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Spatiotemporal Neural Integration for Bistable
Perception in a Response-Time
Structure-From-Motion Task
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Abstract—The question of how perception arises from neuronal
activity in the visual cortex is of fundamental importance to many
issues in cognitive neuroscience. To address this question, we adopt
a unique experimental paradigm in which bistable stimuli, namely
structure from motion (SFM), are employed to dissociate the visual
input from perception while monitoring cortical neural activity. In
this paper, we analyze the dynamic responses of the multiunit activ-
ity, simultaneously collected from multiple channels in the middle
temporal visual cortex of awake behaving macaque monkeys, for
decoding the bistable percepts of SFM in a response-time (RT)
perceptual discrimination task. Our goal is to understand how
the perceptual discriminative information of neuronal population
activity evolves and accumulates over time to mediate behaviors.
Here, we used a discriminative classifier called the logistic regres-
sion and contrasted it with two generative classifiers, namely the
quadratic discriminant analysis (QDA) and linear discriminant
analysis (LDA), to achieve the spatiotemporal integration of neu-
ral activity and dynamically decode the perceptual reports on a
single-trial basis. We found that the logistic regression outperforms
both QDA and LDA in terms of decoding accuracy for both single-
channel and multichannel decoding of bistable percepts. Subse-
quent analysis of the temporal profile of neural population decod-
ing in relation to RT revealed that the amplitude and latency of the
decoding accuracy are highly correlated with the RT, thus indicat-
ing that the monkeys respond faster when the decoding accuracy
is higher and has shorter latency. These findings suggest that en-
hanced neuronal discrimination ability and shortened neuronal
discrimination latency may impact monkeys’ behaviors.

Index Terms—Bistable perception, bistable stimuli, discrimina-
tive classifiers, generative classifiers, linear discriminant analysis
(LDA), logistic regression, middle temporal (MT), multiunit activ-
ity (MUA), quadratic discriminant analysis (QDA), response time
(RT), single-trial decoding, structure from motion (SFM).

I. INTRODUCTION

B ISTABLE perception arises when a stimulus under contin-
uous view is perceived as the alternation of two mutually

exclusive states. Such a stimulus provides a unique opportunity
for understanding the neural basis of visual perception because
it dissociates the perception from the visual input. The study
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of bistable perception holds great promise for understanding
the neural correlates of visual perception [1]. Spiking activity
has been extensively studied in brain research to determine the
relationship between perceptual reports during ambiguous vi-
sual stimulation in the middle temporal (MT) area of macaque
monkeys [2], [3].

It is known that the spatial integration of spiking activity over
multiple electrodes may improve the prediction of the percep-
tual reports [4]–[8]. Furthermore, given the vast information
contained in the temporal domain, it seems natural and biologi-
cally plausible that the temporal integration of the neuronal pop-
ulation activity could enhance the perceptual discriminability.
Recent studies have shown that the perceptual decision is formed
gradually as the perceptual evidence accumulates over time in
a random-dot motion direction discrimination task [9]–[12] and
a visual detection task [13]. These studies also find that the
speed of discriminative information aggregation depends on the
motion strength or target contrast. From a theoretical point of
view, the perceptual decision process can also be regarded as
a form of statistical inference [14]–[17], choosing from a set
of possible hypotheses the one that best matches the available
data. In particular, it was shown in [17] that if the distributions
are Poisson-like, the optimal Bayesian inference can be reduced
to simple linear combinations of neural activity or even the
summation of neural activity under some conditions.

In this paper, we analyze the dynamic responses of the mul-
tiunit activity (MUA), simultaneously collected from multiple
channels in the MT visual cortex of awake behaving macaque
monkeys, for decoding their bistable structure-from-motion
(SFM) perception in a response-time (RT) discrimination task.
Our goal is to understand how the discriminative information
of neuronal population activity evolves and accumulates over
time to mediate behaviors. We focus on dynamically predicting
the perceptual report of the subjects under study by temporal
integration of neuronal population activity. This can not only
show the accumulation process of the discriminative power, but
can also indicate the specific timing, which may be useful for
studying other factors such as RT.

We can use both generative and discriminative classifiers to
decode the bistable SFM perception via spatiotemporal integra-
tion of neuronal activity. Generative classifiers model the joint
probability of input and output and assume the input distribu-
tion, whereas discriminative classifiers model the conditional
distribution without assuming the input distribution. Based on
the assumption that the temporally integrated neuronal popu-
lation activity for two classes are Gaussian distributed, we can
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formulate the Bayesian inference as two generative classifiers:
the quadratic discriminant analysis (QDA) if the two classes
have different covariance matrices, and the linear discriminant
analysis (LDA) if the two classes have the same covariance
matrix [18]. It is known that LDA is preferred to QDA for the
situations where the ratio of the sample size to variable number
is not sufficiently large [19]. As a matter of fact, we can avoid
the assumption of the Gaussian distributions for the two classes
and instead model the posterior probability using a generalized
linear model with a link function to obtain a discriminative clas-
sifier. If the link function is monotonically increasing, it follows
from the Neyman–Pearson lemma that a prediction rule based
on a linear classifier is optimal [20]. If we choose the logit func-
tion as the link function, we obtain the logistic regression model,
which does not have a closed-form solution and can be solved
using the maximum likelihood estimation method. In fact, the
posterior probability of LDA can also be written in the form of
a generalized linear model with the logit link function.

We contrast the logistic regression with the QDA and LDA
methods in the paper to dynamically decode the perceptual re-
ports on a single-trial basis based on the neuronal population
activity integrated across time. We find that the logistic regres-
sion outperforms both QDA and LDA in terms of decoding
accuracy for both single-channel and multichannel decoding of
bistable percepts. Different from previous studies that consider
response (or reaction) time for different motion or contrast con-
ditions in other tasks, we concentrate in this paper solely on the
ambiguous condition since this condition is free from the stim-
ulus effects and ideal for the study of perception. We found that
the logistic regression outperforms both QDA and LDA in terms
of decoding accuracy for both single-channel and multichannel
decoding of bistable percepts.

Microstimulation studies show that neurons in the MT visual
area have a causal link to behavioral performances [21]–[24]. In
addition, lesion studies confirm that the MT visual area plays a
vital role in motion perception [25], [26]. In our study, we use
simultaneous recordings of neural and psychophysical data in
rhesus monkeys trained to perform two alternative forced-choice
tasks. The use of bistable SFM stimuli is a major strength of
the paper since it allows dissociation between stimuli and per-
ception, and thus provides a unique opportunity for studying the
neural correlate of perception. Since the monkeys have different
percepts given the same stimulus, it is not the stimulus but the
variation in the neuronal activity that causes the alternation of
perception. In this paper, we study not only the accuracy but
also the speed in behavioral performances. By dividing the data
into different groups based on sorted RT from fast to slow, we
perform the decoding analysis on each group using QDA, LDA,
and logistic regression approaches based on the activity of pop-
ulations of MT neurons of two monkeys in multiple sessions.
All the three approaches revealed that the amplitude and latency
of the decoding accuracy are highly correlated with the RT, thus
indicating that the monkeys respond faster when the decoding
accuracy is higher and has shorter latency. Our findings suggest
that the enhanced neuronal discrimination ability and shortened
neuronal discrimination latency may impact the monkeys’ be-
haviors. Our study is the first, to our knowledge, to demonstrate

in awake monkeys using bistable SFM stimulus that there is
a significant correlation between the speed and accuracy. Our
results are also in line well with recent results in response (or re-
action) time for different motion or contrast conditions in other
tasks [9]–[13].

The rest of the paper is organized as follows. In Sec-
tion II, we describe the experimental paradigm, introduce several
classifiers including the logistic regression, LDA, and QDA,
and explain the data analysis procedures. In Section III, we
present the results about the spatiotemporal integration of neu-
ronal responses for decoding the bistable SFM perception. In
Section IV, we discuss the new findings in this paper and the
issues related to discriminative and generative classifiers, local
regression, leaky integration, and the measures for the decoding
accuracy latency. Finally, Section V contains the conclusions.

II. MATERIALS AND METHODS

A. Subjects and Neurophysiological Recordings

Electrophysiological recordings were performed in two
healthy adult male rhesus monkeys (K97 and E00). After be-
havioral training was complete, an occipital recording cham-
ber was implanted and a craniotomy was made. Intracortical
recordings were conducted with a multielectrode array while
the monkeys were viewing SFM stimuli, which consisted of an
orthographic projection of a transparent sphere that was cov-
ered with randomly distributed dots on its entire surface. SFM
is the perception of 3-D shape from motion cues. When in mo-
tion, this stimulus gives the striking percept of a 3-D sphere
spinning in one of the two possible directions: clockwise or
counterclockwise.

Trials initiated with a short period of fixation (300–500 ms),
followed by the presentation of the SFM stimulus for 2000–
3000 ms with an average interstimulus interval of 2000 ms. The
stimulus rotated for the entire period of presentation, thus giv-
ing the appearance of a 3-D structure. The monkeys were well
trained and required to indicate the choice of rotation direction
(clockwise or counterclockwise) by pushing one of two levers.
The RT of the monkeys for each trial was monitored. The stimuli
in the task were randomly intermixed with both the disparity-
biased trials and ambiguous (bistable) trials. Correct responses
for disparity-defined stimuli were acknowledged with applica-
tion of a fluid reward. In the case of fully ambiguous (bistable)
stimuli, where the stimuli can be perceived in one of two pos-
sible ways, the monkeys were rewarded by chance. Only trials
corresponding to bistable stimuli are analyzed in the paper.

The recording site was the MT area of the monkeys’ visual
cortex, which is commonly associated with visual motion pro-
cessing. Multielectrode MUA was obtained by filtering the data
between 500 Hz and 5 kHz. Bandpass filtered data were rectified
to compute power as a function of time.

B. Classifiers and Data Analysis

Assume that we have M channels of neuronal signals and
the multichannel data vector at time t is denoted as an M × 1
vector y(t). Let D ∈ {0, 1} denote a perceptual report for the
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rotation direction with D = 0 for the clockwise direction and
D = 1 for the counterclockwise direction.

To assemble information across time, we use a spanning win-
dow whose starting point is fixed and its length increases with
time. Assume that the stimulus appears at the time t0 . At a
certain time t, we integrate the information for t0 ≤ t̄ ≤ t by

x(t) =

∑
t0 ≤t̄≤t y(t̄)

t − t0 + 1
. (1)

Note that t − t0 + 1 is a term used for normalization. It will
not affect the decoding performance since at a given time of
interest, every trial is normalized by the same term.

We assume that the relationship between D and x(t) can be
modeled by a generalized linear model

P(D|x(t)) = g(w(t)′x(t) + b(t)) (2)

where g(·) is the link function, w(t) is the weight vector,
(·)′ means transpose, and b(t) represents the bias. We predict
the percept as D = 1 if w(t)′x(t) + b(t) > 0 and D = 0 if
w(t)′x(t) + b(t) ≤ 0. If the link function g(·) in (2) is monoton-
ically increasing, it follows from the Neyman–Pearson lemma
that a prediction rule based on w(t)′x(t) + b(t) is optimal [20].
If we choose the logit function as the link function, we obtain
the logistic regression model

P(D = 0|x(t)) =
1

1 + exp(w(t)′x(t) + b(t))
(3)

and

P(D = 1|x(t)) = 1 − P(D = 0|x(t))

=
exp(w(t)′x(t) + b(t))

1 + exp(w(t)′x(t) + b(t))
. (4)

The problem does not have a closed-form solution and can
be solved using the maximum likelihood estimation method.
We can first form the loglikelihood function by the sum of
the logarithm of the probabilities of all the training samples.
Then, we take the derivatives of the loglikelihood function with
respect to w(t) and b(t) to find the parameters of w(t) and b(t)
that maximize the likelihood function. A fast algorithm called
iterative reweighted least squares (IRLSs) can be used [27].

For LDA, we assume that x(t) is Gaussian distributed with
the same covariance matrix Σ(t) for either class, but different
mean vectors m1(t) and m0(t) for class D = 1 and D = 0,
respectively, i.e.,

P(x(t)|D = 1)

=
1

(2π)N/2 |Σ(t)|1/2

× exp

(
− 1

2
(x(t) − m1(t))′Σ(t)−1(x(t) − m1(t))

)
(5)

and

P(x(t)|D = 0)

=
1

(2π)N/2 |Σ(t)|1/2

× exp

(
− 1

2
(x(t)−m0(t))′Σ(t)−1(x(t)−m0(t))

)
. (6)

The posterior probability at a time instant t is given by the
Bayes theorem as

P(D = 0|x(t)) = P(x(t)|D = 0)P(D = 0)
P(x(t))

(7)

where

P(x(t)) = P(x(t)|D = 1)P(D = 1)

+ P(x(t)|D = 0)P(D = 0). (8)

Substituting (5) and (6) into (7), it can be proved that P(D =
0|x(t)) also satisfies the model in (3) with

w(t) = Σ(t)−1(m1(t) − m0(t)) (9)

and

b(t) = −1
2
w(t)′ (m1(t) + m0(t)) + ln P(D = 1)

P(D = 0)
. (10)

However, the logistic regression and the LDA are different
in that the logistic regression makes no assumption of the data,
while the LDA assumes that the distribution of the data is a mix-
ture of Gaussians. If the two classes have different covariance
matrices but are still Gaussian distributed, it can be shown that
the Bayes optimal solution is QDA.

Trials of each session were ranked by their RT and sorted into
ten groups, starting with the fastest group containing the trials
with the shortest RT and proceeding to the slowest group, with
each group sharing several trials with the previous one.

We use decoding accuracy as the performance measure, calcu-
lated via leave-one-out cross-validation (LOOCV). In particular,
for a dataset with N trials, we choose N − 1 trials for training
and use the remaining 1 trial for testing. This is repeated for N
times with each trial used for testing once. The decoding accu-
racy is obtained as the ratio of the number of correctly decoded
trials over N .

Spearman rank correlation was computed for the relations of
the RT with the amplitude and latency of the decoding accuracy.

Local regression [28], [29] was applied to obtain smoothed
decoding accuracy curves so that the improved estimation of
the peak time can be achieved. Locally weighted scatterplot
smoothing (LOWESS) is desirable and attractive in this appli-
cation since it does not require specifying a global function to
fit a model to all the data, but only demands setting several
parameters to fit the data locally. LOWESS is flexible in the
selection of the parameters such as the bandwidth, the degree of
the polynomial model, and the weight function. The bandwidth
plays an important role in the local regression fit by control-
ling the smoothness of the fit. If the bandwidth is too small,
the fit becomes too noisy and the variance increases. On the
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other hand, if it is too large, the fit becomes oversmoothed and
important features may be distorted or lost, and consequently,
the fit will have a large bias. The bandwidth needs to be cho-
sen to compromise the bias–variance tradeoff. The degree of
the local polynomial also affects the bias–variance tradeoff. A
higher degree polynomial may result in a less biased, but more
variable fit, i.e., estimates closely following the observations.
Since both polynomial degree and bandwidth influence bias as
well as variance, it often suffices to choose a low-degree poly-
nomial (linear or quadratic) and concentrate on choosing the
bandwidth to obtain a satisfactory fit. The weight function has
much less effect on the bias–variance tradeoff, but it influences
the visual quality of the fitted regression curves. Generally, it is
chosen to be continuous, symmetric, peaked at 0, and supported
on [−1, 1]. One commonly used weight function is the tricube
weight function W (x) = (1 − |x|3)3 [28].

III. EXPERIMENTAL RESULTS

In this section, we provide experimental examples to compare
the performances of the LDA, QDA, and logistic regression ap-
proaches for dynamically predicting perceptual decisions from
the MUA data, simultaneously recorded from seven to nine elec-
trodes in cortical area MT in 17 sessions, of which a total of 144
sites (channels) were monitored (104 sites in monkey K97 and
40 sites in monkey E00) with the number of trials larger than 75
for each site. The time window used is from stimulus onset to
2 s after that.

We first compare the instantaneous and integrated activity
of MUA as a function of time after stimulus onset. Fig. 1(a)
shows the ensemble average of the instantaneous activity for
the trials of MUA with clockwise and counterclockwise per-
ceptual reports from a single channel. It is obvious that the
ensemble average for both classes of perceptual reports varies
greatly with time. The difference of these two classes across
trials also changes dramatically, as can be seen from the dras-
tic fluctuations of the p-value of t-test in Fig. 1(b). Fig. 1(c)
shows the ensemble average of the integrated activity for the
trials of MUA with clockwise and counterclockwise perceptual
reports from a single channel. Note that the ensemble average
for these two conditions becomes clearly separable at about
200 ms after stimulus onset and remains separable ever since.
This is verified by the consistently small p-value of t-test after
200 ms in Fig. 1(d). Fig. 1(e) shows the p-value of t-test for
each of the ten RT groups. Group 1 (fastest group) to group
10 (slowest group) are in the subfigures from left to right and
from top to bottom. Based on it, we identified the latency as
the time when the p-value of t-test of the integrated MUA
activity becomes less than 0.01 for each group, as shown in
Fig. 1(f). Here, we use the RT mean for each group to repre-
sent this group, and it is calculated by averaging the RT of all
trials within this group. We found that the RT mean and the
latency were significantly correlated (p < 0.01, Spearman rank
correlation).

We now compare the performances of the LDA, QDA, and
logistic regression approaches for decoding the temporally in-
tegrated activity of MUA as a function of time after stimulus

onset based on single channels and multiple channels. In Fig. 2,
we present the single-channel decoding accuracy results based
on each channel within each session. Fig. 2(a) and (b) shows the
decoding accuracy mean curve obtained via averaging across
144 sites the decoding accuracy curves as a function of time for
the fastest group and the slowest group, respectively. Fig. 2(c)
and (d) shows the decoding accuracy standard deviation curve
obtained based on 144 sites as a function of time for the fastest
group and the slowest group, respectively. In Fig. 3, we present
the multichannel decoding accuracy results by combining all
channels within each session. Fig. 3(a) and (b) shows the de-
coding accuracy mean curve obtained via averaging across 17
sessions the decoding accuracy curves as a function of time for
the fastest group and the slowest group, respectively. Fig. 3(c)
and (d) shows the decoding accuracy standard deviation curve
obtained based on 17 sessions as a function of time for the
fastest group and the slowest group, respectively. It can be seen
from Figs. 2 and 3 that given the same method, the fastest group
has higher value and shorter latency in its decoding accuracy
curve than the slowest group. In addition, we see that the mul-
tichannel decoding via each method achieves higher peak value
in the decoding accuracy mean curve than its single-channel
decoding counterparts. This demonstrates the ability of spa-
tial integration in exploiting discriminative information. Yet,
the peak times of the decoding accuracy mean curves for both
single-channel and multichannel decoding are similar: at about
1000 ms for the fastest group and at about 1600 ms for the
slowest group. Note that the logistic regression method per-
forms the best with the highest decoding accuracy mean and
relatively low decoding accuracy standard deviation for both
groups. Comparing LDA and QDA, it appears that LDA has
higher decoding accuracy mean than QDA for both groups,
but LDA has larger decoding accuracy standard deviation than
QDA. Because of its excellent performance, in the rest of the
paper, we concentrate on the results obtained via the logistic re-
gression approach based on the temporally integrated activity of
MUA.

Next, we quantify the correlation between the accumulation
of the discriminative power and the monkeys’ behaviors based
on the single-channel and multichannel decoding accuracy re-
sults obtained via the logistic regression approach for each of
the ten RT groups. Fig. 4(a) shows the single-channel decoding
accuracy mean curve obtained via averaging the decoding accu-
racy curves across 144 sites as a function of time for each of ten
groups, with groups 1–7 denoted by solid lines in blue, green,
red, cyan, magenta, yellow, and black, respectively, and groups
8–10 denoted by dashed-dotted lines in blue, green, and red, re-
spectively. It is obvious that the decoding accuracy mean curves
of the faster groups tend to be on top of those of the slower
groups. Also note the common trend in the decoding accuracy
curves that rise steadily after the stimulus onset until a peak or
saturation point is reached, which reveals how the discrimina-
tive information accumulates over time. We can estimate the
peak value, peak time, and average for each group, as shown
in Fig. 4(b)–(d), respectively, based on the decoding accuracy
mean curve of this group, as shown in Fig. 4(a). Here, the RT
mean for each group is calculated by averaging the RT of all
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Fig. 1. Comparison of the instantaneous and integrated activity of MUA as a function of time after stimulus onset. Ensemble average of the (a) instantaneous
activity and (c) integrated activity for the trials of MUA with clockwise and counterclockwise perceptual reports from a single channel. Time 0 indicates the
stimulus onset; p-value of t-test between the clockwise and counterclockwise conditions for the (b) instantaneous activity and (d) integrated activity. (e) p-Value
of t-test of the integrated activity for each of the ten RT groups. Group 1 (fastest group) to group 10 (slowest group) are in the subfigures from left to right and
from top to bottom. (f) Latency, determined at p < 0.01 in the t-test, is highly correlated with the average RT of each group. Here, we use the RT mean of each
group to represent this group, and it is calculated by averaging the RT of all trials within this group. p-Value of t-test indicates the differences between two classes.
The smaller the p-value, the more separable the two classes.

Authorized licensed use limited to: Drexel University. Downloaded on December 18, 2009 at 10:26 from IEEE Xplore.  Restrictions apply. 



2942 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 56, NO. 12, DECEMBER 2009

Fig. 2. Comparison of the LDA, QDA, and logistic regression approaches for decoding the temporally integrated activity of MUA as a function of time after
stimulus onset based on single channel. The decoding accuracy mean curve obtained via averaging across 144 sites the decoding accuracy curves as a function of
time for (a) the fastest group and (b) the slowest group; the decoding accuracy standard deviation curve obtained based on 144 sites as a function of time for (c) the
fastest group and (d) the slowest group. Time 0 indicates the stimulus onset. Note that the logistic regression method performs the best with the highest decoding
accuracy mean and relatively low decoding accuracy standard deviation for both groups, and that given the same method, the fastest group has higher value and
shorter latency in its decoding accuracy curve than the slowest group.

trials within each group across all sessions. We found that the RT
mean was significantly negatively correlated with the peak value
and average of the decoding accuracy mean curve (p < 0.0001,
Spearman rank correlation), but was significantly positively cor-
related with the peak time of the decoding accuracy mean curve
(p < 0.01, Spearman rank correlation). Furthermore, we can do
another significance test based on the parameters estimated from
the decoding accuracy curve for each group of each site, instead
of the parameters estimated from the decoding accuracy mean
curve for each group. Specifically, we can first estimate the peak
value, peak time, and average for each group based on its decod-
ing accuracy curve of each of the 144 sites. We then concatenate
the estimated parameters from all sites for each group and use
multiple linear regression to fit each estimated parameter as a
function of the RT mean. We discovered that the RT mean was
significantly negatively correlated with the peak value and aver-

age of the decoding accuracy curve (p < 0.0001, multiple linear
regression), but was not significantly positively correlated with
the peak time of the decoding accuracy curve (p = 0.08, mul-
tiple linear regression). After examining the decoding accuracy
curves of single channels, we found that the estimation of the
peak time was poor due to the significant nonsmoothness of
the curves. To improve the estimation of the peak time, we first
applied local regression to the decoding accuracy curve for each
group of each channel to obtain a smoothed decoding accuracy
curve, and then estimated the peak time based on the smoothed
decoding accuracy curve for each group of each channel. We
found that the RT mean was significantly positively correlated
with the peak time estimated based on the smoothed decoding
accuracy curve (p < 0.01, multiple linear regression).

Fig. 5(a) shows the multichannel smoothed decoding accu-
racy mean curve obtained via averaging the decoding accuracy
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Fig. 3. Comparison of the LDA, QDA, and logistic regression approaches for decoding the temporally integrated activity of MUA as a function of time after
stimulus onset based on multiple channels. The decoding accuracy mean curve obtained via averaging across 17 sessions the decoding accuracy curves as a
function of time for (a) the fastest group and (b) the slowest group. The decoding accuracy standard deviation curve obtained based on 17 sessions as a function
of time for (c) the fastest group and (d) the slowest group. Time 0 indicates the stimulus onset. Note that the logistic regression method performs the best with
the highest decoding accuracy mean and relatively low decoding accuracy standard deviation for both groups, and that given the same method, the fastest group
has higher value and shorter latency in its decoding accuracy curve than the slowest group. It appears that LDA has higher decoding accuracy mean than QDA for
both groups, but LDA has larger decoding accuracy standard deviation than QDA.

curves across 17 sessions as a function of time for each of ten
groups, with groups 1–7 denoted by solid lines in blue, green,
red, cyan, magenta, yellow, and black, respectively, and groups
8–10 denoted by dashed-dotted lines in blue, green, and red,
respectively. Note that, here, we use local regression to obtain a
smoothed decoding accuracy mean curve for each group. Based
on Fig. 5(a), we can estimate the peak value, peak time, and
average for each group, as shown in Fig. 5(b)–(d), respectively.
We found that the RT mean was significantly negatively corre-
lated with the peak value and average of the smoothed decod-
ing accuracy mean curve (p < 0.0001, Spearman rank correla-
tion), but was significantly positively correlated with the peak
time of the smoothed decoding accuracy mean curve (p < 0.01,
Spearman rank correlation). In addition to the peak time, we
can also set the latency as the time when a fixed threshold value

of decoding accuracy is reached. Fig. 5(e) shows the latency
as the time when the decoding accuracy threshold of 0.65 is
reached for each group. Still, we found that the RT mean was
significantly positively correlated with this latency (p < 0.01,
Spearman rank correlation). Fig. 5(f) is the same as Fig. 5(a) ex-
cept that no local regression is applied to the decoding accuracy
mean curve for each group. Note that there is a good match be-
tween the smoothed and unsmoothed decoding accuracy mean
curves for each of the ten groups. In fact, we found the same
kind of significant correlation between the RT mean with the
peak value, average, peak time, and latency at the threshold
0.65 estimated based on Fig. 5(f) as those estimated based on
Fig. 5(a). Moreover, we estimate the peak value, peak time, and
average based on the local-regression smoothed decoding ac-
curacy curve for each group of each of the 17 sessions instead
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Fig. 4. (a) Mean curve of single-channel decoding accuracy obtained via averaging the decoding accuracy curves across 144 sites as a function of time for each
of ten groups, with groups 1–7 denoted by solid lines in blue, green, red, cyan, magenta, yellow, and black, respectively, and groups 8–10 denoted by dashed-dotted
lines in blue, green, and red, respectively. Time 0 indicates the stimulus onset. The estimate of (b) peak value, (c) peak time, and (d) average of each group based
on the decoding accuracy mean curve for this group. Here, the RT mean for each group is calculated by averaging the RT of all trials within each group across all
sessions. Note that the RT mean was significantly negatively correlated with the peak value and average of the decoding accuracy, but was significantly positively
correlated with the peak time of the decoding accuracy.

of the smoothed decoding accuracy mean curve. We discov-
ered that the RT mean was significantly negatively correlated
with the peak value and average of the decoding accuracy curve
(p < 0.0001, multiple linear regression), but was significantly
positively correlated with the peak time (p < 0.05, multiple
linear regression) and latency at the threshold 0.52 (p < 0.01,
multiple linear regression). Here, a low threshold is used to en-
sure that the smoothed decoding accuracy curve for each group
of each session can reach this threshold. We also found that if
local regression was not utilized, the RT mean would not be
significantly correlated with the estimated peak time but would
still be significantly correlated with the other parameters, sim-
ilarly to the single-channel decoding findings. Therefore, local
regression is of great importance in the peak time estimation of
our data.

Taken together, our results obtained based on MUA data col-
lected at MT area for the ambiguous condition reveal the tempo-

ral accumulation of the discriminative information of neuronal
population activity in the SFM task, and demonstrate that there
is a significant correlation between the speed and accuracy: the
monkeys respond faster when the decoding accuracy is higher
and has shorter latency. These findings suggest that enhanced
neuronal discrimination power and shortened neuronal discrim-
ination latency may impact monkeys’ behaviors.

IV. DISCUSSIONS

In this paper, we focus on dynamically predicting the bistable
SFM perceptual report by spatiotemporal integration of intra-
cortical MUA. Different from previous studies that consider the
reaction time or RT for different motion or contrast conditions
in the random-dot motion direction discrimination task or visual
detection task, we concentrate on the ambiguous condition in
the SFM task by dividing the data into different groups based on
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Fig. 5. (a) Multichannel local-regression smoothed decoding accuracy mean curve obtained via averaging the decoding accuracy curves across 17 sessions as a
function of time for each of ten groups, with groups 1–7 denoted by solid lines in blue, green, red, cyan, magenta, yellow, and black, respectively, and groups 8–10
denoted by dashed-dotted lines in blue, green, and red, respectively. Time 0 indicates the stimulus onset. The estimate of the (b) peak value, (c) peak time, and (d)
average of each group based on the smoothed decoding accuracy mean curve for this group. (e) Latency as the time when the decoding accuracy threshold of 0.65
is reached for each group. (f) Multichannel decoding accuracy mean curve obtained via averaging the decoding accuracy curves across 17 sessions as a function
of time for each of ten groups. Note that the RT mean was significantly negatively correlated with the peak value and average of the decoding accuracy, but was
significantly positively correlated with the latency of the decoding accuracy.
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Fig. 6. (a) Peak value and (b) average of the multichannel decoding accuracy mean curve for each of ten RT groups, using a response-locked sliding window.
Note that the RT mean was significantly negatively correlated with the peak value and average of the decoding accuracy mean curve.

the RT and analyzing the data of each group. The use of bistable
stimuli is a major strength of our study since it allows dissocia-
tion between stimuli and perception, and thus provides a unique
opportunity for studying the neural correlate of perception. We
find not only the accumulation of the discriminative power with
time, but also its relationship with the monkeys’ behaviors: the
higher the decoding accuracy with shorter latency, the shorter
the RT.

To see how the discriminative information of neuronal pop-
ulation activity evolves and accumulates over time, we em-
ploy both generative and discriminative classifiers including
the QDA, LDA, and logistic regression methods to decode the
perceptual reports based on the temporally integrated neuronal
population activity. LDA and QDA are generative classifiers
that require learning the joint probability of the feature vectors
and the class labels, while the logistic regression belongs to the
discriminative classifiers that only need to estimate the condi-
tional probability of the class labels given the feature vectors.
Discriminative classifiers are often preferred to generative clas-
sifiers in terms of asymptotic error, which may explain why the
logistic regression performs better than LDA and QDA in our
data analysis.

Local regression is a nonparametric procedure in which the
regression is performed by fitting parametric functions locally
in the space of the predictors using weighted least squares in a
moving fashion. The advantages of this approach include sim-
plicity, ease of fast computation, and superior boundary behav-
ior. Local regression has gained widespread acceptance in statis-
tics as an appealing solution for fitting smooth curves to noisy
data. However, local regression is not as well known in biology
and medicine. In this paper, we apply local regression on the
single-channel and multichannel decoding accuracy curves to
improve the estimation of the peak time. We find that the well-
estimated peak time based on the local-regression smoothed
decoding accuracy curves is significantly positively correlated
with the RT, while the poorly estimated peak time based on

the original nonsmooth decoding accuracy curves is not signifi-
cantly correlated with the RT. Therefore, local regression plays
an important role in the analysis of our data. Because of its
advantages, it may have potential for a variety of biomedical
applications.

To accrue information across time, in the paper, we focus on
the causal integration, where at a certain time after stimulus on-
set, the past observations are weighted equally. It is also possible
to use the leaky integration, which can be defined in a recursive
way as x(t) = ρx(t − 1) + y(t), 0 < ρ < 1. Different from the
causal integration, the leaky integration assigns more weights to
recent observations and less weights to observations further in
the past. In fact, it can be readily shown that the weights in the
leaky integration are exponentially decreasing as the observa-
tions get older. On the other hand, the leaky integration becomes
close to the causal integration as ρ goes toward 1. Therefore,
it is expected that for a sufficiently large ρ, the performances
based on the leaky integration will be similar to those based on
the causal integration.

We consider two measures for the latency of the decoding
accuracy: one is the peak time of the decoding accuracy curve
and the other is the time when the decoding accuracy curve
first reaches a given threshold. We find that both measures are
significantly positively correlated with the RT. Different values
can be chosen for the threshold of the second measure and obtain
similar significant correlation between the RT and the latency
of the decoding accuracy, on the condition that the decoding
accuracy curve for each group can reach the threshold. For
example, we cannot use a threshold of 0.7 for Fig. 5(e) since it
is beyond the peak values of the decoding accuracy curves of
the slowest few groups.

To establish more conclusively that our results are not due to
the specific data analysis procedure, we have performed an addi-
tional analysis using a response-locked temporal integration. In
(1), we utilize a stimulus-locked temporal integration by assem-
bling information across time using temporal windows starting
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from the stimulus onset, after aligning all the trials based on
the stimulus onsets. For response-locked temporal integration,
information can be accumulated across time using temporal
windows ending at the RT, after aligning all the trials based on
the RTs. Assume that the RT is tr for a given trial. We can inte-
grate the information using a spanning window corresponding
to tr − T ≤ t̄ ≤ t, as t increases until t = tr . Here, T is chosen
to be smaller than the smallest RT tr among all trials to make
sure that tr − T is positive. For response-locked integration,
we can also accrue the information using a fixed-length sliding
window corresponding to t − Ts ≤ t̄ ≤ t, as t increases from
t = tr − T + Ts until t = tr . Here, Ts denotes the length of the
sliding window, and it is chosen to be smaller than T . Fig. 6(a)
and (b) shows the peak value and average, respectively, of the
multichannel decoding accuracy mean curve for each of ten
RT groups, using such a sliding window with Ts chosen to be
600 ms and T chosen to be 800 ms. We found that the RT mean
was still significantly negatively correlated with the peak value
and average of the decoding accuracy mean curve (p < 0.001,
Spearman rank correlation).

V. CONCLUSION

In this paper, we have analyzed the dynamic activity of MUA
for decoding the bistable SFM perception in an RT discrim-
ination task. Based on the integrated neuronal population re-
sponses across time, we have employed both generative classi-
fiers including the QDA and LDA methods and a discriminative
classifier namely the logistic regression approach to the multi-
channel intracortical MUA data, collected from the MT visual
area of macaque monkeys, to dynamically decode the percep-
tual reports on a single-trial basis. Experimental examples have
demonstrated the effectiveness of these approaches for predict-
ing the perceptual states by integrating spatiotemporal neuronal
activity. In addition, we have found that the logistic regression
outperforms both QDA and LDA in terms of decoding accuracy
for both single-channel and multichannel decoding of bistable
percepts. Different from previous studies that consider RT for
different motion or contrast conditions in other tasks, we have
concentrated solely on the ambiguous condition in the SFM task
since it allows dissociation between stimuli and perception and
offers a unique opportunity for studying the neural correlate of
perception. Our results indicate that the amplitude and latency
of the decoding accuracy are highly correlated with the RT: the
monkeys respond faster when the decoding accuracy is higher
and has shorter latency. These findings suggest that enhanced
neuronal discrimination ability and shortened neuronal discrim-
ination latency may impact monkeys’ behaviors.
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