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Neural Population Coding using Natural Movies
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Background

Population retinal responses to natural stimuli is still an open
research field, nevertheless retinal ganglion cells (RGC) spatio-
temporal correlations may be related to population coding (1). Here,
we use a diurnal rodent retina (O. degus), which has the advantage
of present a 3:1 proportion of rods and cones (2), respectively, to
study the RGC population responses to habitat-based natural stimull.
In order to do this, we have developed a mobile robot that is capable
to record movies in the natural habitat of this rodent, simulating both

>  Classify and select a RGC population Distribution of Gibbs Coefficients (A)
according to their temporal filter profile. a) in Different Conditions

>  Study the spatio-temporal pairwise
correlations of the selected RGC population
modeling their activity during WN and NM
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his movements and the eye-ground distance, which allows us to using Gibbs potential. I D —
stimulate and record an In vitro retina patch using MEA (multi - | e || e Corelon
electrode array) with a sequence of images taken from the animal N | T R R R R
natural habitat. The analysis of spike statistics has been done using >  Look for statistical Natural Movie Coefficient Value White Noise Coefficient Value

the Enas software (http:/enas.gforge.inria.fr/v3/) allowing to differences/equivalences between the model a) Scatter Plots of the Gibbs Coefficients. Blue diagonal line is identity. The

two panels show WN and NM vs IN, where we found that the Spike rates
coefficients are bigger for the two visual stimulation conditions. It also shows
clustering above and below the identity Since IC is an scotopic/mesopic
condition, the inputs for the RGC are different, so it becomes difficult to
compare with the photopic conditions. However, those scatter plots are useful

characterize spatio-temporal pairwise correlations, in contrast to e.g.
Ising models, that analyze only instantaneous spatial correlations.

for NI and WN.

§ 1.I 2 '.r-lul| .-I .-J F _ L --|. _?‘ - S
y ﬂii;‘:.l. -"'I'- De]gugPﬁmg o

g dgl . TR = — s 1
Ij)atbiitatm;%;c’?i@ﬁqu re)o)o)i X to easily detect changes in the probability of the events between 2 conditions.
I N TR T : K "
® - s Higher Probability of Spatio-Temporal
b) Pairwise Correlation in NM
Three retina patch were extracted from 2 different O.degus eyes and then 1r o015 —_— e o e e s e 5
recorded using MEA-256 (MultiChannel Systems) during i) spontaneous activity § i . : :
(SA) (5-10 min), ii) WN (30 min, 60 fps, 50pm) and iii) NM (30 or 60 s sequence, 30 " 057 g oty + """""""""""""""""" L -~
trials, 60 fps). Spike sorting were carried out off line using OfflineSorter (Plexon S ok §011 e . 2%
inc.), detecting spikes on each channel with a threshold of -5 S.D. of the signal © 0 | Tt R ".
mean. Then, semi-automatic sorting were performed using ValleySeek or T-Dist E- 4>_. -0.5F ; 0.09p o T~ i N Tt *
. . . c : . 1) '%.:. ¢
M algorithm, fitting each class manually. We detect ~ 200 units per patch, whose o el s vy, il b ool
STA was calculated, obtaining the temporal and 2D spatial filter. RGC were ;-CEJ - EOO? "... &.{‘-‘Zﬁ"f}‘.:ﬂ
classified according their temporal filter, choosing a group of 14-16 units sharing S 45l Eoost o T I .'...-..-.5.... e 3038 e
the same time-to-peak and a monophasic OFF temporal profile. O %) ST emd
The selected populations were then analyzed using ENAS software, which fits a 2 0.03 WNvsNM """ '° """"""""" o S
a Gibbs distribution with spatio-temporal constraints (4) to the empirical data using > osbo - . -
the maximum-entropy principle. It uses as constrains the empirical spike rate, the o ’ S | — i
Using our robot we obtained a movie of the natural habitat pairwise correlations in a 20ms time window (spatial pairwise correlation) and the T oab ?p'ke Ralte;’ .
composed of trees, grass, mountains, blue sky, optic flow in several pairwise correlations with a delay of one time window (temporal pairwise = P P o _— T . Semf‘}rg Ol,rr?-anon |
. . . . . correlation).The free terms fitted are the Gibbs coefficients, which are multipliers (A) : ; | | ; | ; patial Lorreiation
directions and different simulations of the head movement. Natural for every observable event (w) of the Gibbs potential: . ; i ; i i i i i ; ;
movies (NI) presents high spatial and temporal correlation (Figure 1c, 4 35 -3 25 -2 15 -1 -0.5 0 0.5 1

D . .
1d)(3) whereas white noise (WN) presents no spatial or temporal DY 2 Natural Movie Coefficient Values
Hrr (““'0 ) - Z Aiwi (D) + > p > ) Aiwi(0)w;(s) Closeness Between b) Scatter Plot for WN vs
1 s=0

correlation (by construction).

ij Distributions NM. We found that Spike rates
: : : : D is the successive temporal windows in which an observable, w, occurs. In this coefiicients  distributes along
White Noise Stimuli a) RGC Population Raster Plot case, we use D = 2. j and j are the neuron indexes. Then, we computed a c) 15T the Eenﬂtg, showing trr']at tfhe_ 'S
Sequence (WN) Durina WN symmetric variant of the Kullback-Leibler divergence (5) and took only the real part o Spike p;te Igscagglgeznldn tTeem '2?6?,
q to make comparisons between conditions and between observables types. Rates - =P C P
R R R R e e Y e A 1 A B 1 (1 1 e 1 R L ’('n\ 1 ° Tempora| Correlatlon Coeﬂ:ICIentS are
P2 e A R T 11 R R R A 11 R0 R IR R - - - - - 4+ 25 ..-.-C.Orr-elaﬁdn. .................... d|Str|buted mostly under the
2|IH|\H\| uﬂl :| H ‘u\ |‘ IrIH >‘\:‘|‘\u‘\ \‘HJll I H‘I‘\l\lHI‘ H‘IH |‘w">‘||“M<1‘\|\‘|‘|u:‘| \: ‘M: | mn:lm \I||\|H ‘HI}\‘\HHI Llnui |‘|H|H|u‘u :‘ |H4H|I‘ POPUIatlon SeIGCtlon and MOdeI’ng PalrWlse @ ® All _._ identity, which means that
L e e I T e o e T o A | L 1 e e e B R B o e [ R R R RN R e N R R [ R R - _ - q) COEfﬁCient.‘.' there |S hlgher probablllty to
3' “ || \: W ‘| | :|‘ \I:HI\HI‘:‘( \Hl ﬂu» Hm | ‘|H\ | \H: ||”HH \‘> | H|\ M: \|uu|| Spatlo Temporal CorrEIatlonS 8 1 .___Spa_.'[_lal__. __________________________________________ find spatio-temporal correlated
S\‘ |< lHl\ }Hb‘ H\ | ‘\H| | t i IHHH ‘lu} H” H<”| I »HH lulw m \‘ H‘HH ‘I}H\‘ H\ \‘ | 0 005 - NN | | 8 O Correlation events in NM condition than in
L1 e e N e T e e e e e o S ey [ VI R BT = ' o = g N - 9 WN. So, we suggest that the
I R 1 e 1 et e e B e e et e L e e i 1 1 e e T IR R R M IR R AR [ % > 0 = Pl N S q) q) . .
w2 | R R R R A o ‘s -00 Population - S statistical properties of the
£ OOOOOe yyes OY I OOOORY B RRRRI AR ¥ e ey B O R ROSSEY et |11 | 0 GCJ ~0.1- > E ey 075 """"""""""""""""" natural stimuli are increasing
140 11 bbbl B e RN R [ 3£ o015 o TS =7 /. | ] A i
5 0 | | | e [H ' == N Selection >~_I correlated events In the
0 20 40 60 80 100 120 (% _0_2'5 ,,,,, - - o N7 P | studied population and this is
Time (s) 250 -200 -150 100 _50 0 250 -200 -150 -100 -50 0 X o5y RERPRN. NIVPIOIT ROTRRVIOT! INTTROIORS N agreement with K-Pairwise
i ) Time before spike (ms) Time before spike (ms) models for both conditions (6).
Habitat-Based Natural b) Same RGC P op ulation Raster Spatio-Temporal T Spike-Triggered 2D Spatial Filter Distribution Closgrr:gslgset %aert]elese?]ows :Eg
- ive Fi imation | Average @000 Feeeeeees W
Plot During NM . r e —— SHHHRd .25 distribution of observables
R ILRE VA CTCETOE oot AR I LR AR \IIHéIIIIIIIﬂHIIHI IIIHI\IHI\I\HHHHI\I)IIIHIIHIIIHHIIHIII)IM&|II\I\IM>IIIIHHHIIINI\ 1 FHEARE AN IEfI\I\IIIIIHIIIIIII(I\IIIHII\IH RN AT s P i typeS CoeffICIentS We use a
ped 1 R TR UI!IIHIHII\IHII\IIIHWI\IIIIH\HIHI\II;MI\I\IHIHI\H\I\HI LR IRY TR \II\II\II\IIII\I(I\IIHH}II\IIHIHIII\IIII!HII\I\I\I AR O A I\IH\<I\IMIW;\IHI\IHIHHHMIIIIIHII\I\I\MIIH\IIIIIHI\ : Symmetnc Va”ant Of KU”baCk'
S MAEF OB ! (i R R I A R IR I | EIHIHIH RN AT S VIR RN AR | EHIIH\H A 0 |_e|b|er d|Ver ence to com ute
s Vv NN Vs G R Vs TG e duegence b compu
s A AR [R R TR AT 1H\MIM\H|IIHHH§H (R8I (KRR (AR TR \II@HUH N1 T 1 L R HHIE:IHIHM\HHHI 0011 dlStrlbutlonS
e 1 1 T T e R N W O R R e AR e MR RN IRTR AR TR TN - - - . - - -
S : - o c) Closeness Between Gibbs Coefficients Distributions and its Event Types. The
D 12 :|IH|:H|H|: HHH‘”‘H:N ”I“H””H”‘ ”“:H:HM: ‘:I“l‘ ll'ﬂl ‘Hl H)”H‘:):HH:‘I)”” Hlﬂ{\H “‘llH I H\HLH‘\H"' lHIHl:‘I;}I lll‘“HH‘:{l‘H:‘I:HH ::"“l “m" ”H ‘::l“m:‘“ ! )|)‘|H|“E I |“=|‘|:HHHH|H :Il‘:‘l MOdeIIng S-pa-tlo ;‘H‘H‘I‘\Hll U::\‘I:\\:IH\‘H‘I‘\H‘I:HH‘HH‘I:l:IH‘\‘\H‘\N\‘H‘IH\l ‘II :\::\lll:\:\Ll\:”\‘IImI‘IHI”:HHII‘\I‘HI\‘\‘HII\HH:\I‘II::H:‘IIll‘llHI: llHH\:II:lllH\l\‘:\ I\H‘\II‘:H‘\‘IHH‘:Ill‘I:I”:HI\:I‘I“H\:‘HI\II‘\:'\H‘I\:\‘\\“:IIHI:I‘I‘I‘I: tWO phOtOpIC Condltlons (WN and NM) haS Closer dIStrIbUtlonS’ In ContraSt Wlth IC’ WhICh IS
‘1|;1I|UIIHH: \} HI\IIHI\{I: ‘H‘”|”“H||:‘HM“|I||:‘H””‘E“H:HmHluulull}u‘ \II}H\‘\HHH}H‘:I \I:H:\({I\IMHU:HIH:)EII\UIIHH}H\): HHH‘HH Hl\llI HlMﬂl}M\l\{\:H::HH‘\\MIH H\Il\lﬂa H‘\I) :)::\Ii\((\\l:lll)”)l\l\ Temporal Pal rWISe i|”|‘u‘\ \H:| ” m I\ \‘\‘ \‘\h‘u‘u‘uul H leu‘ H\ l\‘l \‘IH\‘\\Hllﬂ\l\‘\‘ﬂ\:‘\ :HI)H\H:IH‘H‘IH \w\‘\m‘\[\m: \‘IHIHH‘\ :\ ‘H”|‘\ farthest from the Other tWO. Even though A” CoefﬁCientS Of IC distribution deViateS from
AB{ 0 T T || TR R TIR R IHH\;( IR (R TII. H@ FEE T B - v oy T R TR LA AT e the photopic ones, they are closer in Spike rates coefficients. In contrary, correlated
14 R SRRl SR NSRRI |<|§ T mguu IEL Correla_-tl_ons Flttlng the T;Eh N AN SN A TR A coefficients are farther. There is big closeness between WN and NM, being the Spatial
I : o ‘I o | | S COEffICIentS LA) OF the 312‘ HH‘ H:\ \ \‘IHHHHH Il :‘\ m| ‘n‘\‘ | ‘4“\\\“1:‘\‘ | \: H\H \‘u :”u ‘nu\:‘: ‘I\‘H | Correlation Coeﬁ:iCientS WhICh are fartheSt (inset panel in b)
0 20 40 ] 60 80 100 120 ) ) 11\‘\ :H HI‘H‘HI‘I | m‘ HH‘H‘HH H“IH I HI‘ |>‘mu ‘| m | ‘| \‘>‘\‘|m> HH‘HIIHIH“H‘H\I‘I mluuw‘\ |
Tlme (S) Glbbs POtentlaI to E \‘ I \ll | :\ H\ )‘\H I \‘ H‘\‘ ‘\‘ I \‘H ‘H‘\ \‘ | | HH‘\ ‘H\ | ‘I \Hl ‘I‘ I ‘H il
Joint-Pixel Intensity Distribution of Natural Movie Empirical Data. © .« .« o« -
Intensity Spatial intensity Temporal R, Conclusions
- - attern prooaplilities = , D =
c) Correlation d) Correlation P
B v e 180 e e
e ci=3) L e '
160+t — 1601 + | =2 ....... ............ q- ....... . ...... ........... ............ . 0'01 - i} ) )
R4 4;2;3 P ] S AL SN ST O : > Gibbs potential constitutes a useful tool
ook 120k - - - “
X0 I I - for comparing pairwise spatio-temporal
> 100) 5 100 L = 001 ) ) T
ERNGE o ol I E : correlations between different conditions for
= B © ik -14 H - -
T o0 > 0 o | B : the same RGC population. Here, ENAS is a
o 40;';{'; ....................... g 40"%__'1 ’l: Qo ' HE | s % ) T
o ool AT v Di00aL | powerful software for modeling the spiking
' PRI RN MR R L LI SRS NS NS N S S R = ¢ o3 5 -
IR 050 o, & ® T 10 0 i T @ | REE patterns of neuronal populations.
Pixel Value (x, y) xel value at Time t, o g . .
I i I i : ] g = ] ! s . »
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temporal receptive field filters.

> Spatial correlated spiking patterns
represents the mayor deviation between WN
and NM conditions. Thus, we purpose that
population coding for this monophasic OFF
RGC population is mostly (but not only)
based on spatial correlation when stimulated
with Natural Movies.
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