Appendix A

This appendix examines the impact of slow firing-rate adaptation and synaptic depression
mechanisms on activity levels in firing rate based neura network models following
continued stimulation by a particular pattern of input. Individual units in such networks
are intended to represent firing rates averaged temporaly and/or spatially over
populations of neurons with similar tuning properties, assuming that individual neurons
are spiking at random and asynchronous times (e.g. Amit & Tsodyks, 1991; Gerstner,
1995; Wilson & Cowan, 1972; see Ermentrout, 1998b for a review), with activity
dynamics taking the following general form:

du
= f | )-

where ¢, is the time constant determining how fast the firing rate activity u can change
(set to 1-2 milliseconds in many cases, e.g. Treves, 1993, although it has also been taken
to approximate slower activity buildup in recurrent neural circuits, eg. Usher &
McClelland, 2001); f(I) is a monotonically increasing function that relates input current |
to firing rate (also known as the f-I curve). The form that firing-rate adaptation might
take in such models has been discussed in detail by Ermentrout (1998a) and Wang
(1998), and the form used here is broadly consistent with these treatments:

du
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where g, is a parameter determining the strength of adaptation and s, is a variable
representing adaptation dynamics. The buildup of s, depends on the instantaneous firing-
rate activity u scaed by an additional strength parameter a, and s, recovers
exponentially back to 0 in the absence of activity with time constant £..
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Synaptic depression, in contrast, is represented as a dynamic scaling factor ranging from
1 down to 0 on the outgoing synaptic strengths of each pre-synaptic unit ul™, reflected in
the input to post-synaptic unit u":

[n-1] - pl+1
dD'™ _ i ol 12 DT (3)
dt Ip
(n]
£, = £ i) 4

where DI"Y is the synaptic depression variable for pre-synaptic unit ™, d is a strength
parameter (d<0) that determines how fast DI moves toward 0 for positive U™, #p
determines the exponential rate of recovery back to 1 in the absence of Presynaptic
activity, and w is the synaptic strength or "weight" between units u™ and ul".

Below, phase-plane analyses and simple analytic solutions of the dynamics of u,
S, and D are employed to show the impact of adaptation and synaptic depression on the
propagation of an activity signa in firing-rate networks with feed-forward patterns of
connectivity. Results will show that adaptation and synaptic depression: 1) generaly
reduce activity throughout a network, and 2) tend to decrease the response selectivity of
neural populations encoding different stimuli through cooperative and competitive
interactions. Weaker and less selective output from such a network would be expected to
impair rather than improve processing.

These analyses will be relevant for understanding behavioral priming insofar as
responses in simple identification tasks are the result of basicaly feed-forward
propagation from sensory to motor cortical regions. While the Usher & McClelland
(2001) model of perceptual decisiong/discriminations is considered below and does
involve some local recurrent connections (see Section A.3), more complicated decision
and discrimination networks are not considered. However, to the extent that unitsin such
networks compute output activity as a function of input in a similar manner to the
network units considered here, these analyses may also be relevant for such networks. It
should also be noted that mechanisms different from adaptation and synaptic depression
that can lead to neura activity decreases (e.g. long-term depression, synaptic scaling,
etc.) are aso not considered here. Indeed, the synaptic strength magnitudes, w, are
assumed to be constant over the short time scale of seconds. This assumption may not
hold in the extreme, although we think it unlikely to be violated egregiously®.

% Repetition suppression effects in the short-term can be very strong, leading to 50-60% decreases over a
few seconds. It isunclear how long-term plasticity mechanisms could account for effects of this magnitude
without giving riseto large interference effectsin learning, given that individual cells often exhibit broad-
tuning to multiple stimuli (i.e. neural representations of different stimuli are not uncorrelated). These
repetition suppression effects also largely recover over the course of 1-2 minutes, implying a short-term
mechanism.
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Three simple neura architectures are considered below in order of increasing
complexity: 1) feed-forward excitation (for a network representing a single stimulus), 2)
feed-forward excitation and inhibition (for a network representing two competing
stimuli), and 3) feed-forward excitation and local recurrent excitation and inhibition
(representing two competing stimuli with lateral inhibitory interactions and self-
excitation).

A.l Feedforward network representing asingle
stimulus

The architecture above is a highly ssimplified one with input current | representing
sensory stimulation due to a particular stimulus and a series of firing-rate units connected
in a feed-forward manner by identical synaptic strengths w (w > 0). The series of firing-
rate units u'”, ul¥, ..., ul might be thought of as a series of cortical regions involved in a
sensory to motor transformation, with each unit approximating the population of neurons
in a cortical region that represents the stimulus being presented. Our understanding of
the impact of adaptation and synaptic depression in more complicated architectures
below will build on our understanding of this simple one.

A.1.1 Firing-rate adaptation

What is the effect of firing-rate adaptation on the activities u™ of the above network?
Equations (1) and (2) cannot be solved generally without specifying the particular form
of the f-I curve, but fortunately, phase-plane analyses allow us to understand quite a bit
about this system without having to specify much about this function. Thiswill be made
clearer by looking at the dynamics of this system in the context of a couple of well-
known f-1 curves. Consider first the square-root function, shown to be a good
approximation to physiologically determined f-1 curvesin cortical cells over awide range
of | values, aswell asto f-I curves derived from detailed biophysical models of cortical
cells (e.g. Ermentrout, 1998a; Stafstrom, Schwindt, & Crill, 1984; Traub & Miles, 1991):
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IU%ZA\/I_IC_gaga_U (5)

where A is a constant that scales the slope of the f-1 curve, I¢ isthe threshold current for
eliciting spiking (I hereis considered to be >=I¢), and £, g,, and s; areasin (1) and (2).
Figure A.1.1a below shows traces of u as a function of time for particular values of |
(1=0.5, 1.0, 1.5, and 3.0 mS/cm? A=60 and |c=0.45 mS/cm? match data from Traub &
Miles, 1991, and are taken from Ermentrout, 1998a; #,=2 ms, adaptation parameters were
chosen have slow kinetics similar to sodium-activated potassium currents and yield
steady-state firing-rate decreases of 40-60%, Sanchez-Vives et a., 2000: g,=0.001,
a,=0.002, £,=9 ). We consider very slow adaptation (and synaptic depression) dynamics
on the order of seconds, as opposed to faster dynamics, because these are the dynamics
that are most relevant for the discussion of behavioral priming.

FigureA.lla:

For each fixed value of |, u decreases monotonically down to a steady-state value (values
of u are shown out to 30 seconds). Valuesof u are also higher for larger I. These points
are perhaps better understood in the phase-plane, shown below for u versus s, in Figure
A.1l.1b.
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FigureA.1.1b:

The nullcline for u (or s,) is acurve showing all of the values of u and s, for which
du/dt=0 (dsy/dt = 0). Points of intersection between the nullclines of u and s, are referred
to as “fixed points’; fixed points can be either stable (where small perturbations of either
variable lead both variables back to the fixed point, and they stay there) or unstable
(where small perturbations of either variable lead the variables to move away from the
fixed point) (see Strogatz, 1994, for an introduction to phase-plane analyses of dynamical
systems). Figure A.1.1b reveals asingle stable fixed point for this system (1=1.6 mS/cm?
for this plot). Starting from initial values of u(0)=s,(0)=0, u climbs rapidly up the y-axis
to its nullcline (approximately exponentially with ¢, = 2 ms) and then decreases along its
nullcline as s, slowly builds up, stopping finally at the fixed point. s, changes so slowly
in this case that it is approximately constant relative to the dynamics of u. We can see
where these nullclines come from by setting du/dt = ds,/dt = 0 and solving. The nullcline
for uisgiven by

U:A\/l- IC_ 9. %5,

and the nullcline for s, is given by

or u=

Because the nullcline of u decreases monotonically as s, builds up (determined in this
case by the square-root function and the negative sign on s,), u will always decrease as a
function of adaptation. Thisaso impliesthat aslong asthe f-1 curveis monotonically
increasing over |, this property does not depend on the particular f-1 curve. Increasing |
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has the effect of shifting the nullcline for u to the right, whereas the nullcline for s, does
not change; this means that the point of intersection between the nullclines will
necessarily increase (for both u and s,), increasing the values of u for al t. Also notice
that the degree of adaptation exhibited by u is not the same for each value of | (see Figure
A.1.1a8). Adaptation by u appears to be proportionaly larger at lower values of I,
whereas the absolute change increases with | over alower range of | (I'sleading to
unadapted values of u < 50 Hz). Larger absolute changes due to adaptation for increases
in 1 (and hence u) are interesting because they replicate the results of the spiking neuron
simulations over the same range of firing rates shown in Figure 3.13 (Section 3.2.2), in
which the degree of repetition suppression is larger for larger initia firing rates. Aswe
will see below, this property aso holds for alinear f-1 curve. However, for higher values
of I (u's> 50 Hz), the absolute change in u due to adaptation is more comparable for
different I's (leading the proportional change becomes less at higher values of 1). The
amount of change in u due to adaptation isjointly determined by the position and slope of
the nullcline of u and the position and slope of the nullcline of s, between s,=0 and the
fixed point. When | iscloseto I¢, the nullcline of u is shifted far over to the left; the
height of the unadapted u is not very different than the height of u at the fixed point. Asl
isincreased, u's nullcline is shifted to the right, and its steep slope at small values of u
leads to larger absolute adaptation changes. Absolute adaptation changes become more
comparable at larger I's because of the flatter slope of u's nullcline at large values of u.

Given that U'? serves asinput to u™ and u'? is decreasing, thiswill have a
decreasing effect on Ul (u'%*w serves asthe | to u'¥, and w>0; decreasing the input to
utt, asfor U, will decrease its unadapted value, its steady-state value, and all of the
valuesin-between). u¥ will also undergo its own adaptation dueto sil*). Since the
network architecture is feed-forward, all of the ul™ will be attenuated by adaptation.
Now suppose that the stimulation paradigm is modified so that I-1¢ is set to a positive
value for a certain amount of time (e.g. 1 second) and then to O for a certain amount of
time (e.g. 5 seconds), allowing adaptation to recover exponentially with time constant £,.
If thisistaken as the proxy for one stimulus repetition and is repeated several times,
adaptation will build up across repetitions as long as the delay between stimuli is short
relativeto #,. By defining aresponse metric, one can then ask whether this network will
exhibit repetition priming as a consequence of adaptation. If response generation is
simulated by the n-th unit (representing motor cortex neurons) reaching afixed criterion
of firing rate, it is clear that following adaptation, the n-th unit will be less rather than
more likely to reach thisvalue. If this network serves as the input to a competitive
decision network (such asthat studied by Usher & McClelland, 2001) where reaction
time is simulated by the amount of time it takes one of the units to reach an activity
threshold, it is clear that the impact of adaptation will be to weaken input to the correct
unit, requiring more time to reach threshold and slowing reaction times. In other words,
adaptation will cause habituation rather than priming for this network and these response
mechanisms.
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Another common choice for an f-I curveis aclipped linear function:

du

g ™ f(l,s,)- u (6)
if (l-gaSa>O) f(l’sa): | - 9. %S,
else f(l,s,)=0

whereg, and s; areasin (2). Traces of u(t) for different values of | are shown in Figure
A.1.1c, along with the nullclines for this system (calculated at 1=1.0 mS/cm?).

FigureA.l.lc:

282



In this case, the nullclines are given by

u=1- ga>6a
and
s, =a, %,
S
or u=—-2=2
a.

As in Figure A.1.1b, increasing | has the effect of shifting u's nullcline to the right,
leaving s's nullcline unchanged. This means that the fixed point will necessarily increase
as | increases, athough it will always be less than the unadapted value of u, yielding
activity decreases (this is not surprising given the discussion above for the square-root f-I
because the nullcline of u is a monotonically decreasing function of s;). Substituting the
nullcline of s, into the first equation, we can solve for the steady-state of u:

u= I— (7)
1+ ga Xaa >¢a

It is clear from this equation and the plots in Figure A.1.1c that the steady-state of u
following adaptation with a linear f-1 is aways proportional to and less than the
unadapted value; the slow approach of u to its steady-state once it reaches its nullcline is
very close to a simple exponentia as long as ¢;>>¢,. (where the effective ¢ does not
depend on up). This means that the absolute change in u due to adaptation is always
larger for larger | (and larger unadapted u).

A.1.2 Synaptic depression

Is the impact of synaptic depression on firing rates similar to that of firing-rate
adaptation? While they do differ in a few details, they are the same with regard to
playing on overall decreasing role on activity. Figure A.1.2ashows traces of unit u™ that
receives input from unit ul®, scaled by the synaptic depression factor DI and a constant
weight w [see egs. (3) and (4)]; for the sake of simplicity, ul” was set to a constant value
to observe the impact of synaptic depression on u'¥ (as before, A=60, £,=2 ms;
parameters for synaptic depression were taken from the slow depression component at
excitatory synapsesin the Varela, 1997, model: d=In(.97) and #,=9.3 ).
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FigureA.l.2a:

Like adaptation, synaptic depression reduces monotonicaly the input from u® to ut
over time. However, in contrast to adaptation, the rate at which it does this depends on
the value of ul? (the larger ul?, the faster the approach to the steady state). To see why
thisis true, we can solve the dynamics of DI in eq. (3) for a constant u'® (thisis possible
even with a non-linear f-I curve because synaptic depression has no direct influence on
pre-synaptic activity here):

el +1)(t- to)

D (t): DI - (D[0]¥ - D[O]o)>€- fo (8)
D[O]¥ = ! (9)
dxr, ul +1

where D! approaches its steady-state value DI? exponentially from its initia value
(D'%4=1) with time constant ¢, /(d ¢, xul® +1). Since d and 7, are positive values, 0 <
DI?% <1 for U¥>0. Increasing ul” leads both to a faster buildup of synaptic depression
and a lower value of D! . However, the steady-state input to ul” (the product ul®*w*
DI? ) is till an increasing function of ul? (the derivative of ul®*w* DI wrt ul? is
positive for u'%, w>0; revealed in Figure A.1.2a by the higher steady-state value of ut*
when u%=75 Hz, compared with u'%=25 Hz). This means that as with adaptation,
activities will be decreased throughout the network, and habituation would be expected to
result given the assumptions about the feed-forward architecture and mechanisms for
response generation. The degree of the absolute decrease with a linear f-1 is larger for
larger initia activity; with a nonlinear f-1, the absolute activity decreases will depend on
the magnitude of the input and the particular shape of the f-1 curve (as with adaptation).
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A.2 Feed-forward network representing two
competing stimuli

In this section, we consider a network architecture (shown above) in which two different
stimuli are represented that compete through feed-forward inhibitory connections. Units

representing the target stimulus being presented are denoted by u#“] and are connected in

a feed-forward manner by positive synaptic strengths we. Units denoted by u[E')‘] can be

thought of as representing either some distractor stimuli that detract from the processing
of the target or a subpopulation of neurons that on average share an opponent relation
with the neurons that critically represent the target stimulus, mediated by negative
synaptic strengths wi. The opponent relation between ur and up units is mutual, and
individua up units are also connected feed-forward by positive synaptic strengths we. |+
represents input currents related to the target stimulus, and Ip represents input currents
related either to distractor stimuli or to partia support for competing stimuli due to the
target stimulus. We assume that I+>Ip and 11>0. It is also necessary to assume that

We>w;>0 S0 that in the absence of adaptation/depression uld >ul! for all kin (0, 1, ..., n).

A.2.1 Firing-rate adaptation

We will first consider the impact of firing-rate adaptation on the competitive feed-
forward network with the choice of a linear -1 curve. For this network with |+>lp and

we>W;, adaptation will always have an attenuating impact on uL“] for dl kin (0, 1, ..., n).
To see this, refer back to Figure A.1.1c. The input to u#“] depends on the difference
between uld and uled (specifically, ul“¥sw, - u¥sw). Since this difference
decreases as the u's approach their steady states (shown in Figure A.1.1c for different
values of 1), the input to the subsequent target unit u#k] decreases (and therefore u#k]
decreases). The input is also less selective for the target stimulus, in the sense that the
inputs to uL"] and u[E',‘] become more similar. To see this, we ignore the rapid rise of the
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u's to their nullclines (since £,>>¢,) and consider the steady-state solution for uLk] -u[g]
[similar to eg. (7)]:

o,
1+ ga Xaa>¢a 1+ ga Xaa>¢a

which rearranges to

[T, - u T )- (ol - b ><Wi)]xl’rga—>1‘<i'a><l‘a

In other words, the unadapted difference between u#k] and u,[j"] (such as when g,=0) is
scaled by a value between 0 and 1 as adaptation builds up, reducing the difference (and
hence stimulus selectivity). This effect combined with the reduction of ulfl then leads to

similar activity reduction in the k+1 units, and so on. Therefore, following the discussion
in Section A.l, adaptation would be expected to yield habituation effects - even in a
competitive network - for alinear f-I.

Do these same implications hold if one considers a non-linear f-1 curve? The
answer isthat it depends on the nature of the curve. For example, with an f-1 curvethat is
concave-down (such as the square-root f-I curve), a fixed amount of change in input due
to adaptation can have a weaker impact at larger I's than at smaller I's if the slope at the
larger I's is sufficiently flat. This could result in firing-rate activity decreases that are
larger in distracting/competing units than in target units, amplifying inputs to subsequent
target units. To the extent that adaptation leads to very large firing-rate decreases, this
case becomes less likely because strong adaptation tends to compress al of the activities
to zero. When one imposes empirical constraints on the basic model by fitting the
adaptation and f-1 parameters to physiological data and restricting the range of allowable
I's to produce firing rates that are observed in vivo (e.g. < 100 Hz), it is unlikely that
strong priming effects will ever be produced because adaptation effects are large (e.g.
decreasing rates by 40-60%: Ahmed et al., 1998; Sanchez-Vives et a., 2000) and the
slope of the curve is still too steep and not changing enough over the range of 1. Thisis
illustrated below in Figures A.2.1a and b (parameters for the square-root f-I curve and
adaptation are as they were in Figures A.1.1a and b; |c=0 for the sake of simplicity).
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FigureA.2.1a:

Figure A.2.1a shows that for a square-root f-I curve with I's leading to firing-rates < 100
Hz, adaptation is aways stronger for larger I. This is made clearer in Figure A.2.1b by
plotting the difference between the steady-state firing rates without versus with
adaptation for different values of 1.

FigureA.2.1b:
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As with the case of the linear f-I curve, the square-root f-I curve yields larger changesin
firing rate for larger I's, even though its slopeis decreasing with larger I's. Figures A.2.1c
and d show that stimulus selectivity is analogously decreased by adaptation for the
sguare-root f-1 curve.

FigureA.2.1c:

Figure A.2.1c plots the change in stimulus selectivity due to adaptation along the z-axis
(steady-state of u#ol-u,[;’] without minus with adaptation), as a function of I+ and Ip (x-

and y-axes), where I+>lp. The change is aways positive, meaning that stimulus
selectivity is aways larger without than with adaptation (i.e. adaptation decreases

selectivity). Taken together with the fact that uLO] always decreases with adaptation

(Figures A.2.1a and b), the firing rates of subsequent target units should also be
decreased. Note that the change in selectivity increases as a function of I+-Ip, and the
changes are largest where the stimulus selectivity without adaptation is largest (stimulus
selectivity without adaptation is shown below in Figure A.2.1d).
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FigureA.2.1d:

Therefore, it appears that in the case of a competitive feed-forward network with a
concave-down f-I curve and adaptation matched to physiological data, habituation rather
than priming is expected, and results are qualitatively similar to the case with alinear f-I.
This is not to say that other concave-down f-1 curves cannot yield priming effects;
however, they would likely require a flatter curve at higher I's than what is observed in
real neurons. Other non-linear f-1 curves, such as those that are concave-up over the
range of | being considered, would be expected to yield results similar to the linear case -
with even larger attenuation of firing rates (i.e. a fixed amount of change in | would lead
to larger decreases at large I's compared to small I's). These issues are all modulated to a
certain extent by the weight values we and w;, since they scal e the changes taking place in

ul“? and uld; with we>w;, smaller changesin ulY are relatively emphasized, making
priming effects even more unlikely in the case of a concave-down f-1 curve.

A.2.2 Synaptic depression

With a linear f-1 curve, results for synaptic depression are the like those for adaptation
with the exception that u,[j"] can be transiently larger than u#k] (given that the kinetics of

depression are faster at higher u's). Aswith adaptation for It>lp and we>wi, uldl and ul-
u,[j"] are decreased at the steady-state. To see that u#“] is decreased, we need to evaluate if
the steady-state input to u#“] without synaptic depression is greater than with depression
[using eg. (9)]:

R A
dot okt +1 dox sulkd +1

ul-tay, - ulked sy >
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Rearranging, we get

1
doxt, sl +1

1
dxt, sl +1

ule ooy, 1- >uled sy 1-

which is true because ul“¥sw, >ul¥sxw for It>lp and we>wi>0 and because
1 < 1

do,uld+1  dog, uled +1

An analogous calculation can be used to show that u#k]-u,[Dk] is decreased by synaptic

depression at the steady-state, leading subsequent target units to decrease their firing-
rates and predicting habituation rather than priming for alinear f-1. The fact that u[E',‘] can

be transiently larger than u#"] during the buildup of synaptic depression (due to faster

approach to the steady-state at higher u's) might even lead errors in identification to
occur.

For non-linear f-l, the situation becomes more complicated, as it did for
adaptation. With a concave-down f-I, priming could occur in theory because decreasesin

input to u#“] due to synaptic depression might have a weak effect if these inputs fall in a

range where the f-1 curve is relatively flat, whereas small decreases in input to u[E',‘] might

have a strong effect if the f-1 curveis steep over that input range. However, the impact of
slow synaptic depression when parameterized to fit physiological data still appears more

likely to yield firing-rate decreases. Figure A.2.2a shows the change in firing-rate of u#l]

due to synaptic depression at different fixed values of uLO] and u[[?], with the square-root

f-1 used in earlier sections and the slow synaptic depression taken from the Varela et al.
(1997; 1999) model (fit to intracellular recording data in primary visual cortex). we was

chosen to yield a firing rate of ~100 Hz in uld when DI=Dl=1, ul=100 Hz, and
u[E?] =0 Hz (We=30). w; was arbitrarily chosen to be less than we,(so that u#“] >u[§] with no
synaptic depression), yet still to yield a substantial impact of competition
(Wi=20=wg* 2/3).

0< <1.
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FigureA.2.2a:

This figure shows that, as with the linear f-I, uE] is always larger without than with
synaptic depression using a square-root f-I matched to physiological data. It is aso
generaly true that the largest decreases are observed where uQ] without synaptic
depression is largest (i.e. where uLO]-u,[DO] is largest). Figure A.2.2b shows that stimulus
selectivity is similarly decreased by synaptic depression for all values of uLO] and u[DO],
particularly for large uLO] - u,[DO] :

FigureA.2.2b:
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The sharp ridge in the surface observed near uLO]:u[[?] occurs where the input to the
square-root function crosses over to negative, and values of zero are returned for firing
rate. The input to u,[§] becomes negative when u,[DO]We < uLO]Wi, which depends on the
particular values of we and w; (inputs to u?] are aways positive). When this happens,

u,[§] =0 (both with and without synaptic depression), and the values shown in Figure
A.2.2b become identical to those shown in Figure A.2.2a (notice the similarity of the two
figuresfor large ul and small ul®).

Therefore, as with adaptation discussed in Section A.2.1, synaptic depression is
expected to yield habituation rather than priming, even when a concave-down f-I curveis
used - provided that the parameters have been set to match physiological data. For f-I
curves that are near-linear or concave-up, results are expected to match qualitatively

those for a linear f-. The assumption that w.>w; and the tendency for u[E')‘] to be

transiently larger than u#“] would also be expected to reduce the possibility of priming.

In summary, it is not impossible for adaptation and synaptic depression to lead to
priming in competitive feed-forward networks with a non-linear, concave-down f-I curve.
However, for concave-down f-1 curves that have been matched to empirical data and for
those that are approximately-linear or concave-up over the range of I's under
consideration, adaptation and synaptic depression would always be expected to lead to
habituation, given certain general assumptions about the mechanisms of response
generation (discussed in Section A.1.1). To the extent that adaptation/synaptic
depression are very strong or the slope of f-1 is steep over al I, priming in the case of the
concave-down f-1 curve becomes increasingly unlikely. Simulations 6 and 7 in this
thesis attest to the difficulty of demonstrating priming effects in firing-rate networks
employing these short-term plasticity mechanisms (see also Simulation 8).
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A.3 Network with locally recurrent connections
I epresenting two competing stimuli

In this section, we will briefly consider a network architecture similar to that in Section
A.2 except that local recurrent interactions are alowed (shown above). Units
representing atarget stimulus (u#k]) excite each other in afeed-forward manner by means
of positive synaptic strengths wi, and each unit excites itself through positive synaptic
strengths we.  Units in a particular group k that represent target or distractor stimuli
mutually compete through lateral inhibitory connections w;. Note that processing within

this architecture has been referred to as "biased competition” because units u#k] and u,[D"]

compete locally and which unit winsis a function of the bias present in I+ versus Ip (e.g.
Desimone & Duncan, 1995; see also Usher & McCleland, 2001); we assume here that
I+>lp and I+>0. The multiplicative nature of synaptic depression makes it difficult to
solve for a steady-state in this partially recurrent architecture, and we will therefore
restrict ourselves to the effects of slow firing-rate adaptation with a linear f-1 curve. We

add the further constraint that wetw;<1 so that u#“] >u[E')‘] prior to adaptation. Below we
find that as in Section A.2, adaptation has an attenuating impact on firing rates of target
units. Synaptic depression is expected to have a similar impact on activity, although as
discussed in the previous section, the dependence of its dynamics on the value of pre-
synaptic activity could lead u,[Dk] to be transiently larger than u#k] - potentially causing
errors of identification.

A.3.1 Firing-rate adaptation

Here we will show that for alinear f-I curve, uld and uld-ul¥l are always decreased by

firing-rate adaptation. We first solve for the steady-states of u#o] and u[g] with and
without adaptation, holding I+ and I constant.
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without adaptation:

T W)W =

with adaptation:
e
PO R R ANIEE .

(1_ We+aaxga>¢ °- \NZ

a 1

As discussed in Section A.2.1, decreases in ul“Y and ul“ - ul“Y due to adaptation will
lead to decreasesin uld):

u[k] — (1' We)fof ”JLk-l] - W Wy >U[Dk-l]
' (1_ We)2 - \N|2

Multiplying through by (1- w,)* - w?, which is a positive constant yields
ULk] H (1' We)>Wff mLk-l] - W Wy >1J[Dk-l]

Since w, +w <1, wecan choose € >0 such that w, +w +e=1. Substituting w, + e for
1- w,:
uLk] H (Wi +e)>Wff mLk-l] - W Wy ”Jl[ak-l]
Thissimplifiesto
ULk] KWWy X(ULH] - Ul[ak-l])"' €Wy ”JLH] (14)

Thus, decreases in both ul“? and ul“¥- ulv¥ will lead to decreases in ul. So, does
adaptation decrease both of these terms? We first evaluate if adaptation decreases uLO] by

evauating whether the steady-state without adaptation is greater than the steady-state
with adaptation [substituting egs. (10) and (12)]:

(1_ We))IT - W >ID > (1_ We+aa)ga>ta)>|T - W )ID
(L- w) - w (L- w,+a,g,¢,) - w’
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This will be true if the derivative of the right-hand side with respect to a,>g, %, is
negativefor a,>g, %, 3 0. Letting A=a,>9, %,

(1' We+A)X|T - WXy
-worAF- w0 wor AF w420 g+ A
dA - w,+ AF - wef

d
D<Q ?

Multiplying both sides by [(1- w, + A) - \/\1,2]2 , this simplifiesto
[(1- w, + A +Wi2]><|T >21- w, + A)xw
Since I+>Ip, wi>0, and (1- w, + A)> 0, thiswill betrue aslong as
(1- w, + AP + w2 >2X1- w, + A)xw
(1- w, + AP - 241- w, + A)xw +wW? >0
which factorsto
(1- w,+ A- w) >0

Thisistrue because 1- w,- w >0 and A3 0. Therefore adaptation decreases uLO] for a
linear f-1 curve.

Does adaptation also lead to decreases in u#O] - u[DO]? We evauate whether
u#o] - u[DO] is greater without than with adaptation [substituting egs. (10)-(13)]:

(1' We)XIT - W ><ID B (1' We)xlo - W ><IT
(1_ We)2 - VVi2

(1_ We+aa>ga)ta))|T - W )ID_ (1_ We+aa>ga)[a))|D+\Ni o
(1- w,+a,xg, %, ) - w

T 92

Factoring the denominators and simplifying, we get

Iy S - 15
1-w-w 1-w-w+a,xg, X,

This is true for a, g, >, >0 since It>lp, I+>0, and 1- w,- w >0. Thus, adaptation
decreases ul- ul¥.  Given the decreases in ul“Y and ul<¥- uld (where k=1),
subsequent target units will be decreased and the stimulus-selectivity of units in the
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network will also be decreased. Therefore, results for networks with partially recurrent
connections, competition, and linear f-I are qualitatively similar to those obtained in
Section A.2.1.

Following the discussion in Section A.2, we expect that priming effects are
possible for some parameterizations of the model if one considers concave-down f-I
curves. However, to the extent that adaptation/synaptic depression effects are strong, or
the -1 curve is approximately linear or concave-up over the range of | being considered,
habituation effects should predominate.

A.3.2 Comment

Taken together, these various analyses imply - at a minimum - that it will be difficult for
adaptation and synaptic depression effectsto yield priming effects. This poses significant
problems for firing-rate based neural network accounts of repetition suppression and
repetition priming phenomena, assuming that the relatively short-term effects are due to
some combination of firing-rate adaptation and synaptic depression (see Smulation 1,
Section 3.2 for detailed arguments along these lines). However, it should be noted that in
equation (14), increases in wi could offset decreasesin ulY and (u#"‘l] - u[g”]). In other
words, these conclusions depend on the assumption that synaptic strengths are not
changing radically over these time scales. As will be discussed in more detail in
Smulation 4 (see Section 3.5), changes in gain due to enhanced spike synchronization
would be tantamount to transiently increasing wg: They are somewhat isomorphic. It is
also important to note, though, that the firing-rate characterization discussed here would
give little principled guidance as to why activity decreases are related to improvementsin
performance. Arbitrary activity and performance changes would be possible by altering
Wi appropriately.
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Appendix B

|AF network:

dF
d_]:Wj+H(|:I F])
Let)/:F| FJ
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A phase-locked solution is stable if the slope of Hoqq IS positive where it crosses vy - 1.
The synchronous solution corresponds to Hoga Crossing v - w at t=0 and can only exist
strictly if w - wy=0 (i.e. neuronsi and j arefiring at identical rates; see Section 2.2 for
further discussion). The synchronous solution is stable in the network above, provided
that the firing rates are not too large:

The synchronous solution breaks down at higher firing rates (~ 60 Hz for this system):
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It also breaks down if inhibition is removed, controlling for firing rate:
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Appendix C

Using the above architecture with Type | excitatory, e, and inhibitory, i, cells (parameters
taken from excitatory cells in Gutkin et al., 2001, without 1anp), the impact of synaptic
depression on synchronizing the e cells was examined using the phase-reduction method
(see Section 2.2 and Appendix B).

The implementation of synaptic depression was taken from Varela et a. (1999), although
only the fast excitatory synaptic depression was included (#p= 634 ms; see Section 3.1.2
for details). The cells in the network were driven to fire at different rates by applying
different external currents to the e cells (a fixed externa current of 0.05 mS/cm?® was
applied to thei cells). Rise and decay times (¢'s) of the synaptic currents were 1 and 3 ms
for lawpa @nd 1 and 7 ms for lgapaa. The maximal synaptic conductances were set at 0.3
mS/cm?, and the maximal e to i conductance was adjusted for different levels of current
applied to the e cells to ensure that asingle i spike occurred for each e spike.

The impact of synaptic depression on phase-locked solutions was evaluated by

comparing the cases in which synaptic depression was either included or blocked. When
synaptic depression was included, its impact was evaluated at the steady-state.
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The synchronous solution was stable with or without the inclusion of synaptic depression
a lower rates (here ~ 10 Hz) with little difference in the shape of Hyyg for the two
conditions (see results below). The amplitude, however, does differ across conditions

because synaptic depression scales down the synaptic currents (Hogg amplitudes are
smaller with synaptic depression).

Synaptic Depression Blocked:

Synaptic Depression Present:
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The synchronous solution became unstable at higher firing rates both with and without
synaptic depression, and the firing rate at which it became unstable was comparable for
the two conditions. Results are shown here for ~ 50 Hz rates.

Synaptic Depression Blocked:

Synaptic Depression Present:

It seems then that the main role of synaptic depression in promoting synchronous spiking
in e-i networks is to reduce the firing rates. It does not appear to contribute much of an
additional dynamical effect to synchronizing the e cells by atering their phase-response
curves (PRCs) as firing-rate adaptation does (see Ermentrout et al., 2001).
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Appendix D

Changesin Cedlular Input Resistance Alter Neural
|ntegrative Properties

This appendix explains how changes in membrane permeability to various ions induced
by neuromodulation or alterations in average synaptic currents can lead to changes in the
steady-state membrane potential of a cell given a fixed input current, as well as to
changes in the membrane time constant.

D.1  Dependence of Steady-State Voltage and the Membrane Time Constant on
Passive Membrane Currents

Consider the following general equation for the voltage kinetics (V) of a patch of cell
membrane when an external current (lp) is driven across the membrane:

where C is the fixed membrane capacitance, g, is the average passive leak conductance
due to the open ion channels in the cell membrane and the resistances of these channels,
and V_ is the Nernst or "reversal” potential of the average leak current (the value of
voltage at which the direction of the leak current will reverse direction). Dividing
through by the average leak conductance, g, we get

Exd_V:_(V_ VL)+I_0

g, dt g
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Since 1- R (often referred to as the Input Resistance of a cell) and R xC =7,

L
(referred to as the membrane time constant), we have

[mxdl:_(v_vl_)+l_0
dt 0.
Rearranging and integrating both sides over corresponding intervals to solve V as a
function of timet, we get:

J~V dV _J.IE
SV e M
L
|
-\V-Vv )+
LA S
'(VO'VL)"'LO I
L
-(v-vL)+;o ew)
L =g /m
I
-(VO-VL)-I-QOL
(t-t)
A A R
L .

V)=V 10+ v v 410 e o

L 9.

Therefore, V(t) is an exponentia function of its input current lo.  Substituting

V, =V, +|—0 ("steady-state" voltage), thisis simplifiesto
L

_(t'to)

V)=V + (- W )e

Since V, and ¢, are both decreasing functions of g. V, :VL+|—°;tm:£ ,

g 9.
mechanisms that increase g, by activating membrane currents have the effect of reducing
the impact of 1o on V,, and leading to more rapid approach to V, by shortening ¢ ..
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D.2 TheComposite Nature of the Leak Current

The average passive leak current of acell is actually a composite of a number of different
currents:

-9, ><V_VL):_iZgi >‘(V'Vi)

where the different currents i refer to the individua passive currents of sodium,
potassium, chloride, calcium, etc. When the average synaptic current due to | avea, |casa,
etc. is non-zero, the average leak current will also include terms corresponding to these
currents.

With a few simple algebraic manipulations, it is possible to express g. and V_ in the
following form in terms of the individual g; and V;:

g, :Zgi

Zgi)Vi Zgi%‘/i
i Zi)gi )

VL

In other words, the total leak conductance g is smply a sum of the individual
conductances, and the total reversal potentia V. of the leak current is a weighted average
of the individual reversal potentials (each scaled by its corresponding leak conductance).
This means that any neural mechanism, such as neuromodulation, that opens or closes
various ion channels will have an impact on g. and V., thus influencing the integrative
properties of neurons (see D.1 above). Opening additional channels will increase g, and
decrease the membrane time constant ¢, whereas closing channels will decrease g, and

increase ¢,.. Since the phase-response curves (PRCs) of individual cells depend on ¢,

dynamic changes in g. can ater the synchronization properties of cortical networks (see
Section 2.2 and Section 4.5 for further discussion).
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