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A major open problem in systems neuroscience is to understand the relationship between behavior and the
detailed spiking properties of neural populations. We assess how faithfully velocity information can be decoded
from a population of spiking model retinal neurons whose spatiotemporal receptive fields and ensemble spike
train dynamics are closely matched to real data. We describe how to compute the optimal Bayesian estimate of
image velocity given the population spike train response and show that, in the case of global translation of an
image with known intensity profile, on average the spike train ensemble signals speed with a fractional stan-
dard deviation of about 2% across a specific set of stimulus conditions. We further show how to compute the
Bayesian velocity estimate in the case where we only have some a priori information about the (naturalistic)
spatial correlation structure of the image but do not know the image explicitly. As expected, the performance of
the Bayesian decoder is shown to be less accurate with decreasing prior image information. There turns out to
be a close mathematical connection between a biologically plausible “motion energy” method for decoding the
velocity and the Bayesian decoder in the case that the image is not known. Simulations using the motion en-
ergy method and the Bayesian decoder with unknown image reveal that they result in fractional standard
deviations of 10% and 6%, respectively, across the same set of stimulus conditions. Estimation performance is
rather insensitive to the details of the precise receptive field location, correlated activity between cells, and
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spike timing. © 2009 Optical Society of America
OCIS codes: 330.4060, 330.4150.

1. INTRODUCTION

The question of how different attributes of a visual stimu-
lus are represented by populations of cells in the retina
has been addressed in a number of recent studies [1-8].
This field has received a major boost with the advent of
methods for obtaining large-scale simultaneous record-
ings from multiple retinal ganglion neurons that almost
completely tile a substantial region of the visual field
[9,10]. The utility of this new method for understanding
the encoding of behaviorally relevant signals was exem-
plified by [4], where the authors examined the question of
how reliably visual motion was encoded in the spiking ac-
tivity of a population of macaque parasol cells. These au-
thors used a simple moving stimulus and attempted to es-
timate the velocity of that stimulus from the resulting
spike train ensemble; this analysis pointed to some im-
portant constraints on the visual system’s ability to de-
code image velocity given noisy spike train responses. We
will explore these issues in more depth in this paper.

In parallel to these advances in retinal recording tech-
nology, significant recent advances have also been made
in our ability to model the statistical properties of popu-
lations of spiking neurons. For example, a statistical
model of a complete population of primate parasol retinal
ganglion cells (RGCs) was recently described [7]. This
model was fit using data acquired by the array recording
techniques mentioned above and includes spike-history
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effects and cross-coupling between cells of the same kind
and of different kinds (i.e., ON and OFF cells). The au-
thors demonstrated that the model accurately captures
the stimulus dependence and spatiotemporal correlation
structure of RGC population responses, and allows sev-
eral insights to be made into the retinal neural code. One
such insight concerns the role of correlated activity in pre-
serving sensory information. Using pseudorandom binary
stimuli and Bayesian inference, they reported that stimu-
lus decoding based on the spiking output of the model pre-
served 20% more information when knowledge of the cor-
relation structure was used than when the responses
were considered independently [7].

At the psychophysical level, Bayesian inference has
been established as an effective framework for under-
standing visual perception [11]; some recent notable ap-
plications to understanding visual velocity processing in-
clude [12-17]. In particular, [14] argued that a number of
visual illusions actually arise naturally in a system that
attempts to estimate local image velocity via Bayesian
methods (though see also [18,19]).

Links between retinal coding and psychophysical be-
havior have also been recently examined using Bayesian
methods; [20,21], for example, examine the contribution
of turtle RGC responses to velocity and acceleration en-
coding. This study reported that the instantaneous firing
rates of individual turtle RGCs contain information about

© 2009 Optical Society of America
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speed, direction, and acceleration of moving patterns. The
firing-rate-based Bayesian stimulus reconstruction car-
ried out in that study involved a couple of key approxima-
tions. These included the assumptions that RGCs gener-
ate spikes according to Poisson statistics and that they do
so independently of each other. The work of [7] empha-
sizes that these assumptions are unrealistic, but the im-
pact of detailed spike timing and correlation information
on velocity decoding remains uncertain.

The primary goal of this paper is to investigate the fi-
delity with which the velocity of a visual stimulus may be
estimated, given the detailed spiking responses of the pri-
mate RGC population model of [7], using Bayesian decod-
ers, with and without full prior knowledge of the image.
We begin by describing the mathematical construction of
the Bayesian decoders, and then compare these estimates
to those based on a biologically plausible “net motion sig-
nal” derived directly from the spike trains without any
prior image information [4]. We derive a mathematical
connection between these decoders and investigate the
decoders’ performance through a series of simulations.

2. METHODS

A. Model
The generalized linear model (GLM) [22,23] for the spik-
ing responses of the sensory network used in this study
was described in detail in [7]. It consists of an array of ON
and OFF retinal ganglion cells (RGC) with specific base-
line firing rates. Given the spatiotemporal image movie
sequence, the model generates a mean firing rate for each
cell, taking into account the temporal dynamics and the
center-surround spatial stimulus filtering properties of
the cells. Then, incorporating spike history effects and
cross-coupling between cells of the same type and of the
opposite type, it generates spikes for each cell as a sto-
chastic point process.

In response to the visual stimulus I, the ith cell in the
observed population emits a spike train, which we repre-
sent by a response function

rt)= >, 8t —t;.), (1)

where each spike is represented by a delta function, and
ti o is the time of the ath spike of the ith neuron. We use
the shorthand notation r; and r for the response function
of one neuron and the collective spike train responses of
all neurons, respectively. The stimulus I represents the
spatiotemporal luminance profile I(n,¢) of a movie as a
function of the pixel position n and time ¢.

In the GLM framework, the intensity functions (instan-
taneous firing rate) of the responses r; are given by
[7,24-26]

Ni(8) Ef<bi+Ji<t> > hij(t—tjﬁ)), @)
J.B

where f(-) is a positive, strictly increasing rectifying func-
tion. As in [7], we adopt the choice f(-)=exp(-). The b, rep-
resents the log of the baseline firing rate of the cell, the
coupling terms %;; model the within- and between-neuron
spike history effects noted above, and the stimulus input

Lalor et al.

J;(t) is obtained from I by linearly filtering the spatiotem-
poral luminance,

Ji(t) = J f kit - r,n)I(r,n)d®ndr, (3)

where k;(¢,n) is the spatiotemporal receptive field of the
cell i. The parameters for each cell were fit using 7 min of
spiking data recorded during the presentation of a nonre-
peating stimulus, with the baseline log firing rate being a
constant and the various filter parameters being fit using
a basis of raised cosine “bumps” [7]. Given Eq. (2), we can
write down the point process log-likelihood in the stan-
dard way [27]

T
logp(r|l) = ) log \(t;,) - >, f Ni(@)de. (4)
i,a i 0

For movies arising from images rigidly moving with
constant velocity v we have

I(t,n) =x(n - vi), (5)

where x(n) is the luminance profile of a fixed image. Sub-
stituting Eq. (5) into Eq. (3) and shifting the integration
variable n by v, we obtain

Ji(t) = f K;v(¢;m)x(n)d?n, (6)
where we defined
Kiy(t;m) = f kit - r,n+vndr. 7

In the following we replace p(r|I) with its equivalent
p(r|x,v) [since, via Eq. (5), I is given in terms of x and v]
and use the short-hand matrix notation J;=K; ;- x for Eq.
(6). An important point is that in the case of a convex and
log-concave GLM nonlinearity, f(-) [conditions that are
true for our choice, f(-)=exp(-)], the GLM log-likelihood,
Eq. (4), is a concave function of x(n).

B. Decoding

In order to estimate the speed of the moving bar given the
simulated output spike trains r of our RGC population,
we employed three distinct methods. The first method in-
volved a Bayesian decoder with full image information,
the second method utilized a Bayesian decoder with less
than full image information, while the third method in-
volved an “energy-based” algorithm introduced by [4] that
used no explicit prior knowledge of the image. For reasons
that will become clear, these decoders will be hereafter
known as the optimal decoder, the marginal decoder, and
the energy method, respectively. Given a simulated out-
put spike train ensemble, we use each of these methods to
estimate the speed of the stimulus that evoked the en-
semble by maximizing some function across a range of
possible or “putative” speeds.

1. Bayesian Velocity Estimation
To compute the optimal Bayesian velocity decoder we
need to evaluate the posterior probability for the velocity
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p(v|r) conditional on the observed spike trains r. Given a
prior distribution p,(v), from Bayes’ rule we obtain

p(r|v)p,(v)
S pelv )

p(vlr)= (8

If the image x (e.g., a narrow bar with a luminance dis-
tinct from the background) is known to the decoder, then
we can replace p(r|v) with the likelihood function
p(r|x,v), obtaining

p(r[x,v)p,(v)
2, pEx,v)p,(v)

)

p(v[r,x) =

p(r|x,v) is provided by the forward model Eq. (4), and
therefore computation of the posterior probability is
straightforward in this case.

Alternatively, if the image is not fully known, we rep-
resent the decoder’s uncertain a priori knowledge regard-
ing x with an image prior distribution p,(x). In this case,
p(r|v) is obtained by marginalization over x:

p(r|v)=fp(r,x|v)dx=fp(r|x,v)px(x)dx. (10)

Hence, we will refer to p(r|v) as the marginal likelihood.
Given the marginal likelihood, Eq. (8) allows us to calcu-
late Bayesian estimates for general velocity priors. The
prior distribution p,(x) which describes the statistics of
the image ensemble, can be chosen to have a naturalistic
correlation structure. In our simulations in Section 3 we
use a Gaussian image ensemble with power spectrum
matched to observations in natural images [28,29].

In general, the calculation of the high-dimensional in-
tegral over x in Eq. (10) is a difficult task. However, when
the integrand p(r,x|v) is sharply peaked around its
maximum [which is the maximum a posteriori (MAP) es-
timate for x—as the integrand is proportional to the pos-
terior image distribution p(x|r,v) by Bayes’ rule] the so-
called “Laplace” approximation (also known as the
“saddle-point” approximation) provides an accurate esti-
mate for this integral [for applications of this approxima-
tion in the Bayesian setting, see e.g., [30]]. The Laplace
approximation in the context of neural decoding is further
discussed in, e.g., [31-35]. We briefly review this approxi-
mation here.

Following [29], we consider Gaussian image priors with
zero mean and covariance C, chosen to match the power
spectrum of natural images [28]. Let us define the func-
tion

L(x,r,v) = log p.(x) +log p(r[x,v) + 5 log(2m)9|C,],
(11)

where d represents the number of pixels in our simulated
image, and rewrite Eq. (10) as

1
p(r|v) = —_d._fea"""v)dx. (12)
\3’(277) |Cx|

Using Eq. (4) and p,(x)=MN(0,C,), we obtain the expres-
sion
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L(x,r,v)=— %XTC;IX + 2 [2 log \;(Z; 4;%,T)
i a

- f )\i(t;x,r)dt}, (13)

where \; are given by Egs. (2), (6), and (7), and we made
their dependence on x and r manifest. Since both terms in
Eq. (13) are concave (see the closing remarks in Subsec-
tion 2.A), the log-posterior £(x,r,Vv) is concave in x. To ob-
tain the Laplace approximation, for fixed r, we first find
the value of x that maximizes £ (i.e., the image MAP,
xpap)- When the integrand is sharply concentrated
around its maximum, we can Taylor expand £ around
xpap to the first nonvanishing order beyond the zeroth-
order (i.e., its maximum value) and neglect the rest of the
expansion. Since at the maximum the gradient of £ and
hence the first-order term vanish, we obtain

L(x,1) = L(Xyap,T, ) — 5(x ~ Xyap) Hr,v) (X - Xy1ap),
(14)
where the negative Hessian matrix

H(I‘,V) = - VXVX‘C(X7r7V)|X=XMAP7 (15)

is positive semidefinite due to the maximum condition.
Exponentiating this yields the Gaussian approximation
(up to normalization)

eﬁ(xm,V) OCp(X'r,v) = N(XMAP(I.,v)ny(r)V)) ) (16)

where N(u,C) denotes a Gaussian density with mean u
and covariance C for the integrand of Eq. (12). [An impor-
tant technical point here is that this Gaussian approxi-
mation is partially justified by the fact that the log-
posterior (13) is a concave function of x [24,26,34] and
therefore has a single global optimum, like the Gaussian
(16).] Here, the posterior image covariance C.(r,v) is
given by the inverse of the negative Hessian matrix
H(r,v). (Note the dependence on both the observed re-
sponses r and the putative velocity v.) The elementary
Gaussian integration in Eq. (12) then yields

e~ L(XpMap(T,V),r,v)

prlv) =~ —F— (17)
JCHx,v)]
for the marginal likelihood, or its logarithm
log p(r|v) = - L(xyap(r,v),r,v) - 5 log|C,H(x,v).
(18)

The MAP itself is found from the condition V,£=0, which
in the case of exponential GLM nonlinearity f(-)=exp(-)
yields the equation

XMAP(n;r’V) = J d2nrcx(nan’)2 J Ki,v(t;n’)[ri(t)

- \;(t;xpap,r) ]d2. (19)

Note that this equation is nonlinear due to the appear-
ance of x)ap inside the GLM nonlinearity on the right-
hand side. As mentioned above, the objective function Eq.
(11) is concave and can be efficiently optimized using
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gradient-based optimization algorithms, such as the
Newton—Raphson method. In particular, by exploiting the
quasi-locality of the GLM likelihood we can implement
the Newton—Raphson method such that, in cases where
the image x(n) depends only on one component of n, the
MAP can be found in a computational time scaling only
linearly with the spatial size of the image (see Appendix B
for further elaboration on this point). Once xp2p is found,
the Hessian at MAP and Eq. (17) can be calculated easily,
and using Eq. (17), the approximate computation of
p(r|v) is complete.

To recapitulate, in the case of an a priori uncertain im-
age, given the observed spike trains r, we numerically
find xpap(r,v) for a range of putative velocities v and us-
ing Eq. (17), we compute p(r|v), from which we may ob-
tain p(v|r) via Eq. (8). We then take the value of velocity
v, that maximizes p(v|r) as the estimate; i.e., we use the
MAP estimate for the velocity.

As discussed in Section 1, our goal here was to critically
examine the role of the detailed spiking structure of the
GLM in constraining our estimates of the velocity. Since
the spiking network model structure enters here only via
the likelihood term p(r|v), we did not systematically ex-
amine the effect of strong a priori beliefs p(v) on the re-
sulting estimator (as discussed at further length, e.g., in
[14]). Instead we used a simple uniform prior on velocity,
which renders the MAP velocity estimate equivalent to
the maximum (marginal) likelihood estimate, i.e., the
value of v that maximizes p(r|v) given by the approxima-
tion Eq. (17) [or equivalently, its logarithm Eq. (18)].
Similarly, in the case of a priori known image x we chose
the velocity v that maximizes the likelihood p(r|x,v).

2. Velocity Estimation Using the Energy Method

In order to assess the precision of our Bayesian estimates
of velocity, we compared our estimates to those obtained
using the correlation-based algorithm described in [4].
This algorithm closely resembles the spatiotemporal en-
ergy models for motion processing introduced by [36]. In
order to understand the rationale behind this method, as-
sume, hypothetically, that all the cells have exactly the
same receptive fields up to the positioning of their centers
and that they respond reliably and without noise to the
stimulus. Then the RGCs’ spike trains r; in response to
moving images would clearly be identical up to time
translations. In other words, r;(¢+n;/v) would be equal for
all 7, where n; is the center position of the ith cell’s recep-
tive field along the axis of motion, and v is the magnitude
of v. Thus even in the realistic, noisy situation, we expect
the r; for different i to have a large overlap if they are
shifted in time as described, and in principle, we should
be able to recover the true velocity by maximizing a
smoothed version of this overlap. Inspired by this obser-
vation, an energy function is constructed as follows. First,
the spike trains are convolved with a Gaussian filter
w(t) = exp(~t2/27%) (we chose 7to be 10 ms; see below and
[4]). Let us define

Ti(t) = wrr; = O e~ 10727 (20)

Then, the “energy” function for the entire population of
cells is determined by the sum of the overlaps of the
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shifted and smoothed responses of all cells [37],

n; n;
S(v,r):E Fi<t+—>7j<t+—J)dt
ij 1% v

=f [;’fi<t+%>]2dt. (21)

In order to cancel the effect of spontaneous activity of the
cells, in [4] a “net motion signal” N(v,r) is obtained by
subtracting energy of the left-shifted spike trains from
that of the right-shifted responses:

N(v,r) =&(v,r) - E(-v,r). (22)

Finally, N(v,r) is calculated for v across a range of pu-
tative velocities, and the value that maximizes the net
motion signal is taken as the velocity estimate. Figure 1
illustrates the basic idea of this method for ON cells, al-
though it should be noted that OFF cells are also included
in our analysis.

3. Connection between the Bayesian and Energy-Based
Methods

An interesting connection can be drawn between Baye-
sian velocity decoding and the method of Subsection 2.B.2
based on the energy function Eq. (21). For simplicity,

(A)

(B)  Raw responses at 14.4°/s, ON cells

Cell #

1000 Time (sec) ' 1

Putative speed 7.2°/s, ON cells

G

Cell #

Time (sec) k 1
Putative speed 14.4°/s, ON cells

100
0

)

Cell #

1000 ) 'Time (sec) - 1

Putative speed 28.8°/s, ON cells

T

1

Cell #

1000 Time (sec) 1
Fig. 1. Ensemble motion signals. (A) Moving bar stimulus and
cell layout. Cells in the left most column are numbered 1-10 from
top to bottom, cells in the second column are numbered 11-20
from top to bottom, etc. (B) Raw responses from the ON cells for
a moving bar with speed 14.4°/s. Each tick represents one spike
and each row represents the response of a different cell. (C)—(E)
Same spike trains circularly shifted by an amount equal to the
time required for a stimulus with the indicated putative speed to
move from an arbitrary reference location to the receptive field
center. Responses from OFF cells were also included in this
procedure.
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imagine that spike trains are generated not by the GLM,
but rather by a simpler linear-Gaussian (LG) model. In
this case, it turns out that the marginal likelihood method
is closely related to the energy function method described
above. Specifically, we model the output spike trains as

ri=bi+’Ci’v'X+ €, (23)

where the noise term is Gaussian €;~N(0,3). In the case
that the noise terms for different cells are independent,
we have pyg(r|x,v)=ILNV(b; +K; v X, %), though the gener-
alization to correlated outputs is straightforward. We
show in Appendix A that in a certain regime the loga-
rithm of the LG marginal likelihood is given by [see Egs.
(A7) and (A8) and Eq. (A18)]

1 n; n;
IngLG(r|V)=§E Rj\t+— |Rj|t+— dt +A(v),
i 1% v

(24)

where A(v) has no dependence on the observed spike
trains and only a weak dependence on v. We find empiri-
cally that the term A(v) in Eq. (24) grows with velocity,
and therefore its inclusion shifts value of the maximum
likelihood estimate toward higher velocities. Conversely,
its absence in the energy function Eq. (21) causes the en-
ergy method estimate to have a negative bias. See Fig. 5
for an illustration of this effect. The resemblance of the
remaining term to Eq. (21) above is clear. Here, R; are
smoothed versions of the spike trains r; (with the baseline
log firing rate subtracted out) and are given, as in Eq.
(20), by

R, =wyg*(r;- b)), (25)

where here the optimal smoothing filter wg is deter-
mined by the receptive fields %;, the prior image correla-
tion statistics, and the velocity [its explicit form is given
in Eq. (A21) in Appendix A], as we discuss in more depth
below.

Thus maximizing the marginal likelihood Eq. (24) is, to
a good approximation, equivalent to maximizing the en-
ergy Eq. (21). The major difference between Eq. (21) and
Eq. (24) is in the filter we apply to the spike trains: ¥; has
been replaced by R;. The key point is that R; depends on
the stimulus filters %;, the velocity v, and the image prior
in an optimal manner, unlike the smoothing in Eq. (20).
(Note that, while changes in optimal filters at differing
light levels have been discussed in terms of motion esti-
mation in fly vision [38], no account of varying light levels
was taken here.) The dependence of this optimal filter as
a function of v can be explained fairly intuitively, as we
discuss at more length in Appendix A following Eq. (A21).
We find that 7,,, the time scale of the smoothing filter w g,
is dictated by three major time scales, some of which de-
pend on the velocity v: 7, the width of the time window in
which each RGC integrates its input; [,/v, where [, is the
spatial width of the receptive field; and [.,,/v where [,
is the correlation length of natural images. At low veloci-
ties, [,/v and l.,,/v are large, and the smoothing time
scale 7, is also large, since in this case we gain more in-
formation about the underlying firing rates by averaging
over a longer time window. At high velocities, on the other
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hand, 7, dominates /,/v and [.,.,/v, and 7, ~ 7. This set-
ting of 7, makes sense because although the image movie
I can vary quite quickly here, the filtered input /;(¢) in-
duces a firing rate correlation time of order 7, and exam-
ining the responses at a temporal resolution finer than 7,
only decreases the effective signal-to-noise.

Figure 2 illustrates these effects by plotting the opti-
mal smoothing filters w; g for several different values of
the velocity v. Interestingly, in the high-velocity limit, the
analytically derived optimal temporal filter width 7, is of
the order of 10 ms, which was the value chosen empiri-
cally for the optimal Gaussian filter used in [4]. We re-
computed the optimal empirical filter for our simulated
data here by plotting the standard deviation of the veloc-
ity estimates obtained using the net motion signal [de-
fined in Eq. (22)] against the filter width (Fig. 3). For this
velocity (28.8°/s) the optimal filter is of the order of
10 ms; thus, we used a filter of width 10 ms when com-
paring the energy method to the Bayesian decoder.

To summarize, maximizing the likelihood marginalized
over the unknown image is very closely related to maxi-
mizing the energy function introduced by [4], if we replace
the GLM with the simpler linear Gaussian model. Since
the actual spike train generation is much better modeled
by the GLM than by the Gaussian model, we expect Baye-
sian velocity estimation (even with uncertain prior knowl-
edge of the image) based on the correct GLM to be more
accurate. This expectation is borne out by our simula-
tions, though it is worth noting that the improvement is
significantly smaller than when the Bayesian decoder has
access to the exact image.

C. Simulations
We simulated the presentation of a bar moving across the
gray background of a CRT monitor refreshing at 120 Hz.

m

;(iy\
| 2.4°/s A

183° I\
. N
128.8 °/s A
_ . \ : .
—2000 -1000 0 1000 2000

Fig. 2. Optimal linear spike train filter w;; for a range of ve-
locities from 0.2°/s to 28.8°/s (bottom) in exponential steps. The
y axes are scaled in dimensionless units for clarity here. As dis-
cussed in Subsection 2.B.3, there are three time scales that de-
termine the time scale of our filter w; . At low velocities, shown
in the upper panels, the width of w(¢) is determined by the two
scales x,/v and x.,,/v and is thus quite large (since the denomi-
nator v is small). At the higher velocities shown in the lower pan-
els, the optimal filter width is dominated by the time scale of the
receptive field 7, and is of the order of 7,, which is ~10—20 ms.
For even higher velocities the shape of this filter remains essen-
tially the same as in the bottom panel.
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o
(%)
T
I

Standard deviation

0.1t ,

0.01
Filter width (s)
Fig. 3. Effect of filter width 7,, on the standard deviation of ve-
locity estimates [obtained using the signal defined in Eq. (22)]
across 100 presentations of a black bar moving at a speed of
28.8°/s across a gray background. Note that a filter width of 7,

~10 ms is optimal, in agreement with the findings of [4] and
with the width of the optimal filter shown in Fig. 2.

0.001 0.1

The spatial profile of the bar in the direction of motion
was a Gaussian function with a standard deviation (SD)
of 96 um. The visual field was represented by a grid of
100 X 100 pixels covering the receptive fields of two layers
of cells each arranged in a uniform 10X 10 grid. One layer
consisted of ON cells, while the other represented OFF
cells. The pixel resolution used was 10 times that used in
[7] resulting in a pixel size of 12 um. The bar moved
across the visual field in discrete steps of v pixels/refresh,
although v was not restricted to integer values. On each
trial, the bar traversed the entire visual field once at a
constant velocity. (Therefore, low-velocity trials lasted
longer than high-velocity trials; this will affect some of
our analyses below.) Stimulus dimensions and speeds
were converted to degrees/second using the approxima-
tion 200 um/° [39] with a pixel size of 12X 12 um. This
meant that, with a refresh rate of 120 Hz, a speed of
1 pixel/refresh corresponded to a speed of 7.2°/s.

Then, to investigate the fidelity with which speed was
encoded by our model, we ran simulations using a variety
of stimulus parameter settings. Specifically, we conducted
100 trials at each of 48 stimulus conditions. These 48 con-
ditions were made up of eight speeds (10.8, 14.4, 21.6,
28.8, 36.0, 43.2, 50.4 and 57.6°/s) by six luminance levels
(0, 0.125, 0.25, 0.75, 0.875 and 1 on a grayscale level
where 0 is black and 1 is white, and the background level
was set at 0.5). We also refer to the six different lumi-
nance levels in terms of the contrast of the bar with re-
spect to the background. More precisely we define the con-
trast as (Ibar_Ibackground)/lbackground’ where Ibar and
Tackerouna denote the bar and the background luminance,
respectively. These six luminance levels thus become con-
trast levels -1, -0.75, -0.5, 0.5, 0.75, and 1.

For each of these trials, we obtained a set of spike
trains r. From these spike trains, it was possible to esti-
mate the speed of the stimulus used as being one of a
number of putative speeds. The putative speeds tested in
our simulations ranged from 7.2 to 108°/s in steps of
0.36°/s. Thus, we could compare speed estimates across
stimulus conditions by examining the SD of estimates
across the 100 trials performed for each condition. As in
[4], we focused on the fractional SD (SD of velocity esti-

Lalor et al.

mate divided by the true stimulus speed) of estimates to
assess the fidelity of retinal speed signals, as any system-
atic bias in speed estimate can in principle be compen-
sated for by downstream processing. However, we will
also present the dependence of the estimate bias on
stimulus condition. As will be seen, the fractional bias
and the fractional SD are roughly of the same order and
thus both contribute to the total root-mean-square frac-
tional error of the velocity estimate. The latter is given by
the square root of the sum of the squared fractional bias
and squared fractional SD. It should be noted that other
contrast levels between —0.5 and 0.5 were also tested but
are not presented, as for some combinations of decoder
and speed, the velocity estimation performance at these
low contrasts was not significantly above chance.

As outlined above, we used three different decoding
methods to estimate the stimulus velocity from the simu-
lated spike train ensembles; we compared Bayesian veloc-
ity decoding with (optimal decoder) and without (mar-
ginal decoder) complete prior information about the
image with velocity estimation using the energy method.
In particular, in Subsection 3.A.4 we discuss the effect of
prior image uncertainty on the performance of the Baye-
sian decoder in more detail. In order to parametrically
vary the prior information available to the decoder, in the
simulations used in that section, the image was flashed a
number of times to the cells while it was held fixed, and
the image prior p(I) was updated according to the ob-
served spike train data elicited by the flashes (no preview
flashes were used in the simulations discussed in other
sections). See Fig. 6(b) below for an illustration of this
procedure. Short flashes were used instead of a continu-
ous uninterrupted presentation, because in the latter
case, the cells rapidly filter out the fixed image contrast,
and thus after a brief interval (~20-30 ms), the spike
trains cease to carry extra information about the image.
The more times the image is flashed, the smaller the de-
coder’s uncertainty C, when the image starts moving.
This allows the decoder to better estimate the velocity
when it finally sees the same image in motion.

3. RESULTS

A. Comparison of the Different Velocity Decoders

In this section we compare the performance of the energy
model with the optimal and marginal decoders, as de-
scribed in Section 2. Figure 4(a) plots the velocity poste-
rior p(v|r,x) for the case of an a priori known image (the
moving bar described above) given a specific observed
population spike train r in response to the moving bar
stimulus as a function of putative stimulus speed v. Here,
the true stimulus speed was 36.0°/s. Figure 4(b) shows
the log of the marginal likelihood in the case where the
image is not completely known, and Fig. 4(c) shows the
value of the net motion signal NV again as a function of pu-
tative speed and for the same stimulus. All three decoders
successfully estimated the speed in the trial shown; how-
ever, it is clear from the figure that the net motion signal
is much less sharply peaked around the stimulus speed
than for the Bayesian decoders. The consequences of
these findings are reflected in the lower panels of Fig. 4,
which show that the distribution of speed estimates
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Fig. 4. Optimal decoder leads to the most precise velocity estimates, while the marginal decoder outperforms the energy-based “net
motion signal” method, in terms of precision. (A) Posterior for the optimal decoder. (B) Log marginal likelihood for the marginal decoder.
(C) Net motion signal N as a function of putative stimulus speed v for spike trains generated using a stimulus with speed 36.0°/s and
contrast —0.5 for a trial where all methods successfully estimate the stimulus speed. It can be seen that the nonmarginal likelihood (A)
is more sharply peaked around the stimulus speed than the marginal likelihood (B) and the net motion signal (C). Distribution of speed
estimates across 100 presentations of a bar moving at a speed of 36.0°/s using (D) the optimal posterior probability, (E) the marginal
likelihood, and (F) the net motion signal. Also plotted are Gaussian fits to the distributions with mean+SD of 35.76+0.81 for the optimal
decoder, 37.1+3.05 for the marginal decoder, and 36+6.09 for the net motion signal.

across 100 presentations of a bar of contrast —0.5 moving
at a speed of 36.0°/s is most precise using the optimal de-
coder [Fig. 4(d)], rather than either the marginal decoder
(E) or the energy method (F). Also plotted are Gaussian
fits to the distributions with a mean +SD of
35.76+0.81°/s for the optimal decoder, 37.1+3.05°/s for
the marginal decoder and 36+6.09°/s for the net motion
signal. The fractional SD averaged across all conditions
simulated in this study was 1.6% of the stimulus speed
for the optimal decoder, 6.4% for the marginal decoder,
and 10% of the stimulus speed for the energy method.
Since the estimators are not unbiased, their root-mean-
square error is larger than their SD, as the error receives
a contribution from the bias as well. The root-mean-
square fractional errors averaged across all stimulus con-
ditions were 2%, 6.9%, and 11%, for the optimal decoder,
marginal decoder and the energy method, respectively.
Because the velocity estimation based on the energy
method does not make use of the image profile at any
stage, these results are as expected with the performance
of the marginal decoder being intermediate between that
of the optimal decoder and the energy method.

1. Accuracy as a Function of Stimulus Speed

Because in our simulations the moving bar stimulus
makes only one pass over the visual field, more time is
spent traversing the field and more spike train informa-
tion is obtained for slower moving stimuli. Figure 5(a) il-
lustrates the fractional SD of 100 speed estimates for both
of the Bayesian methods and the energy method, at each

of the eight stimulus speeds, averaged across the six con-
trast levels. As expected, performance declines with in-
creasing speed for all three methods. The Bayesian decod-
ers provide more precise estimates than the energy
method at all speeds. Again, the advantage of the Baye-
sian decoder over the energy method is partly lost when
its prior information about the image is uncertain.

2. Accuracy as a Function of Stimulus Contrast
Lowering the contrast of the moving bar causes a reduc-
tion in the number of stimulus-related spikes generated
by the GLM model, according to Eqgs. (2) and (3). As with
increasing stimulus speed, this obviously results in a re-
duction in stimulus-related information with which to es-
timate the stimulus speed. (Note that the model of [7]
lacks explicit luminance-or contrast-gain control effects;
thus, these results should be interpreted in terms of local
modifications around a fixed luminance pedestal that are
sufficiently small to avoid engaging classical luminance
gain-control mechanisms.) To examine this relationship,
we averaged the SD of the 100 speed estimates at each of
the six contrast levels across the eight stimulus speeds.
The results are shown in Fig. 5(b) and illustrate the ex-
pected increase in performance with increasing stimulus
contrast. Again, the Bayesian decoders clearly outperform
the energy method at all levels.

3. Effect of Contrast and Speed on Mean Speed Estimate
While we were primarily concerned with the precision of
speed estimates in the current study, a number of well-



B32 J. Opt. Soc. Am. A/Vol. 26, No. 11/November 2009

(A)
0.35(

—©— Bayesian: Known Image
—3¥— Bayesian: Uncertain Image
—aA— Energy Method

o
w

0.25¢

o

O

a N
T T

Fractional SD of speed estimate
o

0.05¢

14.4 28.8 43.2 57.6

Stimulus Speed (°/s)

©)
0.15¢ —©— Bayesian: Known Image
—3¥— Bayesian: Uncertain Image
0.1¢ —aA— Energy Method
i 0.05¢
>
L0
<
~ -0.05f
-0.1+
-0.15

14.4 28.8 43.2 57.6

Stimulus Speed (°/s)

Lalor et al.

C

0.35r

Q@ —©— Bayesian: Known Image
g 0.3r —¥— Bayesian: Uncertain Image
7 —aA— Energy Method

O 0.25¢

©

[0

3 02t

k]

o 0.15¢

»n

g o01r

K<)

8 0.05}

- o—e—° S~ 3

0 ‘ 1/ ‘
-1 06 06 1
Stimulus Contrast
(D)
0.15¢ —©— Bayesian: Known Image
—¥— Bayesian: Uncertain Image
0.1y —aA— Energy Method

e =

-1 -0.6 0.6 1
Stimulus Contrast

1/
77

Fig. 5. Fractional standard deviation of speed estimates versus (A) stimulus speed and (B) stimulus contrast for the Bayesian decoder
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energy method. (C), (D) plot the difference between the mean estimated speed (v,) and the true stimulus speed v normalized by v against
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energy method at all levels, with performance improving with prior image information. Furthermore, it should be noted that for con-
trasts lower than +0.5, particularly at high speeds, the dearth of information in the spike train ensemble resulted in the estimate from
an inordinate number of trials being either the highest or lowest input putative speed. Accordingly, performance for s in this range were

not calculated and not plotted.

researched visual phenomena concerning the relationship
between the mean visual speed perceived, i.e., the bias,
and the properties of the visual stimulus prompted us to
investigate this in our simulations. The first phenomenon
of interest was that in which humans tend to choose the
slowest motion that explains the incoming information
[40], i.e., we have a bias toward slower speeds. As can be
seen in Fig. 5(c), the energy method is biased toward
lower velocity estimates at higher stimulus speeds. The
optimal decoder shows a very slight tendency in this di-
rection also. On the other hand, the marginal decoder has
a positive bias toward higher velocities. The second phe-
nomenon of interest was that in which stimuli with low
contrast are typically perceived as moving slower than
those with high contrast [41,42]. Figure 5(d) plots the
fractional bias of the speed estimate, i.e., the difference
between the true stimulus speed v and the mean esti-
mated speed (v,) normalized by v, versus the stimulus
contrast for both the Bayesian decoder and the energy
method against the stimulus contrast, averaged across all
speeds tested in our simulations. There appears to be a
slight trend toward greater bias at low contrast, although
it should be noted that this is due to a strong bias at low

negative contrast, while at low positive contrast, the bias
is close to zero. The fact that the fractional SD of the
speed estimate at this low negative contrast value is so
large makes it difficult to say anything definitive about a
relationship between stimulus contrast and speed esti-
mate bias. It is important to remember that a uniform
prior on velocity was used in this study when considering
the lack of any clear effect.

4. Effect of Prior Image Information

Here we discuss the effect of preview flashes of the fixed
image on the velocity decoding performance of the mar-
ginal decoder. As mentioned above, the more times the
image is flashed or “shown” to the cells, the less will be
the decoder’s uncertainty about it and the better the ve-
locity estimate made by the decoder when it finally sees
the same image in motion. This effect is shown in Fig. 6
where panel (A) shows the decrease in the relative error
of the velocity estimate as the number of flashes in-
creases. For a large number of flashes the error asymp-
totically reaches the level for the fully known image
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image. The true velocity was 28.8°/sec and the bar contrast 0.6. (B) The plots show the maximum a posteriori estimate of the image
luminance profile (solid curve) in four trials with different numbers of preview flashes (indicated below each plot). The gray areas indi-
cate the marginal uncertainty of the estimated luminance, and the dashed curve shows the actual image profile.

(shown by dashed curves). Panel (B) shows the conver-
gence of the estimated luminance profile xpap to that of
the actual bar image as the number of preview flashes in-
creases. Figure 6 shows this effect for a particular stimu-
lus velocity and contrast, but we note that the effect is
qualitatively the same for all other values of these stimu-
lus parameters; as the number of flashes increases be-
yond a few, the accuracy of the marginal decoder’s esti-
mate approaches that of the optimal decoder’s.

As seen here and above, the efficiency of the GLM-
based Bayesian decoder can be significantly deteriorated
when the prior information about the image is too incom-
plete. As we showed in Subsection 2.B.3, Bayesian decod-
ing with uncertain prior image information is, except for
the replacement of the GLM with the LG model, closely
related to the energy model. Indeed, in our simulations,
the disparity between the performances of the energy
model and those of the GLM-based Bayesian decoder was
largely lost when the latter decoder’s prior knowledge of
the image became too uncertain.

B. Effects of Manipulating Model Parameters

1. Importance of Correlation Between Cells

In order to investigate the importance of correlated activ-
ity between cells, we wished to remove the interaction be-
tween neighboring spike trains without reducing the
overall spiking rate. We used a straightforward trial-
shuffling approach: we generated 200 individual spike
trains, one for each cell, using 200 distinct presentations
of the stimulus to the full model. We then constructed a
single trial surrogate population spike train by serially
assigning each independent spike train recorded on simu-
lated trial i as the observed spike train in cell ;. We re-
peated this 100 times to obtain spike ensembles repre-

senting 100 trials for each of the 48 conditions mentioned
above (i.e., eight different speeds and six different con-
trast levels). This allowed us to determine the fractional
standard deviation of the speed estimate for each of the
48 different stimulus conditions. It should be noted that
this (somewhat involved) procedure was carried out in
preference to simply removing the coupling between cells,
as that would have resulted in a different average num-
ber of population wide spikes compared with the output
from the full model, which would have had a confounding
effect on the results.

The results are shown in Figs. 7(a)-7(c) for the optimal
decoder, marginal decoder and the energy method, respec-
tively, and are plotted versus the fractional standard de-
viation of the speed estimate for the same 48 conditions
using the spike train ensembles obtained directly from
the model. The diagonal lines indicate equality between
the fractional SD of the speed estimates obtained using
the shuffled responses and that obtained directly from the
model. Somewhat surprisingly, given the significant cor-
relations in this data (cf. Fig. 2 in [7]), this trial-shuffling
procedure did not significantly hurt the performance of
any of the three velocity estimators. For the marginal de-
coder, there is a noticeable reduction in performance for
those stimulus conditions with more precise speed esti-
mates, while for conditions with higher fractional SD,
most points lie just below the line. However, for the other
two decoders, if anything, there is a slight bias in Fig. 7(a)
and 7(c), with data points tending to lie a bit below the
identity line in both plots, indicating that the shuffling
procedure happened to lead to velocity estimates with
slightly reduced variability. These results are consistent
with the conclusions of [2], that treating retinal ganglion
cells as independent encoders leads only to a minor loss of
information.
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Effect of correlated activity and spike timing structure on speed estimates. Fractional SD of speed estimates using shuffled

responses plotted as a function of that obtained using regular simulated data for (A) the Bayesian decoder with full image information,
(B) the Bayesian decoder with incomplete image information, and (C) the energy method. Fractional SD of speed estimate using resa-
mpled spike trains plotted as a function of that obtained using regular simulated data for (D) the Bayesian decoder with full image
information, (E) the Bayesian decoder with incomplete image information, and (F) the energy method. Diagonal lines indicate equality.
Each circle represents a different one of the 48 speed-by-contrast stimulus conditions. Note that the performance of the decoders is rela-
tively unaffected by these rather drastic manipulations of spike timing.

2. Timing Structure of Spike Trains

The question of whether cell spiking activity can be accu-
rately modeled as a simple Poisson process with a time-
varying rate or whether the intrinsic temporal structure
of retinal spike trains plays an important role in commu-
nication has a long history in systems neuroscience.
Simulations with the retinal ganglion cell model used in
this study have demonstrated that preserving the spike
history and cross-coupling effects can increase stimulus
decoding performance by up to 20% [7]. We wished to ex-
amine the effect of removing the specific timing informa-
tion of the individual spike trains. This was carried out
using the method of [4]. Specifically, we generated a spike
train for each cell for 100 trials of the moving bar stimu-
lus. We then randomly selected spike times for each cell,
with replacement, from that cell’s spike distribution [its
peri-stimulus time histogram (PSTH)], such that the
number of spikes in each resampled spike train was equal
to the average number of spikes in the corresponding
original spike trains. This results in a spike train for each
cell where spikes occur according to the marginal mean
firing rate only, with no consideration given to spike his-
tory effects such as action potential refractoriness. Note
that this process is even more disruptive of spike timing
information than the shuffling procedure described in the
previous subsection, since now we are destroying spike
train structure both between and within cells. Again, this
convoluted process was carried out in preference to sim-
ply removing the spike history filters 4;; from the model
before generating the spike trains, as removal of those fil-

ters would have resulted in a greater number of total
spikes and would thus have resulted in a misleadingly
good speed estimation performance. This process of gen-
erating a spike train ensemble through resampling was
carried out for each of the 48 stimulus conditions men-
tioned above.

The results are shown in Figs. 7(d)-7(f) for the optimal
decoder, marginal decoder and the energy method, respec-
tively, and are plotted versus the fractional standard de-
viation of the speed estimate for the same 48 conditions
using spike train ensembles obtained directly from the
model. Once again, the effects of this spike timing disrup-
tion on the performance of the velocity estimators was
fairly minimal, with the resampled spike trains appear-
ing to give a marginally worse performance as indicated
by the preponderance of data points slightly above the
identity line. Again for the marginal decoder the de-
creased performace is more pronounced for stimulus con-
ditions with better performance.

3. Parameters of Cell Population

In the simulations above, two simple assumptions were
made about the parameters of the cell population. First,
the cells were arranged in an oversimplistic grid as in Fig.
8(a). And second, all ON cells were given a baseline log
firing rate [b; in Eq. (2)] of 2 spikes/s and all OFF cells a
baseline log firing rate of 3 spikes/s, corresponding to the
mean values obtained when fitting the model [7]. In order
to examine a somewhat more biologically realistic case we
jittered the center location of the cells as in Fig. 8(b) and
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randomly selected the baseline log firing rates of the ON
and OFF cells from uniform distributions on intervals
1 to 3 spikes/s and 1.5 to 4.5 spikes/s, respectively.

Figure 9 illustrates the speed estimates over 100 trials
for a stimulus with speed of 28.8°/s and contrast of —1 us-
ing the regular cell arrangement and uniform baseline log
firing rates (left column) versus the jittered cell arrange-
ment and random baseline log firing rates (middle col-
umn) for all three methods. The performances of the op-
timal decoder, marginal decoder and energy method are
shown in the top, middle, and bottom row, respectively.
No significant difference in performance between the
regular and jittered arrangements is apparent for any
method.

While randomly jittering the baseline log firing rates
around the mean caused no obvious change in estimation
accuracy, this does not allow us to comment on the pos-
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Fig. 9. Histograms illustrating the velocity estimates over 100 trials for a stimulus with velocity 28.8°/s and contrast of —1 using the
regular cell arrangement and uniform baseline log firing rates (left column) and the jittered cell arrangement and random baseline log
firing rates (middle column). The top row represents the performance of the optimal Bayesian decoder, the middle row represents that of
the marginal decoder, and the bottom row presents that of the energy method. Similar performance was obtained with both the
rectangular-grid and randomized spatial layouts for all three methods. The right column illustrates the improved estimation perfor-
mance obtained for all three methods by doubling the baseline log firing rates from 2 and 3 spikes/s to 4 and 6 spikes/s for the ON and
OFF cells respectively.
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sible effects of changes in the mean baseline log firing
rate. To assess this, we also carried out 100 simulations
using a stimulus with speed of 28.8°/s and a contrast of
-1, where the cells were arranged in the original simple
grid and the ON and OFF cells were given baseline log fir-
ing rates of 4 and 6 spikes/s, respectively. The right col-
umn of Fig. 9 illustrates the significantly improved esti-
mation performance obtained by inflating the baseline log
firing rates compared to the fitted values used throughout
the rest of this study for all three methods.

4. DISCUSSION

The model of [7] employed stochastic checkerboard
stimuli in order to accurately capture both the stimulus
dependence and detailed spatio temporal correlation
structure of responses from a population of retinal gan-
glion cells. In this study, we have examined responses
from this model to a more behaviorally relevant coherent
velocity stimulus. Specifically, we have used these re-
sponses to assess how faithfully speed is encoded in a
population of neurons using an optimal Bayesian decoder,
with complete knowledge of the stimulus image. We have
also shown how to compute the Bayesian velocity esti-
mate in the case where we have only a limited amount of
information about the stimulus image, and how the Baye-
sian estimate in this case is closely related to a biologi-
cally plausible motion-energy-based method [36,43].

A connection between Bayesian velocity estimation and
the energy method of [36] has been noted before [12,15].
In that work, a Bayesian model of local motion informa-
tion was described. It was shown that this model could be
represented using a number of mathematical “building
blocks” that qualitatively resembled direction-selective
complex cells. Given that models of those cells have been
based on the energy method of [36], a link was drawn be-
tween the two methods. Furthermore, previous work has
sought to optimally estimate instantaneous motion from
spike train ensembles in the fly [38,44]. However, to the
best of our knowledge, in the case of non local estimation
of rigid motion, the mathematical connection revealed
here between the energy method and the Bayesian
method based on the marginal image likelihood in the LG
case has not been previously described.

In terms of biological plausibility, it is unlikely that the
brain performs optimal Bayesian inference with full
knowledge of the image in order to estimate velocity. This
is supported by a recent study, which [8] employed the en-
ergy method (Subsection 2.B.2) to examine the efficiency
of the code from a population of primate RGCs. They did
this by comparing the estimate of the velocity of a stimu-
lus using the spiking activity in the cell population with
psychophysical estimates made by human observers.
While the energy model consistently outperformed the
human observers, it was shown that at very brief presen-
tation times, i.e., <100 ms the difference in estimation
performance between the energy method and the human
behavior was much smaller than at longer presentation
times. This suggests that readout of the retinal popula-
tion code can be extremely efficient when exposure to the
moving stimulus is very brief, but less efficient over long
trials when storing information over a long time is re-
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quired by the optimal Bayesian decoder. In this study,
having used longer presentation times (125—-675 ms), and
given that the optimal Bayesian decoder significantly out-
performs even the energy method, it seems clear that hu-
man observers do not decode using a known image in this
task. Instead, given the relationship presented here be-
tween the marginal decoder and the energy method, it ap-
pears that a strategy equivalent to marginalization over
the uncertain image seems to be more consistent with the
available data.

A couple of factors in the relationship between the mar-
ginal decoder and the energy method are worthy of fur-
ther discussion. First, the optimal filter width for velocity
estimation from cell population responses when using the
energy method on real data was reported to be of the or-
der of 10 ms [4]. This implies that the elementary motion
signal was conveyed with a time resolution comparable to
the interspike interval of RGCs. A similar filter width was
empirically shown using our simulated data (Fig. 3),
which was not unexpected given the large amount of vari-
ance captured by the model in peristimulus time histo-
grams in response to novel stimuli [7]. Of more interest,
however, the optimal filter derived analytically for our
(LG) marginal decoder is also shown to be of similar
width, at least in the case where stimulus velocities are
above about 5°/s (Fig. 2). This lends further weight to the
biological plausibility of the marginal decoder. The notion
that optimal filters based on stimulus filters, natural im-
age prior, and velocity could have a biological instantia-
tion seems reasonable. Second, in this study, we have as-
sessed the performance of the energy method relative to
the marginal decoder where the spike trains were gener-
ated not by a simple LG model, but by a GLM model. Be-
cause of the resulting improvement in spike train model-
ing we saw a significant improvement in velocity
estimation for the marginal decoder relative to the energy
method. Obviously the optimal decoder outperformed
both other methods given the extra image information
with which it was furnished.

In terms of performance specifics, the optimal Bayesian
decoder achieved an average relative precision of 2%
across all 48 stimulus conditions, with the marginal de-
coder achieving 6.4% and the energy method realizing
only 10% relative precision. It is interesting to compare
the estimation performance using our model to that ob-
tained using similar stimuli with real cells in [4]. The au-
thors of that study reported that the ensemble activity of
around 100 RGCs signaled speed with a precision of the
order of 1%. The precision of 10% obtained using the same
decoder on our model output spike trains is higher than
that result. One likely reason for this is that our stimulus
range included much lower contrast stimuli. If we restrict
our precision estimate to those conditions that most
closely resemble those used by [4], i.e., speeds of 10.8,
14.4, 28.8, and 57.6°/s and contrast levels of -1 and 1, we
obtain a value of 2.8% using the energy method which is
of the same order as their result.

We examined the precision of our speed estimates as a
function of both stimulus speed and stimulus contrast. As
expected, decoding performance improves with increasing
contrast and with decreasing speed (Fig. 5). Figure 5(a) il-
lustrates that our model approximately followed a
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Weber—Fechner law with visual speed discrimination be-
ing roughly proportional to speed [45]. As discussed in
Subsection 3.A.1, the faster the moving bar traverses the
retina, the less time spent stimulating the cells, and the
smaller the total number of spikes we have with which to
decode the stimulus speed. Similarly, the precision of the
speed estimate improves with increasing absolute con-
trast, which increases the effective signal-to-noise of the
retinal output [see Fig. 5(b)]. The nonlinear function f{-)
used in Eq. (2) for this study was chosen to be exp(-).
Given that in determining the firing intensities \;(¢), this
function operates on the stimulus input (as well as the
baseline firing rates and spike history and cross-coupling
effects), any increase in stimulus contrast would be ex-
pected to have a strong impact on the stimulus-related fir-
ing rates; similar conclusions may be drawn from an
analysis of the Fisher information in this model [26].

As mentioned earlier, Bayesian modeling has been em-
ployed in a number of studies investigating how visual
speed perception is affected by properties of the visual
stimulus. In [16] an optimal Bayesian observer model was
used to examine human psychophysical data in terms of
stimulus noise characteristics and prior expectations.
They reported that the perception that low-contrast
stimuli move more slowly than high-contrast stimuli was
well modeled by an ideal Bayesian observer. This was be-
cause the broader likelihood (based on psychophysical
measurements), when multiplied by a prior favoring low
speeds [46], resulted in a larger shift toward zero than
multiplication by a narrower likelihood. In the present
study, a uniform prior was used for the speed of the mov-
ing bar. Thus, we would not expect a widening of the like-
lihood distribution by lowering the stimulus contrast to
shift the location of the posterior probability distribution.
As such, we would not expect any relationship between
stimulus contrast and the mean (or median) of the speed
estimate distribution. This appeared to be the case, with
no straightforward relationship seen to exist between
speed estimate bias and contrast [Fig. 5(d)]. There did ap-
pear to be a very slight trend toward greater bias to low
speeds at low contrasts for the energy method, but given
the much higher variance in the speed estimate at this
contrast [Fig. 5(b)], we are disinclined to draw any deeper
conclusions from these results.

In terms of a relationship between speed estimate bias
and stimulus speed, however, our results indicate a clear
trend. Specifically, there appears to be a systematic bias
in speed estimation tending to underestimate speed at
high stimulus velocities for both the energy method and
the Bayesian decoder with known image, while tending to
overestimate speed at the same high stimulus velocities
for the Bayesian decoder with uncertain image [Fig. 5(c)].
This can be explained by the well-known fact that
likelihood-based estimators can display bias in low-
information settings (as the high-speed setting is here,
since effectively less time is available to observe spiking
data during the stimulus presentation). In the low-speed,
high-information setting, the bias of the likelihood-based
estimator is negligible, as expected. The discrepancy be-
tween the biases of the marginal decoder and the energy-
based estimate is clarified by the connection between
these two methods as described in Subsection 2.B.3 and
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Appendix A. Specifically, see the discussion after Eqs. (24)
and (25) of Subsection 2.B.3 and Eqs. (A7) and (A8) of Ap-
pendix A.

In [7] it was found that, when comparing the full RGC
model with an uncoupled version (retaining spike history
effects), Bayesian stimulus decoding recovered 20% more
information (about the spatiotemporal light intensity pro-
file) using pseudorandom stimuli. The authors also noted
that additionally ignoring spike history effects further re-
duced the recovered information by 6%. Thus, we wished
to examine the importance of correlations between cells
and of the intrinsic timing structure of the spike trains for
speed estimation precision. We followed the procedure
employed in [4] and, as in that study, it appeared that, for
most stimulus conditions, the shuffled, uncorrelated spike
trains surprisingly resulted in a weak improvement in es-
timation precision. The one exception to this was in the
case of the marginal decoder, where for high-information
stimulus conditions (i.e., low speeds and high contrast),
the shuffled spike trains resulted in a significant reduc-
tion in performance. We also replicated their test of how
precise spike timing might affect speed estimation preci-
sion [4]. Again, as in their study, we found only a very
slight reduction in performance for the optimal Bayesian
decoder and the energy method. Similar to the reshuffled
case, the deterioration in the performance of the marginal
decoder was more pronounced. Given that we have com-
pletely abolished the intraneuronal and interneuronal
nonstimulus-driven correlation structure here, these
small decreases in performance indicate that velocity de-
coding does not depend strongly on the fine spike train
structure—at least in the very simple case of a moving
bar. It should be noted that for the results plotted in Fig.
7, all spike train ensembles were decoded using the full
model. That is, coupling filters and spike history effects
were assumed and accounted for when calculating \; in
the decoding step. Given that coupling effects were re-
moved by our shuffling procedure and that both coupling
effects and spike history effects were removed by our re-
sampling procedure, it is possible that decoding the spike
trains with an appropriately reduced model might provide
more accurate speed estimation for these manipulated
spike train ensembles. To that end, we used a model with-
out coupling filters to decode the speed of the shuffled
spike train ensembles and a model with all A;; set to zero
to decode the speed of the resampled spike train en-
sembles. It is interesting to note that incorporating this
knowledge about the presence or absence of cell coupling
and spike history effects into the decoding made no quali-
tative difference to the accuracy of the estimated velocity
(not shown).

5. CONCLUSION

Optimal Bayesian decoding with full image information
has been shown to outperform a “motion energy” method
that uses no prior image information. A method for per-
forming Bayesian decoding without full image informa-
tion has been described and has demonstrated perfor-
mance intermediate between that of the optimal decoder
and the energy method. All of these methods appear to
outperform human psychophysical performance [8], par-
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ticularly in experiments in which the motion stimulus
was visible for an extended period of time. A mathemati-
cal description of the connection between the Bayesian
decoder with less than full image information and the en-
ergy method indicates that, in addition to the extra infor-
mation about the image used by the Bayesian estimator,
information about the network’s spatiotemporal stimulus
filtering properties also plays an important role in opti-
mal velocity estimation. The results of a number of simu-
lations indicate a good correspondence between the speed
encoding performance of the model and that of a popula-
tion of real RGCs. This work thus provides a rigorous
framework with which to explore the factors limiting the
estimation of velocity in vision. Future work will seek to
utilize these methods to investigate motion decoding us-
ing more complex stimuli moving in nontranslational
ways, perhaps incorporating real-world issues such as oc-
clusions and accelerations. Also, we aim to employ the
methods to investigate real data.

APPENDIX A: MARGINAL LIKELIHOOD IN
THE LINEAR GAUSSIAN MODEL

In this appendix we show that the logarithm of the mar-
ginal likelihood p(r|v) for a simple LG model of the RGCs
is closely related to the energy function of [4], and thus for
this model the Bayesian velocity decoding is nearly
equivalent to the energy method. In the linear Gaussian
model, the response of cell i, r;, is given linearly in terms
of the image intensity profile x up to additive Gaussian
noise with covariance 3, as in Eq. (23). Thus we have

pLG(r‘X’V) = H N(bz + ICi,v . X’E)

Using this and p,(x)=MN(0,C,) as the Gaussian image
prior, we repeat the steps in Eqgs. (11)—(19) of Subsection
2.B.1. For the LG model, the log-posterior function is
given by

Lr6(x,r,v) = log[p,(x)] + log[py 6(r|x,v)] = - 3x7C; 'x

- %Z (ri=b;-Kiy )2, - b, - K;y - X)
+ const. (A1)

instead of Eq. (11), and the marginal distribution pyg(r|v)
by

pLa(r|v) = J efLeorvdx, (A2)

similar to Eq. (10). As before, setting V,£13=0 yields the
equation for xyap, which unlike Eq. (19) is linear, and can
be easily solved to yield

Xaap(r,v) = H(V) ' D KT - S71- (r;-b,).  (A3)

Here, the negative Hessian is given by
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Hv)=-VV Lig=Cl+ D K- 37Ky, (A4)

which is now independent of the observed spike trains r.
Using Eqgs. (A3) and (A4), we can rearrange the terms in
Eq. (A1) to complete the square for x, and obtain

Lr6(%,1,V) = = 3 (x — Xyap) TH(V)(X - Xpiap)

1
B %E SIS Vo, + 52 X7C.(v)X; + const.,
i y

(A5)

where C,(v)=H"1(v) is the posterior covariance over the
fixed image, and we defined the mean-adjusted response
Sr;=r;-b; and the prefiltered response

X; = K] S ter,. (A6)

The marginalization in Eq. (A2) is thus a standard
Gaussian integration, which yields

log prg(r|v) = %E X?Cx(v)Xj - % log|CH(v)| + const.
ij

(A7)

(the constant term is independent of v, and therefore ir-
relevant for estimating it). The decomposition into the
two terms on the right-hand side of Eq. (A7) is similar to
that in Eq. (18). In both equations the second term arose
from a Gaussian integration over x [an approximation in
the case of Eq. (18)], and the first was (up to a constant in
v) the value of the logarithm of the joint distribution of x
and r, given v, at xyjap(r,v). Unlike Eq. (18), however, al-
though the second term on the right-hand side of Eq. (A7)
depends on v, it is nevertheless independent of the ob-
served response r. The only term that modulates the ve-
locity posterior depending on r (through the implicit de-
pendence of X;) is the first, which we denote by &1 g(v,r).
We will see that this term corresponds closely to the en-
ergy function introduced in [4]. More explicitly, we have

1
Erg(v,r) = 52 X/ C.(V)X;

i

1
=§E ffXi(nl)Cx(nl,ng;v)Xj(nQ)d2n1d2n2.
ij

(A8)

In the following we will rewrite Eq. (A8) in a form
which is explicitly akin to Eq. (21). For simplicity, we as-
sume that the noise covariance is white, ie., S=021.
Physiologically, this implies that we are ignoring
stimulus-conditional correlations and history depen-
dences in the network (as, e.g., in the uncoupled model
discussed in [7]). From Eq. (A6) and the definition of K; ,,
Eq. (7), we then obtain the explicit form

1
X;(n) = s f dz j d7k;(t — 7,7v + ) 6r;(¢). (A9)

If we further assume that the spike train observation has
not revealed much information about the identity of the
fixed image (as happens, e.g., for low contrasts or short
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presentation times), then the posterior distribution over x
will not be very different from the prior p,(x). Therefore,
we can use the approximation C.(v)=C,. In the one-
dimensional case, which we are studying in this paper,
the image profile x(n), and hence the prior image covari-
ance, depend only on the component of n parallel to the
direction of motion v=v/|v| and are constant in the per-
pendicular direction. Denoting the former component by
n(=n-v) and the latter by n ,(=n-nv), we can then per-
fom the integrals over n | in Eq. (A8) and rewrite it as

1 - ~
SLG(V,P)=§Z ffXi(nﬂcx(nbnz)Xj(n2)dn1d’12,
ij

(A10)

- 1 -
Xi(n) = in(n)dnL = ; f dt f d7k;(t — 7,70 + n)dry(t),
(A11)

where v=|v|, and we defined %;(¢,n)=[k;(¢,n)dn . For
each cell i, we specify a fixed point n; positioned at its re-
ceptive field center, so that k;(¢,n;+An) vanishes when
|An| gets considerably larger than the size of the receptive
field surround (~1°). Hence, if we define

qi(t’n) = Ei(t’n + ni) = f ki(t9n + ni)dnla (A12)

(where n;=n; V), g;(t,n) vanishes when |n|>1°; for all
cells, q; are localized (up to the above scale) around the
origin, as opposed to around the position of their respec-
tive receptive field centers along v. In order to make the
comparison with the energy model of Subsection 2.B.2
clearer, we also switch to the time domain (recalling that
space n and time ¢ are linked here via the velocity v); we
define Ri(t) EXi(ni—vt) [equivalently, Xi(n)=1~?i((—n
+n;)/v)] and rewrite Eq. (A10) by changing the integra-
tion variables from nq() to vty(g):

1 _
ELa(vr) = 552 f f R( ti+— )C(vt1,vt2)
i

xﬁ( ty+— )dtldt2 (A13)

Using Eq. (A11) and the definiton (A12), we write R;(¢;)
explicitly as

R(t) =X;(n; - vty)

1 ~
= ; f de¢ f dil(t - T,UT—UVt1+ ni)ﬁri(t)

1
=;fdtJqul(t— ’T,U(’T—tl))érl(t) (A14)

Exploiting the translation invariance of the prior image
ensemble that dictates C,(n1,n9)=C.(n1—ny), we define B,
to be the operator square root of C,, in the sense that
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Cx(nl - n2) = f Bx(nl - n)Bx(n2 - n)dn (A15)

In general, given an explicit form of C,(n{—-ny), B, can be
computed in the Fourier domain by taking the square root
of the power spectrum [29]. In particular, for C.(n;-ns)
=cZe-Ini=nalleonr we have B,(n)=c\2/1 . 0(n)e o, where
¢ is the image contrast, /.., is the correlation length of
typical images in the naturalistic prior ensemble, and ()
is the Heaviside step function. In the simulations of Sub-
section 3.A.4 we used this particular form of C,, as it
yields (for spatial frequencies f larger than the inverse of
the correlation length /..., but smaller than the inverse
image pixel size) a power spectrum «1/f2, as observed in
natural images. Substituting definition (A15) (after re-
naming the integration variable n to vt¢) in Eq. (A13), we
rewrite the latter as

1 ~ i
SLG(V,I‘)=52ijRi<—t1+%>Bx(U(t1—t))
ij

- n;
X B, (v(ty - t))Rj(— to+ J)dtldtzdt
v

2 [ ol

n; -
XBx(v(t P tz))Rj(tz)dtldt2dt. (A16)
v
We derived the last line by renaming the integration vari-

ables as ¢ —n;/v—tq, ty—n;/v—ty, and t ——t. Finally, de-
fining

1
Ri(t)=—= JB ((t - t1))Ry(ty)dey, (A17)
\rv

we obtain

1 n; nJ
Savor)==>, | Rj{t+— |R|¢t+—|dt. (A18)

2% v v
Equation (A18) is akin to the energy function used in
[4], and together with Eq. (A7) yields Eq. (24) of Subsec-

tion 2.B.3. To find the explicit form of the smoothing filter
in Eq. (25), we compare that equation, in the form

R;(t) = f wrgt—t")ort)dt’, (A19)
with definition (A17):

1
Ri(t)=02—\5 J dt, J s’ f d7B,(u(t - t1))

Xqi(t, - TaU(T_ tl))ﬁri(t,)5

1
:02—\/; f dtl J de’ f dTBx(U(t -t' - tl))

Xq(= nu(r—1t1))ori(t"), (A20)

[where we used Eq. (A14) to write the first line, and
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shifted 7 and ¢; by ¢’ to derive the second], and obtain

1
wiglt) = —— f d¢, f d7B,(v(t - t1))q,(- r,u(r-t1)).
U2\"U

(A21)

Thus, R;(t) is a version of the response function of the
cell ¢ offset by its baseline log firing rate b; and smoothed
out on the time scale dictated by the largest of the spa-
tiotemporal scales of the receptive fields (via g;) or the cor-
relation length of typical images (via B,)—with spatial
scales converted to time scales by dividing by v. To see
this more precisely, let us define Arj=7, Ary=t;-17, and
Ar3=t-tq, such that t=A7;+A7my+A7;. On the other hand,
because of the finite support of the factors of its inte-
grand, the double integral Eq. (A21) receives nonzero con-
tributions only when |An|<7, |An|<I,/v, and |Ary
=<lcore/V [Where 7, and [, are the typical temporal and spa-
tial size of the receptive field filters k;(¢,n), respectively,
and /., is the correlation length of typical images in the
naturalistic prior ensemble]. Thus if |t|=|r+Am+ATs| is
much larger than the sum of the three scales 7, [,/v, and
leore/ VU, the filter w(¢) is bound to vanish. This leads to the
discussion of Subsection 2.B.3 following Eq. (25).

APPENDIX B: O(D) DECODING

Here, we discuss how to implement the Newton—Raphson
optimization algorithm such that it finds the maximum «a
posteriori estimate for the image xyap [satisfying Eq.
(19)] in cases where the image depends only on one spa-
tial dimension and in a computational time that scales
only linearly with the spatial dimensionality of the image
vector d. The Newton—Raphson algorithm for minimizing
the function £(x) works as follows [we have in mind the
objective function defined in Eq. (13), but for simplicity we
drop r and v from its arguments in this appendix]. At
each iteration of this algorithm, starting from the vector
x, we change this vector by an amount Ax which is found
by solving the set of linear equations H(x)Ax=V,L(x).
Here, the right-hand side is the gradient of £(x), and H(x)
is its negative Hessian matrix [as in Eq. (15)], both evalu-
ated at x. In general, the solution of a set of d linear equa-
tions can be calculated in O(d®) elementary operations
[47]. This would make the decoding of images with even
moderate angular extension forbidding. Fortunately, as
we will now explain, the quasi-locality of the GLM model
allows us to overcome this limitation. The negative Hes-
sian of £(x), Eq. (13), is given by

H(x)=C.'+ D) J; (%), (B1)
it

where the matrices o/; /(x) have the elements
Ji(ny,ng;x) =K, (t;n)K; o(E;noN(¢;x)dEe,  (B2)

and K; y(t;n) was defined in Eq. (7) in terms of the recep-
tive field filter of the cell i, k;(7,n) [as we are considering
the one-dimensional image case, k;(7,n) is understood to
be the full receptive field integrated along the transverse
spatial dimension]. Here, we turned the integral over ¢ in
Eq. (13) into a discrete sum in Eq. (B1), as is done in the
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numerical implementation, and for simplicity we wrote
Eq. (B2) for the case of exponential GLM nonlinearity.
Generalization of this equation and the rest of the argu-
ment to general nonlinearities is straightforward. Be-
cause of the finite spatial size of the receptive field and
the finite duration of the temporal filter, &;(7,n) is nonzero
only when 7€[0,7}] and 7n €[n};,,n},,,J), where T}, and
An=ny . —-n.. are upper bounds on the cells’ temporal
integration windows and the size of the cells’ receptive
field surrounds, respectively. It follows then from Eq. (7)
that IC;y(¢;n) vanishes unless ni . —vt<n<nl_  —vt
+vT}, (we assumed v>0, but generalization to v<0 is
straightforward). Thus J;,(n1,n9;x) vanishes if |[nq-ny|
>An+vT}, regardless of i and ¢. In other words, for all
(i,t), Ji(x) are banded matrices with a band width of
An+vT}, and so is their sum. If we further use a prior co-
variance C, with a banded inverse, then the full Hessian
Eq. (B1) will be banded [e.g., the naturalistic prior cova-
riance introduced after Eq. (A15) can be defined as the in-
verse of a tridiagonal matrix in the numerical implemen-
tation].

Unlike in the general case, the solution of a set of d lin-
ear equations with a banded equation matrix of band
width B can be found in a computational time «<B2d—i.e.,
in our case, in a computational time scaling only linearly
(as opposed to cubically) with the image size d. On the
other hand, we have observed empirically that the num-
ber of necessary Newton—Raphson iterations is more or
less constant and does not scale with d. Hence the overall
optimization procedure for finding xy;ap can be performed
in O(d) computational time. This allows us to decode the
velocity of large moving images. Similar methods with
O(d) computational cost have been used in inference and
estimation problems involving state—space models
[48,49], e.g., in applications to neural data analysis [50].
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Abstract

Electrophysiological research has shown clear dysfunction of early visual processing mechanisms in patients with schizophrenia.
In particular, the P1 component of the visual evoked potential (VEP) is substantially reduced in amplitude in patients. A novel visual
evoked response known as the VESPA (Visual Evoked Spread Spectrum Analysis) was recently described. This response has a
notably different scalp topography from that of the traditional VEP, suggesting preferential activation of a distinct subpopulation of
cells. As such, this method constitutes a potentially useful candidate for investigating cellular contributions to early visual processing
deficits. In this paper we compare the VEP and VESPA responses between a group of healthy control subjects and a group of
schizophrenia patients. We also introduce an extension of the VESPA method to incorporate nonlinear processing in the visual system.
A significantly reduced P1 component was found in patients using the VEP (with a large effect size; Cohen’s d=1.6), while there was
no difference whatsoever in amplitude between groups for either the linear or nonlinear VESPA. This pattern of results points to a
highly specific cellular substrate of early visual processing deficits in schizophrenia, suggesting that these deficits are based on
dysfunction of magnocellular pathways with parvocellular processing remaining largely intact.
© 2007 Elsevier B.V. All rights reserved.
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Spencer et al., 2003; Schechter et al., 2005; Haenschel
et al., in press). Concomitant structural deficits have also
been shown in the visual sensory pathways (Butler et al.,
2006). Scalp topographies and source analysis have
suggested that these deficits may specifically reflect
dysfunction of the dorsal visual stream while processing
in the ventral stream remains relatively more intact (e.g.
Foxe et al., 2001, 2005). It is also suggested that certain
ventral stream processes are contingent on inputs from the
dorsal stream and as a result failure in these ‘higher-level’
ventral stream processes may ultimately be a consequence
of these underlying dorsal stream deficits (Doniger et al.,
2002; Foxe et al., 2005).

Further to the above findings, a substantial decrement
in the P1 component was recently demonstrated in clin-
ically unaffected first-degree relatives of schizophrenia
patients (Yeap et al., 2006), establishing a possible
genetic basis for the observed effects (see also Donohoe
et al., in press). This points to the potential use of P1
amplitude as an endophenotypic marker for schizo-
phrenia and, as such, it may be a significant step in the
quest for a diagnostic test facilitating early detection of
schizophrenia in high-risk individuals.

It would be of great benefit to this line of research to
have a more sensitive method for eliciting this deficit.
One very promising candidate method, known as the
VESPA technique (for Visual Evoked Spread Spectrum
Analysis), was recently described (Lalor et al., 2006).
This method uses stimuli, the luminance or contrast of
which is rapidly and unobtrusively modulated by a
stochastic signal, enabling the estimation of the linear
impulse response of the visual system. The temporal
profile of these VESPAS is highly correlated with that of
transient VEPs evoked using standard, discrete stimuli.
This includes a clearly defined and, hence, measurable
P1 component. The rapidly estimable VESPA has been
shown to be superior to the VEP in terms of the amount
of time necessary to obtain a response with a specific
signal-to-noise ratio. Furthermore, the method allows
for a large degree of flexibility in design, not just in
terms of the parameters of the stimuli, as in VEP studies,
but also in the characteristics of the modulating signal.

The topography of the VESPA is notably different
from that of the transient VEP. The abiding characteristic
of the early VESPA maps is a persistently delimited focus
over midline occipital scalp without any evidence for the
characteristic early bilateral spread over lateral occipital
scalp regions that is consistently seen for the standard
VEP (e.g. Gomez-Gonzalez et al., 1994; Foxe and
Simpson, 2002). This pattern suggests that the VESPA
may well have a distinct cellular activation pattern from
that of the VEP, favoring midline structures such as striate

cortex and neighboring retinotopically mapped extra-
striate regions, and perhaps also regions in the dorsal
visual stream, activation of which are known to produce
midline scalp topographies (Clark and Hillyard 1996;
Foxe and Simpson 2002). This suggests the VESPA as an
excellent candidate for further investigation of a dorsal
stream based P1 deficit in schizophrenia.

For that reason, the aim of this paper is to compare
VEPs and VESPA responses from schizophrenia patients
and healthy controls. Specifically, we examine the relative
magnitudes of the P1 components between groups for
both types of response. A direct comparison between the
VEP and VESPA is complicated by the assumption of
linearity intrinsic to the VESPA estimation. In order to
address this, we introduce a method for extending the
VESPA analysis to higher orders and we expand our
comparison between patients and controls to quadratic
VESPA responses.

2. Materials and methods
2.1. Subjects

Written informed consent is obtained from 13
(1 female) patients with DSM-IV diagnosis of schizo-
phrenia. The Ethics Committee of St. Vincent’s Hospital
approved the experimental procedures. Patients were
aged 21 to 49 (mean+SD, 33.2+10.1 years) and had a
mean illness duration of 12.3 years (SD+9.5). These
patients had mean+SD scores on the Brief Psychiatric
Rating Scale and SANS of 33.1+5.8 and 22.2+17.7,
respectively. Twelve of the patients were receiving
antipsychotic medication at the time of testing with a
mean chlorpromazine equivalent dose of 406.71 mg/d
(range, 50—1500 mg/d). The types of antipsychotics
included atypicals, typicals or a combination of both.
One patient had ceased taking medication 5 months
prior to testing and was medication-free at the time of
testing.

Control subjects were recruited from the St Vincent’s
Hospital staff community and through local recruitment
efforts in the hospital catchment area. This group
comprised 11 (2 female) paid volunteers aged 19 to
50 years (mean+SD, 26.5+8.7 years). The mean age of
patients and controls did not differ significantly (t50=1.6,
p=0.12). All of the 11 controls, and 12 of the 13 patients
were right-handed as assessed by the Edinburgh Hand-
edness Inventory (Oldfield, 1971). None of the controls
were receiving any psychotropic medication at the time of
testing. Also, all controls were free of any psychiatric
illness or symptoms by self-report using criteria from the
Structured Clinical Interview for DSM-III-R—Non-
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Patient (SCID-NP), and all reported no history of alcohol
or substance abuse.

2.2. Stimuli

VEPs were obtained during a study aimed at assessing
schizophrenia patient deficits in visual binding processes
using Kanizsa illusory figures. Accordingly, twelve
different stimulus displays were presented, some con-
taining Kanizsa illusions and others not. Specifically, the
VEPs presented in the current study were obtained using
a layout consisting of three centrally presented, black
“pacmen” (disks with missing sectors) elements, whose
arrangement was such as to not give any illusory effect,
as in Fig. 1(a).! The array of elements subtended
maximal visual angles of 2.28° horizontally and
vertically and was presented for 400 ms. This allowed
ERP analysis to be performed for the first 400 ms without
contamination of any visual offset response. The mean
inter-stimulus-interval (IST) between trials was 900 ms
(ranging from 600—1200 ms). Thus, each trial had a
mean duration of 1300 ms. Note that this stimulus
arrangement was chosen as it has previously been shown
to elucidate a large VEP P1 deficit in patients with
schizophrenia (Foxe et al., 2005; Spencer et al., 2003).

In the case of the VESPA, the stimulus consisted of a
checkerboard pattern with equal numbers of black and
white checks as in Fig. 1(b). Each check subtended a
visual angle of 0.65° both horizontally and vertically,
while the checkerboard as a whole subtended visual
angles of 5.25° vertically and horizontally. The refresh
rate of the monitor was set to 60 Hz and on every refresh
the contrast of the checkerboard pattern was modulated by
a stochastic signal with the mean luminance remaining
constant. The stochastic signals used had their power
distributed uniformly between 0 and 30 Hz. See Lalor
et al. (2006) for details.

2.3. Experimental procedure

Each VEP experimental block consisted of, on
average, 12.75 presentations of each of the 12 display
types in a random order. Subjects underwent 20 blocks,
resulting in 255 presentations of each display type.
During VEP runs a small fixation point was present in the
center of the screen, on which subject were instructed to
maintain their gaze.

' Although only the non-illusion inducing arrangement was used,
the reader should note that the P1 component is entirely insensitive to
the presence or absence of illusory contours (Murray et al., 2002,
2004, 20006).

¢

Fig. 1. Stimuli used to elicit (a) the VEP — non-illusory arrangement
from Kanizsa study (b) the VESPA — single checkerboard the contrast
of which is rapidly modulated as in Lalor et al. (2006).

Every subject underwent three VESPA runs of 200 s
each. Subjects were instructed to maintain visual fixation
on the center of the screen for the duration of each run.
While abstaining from eye-blinks was not possible given
the trial lengths, subjects were instructed to keep the
number of eye-blinks to a minimum. A different modu-
lating waveform was used for each run, although all
waveforms had identical statistics.

2.4. EEG acquisition and analysis

EEG data were recorded from 72 electrode positions
referenced to location Fz, filtered over the range 0—134 Hz
and digitized at a rate of 512 Hz using the BioSemi Active
Two system. Subsequently, the EEG was digitally filtered
with a high-pass filter with passband above 2 Hz and —60
dB response at 1 Hz and a low-pass filter with 0-35 Hz
passband and —50 dB response at 45 Hz.

VEPs were calculated by averaging time-locked
responses to the presentations of the display type de-
scribed earlier. A time window of 500 ms starting 100 ms
pre-stimulus was used. Any epochs where the EEG
exceeded +/—120 pV were rejected, resulting in a mean
rejection rate of 11%.

The VESPA is an estimate of the linear impulse
response of the visual system (Lalor et al., 20006). It is
based on the assumption that the EEG response to a
stimulus, whose luminance or contrast is rapidly modu-
lated by a stochastic signal, consists of a convolution of
that signal with an unknown impulse response. Given the
known stimulus signal and the measured EEG, this
impulse response, i.e., the VESPA, can be estimated using
the method of linear least squares. In the present study
VESPAs were measured using a sliding window of
500 ms of data starting 100 ms pre-stimulus.

It is possible that a VESPA founded on an
assumption of linearity may not be sensitive to the
deficits apparent in the VEP. The method can, however,
easily be extended to higher orders. For example, in the
case of a quadratic analysis, this is accomplished by
including in the least squares estimation not only the
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Fig. 2. Average time courses of the transient VEP and the VESPA for
controls and patients for both methods at electrode location O2.

Ist-order values of the modulating signal within the
desired window but also all 2nd-order products of these
values (see Appendix for details). This allows us to
determine how the EEG depends, not only on the
individual input signal values, but also on interactions
between inputs at different time lags. In the present
study, the quadratic VESPA response was measured
using a sliding window of 120 ms of data starting 20 ms
post-stimulus.

3. Results

Fig. 2(a) and (b) show the transient VEP and the
average VESPA respectively for both the control group
and the patients, at electrode location O2. Because the
goal of this study was to examine the relative
sensitivities of the VESPA and VEP methods to the P1
deficit in schizophrenia, we wished to determine the
magnitudes of the P1 component for both methods and
groups. We defined the P1 dependent measure as the
average amplitude in the interval 90—115 ms, selected
on the basis of peak latencies in group-average wave-

Twwal

7.7
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34
1.3
- -0.9
b
y \ 5 % 2 0.8
| . -0.6
' A ATAA
Fig. 3. (a): VEP in pV at 85, 95, 105, 115 and 125 ms. Controls (top)

and patients (bottom). (b): VESPA in pV at 85, 95, 105, 115 and
125 ms. Controls (top) and patients (bottom).

forms. First, an omnibus 2 x2x9 ANOVA was carried
out with factors of group (controls vs. patients), method
(VEP vs. VESPA) and electrode (PO7, PO3, Ol, Oz,
POz, Pz, 02, PO4, POS).

A main effect of method (F(1, 21)=32.24, p<0.001)
was found which simply reflects differences in response
magnitudes between the two methods, either as a result of
the methods themselves or of the specific stimuli used in
each method. More importantly, an interaction was found
between group and method (F(1, 21)=7.89, p<0.05). As
can be seen in Fig. 2, this was driven by a much larger
reduction in P1 amplitude for patients using the VEP
method than the VESPA method. A main effect of

VEP VESPA

o
E 100 °
of ° o
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o e 8 8
¢ st o § o
= o
= o b3 o]
: § &
] =] 8
= O o o S

o

7 Controls Patients Controls Patients

Fig. 4. Scatter plot, showing the distribution of the mean value of the
P1 component in the interval 95—115 ms at electrode O2, for all control
subjects and patients for both methods.
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electrode (F(8, 168)=10.29, p<0.001) reflected the
topographic specificity of the P1. A significant interaction
between electrode and method (F(8, 168)=3.11, p<0.05)
reflected the topographic differences between methods
evident in Fig. 3. There was no three-way interaction
between group, method and electrode (F(8, 168)=1.57,
p>0.1).

To examine the interaction between group and method
further, planned #-tests were carried out for each method
separately. We used the P1, averaged across electrodes
01, Oz and 02, as the dependent measure. A significant
difference was found between groups for the VEP
method (#=3.5, p<0.005) whereas no difference was
found between groups for the VESPA method (z=0.08,
p>0.9). The Cohen’s d effect size was calculated for
the VEP P1 and found to be 1.57. Figs. 4 and 5 provide
further illustration of the differing effects found using the
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Fig. 5. Statistical cluster plot marking for all electrodes the time points
at which the event-related potential differed significantly between
groups on the basis of 2-tailed r-tests at an o level of 0.05. White
denotes nonsignificance while positive ¢ values (Controls>Patients)
are marked on a green scale and negative ¢ values (Patients>Controls)
are marked in gold. Electrodes are ordered from the bottom, occipital
(0), parietal (P), central (C), and frontal (F) proceeding in the anterior
direction in rows from left to right. In the case of the VEP, a cluster is
seen over posterior sites in the P1 interval 90 to 120 ms as expected
from the results of the planned analysis of variance. No meaningful
clusters are seen for the VESPA.
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Fig. 6. Grand average quadratic VESPASs at electrode location Oz for
controls, patients and the difference between controls and patients.
These plots indicate how strongly the EEG at a particular time point
depends on the interaction between inputs at two previous time points.
Prominent “P1” activity can be see around 100x 100 ms for both
groups with a negligible difference between groups.

VEP and VESPA methods. Fig. 4 is a scatter plot showing
how the mean value of the P1 component in the interval
95—-115 ms at electrode O2 is distributed within the
control and patients groups for both methods. The
standard deviations for the controls were 2.37 for the
VEP and 2.76 for the VESPA and for the patients were
3.21 for the VEP and 2.83 for the VESPA respectively.
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Fig. 5 illustrates a pair of statistical cluster plots marking
the time points at which the VEP and VESPA
respectively differ significantly between groups for all
electrodes. A large cluster is evident in the VEP plot over
posterior sites in the P1 interval 90—120 ms. No such
cluster is evident in the VESPA plot.

Fig. 6 shows the average quadratic VESPA for both
groups for electrode location Oz. Also plotted is the
difference between controls and patients. Statistics
confirmed the lack of a between-group difference
evident from the figure. We defined the P1 dependent
measure as the average amplitude in the interval 90—
115 msx90—-115 ms. A 2-way ANOVA was carried out
using this P1 measure, with factors of group (controls
vs. patients) and electrode (PO7, PO3, O1, Oz, POz, Pz,
02, PO4, POS). No significant difference was found
between groups (F(1, 22)=0.197, p>0.6).

4. Discussion

Replicating the findings of earlier studies (Foxe et al.,
2001, 2005; Butler et al., 2001, 2007; Doniger et al.,
2002; Spencer et al., 2003; Schechter et al., 2005;
Haenschel et al., in press), a substantial reduction in the
amplitude of the P1 component of the transient VEP was
observed for schizophrenia patients compared with
healthy controls. However, somewhat to our surprise,
there was no difference whatsoever in VESPA P1
amplitude between patients and controls, in either the
linear or quadratic case. This striking contrast in
outcomes between two essentially similar methods
points to a highly specific disparity between the early
visual sensory processing systems of patients and
controls. While the scalp topography of the VESPA
(Fig. 3) suggests that it may preferentially activate the
dorsal visual stream and given that a number of studies
have proposed that the VEP P1 deficit shown by patients
with schizophrenia may be due to specific dysfunction
of this stream (Doniger et al., 2002; Foxe et al., 2005),
we had originally expected that the midline-focused
VESPA might prove to be more sensitive to this deficit.
This is clearly not the case here. In what follows, we
consider a number of possible reasons for the lack of a
reduction in the amplitude of the VESPA P1.

One explanation concerns the subcortical source of the
scalp VESPA and that of the P1 deficit in the VEP. The
human visual system consists of discrete subcortical
magnocellular and parvocellular pathways that project
preferentially to dorsal and ventral cortical streams. In our
previous studies, we have consistently posited a magno-
cellular basis for the observed VEP P1 deficits (e.g. Foxe
et al., 2005; Butler et al., 2005, 2007; see also Kim et al.,

2005a). The VESPA scalp maps of Fig. 3 suggest possible
preferential stimulation of the dorsal stream and thus of
magnocellular pathways. Therefore, the lack of a differ-
ence in the VESPA between controls and patients suggests
that either there is no dysfunction of the magnocellular
system in schizophrenia or that the VESPA does not
actually reflect activity of the magnocellular system.

Magnocellular and parvocellular cells differ not only
anatomically, but also functionally, in terms of preferred
stimuli. Parvocellular cells with their spectrally opponent
nature are know to be less sensitive to luminance contrast
than magnocellular cells (Kaplan et al., 1990; Lee et al.,
1990). While, the high contrast gain of cells in the
magnocellular pathway might suggest that they may be
more sensitive to the contrast modulations of the VESPA
stimulus, their response saturates at fairly low contrasts
(10—15%; e.g., Baseler and Sutter 1997). Parvocellular
neurons, meanwhile, have lower contrast gain, but do not
saturate (see Butler et al., 2007). Given that the stimulus
described in this study spends less than 2% of its time
below 15% contrast (Lalor et al., 2006), it seems
reasonable to conclude that the VESPA may actually
reflect mostly activity of parvocellular pathways.

The two pathways are also known to differ in their
response characteristics to the temporal frequencies of
stimuli. The commonly held belief is that magnocellular
cells are more suited to high temporal frequency flicker
(e.g., Kaplan and Benardete, 2001). As a result, it could
again be concluded that the rapid modulation of the
VESPA might preferentially activate that subsystem.
However, both parvocellular and magnocellular cells in
the lateral geniculate nucleus (LGN) of the macaque
have been reported to respond best at temporal
frequencies in the range of 10-20 Hz (Hicks et al,
1983). More specifically, Derrington and Lennie (1984)
found that parvocellular units were most sensitive to
stimuli modulated at temporal frequencies close to
10 Hz and magnocellular units to stimuli modulated at
frequencies nearer 20 Hz. They also reported that the
loss of sensitivity as temporal frequency fell below
optimum was more marked in magnocellular than
parvocellular units. These findings suggest that, while
magnocellular cells are known to have a shorter latency
and more transient response to stimuli (Marrocco et al.,
1982; Maunsell et al., 1999), parvocellular cells should
have no difficulty in following the 0-30 Hz frequency
content of the VESPA stimulus.

A further property that differs between the two
subsystems is the linearity of their temporal response.
While the parvocellular system is approximately linear,
the temporal responses of magnocellular cells are
particularly nonlinear due to contrast gain control
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(Kaplan and Benardete, 2001). The nonlinear nature of
this system has been referred to in a recent study, which
investigated early-stage visual processing deficits in
patients with schizophrenia using the steady-state VEP
(SSVEP; Kim et al., 2005b). This study has shown
reductions in the second harmonics of the stimulus
frequency. Given that second harmonics are thought to
depend preferentially on magnocellular pathways, the
reduced harmonics are attributed to deficits in those
pathways. However, it was also pointed out that deficits
in nonlinear mechanisms present in cortex, which are
important in producing responses at higher harmonics or
temporal frequencies, would also result in greater
attenuation of higher harmonic responses in patients
than controls. For these reasons, it is clear that a linear
VESPA simply may not be sensitive to the nonlinear
systems responsible for the generation of the P1 deficit
in the transient VEP. In order to address this, we have
extended the VESPA method to a quadratic analysis in
this paper. The fact that no significant differences were
found between patients and controls for the quadratic
VESPA lends further support to the notion that, if indeed
magnocellular dysfunction underlies the P1 deficit in the
VEP, the stimulus used in this study was biased toward
linear parvocellular cell populations.

Another potential reason for the dramatic dissocia-
tion between VEP and VESPA results stems from the
debate over whether the ERP in response to a stimulus
constitutes an evoked event or comes about through
induced changes in ongoing brain dynamics. While
most ERP studies assume the former, some studies have
suggested that the ERP at least partly arises from the
stimulus-induced phase-resetting of electrophysiologi-
cal processes (e.g., Makeig et al., 2002; Hanslmayr
et al.,, 2007). While the VESPA does not rule out the
notion of an induced contribution to VEPs obtained
using discrete stimuli, its continuous nature, which does
not allow for any time-locked lower frequency phase-
resetting of ongoing brain dynamics, clearly demon-
strates that ERPs can be evoked. This leads to a
confound in the comparison between VEP and VESPA
in that it is at least possible that the reduced VEP P1
components displayed by the patients reflect dysfunc-
tion of phase-resetting processes or ongoing oscillatory
activity. In support of this notion, one recent study
proposed alpha band activity as the likely source of an
early induced ERP contribution (Hanslmayr et al., 2007)
while various characteristics of alpha oscillations have
been shown to differ in patients with schizophrenia,
including lower peak frequency (Javitt, 1997) and lower
power (Sponheim et al., 1994). The inconclusive (and
sometimes contradictory) nature of studies attempting to

evaluate phase-resetting and the demonstration of the
purely evoked VESPA ERP itself lend support to studies
positing a predominant role for stimulus-evoked activity
in sensory ERP generation (e.g., Shah et al., 2004).
Therefore, attributing a divergence in results as dramatic
as reported in this paper to deficiency in induced ERP
generation seems, at best, speculative.

In summary, we have demonstrated a striking disparity
in relative ERP responses between patients and controls
using two different methods of visual stimulation. This
points to the highly specific nature of early visual deficits
in schizophrenia and speaks particularly to the notion that
those deficits are based substantially on magnocellular
stream dysfunction where activity of the parvocellular
system is largely spared. While the VESPA as implemen-
ted in this study was not sensitive to the mechanisms
responsible for a reduced P1 component in schizophrenia,
the flexibility of the method, in terms of the characteristics
of both the stimuli and the modulating signal, suggests its
utility as a method for further investigation of those
mechanisms.

Appendix A. Extension to quadratic VESPA estimation

As detailed in Lalor et al. (2006), we estimate the
linear VESPA as an n-dimensional vector w consisting
of the sampled points of the response function

(W(t0), Ww(t1), .o, W(To1))T, (1)

where 7 is the number of sampled points of the response
function that we wish to estimate. This is done by first
forming the n-dimensional vector x, consisting of the
sampled points of the modulating stimulus

(x(t = 1) X(t = (to + 1)), e X(t = (tg + 1= 1)),
(2)

where £ is the estimation window offset. The values of

x, are simply the normalized luminance or contrast

values of the displayed stimulus.
We then solve for w using the equation,

W= <xthT + ),M>_1x,yt 3)

where 1 is a regularization parameter and M is a near-
diagonal matrix.

In this paper, we expand the VESPA estimation to a
quadratic model of how the EEG depends on the input
stimulus. This is accomplished by replacing Eq. (2) with
a vector with n+n(n+1)/2 elements, where n is the
window size, containing the n 1st-order elements as
before, and the n(n+1)/2 2nd-order elements (all
products of the form x(¢—ty—i)x(t—?y—j) where
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0<i<j<n). The quadratic VESPA w, of this same
dimensionality can be solved using,

w = (xx/ + ol 'xyy, “)

where ¢ is a different regularization parameter and 7 is
the identity matrix. In this study, 6=5x10"¢ gave good
reduction in estimation error.
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Abstract

Distinguishing between speakers and focusing attention on one speaker in multi-speaker environments is extremely important in
everyday life. Exactly how the brain accomplishes this feat and, in particular, the precise temporal dynamics of this attentional
deployment are as yet unknown. A long history of behavioral research using dichotic listening paradigms has debated whether
selective attention to speech operates at an early stage of processing based on the physical characteristics of the stimulus or at a
later stage during semantic processing. With its poor temporal resolution fMRI has contributed little to the debate, while EEG-ERP
paradigms have been hampered by the need to average the EEG in response to discrete stimuli which are superimposed onto
ongoing speech. This presents a number of problems, foremost among which is that early attention effects in the form of
endogenously generated potentials can be so temporally broad as to mask later attention effects based on the higher level
processing of the speech stream. Here we overcome this issue by utilizing the AESPA (auditory evoked spread spectrum analysis)
method which allows us to extract temporally detailed responses to two concurrently presented speech streams in natural cocktail-
party-like attentional conditions without the need for superimposed probes. We show attentional effects on exogenous stimulus
processing in the 200-220 ms range in the left hemisphere. We discuss these effects within the context of research on auditory
scene analysis and in terms of a flexible locus of attention that can be deployed at a particular processing stage depending on the

task.

Introduction

Distinguishing between multiple speakers and focusing attention on a
single speaker is integral to human communication. Our behavioral
capacity to do this was first examined by Cherry (1953). Since then
much debate has revolved around the issue of whether attention to
speech operates at an early stage of processing based on the physical
characteristics of the stimulus or at a later stage during semantic
processing (Broadbent, 1958; Moray, 1959; Deutsch & Deutsch, 1963;
Johnston & Wilson, 1980). In particular, while it has been shown that
unattended speech is processed semantically even when it is not
available to conscious recollection (Lewis, 1970; Bentin et al., 1995),
this semantic processing does not always take place (Treisman et al.,
1974). Thus, it seems plausible that selective attention to speech may
operate as (at least) a two-stage process (Treisman, 1960, 1964).
Behavioral and electroencephalography (EEG) studies using non-
speech stimuli have made important contributions to this debate by
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demonstrating that the temporal locus of selective attention is sensitive
to task demands (Yantis & Johnston, 1990; Lavie et al., 2004; Vogel
et al., 2005). These include event-related potential (ERP) studies of
attention effects on auditory stream segregation which often use
stimuli containing multiple harmonics or patterns of low and high
tones to form multiple concurrent streams (e.g., Alain et al., 2001;
Snyder et al., 2006; Sussman & Steinschneider, 2009). In fact several
of these studies have pointed to distinct cortical mechanisms: a
bottom-up automatic segregation of sounds based on their physical
characteristics, and a top-down attention-dependent process that
occurs at a later stage (Alain ef al, 2001; Snyder et al., 2006).
However, where the naturalistic deployment of attention to speech is
concerned, the ability of the ERP technique to disentangle the effects
of several putative attentional processes is hampered by the need to
average the EEG in response to discrete events. Researchers have
sought to address this by superimposing task-irrelevant probes on
continuous speech (Hink & Hillyard, 1976; Woods et al., 1984; Coch
et al., 2005; Nager et al., 2008) or by averaging EEG around
‘discrete’ speech features such as hard consonants (Teder et al., 1993).
These studies have provided unequivocal evidence for early attention

© 2012 The Authors. European Journal of Neuroscience © 2012 Federation of European Neuroscience Societies and Blackwell Publishing Ltd
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effects in the form of a broad attentional potential known as the
processing negativity (PN) or negative deflection wave (Nd) which
onsets as early as 50-60 ms post-stimulus and can persist until up to
1000 ms (Naatdnen, 1982). However, the temporally broad nature of
the Nd, which suggests it is an endogenously generated process
distinct from the exogenously generated componentry typical of the
ERP, means that it overlaps the ERP in time. This complicates the use
of the ERP’s exquisite temporal resolution for precisely determining
the temporal loci of attention effects on the exogenously driven
processing of continuous speech.

Here we aim to overcome this complication using the AESPA
method (auditory evoked spread spectrum analysis; Lalor et al., 2009;
Power et al., 2011). The AESPA is an estimate of the impulse
response of the auditory system which can be obtained using the
amplitude envelope of a wide class of stimuli, including speech (Lalor
& Foxe, 2010). This is particularly useful given that the envelope of
speech is of overriding importance when it comes to speech
recognition (Shannon et al., 1995; Smith et al., 2002). As such, the
AESPA can be utilized as an index of the exogenous processing of
natural speech and can facilitate the investigation of attentional effects
on that processing without being obscured by temporally broad scalp
potentials such as the Nd wave.

Materials and methods
Subjects

Forty subjects took part (mean + standard deviation age, 27.3 +
3.2 years; 32 male; seven left-handed). Twenty subjects (age
27.5 + 3.44 years; 18 male; two left-handed) attended to the left ear
and 20 subjects attended to the right ear (age 27.24 + 3.03 years; 14
male; five left-handed). The experiment was undertaken in accordance
with the Declaration of Helsinki. The Ethics Committees of the Nathan
Kline Institute and the School of Psychology at Trinity College Dublin
approved the experimental procedures and each subject provided
written informed consent. Subjects reported no history of hearing
impairment or neurological disorder.

EEG acquisition

Electroencephalography data were recorded for 34 of the subjects
using 130 electrode positions (17 of these subjects attended to the left
and the remaining 17 to the right). Data for the remaining six
participants were collected using 162 electrode positions (three of
these subjects attended to the left and the remaining three to the
right). The data were filtered over the range 0—134 Hz and digitized at
the rate of 512 Hz using a BioSemi Active Two system. EEG data
were then digitally filtered off-line with a band-pass filter between 2
and 35 Hz. The data at each channel were re-referenced to the
average of the responses at the left and right mastoids. Responses
extracted from the data acquired using the 162-electrode system were
mapped down to the same 130 electrode positions used for all other
subjects using a spline interpolation algorithm (EEGLAB; http:/
scen.ucsd.edu/eeglab/) resulting in a coherent dataset with identical
channel configuration.

Stimuli and procedure

Two classic works of fiction were presented, one to the left ear and the
other to the right ear. These works were segmented into 30 passages
each approximately 1 min in length. Further to this, and in order to

minimize the possibility of the unattended stream capturing the
subjects’ attention during silent periods in the attended stream, silent
gaps exceeding 0.5 s were truncated to 0.5 s in duration. Subjects
were divided into two groups of 20 with each group being instructed
to attend to the story in either the left or right ear throughout all 30
passages (i.e. approximately 1800 s of data per subject). After each
passage subjects were required to answer between four and six
multiple choice questions on both stories (i.e. on the attended story
and the unattended story). The questions had four possible answers.
Each passage took up from where the previous passage left off in the
story and stimulus amplitudes in each stream within each run were
normalized to have the same root mean squared (RMS) intensity. We
used a between-subjects design as we wanted each subject to follow
just one story to make the experiment as natural as possible and
because we wished to avoid any repeated presentation of stimuli.
Figure 1 shows the experimental procedure.

AESPA estimation

We obtain the AESPA by performing a linear least-squares fit of the
response model

() = w(t) * x(t) + noise

where y(f) is the measured EEG response, x(#) is the amplitude
envelope of the stimulus (see below), the symbol * indicates
convolution, w(t) is the impulse-response function to the amplitude
of the stimulus, and the noise is assumed to be Gaussian (Lalor et al.,
2009). This impulse response function, known as the AESPA, is not
equivalent to a standard ERP but shares a number of properties
including detailed temporal precision (Lalor et al., 2009) and sensi-
tivity to attentional modulation (Power et al., 2011).

Summarizing the method in qualitative terms, the AESPA response
w(t) is analogous to a filter which describes how the brain transforms
the auditory input into the EEG output. Keeping this in mind, the time
axis for the AESPA carries a different meaning than the time axes in

A
4

'20 000 leagues under the sea'
Envelope
Log envelope

‘Journey to the centre of the earth'

Journey to the centre of the earth 20 000 Leagues under the sea

1. What nationality was the uncle?
English
Swedish
German
French

1. What kind of reef is the chapter about?

A shifting reef
A floating reef
A sinking reef
A moving reef

2. In what way was he related to the uncle? 2. When was the incident?
Father’s brother 1856

1866

1876

1886

Mother’s brother

Married to father’s sister

Married to mother’s sister
FiG. 1. The experimental procedure. In each trial, subjects listened to
approximately 60 s of two stories presented concurrently and dichotically.
After each 60-s trial, subjects were presented with between four and six
multiple-choice questions on each story, with each question having four
possible answers. Subjects were asked to preferentially attend to one story, but
to attempt to answer all questions on both stories. Answers were indicated on
screen using a mouse click. Each 60-s trial continued from the point in the
stories at which the previous trial ended, with no repetition of stimuli. EEG data
were not collected while subjects answered the questions. Responses were
extracted using the log envelope of the speech stimuli.
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traditional ERP studies. Each point on the time axis can be interpreted
as being the relative time between the continuous EEG and the
continuous input intensity signal. Therefore the AESPA at —100 ms,
for example, indexes the relationship between the input intensity
signal and the EEG 100 ms earlier; obviously this should be zero. As
another example, the AESPA at +100 ms indexes how the input
intensity signal affects the EEG 100 ms later (Lalor ef al., 2009).
Furthermore, any activity that explicitly follows the stimulus envelope
(including possible endogenous fluctuations) would be represented in
the AESPA response. That said, however, slow endogenous potentials
(such as the attention-related processing negativity PN/Nd) will not
contribute to the AESPA.

In order to estimate the AESPA it was necessary to determine the
amplitude envelope of the speech signals and to resample the speech
signal to the same sampling rate as the EEG. To do this, we simply
calculated the RMS value of an average of 83.133 neighboring audio
samples around every EEG sample. Further to this, as envelope
frequencies between 2 and 16 Hz contribute most to speech intelli-
gibility (Drullman et al., 1994a,b; van der Horst et al., 1999), the
envelope was then low-pass filtered with a corner frequency of 20 Hz.
Because intensity processing varies by the log of stimulus intensity,
each envelope was transformed by taking the log to the base 10 of the
intensity and normalizing between zero and the maximum before
mapping. A similar approach was employed by Aiken & Picton (2008)
when investigating speech envelope processing in a passive paradigm.
As our model assumes a linear relationship between the EEG and
stimulus envelope the EEG was also low-pass filtered with a corner
frequency of 20 Hz.

EEG analysis

To test for statistical differences we subjected the responses to
statistical parametric mapping (SPM; Kiebel & Friston, 2004a,b).
When using SPM for EEG the EEG signals are mapped from the
electrode domain to a flattened two-dimensional scalp space, consist-
ing of a 64 X 64 pixel grid, by way of a linear interpolation. This
mapping is done at every time point of the ERP and results in a three-
dimensional representation of the data (two dimensions in space and
one in time). This representation consists of what is called a voxel-
based representation of the EEG but the representations are still of the
scalp activity and no underlying source configuration has been
derived. Thus a voxel in this case refers to a position on the scalp (in
2-D space) at a particular time. We tested this representation for
temporally and regionally specific effects using separate factorial
ANOVAs for each story, with each ANOVA having two levels (attended
vs. unattended). We controlled for multiple spatiotemporal compari-
sons using the family-wise error rate based on a significance level of
0.05.

Results
Behavioral results

The results of a 2 X 2 ANOVA with levels of story (left ear/right ear)
and attention (attended/unattended) stream found a significant main
effect of attention (F = 1164.13, P <0.001), no effect of story
(F =3.08, P=0.084) and no story X attention interaction (F' = 2.15,
P =0.147). On average, subjects correctly answered 80.4 + 7.3% of
questions on the attended story and 27.1 + 7.0% on the unattended
story, which, consistent with previous reports on dichotic listening
behavior, was not statistically greater than chance (P = 0.77).

A late locus of attention to natural speech 3

EEG results

The above-mentioned behavioral effects were accompanied by clear
differences in the AESPA responses to attended vs. unattended speech
streams (Fig. 2). Specifically, attention had obviously affected the
response to the left ear story in the timeframe of the positive
component, approximately 195-230 ms. Similarly the right ear story
showed differences in the same range, particularly over the left
hemisphere. Importantly, these attention effects appear large relative to
the SEM which is important given that this is a between-subjects
design. Another noteworthy feature of Fig. 2 is that the responses in
the 90- to 200-ms range also appear as if they may have been affected
by attention for the right ear story only. Because this is a between-
subjects design it is important not to read too much into the responses
from one story in isolation, and we note again that the common feature
of the two sets of responses is a difference in the amplitude of the
positive component at approximately 200 ms.

In order to statistically test the responses for attentional effects, we
employed SPM as mentioned above. Given the possible attention effect
in both stories in the 195- to 230-ms range (Fig. 2), and the possibility
that the right ear response was also affected from 90 to 195 ms, we
included the data from across the entire 90- to 230-ms range in our SPM
analysis. This analysis highlighted that the attention effects were
located over the left hemisphere during the timeframe of the positive
component at approximately 200 ms (left ear story, peak effect at
213 ms, Fy35=33.51, P=0.002; right ear story, peak effect at
207 ms, Fy 35 = 22.47, P = 0.03; see Fig. 3A). In addition there was a
contralateral attentional effect on the response to the story in the left ear
during the same timeframe (peak effect at 213 ms, F 35 = 27.65,
P =0.007). Using family-wise error correction, we found no statisti-
cally significant effects on any of the earlier components.

Given the identification of an attention effect in the 195- to 230-ms
range and the obvious inability of subjects to recall any of the content
of the unattended stream, we wished to assess whether our attention
effect may have been driven by suppression of the unattended stream
at approximately 200 ms. As previous studies have clearly shown the
existence of a positive component at approximately 200 ms in AESPA
responses obtained during the non-selective processing of speech
(Lalor & Foxe, 2010), we hypothesized that if the same positive
component to the unattended speech stream in this study were not
significantly greater than baseline, then that may be indicative of
suppression. We tested this by comparing the RMS response power on
the scalp during the interval 195-230 ms for both the attended and
unattended stories with the RMS power from the baseline interval
from —100 to 0 ms. Separate paired #-tests on this RMS measure did
not find any statistical differences for either story when unattended
(left ear story, P = 0.36; right ear story, P = 0.07), indicating that
neural activity related to the unattended story was suppressed to
baseline during this timeframe. Unsurprisingly, RMS power was
different from baseline when attended (left ear story, P << 0.01; right
ear story, P = 0.01).

Discussion

Our behavioral results clearly demonstrate that our paradigm, which
used only continuous natural speech streams, was extremely effective
in engaging subjects’ attention. Subjects answered significantly more
questions related to the attended story than the unattended story, with
performance being at the level of chance for the unattended stories;
this is consistent with previous reports on dichotic listening behavior
(Cherry, 1953).
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F1G. 2. AESPA responses at four representative electrodes for (A) the story presented to the left ear and (B) the story presented to the right ear when attended (black
traces) and unattended (red traces). The dashed lines around the solid are plots of the SEM across subjects.
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F1G. 3. The effect of attention on the scalp recordings. Spatial distribution of
the effect on the positive AESPA component in the interval 195-230 ms
identified by the SPM analysis for (A) the left and (B) the right stories. pFWE is
the significance level when family-wise error (FWE) is taken into account.

In parallel with these behavioural effects, our AESPA responses
show a robust, left-lateralized attention effect peaking at approxi-
mately 209 ms for both stories. This finding stands in contrast to a
large number of dichotic speech studies using the average ERP
method, which have typically shown much earlier effects, often over
frontocentral locations (e.g., Hink & Hillyard, 1976; Woods et al.,
1984; Teder et al., 1993; Coch et al., 2005; Nager et al., 2008). As
mentioned above, one possible reason for this is that the average ERP
method may result in temporally overlapping attention effects: those
that impact on exogenously driven processing and those that are
endogenously generated. For example, the endogenously generated
Nd component has been shown to onset as early as approximately
50 ms with a frontocentral distribution, and to persist up to 1000 ms
(e.g., Naitdnen, 1982; Woods, 1990; Teder et al, 1993). This
component has been divided into two distinct phases: an early phase
that is thought to index a flexible mechanism of rough selection
between sounds based on their feature-based discriminability (Hansen
& Hillyard, 1980), and a less well understood later phase that is
thought to be related to the maintenance of an attentional trace
(Nadtdnen, 1982; Woods, 1990). Neither of these phases shows any
lateralization (Woods et al.,, 1984; Woods, 1990). Furthermore, in

studies where the ERP is derived in response to probe stimuli
superimposed on speech, the extended temporal duration of the late
phase has led to the suggestion that it actually relates to how relevant
the superimposed probes are to the speech stream and not to the
processing of the speech itself (Woods et al., 1984). An important
point here is that this endogenously generated component has been
implicated in attentional modulation of the exogenously generated N1
component of the auditory evoked potential (AEP; Néaitdnen, 1982).
Specifically, it has long been debated whether the N1 component of
the AEP was actually enhanced by attention, or whether attentional
effects during the N1 timeframe were actually a result of an
overlapping Nd wave (Naitinen, 1982; Woods, 1990). The AESPA
method recently contributed to this debate by showing that obligatory
sensory processing was enhanced by attention during the timeframe of
the N1 and that the entire attention effect was unlikely to be accounted
for by just the Nd (Power et al., 2011). In the present study we show
no attention effects during the timeframe of the N1 (or earlier),
perhaps indicative of our success in removing the influence of the Nd
wave.

As such, the question that arises is: to what attentional mechanism
does our late effect relate? One tentative proposal is that, unlike the
carly effects that probably relate to the physical characteristics of the
stimulus (e.g., pitch, spatial location), our late effect may represent a
filtering process located at the level of semantic analysis (Treisman,
1964; Lewis, 1970, Treisman et al., 1974). This is consistent with
previous reports on the timing of the onset of semantic processing
(Helenius et al., 2002; Bonte et al., 2006; Salmelin, 2007) and with
reports on left hemispheric specialization for the processing of
semantic and linguistic information (e.g., Wernicke, 1874; Binder
et al., 1997). Previous studies using the AESPA have shown the
positive component peaking at ~200 ms (known as the Pd
component, see Lalor e al., 2009) to be robust in the non-selective
processing of speech (Lalor & Foxe, 2010). Accordingly, the fact that

© 2012 The Authors. European Journal of Neuroscience © 2012 Federation of European Neuroscience Societies and Blackwell Publishing Ltd

European Journal of Neuroscience, 1-7



Pd response power to the unattended speech stimuli in the present
study was found to be not significantly greater than baseline noise
power suggests suppression of irrelevant information at this stage. As
previously mentioned, the earlier negative component of the AESPA
(known as the Nc component), which has been shown to be sensitive
to attentional modulation (Power et al, 2011), did not show any
robust or consistent attention effects under the present task for either
the left or right ear story. Therefore, our result may be indicative of a
task-related flexible temporal locus of selective attention (Lavie et al.,
2004), deployed here, given the higher level task, in order to maximize
the ability to process attended speech.

Given previous reports of the semantic processing of unattended
speech without the ability to consciously identify that speech (Lewis,
1970; Holender, 1986), the locus of the left hemispheric Pd suppression
effect observed in our data may relate to the prevention of memory
trace formation for the semantic information in the unattended speech
stream. This accords reasonably well with EEG and magnetoenceph-
alography data suggesting that semantic memory use during language
comprehension can be indexed by the so-called N40O component
(Kutas & Hillyard, 1980; Kutas & Federmeier, 2000), which has been
purported to onset as early as 200-250 ms in the posterior half of the
left superior temporal gyrus (Kutas & Federmeier, 2011). Furthermore,
it has been shown in a dichotic listening word list task that, while both
attended and unattended words are semantically processed and activate
semantic representations, the N400 elicited by unattended words is
insensitive to semantic manipulation (Bentin et al., 1995). The
attentional suppression of our Pd component at 200220 ms, combined
with the general lack of (or at least severe reduction in; see Kutas &
Federmeier, 2011) any semantic manipulation effects on the N400 to
unattended stimuli, may suggest a specific temporal locus of attentional
suppression before which semantic processing occurs and after which
semantic information would otherwise be encoded into working
memory. Based on the differences between the current data and the
previous AESPA attention study using non-speech stimuli (Power
et al., 2011), this tentative hypothesis appears at least somewhat
plausible. However, further work needs to be done using controlled
manipulation of the stimuli and task within one group of subjects in
order to confirm this claim over other possible explanations.

These other possible explanations include a variety of attentional
mechanisms that are likely to play a part in the observed effects. For
example, low-level features such as space and frequency cannot be
entirely ruled out. In terms of space, it is worth noting that the
topographic distribution of our attentional effect depended somewhat
on which ear was attended. However, given that the timing and
lateralisation of our effects are so distinct from those early, non-
lateralized effects typically reported for auditory spatial attention
(Woods, 1990; Power et al., 2011), we suggest that the role played by
space is relatively minor. The notion that frequency might play a role
arises as a result of the fact that, though the two speakers were male,
their voices were clearly distinguishable on the basis of pitch. Attention
to low-level features such as pitch, however, is often indexed by early
ERP effects, including the Nd wave (Hansen & Hillyard, 1980), and
thus it is unlikely to have played a dominant role in our effects.

Another potentially important factor in our results is the possible
role of auditory stream segregation, i.c., the separation of the two
speech streams into distinct auditory objects (Bregman, 1990). The
perception of a separation of concurrent non-speech auditory stimuli
into two distinct streams has previously been shown to be indexed by
a number of ERP components, including the P1, N1 and P2
components (e.g., Gutschalk et al., 2005; Snyder et al., 2006), in
addition to a negative component at approximately 160 ms (Snyder
et al., 2006) and a positive component in the 350- to 450-ms range
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(Alain et al., 2001). Furthermore, a number of these segregation
indices have been shown to be affected by attention (Alain et al.,
2001), including some during the timeframe of our AESPA results
(Snyder et al., 2006). In contrast to our results, however, these
attentionally sensitive segregation effects are typically distributed over
frontocentral and central scalp regions (Alain et al., 2001; Snyder
et al., 2006), with some components being biased to the right
hemisphere (Snyder et al., 2006). While sound segregation undoubt-
edly took place in our study, the implications of these previous
findings for our left hemisphere results are unclear. One obvious
possible reason for the discrepancy is that our stimuli were speech
streams, which are preferentially processed on the left (Wernicke,
1874). On that note, it has been shown that successful segregation of
brief speech stimuli leads to enhanced activity in the left thalamus,
Heschl’s gyrus, the superior temporal gyrus and the planum temporale
(Alain et al., 2005), which would be more in line with our data. This
issue of attention and how it interacts with stream segmentation is a
complex one and it is difficult for us to comment on it further given
our current data. As a final observation on this topic, it is worth noting
that our experiment was designed to emphasize naturalness rather than
to explicitly quantify the contributions of the various attentional
processes at play in cocktail party listening. The naturalness of the
experiment, demonstrated by the behavioural performance, undoubt-
edly involves the recruitment of the many attentional mechanisms that
have evolved to maximize performance in multispeaker environments.
While we contend that attention to low-level features is likely to have
made a relatively minor contribution to our AESPA effects, the
quantification of the interactions between attention, stream segregation
and semantic processing will need to be investigated using a series of
more controlled experiments. The AESPA method offers a very
promising avenue for this future work.

A number of other recent studies on speech processing and the
cocktail party paradigm have employed EEG methods other than the
averaged ERP, including those examining the neural tracking of
speech (Luo & Poeppel, 2007; Kerlin et al., 2010; Ding & Simon,
2012). Kerlin et al. (2010) used a template matching algorithm on
ERP Nl-derived source waveforms and found gain control affecting
areas in and around Heschl’s gyrus. Because of the fact that they fit
their source waveforms based on the N1, their results are likely to be
biased to an earlier stage of processing than our later attention effects.
A more direct comparison with our results might be possible by
adapting their approach in order to bias a later processing stage, or
even to discriminate multiple processing stages. Luo & Poeppel
(2007) show that the phase pattern of theta band (4-8 Hz) activity
tracks and can discriminate speech in auditory cortex. The authors
suggest that the measured theta activity may reflect the interaction
between auditory core and belt areas as well as possible contributions
from para-belt areas. They also show that the discrimination ability of
the phase tracking is correlated with speech intelligibility, which
suggests that the method may have utility for examining higher order
semantic processes. While these studies have been of great importance
to the understanding of the mechanisms involved in speech processing
and attentional selection in the cocktail party problem, it is arguably
more difficult to determine what processing stage(s) contribute to their
findings than is the case with our highly temporally resolved AESPA
response.

Having said that, the advantages of the AESPA method come at a
price. As already mentioned, the method is insensitive to cortical
activity unrelated to the stimulus envelope. In addition, in its current
form the AESPA simplistically assumes a linear relationship between
the stimulus envelope and the EEG response. Given that information
processing in the brain is conducted in a network-based manner
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incorporating feedforward, feedback and recurrent activity, it is clear
that a linear feedforward assumption would render the AESPA an
incomplete measure. For example, the modulation of early afferent
activity by efferent activity from higher order areas is likely to be a
highly non-linear process that would not be well characterized by our
method. Even so, on the basis of the data presented here we argue that
the AESPA method has allowed us to determine an important temporal
locus of selective attention under natural cocktail-party-like condi-
tions. Further work remains to be done to quantify the contributions of
low-level feature-based attention and of stream segregation to the
AESPA effects. In addition we will aim to further evaluate the
tentative hypothesis that our results point to a temporal locus for the
suppression of irrelevant semantic information and the disruption of
the encoding of this information into working memory.
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