Correlated variability modifies working memory fidelity in primate prefrontal neuronal ensembles
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tained firing, a phenomenon hypothesized to arise from recurrent dy-

namics within ensembles of interconnected neurons. WM has been SPATlAL WORKING MEMORY (WM) TASK MULTlELECTRODE ARRAY RECORDING

extensively studied at the level of single neurons, and pairwise neural
recordings indicate that WM maintenance modifies correlated vari-
ability between neurons (i.e. noise or spike count correlations—r,,)
but we lack an understanding of how neuronal ensembles repre-
sent WM: we do not know if r,, affects WM coding, nor how WM
coding properties scale with the size and composition of neuro- Fixation

nal ensembles. 483, 636 or 7/89ms

NEURONAL ENSEMBLE CONSTRUCTION METHODS
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Two Macaca fascicularis were implantated with 96-electrode microarrays (Blackrock Microsystems,
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Utah) in LPFC area 8a. We recorded 545 single- and multiunits across 12 recording sessions. En-
semble sizes ranged from 30-50 units.

a Pool of simultaneously recorded units
The effects of the rsc structure have been pro-
| | | most least
posed to increase with ensemble size, but most of informative 2000600 informative
our knowledge about these scaling effects is drawn c Ontimized orocedure WM MAINTENANCE MODIFIES SPIKE COUNT CORRELATIONS (l‘sc)
from extrapolations of pairwise recordings. In order P P , , - , o
to determine how WM coding scales across en- | @ most informative unit | @ most informative unit Wel computed rs(.; between pairs of neurons durmg the fixation, stimulus, ahd delay epochs, .and found that (a) mgan |oa|rW|se.rSC between neurons
semble configurations, we devised “ensemble con- > @ @ two most informative units — varies ZIS a furptpn of tzst; epochj (P|) tlhetrelagonsmp between rsctantddpa.ws ?Lne(jurf)ns tum;g (acsJI mez§ured gsmg rs,-gng,) tvarles gprgsgltalsktepoc;hs,
struction” procedures: (a) First, a linear classifier (a  ensemble 3 @ ® ® ' 90 ©0 00 6 @ ® (c) median pairwise r,, . etween similarly-tuned neurons vvgs grea est during ? elay epoch, .a.n mg |§n pawywse r. be vyeen issimilarly- .une
. . . most informative neurons was lowest during the delay epoch. These results indicate that WM maintenance modifies pairwise r,. in the LPFC in a manner consistent
support vector machine—SVM) was used to quanti- Size ' 9000 subensemble , o R
f . . . . , with a recurrent excitation, lateral inhibition scheme.
y each unit's WM information during the delay
. 900000 ensembleg‘ "IT P I
epoch; (b) in the , 00000 size e a b 1. Cc
we iteratively constructed neural ensembles base | \ 0.035, delay
on the individual units’ rank-ordered WM informa- : ‘@ ® Q ® = 1 0.04 -
: : .. n : =
tion content; (¢) in the optimized procedure, we 00606 M 0.0325- x * 0.08 + similarly-
used the SVM to find the unit that added the most ' ' * tuned pairs
| , | | _ | d 07 n @ 000000 (r 0.25)
information when paired with the most informative \ o signal = -
unit. We then used this “most informative pair” as ® 06 OfpIITIZSS - 0.03- 0.06+ diany 0-031
the basis for finding the trio of units that maximized 5 O = ] fllisein fliscellis mer an )
WM information, then used this trio as the basis for = g 0.5 " 3; 30- el sessione l'sc * I'sc 0.04 sc
finding the most informative quartet, etc. (d) Re- 2 O 0.4 \32%%@@6 O 0.02751 | dissimilarly-
SR o c Y accuracies CIC) / tuned pairs
sults for the and optimized O O = across-session ] 0.02 - 0.95
. . . o £ 0O 3 / (rsignal< .25)
procedures, applied to a single example session. c S 0.3- vidual unt = IMISEN &5 SENN)- 0.025. 0.02
: . : . — n N
(e) % change in decoding accuracy (i.e. coding ef- S 0 ldeclz\(/)ldi%% b o) A
7 o , S 5_ 0.2 accuracies - -
ficiency) of the optimized ensembles relative to the D = : 5 ’ N =
ensembles, across all ses- © 01, S AR\ S 0.0225- 0 . . . ; ; . ; . 0.01-
, chance - VY -1 -0.5 0 0.5 1
sions. decoding=> [~ | h
0 _ _ _ _ _ ettt task epoch delay epoch rgig,y task epoch
0 10 20 30 40 50
0 e 20 30. w0 2 _ shaded regions = s.e.m (n = 10,535 pairs) shaded regions = 99.9% bootstrapped CI
ensemble size ensemble size
*P < 0.001, bootstrap test
== P < 0.05, paired t-test, Hochberg-corrected
ENSEMBLE r,, STRUCTURE CAN FACILITATE OR IMPAIR WM CODING EnsemMBLES oPTIMIZED FOR WM REPRESENTATION 5 full ensembles b c
. . . . _ 0.38 e o 1.76 - %
In order to independently examine theleffects of t.he. lse 8N Toioray S’[I’UC’[L.JI’.eS on WM coding efﬂ.c:len— ARE rsignal DIVERSE AND ANATOMICALLY DISPERSED 0-08. = - -
cy, we constructed new ensembles using the optimized procedure on firing rate data from which — =
. . . . . . o 0.06: — 0.37; =
the r,. structure had been removed via shuffling. (a) Decoding accuracy for the Prior analyses demonstrated that near-maximum decoding performance E= | - =
: : .. . . . : : e) o ® o 1.72
 Tsignat + T'se» @Nd ;g ,ronly ensembles for an example session. (b) Coding efficiency of the can be achieved with a relatively small proportion of recorded units. If the Q 0.04; = 0.36 % Q
FsignarONly relative to the r,,., + ry. ensembles. Removing the r, structure can either impair (at WM coding in the optimized ensembles involves maximizing their represen- g_ I -%‘ ' § ® N
small sizes) or improve (at larger sizes) decoding. It is possible that the observed effects of the rsc tation of the stimulus space, their ry,,,, distributions should be broader than 0.02: 5 %
. . . . o - 5 0.35: o — 1.681
structure on WM coding are simply a property of an ensemble’s size, regardless of whether the en- those of the full population. (a) g, distributions of the full ensembiles, r;,. 0- s =
semble is optimized for WM representation. We addressed this by comparing the decoding perfor- ..+ r.. ensembles that achieved >95% of maximum decoding perfor- -1 -0.6 '0-r2 02 06 1 i ~
mance of the randomly-built ensembles in which r,, structure was intact vs. shuffled. (¢) Change in mance (i.e. near-max ensembles), and near-max rg,,,ronly ensembles signal - 0.34 =
. . . . L . © "~ 1.64
decoding from removing ry, (A¢nume) IN randomly-built ensembles. were all significantly different from each other (P << 0.001, x2-test, Bonfer- ) = 12,222 il sals) GEJ = .
roni-corrected). (b) Mean |r,,,, deviation|, defined as the difference be- (n’ _ 0.414) LSS . GE)
. o twgen g unit pair S. pr— and.the mean. fg/gna/ of the ensemble to which the (n = 2,724) 030 .
unit pair belongs, is greater in the optimized ensembles compared to the full ro+ or full ro+ rgo
, , , sc signa sc signa
Gd 15 - full ensembles. (€) Prior studies have reported weak topography for visual - -ogmy - -o%ly
G and mnemonic space in LPFC. If the optimized ensembles reflect this topography, their broader representation of the stimulus
| 10 7 space means they should encompass larger regions of cortex relative to the full recorded ensembles. Indeed, we found that the

O
O

= est individual unit

n
/’
e .
p >
V& XX
(
Y
-.»
S
\!
€
. ""
YW
’:
==
i,

coding efficiency (%)
(@) (@)
)
\

decoding performance
(proportion correct)
@)
AN

= Isignal T 'sc OPtiMized

0.3- — IsignarONly Optimized
10 -

0.2
15

01 | | | 1 1 | | | | | | | | | | |

0 10 20 30 40 50 0 10 20 30 40 50
ensemble size ensemble size
C
15+

101 /\A// == P < 0.05, paired t-test, Hochberg-corrected
/—\

/¢-V\/~ ‘ ' A" -

2
o O /‘Q/‘\ "
S [ , AR
'S NN VY
< ok VAJ&}\"A*A’MI Vel or e,
Vi ZAEIA7Z T AN 40AS
V I N \‘/ \J

J

0 10 20 30 40 50 CONCLUSIONS

ensemble size

— individual sessions === across-session mean & s.e.m.

P << 0.001, *P < 0.01,
mean distance between units was larger in the near-max rg,,,., + rs. and rgy,,ronly ensembles than the full ensembles.

F-test, Bonferroni-corrected

*P < 0.005, F-test,
Bonferroni-corrected

shaded regions = Bonferroni-corrected 95% comparison interval

NON-SELECTIVE UNITS CAN IMPROVE WM CODING BY MODIFYING THE r,. STRUCTURE
It is possible that “non-selective” neurons a uncorrelated variability  r,_ structure improves b oo\ I intact
could still contribute to WM coding when part (r,.=0) decoding 0.35+ ]
of an ensemble by modifying the r,. structure, optimal boundary %, 03
as depicted in the model in panel (a). (b) An | //)%9/ =
example ensemble that contains multiple \ 9% >0

. . . ~ *%, S ©0.25-
non-selective units (defined as P < .05, 2 / %, = C'tJ
ANOVA). (c) We identified every such instance B p / S 38 oo.
in which a non-selective unitimproved decod- & 2 J g S
ing in the near-max ensembles, and then ex- S 5 O O O/.40 = '*g 0.15 -
amined their contribution to decoding before ‘:qu y 7 g = "
and after shuffling the r,. structure. Removing = , 3 é 014 " ° i
the r,. structure significantly decreased the g | L " <« chance
amount of WM information contributed by c 0.05 - decoding
these units. ;

neuron 1 (selective) firing rate 0 5 10

ensemble size

‘WM maintenance modifies the ensemble r,, structure in a manner consistent with a recurrent-excitatory, lateral inhibitory connection scheme
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**P < 0.005, paired signed-rank test
*P < 0.005, ns P=0.43,
unpaired signed-rank test

The r,, structure can improve or impair working memory decoding in a neuronal ensemble depending on the size of the ensemble and tuning properties of its constituent

neurons
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diverse and anatomically dispersed than predicted by the statistics of the full recorded population of neurons



