti n g t h e

p erf or m a n c e of S N S- T o ol b o x o n v ari o us e m b e d d e d c o m p uti n g pl atf or ms. T h es e

i n cl u d e d a R as p b err y Pi M o d el 3 B (tr a d e m ar k R as p b err y Pi Li mit e d, C a m bri d g e,

U K), J ets o n N a n o 4 G B (tr a d e m ar k N VI DI A C or p or ati o n, S a nt a Cl ar a, C A, U S A),

a n d a n I nt el N U C S W N U C 1 1 P H Ki 7 c 0 0 (tr a d e m ar k I nt el C or p or ati o n, S a nt a Cl ar a,

C A, U S A) wit h 3 2 G B of R A M. D u e t o t h e r e d u c e d a v ail a bl e m e m or y a v ail a bl e o n

t h e R as p b err y Pi a n d J ets o n, n et w or k si z e is v ari e d l o g arit h mi c all y fr o m 1 0 t o 1 0 0 0
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n e ur o ns, i nst e a d of t h e 1 0 – 5 0 0 0 n e ur o ns i n S e cti o ns 3. 4. 2 a n d 3. 4. 2 . R es ults ar e

s h o w n i n Fi g ur e 3. 4 ; f or cl arit y, all b a c k e n ds ar e c o n d e ns e d f or e a c h d e vi c e s u c h t h at

t h e b est p erf or mi n g s ol uti o n at e a c h n et w or k si z e is pr es e nt e d. T h e R as p b err y Pi

p erf or ms c o m p ar a bl y wit h a J ets o n N a n o, wit h t h e J ets o n e x hi biti n g sli g htl y b ett er

p erf or m a n c e a cr oss all n et w or k si z es. T h e a m o u nt of m e m or y a v ail a bl e o n t h e

R as p b err y Pi is t h e s m all est of t h e t hr e e d e vi c es, s o it is u n a bl e t o si m ul at e d e ns el y-

c o n n e ct e d n et w or ks o v er a p pr o xi m at el y 9 0 0 n e ur o ns i n si z e. T h e I nt el N U C is a

si g ni fi c a ntl y m or e p o w erf ul c o m p uti n g pl atf or m t h a n t h e R as p b err y Pi or t h e J ets o n

N a n o, a n d a c c or di n gl y b e h a v es m or e cl os el y t o d es kt o p-l e v el p erf or m a n c e.

Fi g ur e 3. 4: C o m p aris o n of w all- cl o c k ti m es t o si m ul at e a n et w or k f or o n e si m ul ati o n
ti m e-st e p o v er v ar yi n g n et w or k si z es, usi n g S N S- T o ol b o x o n t hr e e di ff er e nt e m b e d -
d e d c o m p uti n g pl atf or ms (I nt el N U C, R as p b err y Pi v ersi o n 3 b, a n d a n N VI DI A
J ets o n N a n o). T h e ti m e d at a pr es e nt e d ar e c h os e n as t h e b est- p erf or mi n g b a c k e n d
v ari a nt at e a c h n et w or k si z e, wit h G P U- b as e d b a c k e n ds e x cl u d e d o n t h e R as p b err y
Pi. (A ,B ): N et w or ks of n o n-s pi ki n g n e ur o ns, (C ,D ): n et w or ks of s pi ki n g n e ur o ns.
L eft : F ull y- c o n n e ct e d n et w or ks, Ri g ht : S p ars el y c o n n e ct e d n et w or ks, f oll o wi n g t h e
str u ct ur e d es cri b e d i n S e cti o n 3. 4. 2 . Li n es d e n ot e t h e m e a n o v er 1 0 0 0 st e ps, s h a d e d
r e gi o n d e n ot es t h e ar e a b et w e e n t h e fift h a n d ni n et y- fift h p er c e ntil es. T h e r e al-ti m e
li mit is d e n ot e d wit h a h ori z o nt al d as h e d bl a c k li n e.
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Fi g ur e 3. 5: Usi n g S N S- T o ol b o x t o d esi g n a t w o-l a y er vis u al pr o c essi n g s yst e m.
A. P yt h o n c o d e t o g e n er at e t h e d esir e d n et w or k. I m a g e pr e pr o c essi n g a n d o ut p ut
pl otti n g ar e o mitt e d. B. N et w or k vis u al r e pr es e nt ati o n. A n i n p ut i m a g e is c o n v ert e d
t o sti m ul us c urr e nt f or a p o p ul ati o n of n e ur o ns, r e pr es e nti n g t h e i ns e ct r eti n a. Fr o m
t h e r eti n a, a 3 3 k er n el of i n hi bit or y (li g ht bl u e) a n d e x cit at or y ( p ur pl e) s y n a ps es
is a p pli e d t o cr e at e a hi g h- p ass filt eri n g e ff e ct i n t h e n e xt l a y er, r e pr es e nti n g t h e
L 1 i ns e ct l a mi n a n e ur o ns. C. O ut p ut of r eti n a a n d l a mi n a n e ur o ns, r es p e cti v el y.
V olt a g es ar e m a p p e d t o gr a ys c al e i nt e nsiti es.

n et w or k as 5 ms.

We ass u m e t h at i n p ut i m a g es ar e gr a ys c al e, b e c a us e t h e r eti n a n e ur o ns us e d

wit hi n t h e m oti o n visi o n p at h w a y o nl y r es p o n d t o a si n gl e li g ht c ol or ( gr e e n)[2 5 ].

Si n c e a si n gl e Dr os o p hil a e y e c o nsists of ar o u n d 8 0 0 o m m ati di a arr a n g e d i n 3 2- 3 4

c ol u m ns[ 7 5 ], w e will als o d esi g n f or i n p ut i m a g es w hi c h ar e 3 2 x 3 2 pi x els. As a n

i n p ut tr a nsf or m ati o n t o t h e r eti n a l a y er, pi x el v al u es ar e li n e arl y s c al e d fr o m t h eir

ori gi n al 0- 2 5 5 t o 0- R n A.

Aft er cr e ati n g t w o 3 2 x 3 2 p o p ul ati o ns of n e ur o ns a n d att a c hi n g a n i n p ut s o ur c e,

t h e l ast st e p is t o d e fi n e t h e c o n n e cti o n b et w e e n t h e r eti n a a n d t h e l a mi n a. O ur

l a mi n a m o d el o nl y c o nsists of L 1 n e ur o ns, s o e a c h n e ur o n h as c e nt er- o n s urr o u n d-

o ff r e c e pti v e fi el d. Si n c e e a c h L 1 c ell r e c ei v es i n p ut fr o m t h e dir e ctl y a dj a c e nt
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Fi g ur e 3. 7: S N S- T o ol b o x c o ntr ols a m us c ul os k el et al m o d el of a r at hi n dli m b. (A ):
Di a gr a m of t h e n e ur al c o ntr ol n et w or k. (B ): R el ati o ns hi p b et w e e n m ot or n e u -
r o n v olt a g e a n d m us cl e a cti v ati o n. (C ): T h e m us c ul os k el et al m o d el us e d i n M u-
j o c o [1 2 7 ]. (D ): N e ur al a cti vit y fr o m t h e h alf- c e nt er n e ur o ns i n t h e c e ntr al r h yt h m
g e n er at or. (E ,F ): N e ur al a cti vit y fr o m t h e hi p a n d k n e e/ a n kl e p att er n f or m ati o n cir -
c uits. (G – I): M ot or n e ur o n a cti vit y i n t h e m ot or cir c uits f or t h e hi p, k n e e, a n d a n kl e.
(J – L ): J oi nt a n gl es of t h e hi p, k n e e, a n d a n kl e. All r e c or di n gs ar e s h o w n f or a p eri o d
of 1 0 0 0 ms, aft er t h e m o d el h as fi nis h e d i niti ali z ati o n. Pi ct ur e d ar e r e c or di n gs fr o m
t h e el e m e nts wit hi n t h e l eft l e g.

c al c ul at e d i n t h e s a m e m a n n er as [1 3 9 ], wit h t h e a cti v ati o n si g m oi d d e fi n e d as

   
1

1               
          ( 3. 3 8)

w h er e is t h e st e e p n ess of t h e si g m oi d a n d     is t h e m ot o n e ur o n p ot e nti al. T h e

e x a ct c ur v e is s h o w n i n Fi g ur e 3. 7 B.

Si m ul ati o n R es ults

T h e n et w or k a n d m e c h a ni c al m o d el ar e si m ul at e d f or 5 0 0 0 ms, wit h d at a s h o w n i n

Fi g ur e 3. 7 . O n e a c h st e p, m us cl e t e nsi o ns fr o m M uj o c o ar e first f or m att e d as I a a n d
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Fi g ur e 4. 6: O ut p ut b e h a vi or of t h e O n (s oli d i n di g o) a n d O ff ( d as h e d oli v e) m oti o n
d et e ct ors w h e n s u bj e ct e d t o a s q u ar e w a v e, tr a nsl ati n g fr o m 1 0 t o 3 6 0 p er s e c o n d.
Tar g et m a xi m u m v el o cit y ( 1 8 0 ) s h o w n wit h a v erti c al d as h e d li n e. T o p: P e a k
m a g nit u d e of t h e m oti o n d et e ct or i n t h e pr ef err e d dir e cti o n; B ott o m: R ati o b et w e e n
t h e m oti o n d et e ct or i n t h e pr ef err e d dir e cti o n a n d t h e n ull dir e cti o n.

i n p ut v el o cit y i n cr e as es [8 2 ]. H o w e v er, i n Dr os o p hil a t his d e cr e as e o c c urs as i n p ut

v el o cit y is b ot h i n cr e as e d a n d d e cr e as e d fr o m a p e a k v el o cit y.

4. 5. 4 Dir e cti o n al S el e cti vit y

Sti m uli of a c o nsist e nt w a v el e n gt h a n d v el o cit y ar e a p pli e d t o t h e s a m e n et w or k

d es cri b e d i n S e cti o n 4. 5. 3 w hil e t h e dir e cti o n of tr a v el is v ari e d fr o m 0 3 6 0 i n

4 5 i n cr e m e nts, wit h r es ults s h o w n i n Fi g. 4. 7 . T h e E M D f or e a c h c ar di n al dir e cti o n

e x hi bits e n h a n c e d s e nsiti vit y t o sti m uli i n t h e pr ef err e d dir e cti o n, a n d r e d u c e d

s e nsiti vit y t o t h e ot h er dir e cti o ns. T h e O n p at h w a y is a bl e t o g e n er at e a fi n er l e v el

of dir e cti o n al s e nsiti vit y t h a n t h e O ff p at h w a y, d u e t o its m ulti pli c ati v e wi n d o w

of r e d u c e d i n hi biti o n. F urt h er w or k is n e c ess ar y t o fi n d a si mil ar m ulti pli c ati o n

m e c h a nis m f or t h e O ff p at h w a y.

As t h e n et w or ks f or e a c h c ar di n al dir e cti o n ar e mirr or e d v ersi o ns of e a c h ot h er,
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Fi g ur e 4. 7: P e a k r es p o ns e of e a c h m oti o n d et e ct or i n t h e O n (L eft ) a n d O ff (Ri g ht )
p at h w a ys t o a s q u ar e w a v e gr ati n g wit h 3 0 a n d 3 0 . Pr ef err e d dir e cti o n
of e a c h s u b-t y p e: A : ri g ht t o l eft; B : l eft t o ri g ht C : b ott o m t o t o p; D : t o p t o b ott o m.

t h e r es ulti n g r es p o ns es ar e i d e nti c al e x c e pt f or t h eir ori e nt ati o n. T his is di ff er e nt

t h a n t h e t u ni n g f o u n d i n Dr os o p hil a , w h er e t h e s e nsiti vit y of e a c h c ar di n al dir e cti o n

is sli g htl y di ff er e nt [8 2 ]. T h e g e n er al s h a p e of o ur O n a n d O ff r es p o ns es m ost

cl os el y m at c h es t h e b e h a vi or of t h e T 4 b a n d T 5 b n e ur o ns i n t h e a ni m al, c o nsisti n g

of a s h ar p tri a n g ul ar p oi nt i n t h e pr ef err e d dir e cti o n a n d a sli g ht b u m p i n t h e n ull

dir e cti o n, h o w e v er T 5 b is m u c h m or e si mil ar t o T 4 b t h a n o ur O ff n e ur o ns ar e t o t h e

O n n e ur o ns.

4. 6 Dis c ussi o n a n d F ut u r e W o r k

I n t his w or k, w e i m pl e m e nt a n S N S n et w or k w hi c h is a r e d u c e d m o d el of t h e

Dr os o p hil a m oti o n visi o n s yst e m. T h e n et w or k p erf or ms o pti c fl o w m e as ur e m e nt

at e a c h p oi nt i n t h e vis u al fi el d, a n d c a n b e t u n e d f or di ff er e nt r a n g es of i n p ut

sti m uli i n a p ar a m etri c m a n n er. W hil e s o m e p ar a m et ers ar e f o u n d vi a n u m eri c al

o pti mi z ati o n, m ost ar e c h os e n b y h a n d vi a a n al yti c r ul es. Wit h f urt h er o pti mi z ati o n,
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Fi g ur e 5. 1: C o m p aris o n i n p erf or m a n c e b et w e e n S N S- T o ol b o x a n d S N S T or c h. ( A)
T h e n et w or k t o b e e v al u at e d is t h e s a m e str u ct ur e as s e cti o n, wit h t w o p o p ul ati o ns
b ei n g c o n n e ct e d b y a c o n v ol uti o n al s y n a ps e. ( B) T his n et w or k w as c o m pil e d a n d
t h e n r u n i n S N S- T o ol b o x a n d S N S T or c h at i n cr e asi n g p o p ul ati o n si z e.

pr es y n a pti c a n d p osts y n a pti c st at es a n d a p pli es t h e d y n a mi cs i n e q. 5. 3 , wit h e a c h

a p pl yi n g t h e c o n d u ct a n c e a n d r e v ers al p ot e nti als b as e d o n di ff eri n g c o n n e cti viti es.

T h e d e ns e c o n n e cti o n i m pl e m e nts a s y n a ps e fr o m e v er y pr es y n a pti c n e ur o n t o e v er y

p osts y n a pti c n e ur o n, t h e el e m e nt wis e c o n n e cti o n o nl y c o n n e cts n e ur o ns wit h t h e

s a m e i n d e x, a n d t h e c o n v ol uti o n al c o n n e cti o n r e us es a l o c al p att er n t h at is til e d

a cr oss t h e p o p ul ati o n.

5. 4 R es ults

T o t est S N S T or c h, w e first c o m p ar e t h e p erf or m a n c e of t his s yst e m wit h S N S-

T o ol b o x. We t h e n e v al u at e t h e f u n cti o n alit y of S N S T or c h o n t w o s e p ar at e o pti mi z a -

ti o n t as ks.

5. 4. 1 C o m p aris o n wit h S N S- T o ol b o x

Alt h o u g h S N S T or c h si m ul at es s o m e of t h e s a m e d y n a mi cs as S N S- T o ol b o x, i n-

t er n all y t h e y ar e str u ct ur e d di ff er e ntl y. S N S- T o ol b o x m a k es n o ass u m pti o ns a b o ut

c o n n e cti vit y a n d r e pr es e nts t h e e ntir e n et w or k as a si n gl e r e c urr e nt p o p ul ati o n,

w hi c h l e n ds it w ell t o d e ns el y r e c urr e nt n et w or ks wit h n est e d f e e d b a c k l o o ps s u c h

as t h os e i n l o c o m oti o n [6 8 ]. S N S T or c h o n t h e ot h er h a n d is d esi g n e d i n t h e m or e
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Fi g ur e 5. 2: Usi n g S N S T or c h f or a p ar a m et er i d e nti fi c ati o n t as k. ( A) We ar e tr yi n g
t o m at c h t h e b e h a vi or of a si m pl e n et w or k of n e ur o ns, w h er e o n e n e ur o n r e c ei v es
a r a n d o m sti m ul us a n d e x cit es t h e ot h er n e ur o n vi a a n e x cit at or y c h e mi c al s y n a ps e.
Usi n g a gr o u n d tr ut h m o d el, t h e n et w or k l e ar n e d t h e n e ur al a n d s y n a pti c pr o p erti es
t o r e pli c at e t his b e h a vi or. We c h os e t o f o c us o n mi ni mi zi n g t h e m e a n-s q u ar e d err or
b et w e e n t h e fi n al st at e of t h e ori gi n al a n d tr ai n e d n et w or k. S h o w n i n ( B) is t h e
tr ai ni n g l oss o v er 1 0 0 0 r a n d o m sti m uli, a n d i n ( C) w e pl ot t h e tr aj e ct or y of t h e
p osts y n a pti c n e ur o n i n t h e ori gi n al a n d tr ai n e d n et w or ks.

c o n v e nti o n al f as hi o n i n d e e p l e ar ni n g, w h er e e a c h p o p ul ati o n is r e pr es e nt e d a n d

e v al u at e d i n di vi d u all y as its o w n l a y er. W hil e t his m e a ns ar bitr ar y c o n n e cti vit y is

m or e c h all e n gi n g, t h e p a y o ff is i n hi g h er s p e e d a n d r e d u c e d m e m or y c o ns u m pti o n

f or l ar g e n et w or ks. T o d e m o nstr at e t his, w e si m ul at e d t h e s a m e n et w or k str u ct ur e

usi n g S N S- T o ol b o x a n d S N S T or c h, r u n ni n g it o n t h e C P U a n d G P U a n d v ar yi n g

a cr oss l ar g e di ff er e n c es i n n et w or k si z e. R es ults c a n b e s e e n i n Fi g. 5. 1 . F or s m all

n et w or ks, S N S- T o ol b o x r u ns f ast er t h a n S N S T or c h. As t h e n et w or k si z e i n cr e as es,

S N S T or c h q ui c kl y b e c o m es t h e f ast est s ol uti o n ( or o nl y s ol uti o n, as m e m or y c o n -

s u m pti o n i n cr e as es).

5. 4. 2 P ar a m et er T u ni n g a n d R e gr essi o n

As a t o y e x a m pl e, w e us e S N S T or c h f or p ar a m et er t u ni n g i n a si m pl e n et w or k

(s h o w n i n Fi g. 5. 2 A). T w o n e ur o ns ar e c o n n e ct e d vi a a c h e mi c al s y n a ps e, a n d t h e

pr es y n a pti c n e ur o n is sti m ul at e d wit h a c o nst a nt i n p ut. I n t his t as k, w e h a v e t w o

v ersi o ns of t his n et w or k: o n e w hi c h a cts as t h e t ar g et, a n d t h e ot h er w hi c h m ust b e

tr ai n e d t o m at c h t h e t ar g et. T his s yst e m h as 1 2 p ar a m et ers: , , , , a n d 0 f or
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Fi g ur e 5. 3: Tr ai ni n g a n S N S f or s e q u e n c e cl assi fi c ati o n. ( A) We tr ai n a n S N S
n et w or k t o cl assif y t h e r o w- wis e s e q u e nti al M NI S T d at as et [7 8 ], w h er e e a c h h a n d -
writt e n di git is di vi d e d i nt o 2 8 1 x 2 8 i m a g es. ( B) T h e S N S n et w or k c o nsists of
a si n gl e r e c urr e nt l a y er of n o n-s pi ki n g n e ur o ns, wit h t h e r e c urr e n c e i m pl e m e nt e d
usi n g c h e mi c al s y n a ps es. Tr ai ni n g l oss ( C) a n d a c c ur a c y ( D) of t h e S N S n et w or k
a n d a n R N N wit h a si mil ar n u m b er of p ar a m et ers. Li n e d e n ot es t h e m e a n a cr oss
fi v e tri als, t h e s h a d e d ar e a d e n ot es t h e fift h a n d ni n et y- fift h p er c e ntil es.

w h e n si m ul ati n g l ar g e n et w or ks of n e ur o ns w hi c h c o ul d b e str u ct ur e d b as e d o n

l a y ers of p o p ul ati o ns. It is als o pri m aril y a t o ol f or d esi g n, s o it is n ot o pti mi z e d f or

o pti mi zi n g p ar a m et ers wit h o ut r e c o m pili n g t h e n et w or k. I n t his c h a pt er, w e pr es e nt

S N S T or c h as a c o m p a ni o n s oft w ar e p a c k a g e t o S N S- T o ol b o x. S N S T or c h si m ul at es

s o m e of t h e s a m e d y n a mi cs as S N S- T o ol b o x, w hil e b ei n g a bl e t o si m ul at e l ar g er

n et w or ks a n d s u p p orti n g o pti mi z ati o n vi a a ut o m ati c di ff er e nti ati o n i n P y T or c h. We
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Fi g ur e 6. 5: Ti mi n g p erf or m a n c e of i m a g e f or m atti n g a n d pr o c essi n g e x e c uti o n
o n t ar g et h ar d w ar e. A: L at e n c y i n i m a g e pr o c essi n g as t h e t ar g et i m a g e r e d u c es
i n si z e. T w o di ff er e nt i nt er p ol ati o n m et h o ds ar e c o m p ar e d, wit h n e ar est- n ei g h b or
i nt er p ol ati o n s h o w n i n s oli d bl u e a n d ar e a i nt er p ol ati o n s h o w n i n d as h e d or a n g e. A
v erti c al d as h e d li n e is pr es e nt at t h e i m a g e r es ol uti o n 2 4 x 6 4, t h e s c al e d di m e nsi o ns
us e d i n o ur d at as et. B: Ti m e p er si m ul ati o n st e p of o ur vis u al m oti o n pr o c essi n g
n et w or k, i n s e c o n ds, as t h e di m e nsi o n alit y of t h e i n p ut i n cr e as es. E x e c uti o n o n t h e
J ets o n Ori n N a n o C P U ar e s h o w n i n d ott e d gr e e n, a n d ti m es f or t h e J ets o n Ori n
N a n o G P U ar e s h o w n i n s oli d r e d. D ar k li n es c orr es p o n d t o t h e a v er a g e, t h e s h a d e d
ar e a c orr es p o n ds t o t h e 5t h a n d 9 5t h p er c e ntil es o v er 1 0 0 0 st e ps. We us e a v erti c al
d as h e d li n e t o d e n ot e t h e di m e nsi o n alit y c orr es p o n di n g t o a n i n p ut i m a g e si z e of
2 4 x 6 4 pi x els. C: D et ail e d ti mi n g of o ur n et w or k wit h a n i n p ut di m e nsi o n alit y of
2 4 x 6 4 pi x els. S h o w n is a hist o gr a m of ti m e p er si m ul ati o n st e p i n millis e c o n ds,
o v er a t esti n g r u n of 1 0, 0 0 0 st e ps. A bl a c k d as h e d v erti c al li n e d e n ot es t h e 9 5t h
p er c e ntil e of t h e distri b uti o n. S h o w n i n d as h e d gr e e n, s oli d or a n g e, a n d s oli d r e d
w o ul d b e t h e ti m e p er st e p n e e d e d f or 1 4, 1 3, or 1 2 si m ul ati o n st e ps p er vi d e o fr a m e.
I n t his w or k w e c h os e t o us e 1 3 st e ps p er fr a m e f or o ur si m ul ati o ns.

al. [9 3 ], wit h s o m e a dj ust m e nts t o a c c o u nt f or t h e us e of n at ur al i m a g es i nst e a d of

si m ul at e d s q u ar e gr ati n gs. T h e f ull n et w or k is s h o w n i n Fi g. 6. 6 . I n t his s e cti o n

w e will b e gi n wit h a n o v er vi e w of t h e n e ur al m o d eli n g t e c h ni q u es e m pl o y e d, a n d

t h e n will e x a mi n e t h e d esi g n of e a c h i n di vi d u al n et w or k s e cti o n, e m p h asi zi n g t h e

c h a n g es m a d e i n t his w or k. T h e n et w or k a n d all r e m ai ni n g s u p p ort c o d e c a n b e

f o u n d at htt ps:// git h u b. c o m/ w n o urs e 0 5/ Fl y W h e el B as eli n e- Li vi n g M a c hi n es 2 0 2 4 .

6. 5. 1 N e ur al M o d eli n g

We c h o os e t o i m pl e m e nt o ur m oti o n- visi o n pr o c essi n g n et w or k as a S y nt h eti c

N er v o us S yst e m ( S N S) of n o n-s pi ki n g l e a k y i nt e gr at or n e ur o ns, w h er e t h e n e ur al
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Fi g ur e 6. 6: Vis u al m oti o n pr o c essi n g n et w or k us e d i n t his w or k, i ns pir e d b y t h e
a n at o m y of Dr os o p hil a m el a n o g ast er a n d a d a pt e d fr o m [9 3 ]. Vis u al sti m uli ar e
e n c o d e d i nt o a n e ur al r e pr es e nt ati o n i n t h e r eti n a. T h e y ar e t h e n s p ati ot e m p or all y
filt er e d i n t h e l a mi n a, a n d t e m p or all y filt er e d a g ai n i n t h e m e d ull a. T h e l o b ul a
c o m bi n es t h e n e ur al a cti vit y i n t h e m e d ull a i nt o esti m at es of m oti o n at e a c h pi x el,
a n d t h es e esti m at es ar e s u m m e d a cr oss t h e e ntir e vis u al fi el d t o g e n er at e a gl o b al
esti m at e of m oti o n i n t h e l o b ul a pl at e.

st at e is u p d at e d as

                      ( 6. 1)

w h er e is t h e n e ur al ti m e c o nst a nt, is a n y e xt er n al i n p ut, a n d is a c o nst a nt bi as

t er m. is t h e s y n a pti c i n p ut fr o m a n y pr es y n a pti c n e ur o ns i n t h e n et w or k,

          ( 6. 2)

wit h d e n oti n g a pr es y n a pti c n e ur o n, a n d     d e n oti n g t h e s y n a pti c r e v ers al

p ot e nti al. T hr o u g h o ut t h e n et w or k, w e d esi g n f or n e ur o ns t o c o m m u ni c at e w h e n
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Fi g ur e 6. 8: P erf or m a n c e of t h e si m pl e m oti o n visi o n pr o c essi n g n et w or k o n t h e
vi d e o cli ps i n t h e t est p orti o n of t h e Fl y W h e el d at as et. ( A) S c att er pl ot of a v er a g e
n e ur o n st at e f or t h e cl o c k wis e a n d c o u nt er- cl o c k wis e n e ur o ns f or e a c h i m a g e s e-
q u e n c e. B. C ur v es d e n ot e t h e m e a n n e ur al r es p o ns e of all tri als at e a c h v el o cit y,
s h a d e d ar e a r e pr es e nts t h e 5t h a n d 9 5t h p er c e ntil es. All d at a is n or m ali z e d t o t h e
m a xi m u m of t h e 9 5t h p er c e ntil e a cr oss all v el o citi es.

6. 5. 7 L o b ul a Pl at e

I n t h e fi n al l a y er, w e e xt e n d t h e n et w or k pr es e nt e d i n C h a pt er 4 t o i n cl u d e a n

a p pr o xi m ati o n of t h e cir c uitr y pr es e nt i n t h e Dr os o p hil a m el a n o g ast er l o b ul a pl at e.

We a d d t w o h ori z o nt al s e nsiti v e n e ur o ns,     a n d   , o n e c orr es p o n di n g t o

c o u nt er- cl o c k wis e r ot ati o n a n d t h e ot h er t o cl o c k wis e r ot ati o n. T h es e n e ur o ns

r e c ei v e s y n a pti c i n p ut fr o m e v er y m oti o n d et e ct or n e ur o n i n t h e l o b ul a, wit h t h e

c o u nt er- cl o c k wis e s e nsiti v e d et e ct ors e x citi n g   a n d i n hi biti n g   , a n d t h e

i n v ers e c as e f or cl o c k wis e s e nsiti v e d et e ct ors [1 3 ]. T h es e n e ur o ns h a v e a ti m e

c o nst a nt of    , a n d t h e s y n a ps es ar e t u n e d usi n g e q. 6. 5 s u c h t h at t h e s u m of all

t h e s y n a pti c g ai ns is o n e.


	List of Tables
	List of Figures
	Acknowledgements
	Abstract
	Introduction
	Background
	Synthetic Nervous Systems
	Neural Simulation Software
	Visual Motion Processing
	Drosophila melanogaster
	Algorithmic Solutions


	SNS-Toolbox: An Open Source Tool for Designing Synthetic Nervous Systems
	Abstract
	Introduction
	Materials and Methods
	Neural Models
	Connection Models
	Inputs and Outputs
	Software Design and Workflow

	Results
	Specifications
	Performance Benchmarking
	Basic Demonstration
	Mobile Robot Control
	Musculoskeletal Dynamics

	Discussion

	A Synthetic Nervous System for On and Off Motion Detection Inspired by the Drosophila melanogaster Optic Lobe
	Abstract
	Introduction
	Network Components
	Neural and Synaptic Models
	Neural Filters

	Network Design
	Input Processing
	Initial Filter Stage
	Motion Detectors

	Results
	Simulation Setup
	Individual EMD Stimulation
	Velocity Response
	Directional Selectivity

	Discussion and Future Work

	SNSTorch: Simulation of Large-Scale Synthetic Nervous Systems
	Abstract
	Introduction
	Methods
	Neural Dynamics
	Synaptic Connections

	Results
	Comparison with SNS-Toolbox
	Parameter Tuning and Regression
	Sequential Classification

	Discussion and Future Work

	FlyWheel: A Mobile Robot for Testing Models of Fly Motion Control
	Abstract
	Introduction
	Robot Design
	Central Computation
	Wheeled Base
	Visual Input

	Motion Vision Dataset
	Motion Processing Network
	Neural Modeling
	General Network Properties
	Retina
	Lamina
	Medulla 
	Lobula
	Lobula Plate

	Results
	Discussion

	Conclusion and Future Work
	Summary
	Impact and Future Work

	Data Availability
	Projects Using SNS-Toolbox
	Bibliography



