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Abstract— In stimulus onset asynchrony (SOA) experiments
[11] with the Stroop task [25], the subject’s response time of
naming the colors is shorter when the subject knew that the
color blocks were to be presented either earlier or later than the
color-incompatible words, compared to the case when the blocks
and words were presented simultaneously. This phenomenon
suggests that the brain may estimate the onset time of the
various stimuli and pay more attention to the time period in
which the stimulus can be more relevant to the final response.
In this paper, we interpret the SOA experiments with the
Stroop task from a temporal attentional control perspective, and
propose a computational model ofselective attention in timeto
explain the SOA effect. The model extends the existing selection-
through-accumulation model by Cohen and Huston [6] by adding
temporal input-modulation mechanisms. Our results suggest that
the concepts of attention over time (“selection of When”) may
need a fresh look, in addition to the selection of What, Where,
and Which [13].

Index Terms— Selective Attention in Time, Stimulus Onset
Asynchrony, Stroop Effect

I. I NTRODUCTION

Selective attention refers to the competition between target
resources (or relevant stimuli) and distracting resources (or
irrelevant stimuli). As a result, the attended stimulus creates
more reliable cortical activity than the unattended ones [26].
LaBerge and Samuels [16] [17] explained selective attention as
an enhancement of target site (the corresponding principal cells
of a thalamic nucleus). Some other theories pointed out that
selective attention is object-based [1] [8] [10] [26] or space-
based [22] [24] [26] [12]. These theories treated selective
attention as a selection of What, Where, and Which [13]. Yet,
selection in time has not been thoroughly investigated. In this
paper, we will focus on attentional control in the temporal
domain: the selection of “When”.

A. Attentional Selection in the Temporal Domain

Attentional selection has been studied in visual search tasks
(e.g. [5] [15]). In these tasks, target and distractor objects are
presented simultaneously (Fig. 1a). Since the stimulus onset
times are the same, there is no preference for particular time
period: no modulation is needed to magnify or reduce the
signal during a particular time frame. However, if the target
and the distractor are presented at different time, modulation
of the input signal may be needed if a certain time period is
to be given preference. As shown in Fig. 1b, c, and d, when

a relevant stimulus and an irrelevant stimulus are presented
asynchronously, the desired modulation is to enhance the
signal during the relevant time frame, and reduce the signal
during the irrelevant time frame. Here, we are particularly
interested in the attentional control mechanisms that show
modulation of input signals over time. Such an attentional
control in the temporal domain can be seen asthe selection of
“When” , which is different from space-based or object-based
attention. The time-based modulation profile can be applied to
all the stimuli, showing no preference over objects or locations.
Time-based selection can provide an alternative explanation to
the SOA effect in the Stroop task.
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Fig. 1. A schematic drawing of attentional control.The target and distractor
are defined by the task (e.g. in color-naming Stroop task, the target is a color
block and the distractor a word). Distractor can be congruent with the target
(as in (d): we mark the congruent stimuli pair in gray), or incongruent with
the target (as in (a)-(c): the target and distractor stimuli pair are colored in
gray and white). If the stimulus can provide sufficient information (that does
not necessarily have to be a target: e.g., a congruent distractor) to invoke
a response, the stimulus is defined as relevant, and otherwise irrelevant. (a)
Simultaneous onset of target and distractor: input-modulation over time is not
needed. (b) Relevant-first: The target (relevant) stimulus starts first, and the
distractor (irrelevant) later. The desired modulation is to enhance the input in
the early-stage and reduce the later-stage. (c) Irrelevant-first: The distractor
(irrelevant) stimulus starts first, and the target (relevant) follows. The desired
modulation is to reduce the input in the early-stage and enhance that in the
later-stage. (d) Relevant-first (congruent): The distractor stimulus begins first,
but unlike in case (c), the distractor can be a relevant stimulus. The desired
modulation is to enhance the input in the early-stage as in (b).



B. SOA in the Stroop Task

Stroop task [25] tests how humans respond to a compound
stimulus where the color information conveyed by the printed
words is incompatible with the ink color (i.e.,incongruent
case: for a comprehensive review, see [18]). In the color
naming task, stimulus feature from one dimension (color) is
a target, while that from another dimension (word) becomes
a distractor. The control-condition cards were the same as
the experimental cards except that the text was replaced with
colored blocks. The results showed that there was a significant
(almost twice) difference in response time per item in the
experimental case than in the control case [25].

Experiments on Stimulus Onset Asynchrony (SOA) investi-
gated the time course of the Stoop effect [9] [11]. For example,
Glaser and Glaser [11] presented words and colors with a
set of target-first and distractor-first SOAs (Fig. 1b and c).
In their configuration, the words were presented in white on
a dark background, and the color in a colored block on the
same background. The onset time of the word were 400, 300,
200, 100 or 0 ms before the time of color block presentation
(distractor-first); or 0, 100, 200, 300, or 400 ms after the color
block onset time (target-first).

The results by Glaser and Glaser [11] indicated that the
Stroop phenomenon was not caused by the relative speed of
processing of word or color. Interestingly, as shown in Fig.
2a, the response time is shorter for the distractor-first task (in-
congruent case). However, neither models based on selection-
through-accumulation [7] [6] [2] (Fig. 2b) nor selection-
through-attraction [21] can explain the phenomenon (see [23]
for a summary). What could be the mechanism underlying
such a time-course property in the SOA effect?

Roelofs [23] proposed the theory of selection-through-
verification, which used a system named WEAVER++ to
predict the SOA data. Although WEAVER++ yielded better
results than all previous models, this model was not a purely
connectionist model (i.e., semi-rule-based). More importantly,
it omitted the possibility of attentional control over time.

It is possible that attentional control over time can be
learned: If the subject has experienced target (or the rele-
vant cue) onset time that is always (or with a certain high
probability) in a certain time offset from another stimulus
onset, a neural process may adaptively adjust attention to
enhance the relevant input or reduce the irrelevant input. From
an attentional control perspective, we explore here, through
attentional selection of “when”, an alternative way to explain
the SOA effect in the Stroop task.

The remainder of this paper is organized as follows. The
next section (Section II) introduces our model. Section III
describes the experiments and results, followed by discussions
in section IV. We conclude with section V.

II. M ODEL

A. Model Architecture

The proposed model contains three modules as shown in Fig.
3. Module I is the attentional control module, which involves
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(b) Model [7] [6]

Fig. 2. Human data and model result of SOA experiment. In both
(a) and (b), the results are for the color-naming task in the Stroop effect.
The x-axis is the stimulus onset time. The negative time is for distractor-first
case, and the positive time for the target-first case. They-axis is the response
time of human compared with the control case. Throughout this paper, the
response time in the control case is used as a reference (solid line aty = 0).
Therefore, positive response time means slower than the control, and negative
means faster than the control. The solid lines are the response times of the
incongruent case, while the dashed lines are those of the congruent case. (a)
Human data by Glaser and Glaser [11]. Note that for the incongruent case,
the peak of the curve is around time 0 and when the lag between distractor
and target increases, the response time is reduced. (Redrawn from [11].) (b)
Results from Cohen’s model [7] [6]. Note that the incongruent cases are not
correctly predicted compared to human data. (Adapted from [23].)

two parts. The first part functions as a temporal learner and it
generates inhibition profiles to modulate the input over time
through the attentional gateway (Module III). The second part
plays the role of a conflict monitor, monitoring the conflict in
the responses that arose in the processing modules. Module I
outputs to Module III control the signal magnitude.

The second module employs the stimulus competition
model, GRAIN, by Cohen and Huston [6]. There are two layers
of neurons that are bidirectionally and recurrently connected as
shown in Fig. 4. The processing network follows the GRAIN
model’s configuration as shown below:

αj(t) =
∑

i

ai(t)wij + ej , (1)

where t is time, αj the post-synaptic potential of thej-th
neuron,wij the synaptic weight as shown in the Fig. 4 (note
that all the synapses are bi-directional, andwij = wji), andej

the input from lower-level sensors. The pre-synaptic activity
of neuroni is defined as:

ai(t) = σ(βi + θi), (2)

whereσ is a sigmoid function (e.g.tanh in our experiments),
θ the threshold (number inside the circles in Fig. 4, and 0
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Fig. 3. An overview of the model. There are three modules: Module I -
Attentional Control Module, Module II - The Stimulus Competition Module,
and Module III - Attentional Gateway. The circles represent neurons (black
circle: inhibitory neuron, gray circle: neuron with both excitatory and in-
hibitory synapses, white circle: excitatory neuron), and the squares delay units.
Filled arrows represent excitatory, and unfilled arrows inhibitory synapses. The
thick lines with arrows are interconnections between the modules, representing
multiple parallel connections. See text for details.

otherwise),βi a running average of post-synaptic potential over
time with an averaging rateτ :

βi = ταi + (1− τ)βi. (3)

The constantτ was 0.01 in all the experiments. The two
response neurons marked “RESPONSE” send their outputs to
the conflict monitor [3]. When the difference in the two outputs
accumulates to reach a threshold (= 1 in our experiments), an
output of the perceived color is announced and that time point
is recorded as the response time (GRAIN model, [6]).
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Fig. 4. Module II: The Stimulus Competition Model. Two layers of neurons
that are bidirectionally and recurrently connected are shown. The circles
represent neurons. Filled arrows represent excitatory synapses, and unfilled
arrows inhibitory synapses. Numbers in the circles represent the threshold of
that neuron. (Redrawn from [6].)

The third module is an attentional gateway. It forwards the
input from lower level visual pathway to module I and II.
It reads the attentional control feedback from module I and
regulates the input magnitude through an inhibitory neuron.
The details of temporal control will be introduced in section
2B.

This model architecture follows the “triangle circuit” theory
proposed by LaBerge [13] [14]. The triangle circuit includes

three aspects of attention: expression, enhancement mecha-
nism, and control. The “expression aspect”, as indicated by
LaBerge, corresponds to the clusters of neurons in the posterior
and anterior cortex that serve cognitive functions. They map
to the processing module (Module II) in our model. The
“enhancement mechanism” maps to the thalamic nuclei as the
attentional gateway in our model (Module III). The “control”
maps to the attentional control module (Module I).

B. Temporal Control Profile
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Fig. 5. Module I, part 1: A solution for temporal learning. There are
three layers in this module: the first layer is a delay unit layer, which transfers
the temporal sequence into spatial representations into the second layer. The
second layer contains mutually inhibitory neurons. In the figure, only the
connectivity for the neuron marked with a star is shown. The other neurons in
this layer are similarly connected. The third layer is another delay unit layer,
which replays the output from layer two into a temporal sequence. See text
for more details.

The temporal input-modulation profile can be learned by
a neural network as shown in Fig. 5. The circuit updates
the connection weights for every instance of SOA stimulus.
Therefore, the circuit becomes more accurate over time in
predicting the onset time of a target stimulus. For example,
let the stimulus (relevant or irrelevant) occur at timets and
vanish at timete. (Note that the “relevant stimulus” does not
necessarily mean the “target”, because in the congruent case,
the “distractor” can also be relevant to the final response, and
the brain may use this relevant information as a cue to predict.)
The input neuron in Fig. 5 forwards the signal 1 for relevant
stimulus or−1 for irrelevant stimulus during time periodt0
andte, and 0 at other times to the delay unit layer. The delay
units in this layer then converts the temporal sequence into
spatially distributed signals{s0, s1, ..., sn−1} and update the
weights (ωi, wherei is the index of neuron) of the synapses
between the feedforward delay unit layer and the recurrent
inhibitory layer. For relevant stimulus, there will be an increase
in the synaptic weight by a factor ofγ (similarly for irrelevant
stimulus, a decrease) in the synaptic weight. If there is no
input, the weight remains the same. Therefore, the synaptic
weights can be updated based on the input to the neuron in
the recurrent inhibitory layeri(t) as follows:

ωi(t + 1) = ωi(t) + γi(t)wi(t). (4)



The synaptic weightWij from unit j to i in the middle layer
employs a difference of Gaussians (DoG) neuronal interaction
profile, which can be defined as follows:

Wij = Gσc
(| i− j |)−Gσs

(| i− j |), (5)

where σc and σs are standard deviation for the center and
surround Gaussians, and the functionG is a Gaussian function
with mean at zero and standard deviation ofσ:

Gσ(x) =
1√
2πσ

e−
x2

2σ2 (6)

The Gaussian kernel in the inhibitory layer can smooth
and increase the contrast. If we treat the input sequence
{s0, s1, ..., sn−1} as a vectors, the outputr of the middle
layer can be obtained by the equation below (Yu, Yamauchi,
and Choe [27]):

r = (I−W)−1s (7)

whereI is an identity matrix, andW the weight matrix defined
in 5.

The third layer converts the spatial sequencer back into
temporal control sequenceη(t) at the output neuron through a
series of delay units. The output neuron excites the inhibitory
neuron in Module III. This way, the input signal gets modu-
lated according to the temporal input-modulation profile.

In our experiments, for practical reasons, the shape of the
temporal control sequenceη(t) at the output neuron (for both
relevant-first and irrelevant-first cases) were approximated by
the following exact equation:

η(t) = η0 + ke−t/τ cos(ωt), (8)

where η0, k, τ , and ω are free parameters to control the
shape of the profile. The parameterη0 defines the baseline
of the inhibitory profile,k the relevancy (+1: distractor-first;
−1: target-first), andτ andω the decay temporal factors. The
inhibitory modulation rateη(t) is plotted in Fig. 6.

0 200 400 600 800 1000 1200 1400
0.975

0.98

0.985

0.99

Time

In
hi

bi
tio

n 
R

at
e

0 200 400 600 800 1000 1200 1400
0.99

0.995

1

1.005

Time

In
hi

bi
tio

n 
R

at
e

(a) Relevant-first task (b) Irrelevant-first task

Fig. 6. Temporal control profiles. (a) Relevant-first case (k = 0.01, τ =
200, ω = π/300, η0 = 1 − 2k). (b) Irrelevant-first case (k = −0.03,
τ = 200, ω = π/300, η0 = 1).

In the brain, the learning site of the temporal attention
control can be in the hippocampus, the basal ganglia, and the
prefrontal cortex [20]. In the next section, we will show that
the response time can be significantly changed by different
temporal input-modulation profiles.

III. E XPERIMENTS AND RESULTS

A. Experiment 1: Using Irrelevant Control Profile for Distrac-
tor

In the first experiment in [11], Glaser and Glaser used a
set of 48 SOA cases (with1/3 congruent cases) which were
randomly ordered. Due to the low rate of congruent cases, the
distractor was more likely to be irrelevant to the response. For
the simulation of this experiment, we employed the temporal
input-modulation profile shown in Fig. 6a (relevant-first) for
the target-first task, and that in figure 6b (irrelevant-first) for
the distractor-first task. The model predictions and human
data in color naming task are compared in Fig. 7. Similar
to the human data, the response time of the incongruent case
predicted by the model has a peak at around 0 ms SOA, and
decreases in both positive and negative directions. In contrast,
the model results by Cohen, Dunbar, and McClelland [7] [6]
(Fig. 2b) only decreased monotonically toward positive SOA,
and it achieves maximum response time at the negative end of
SOA (at -400ms). In the congruent case, our model correctly
predicted that the response time is below the control baseline
(y = 0). The approximate response time of the model (solid
curve below the control baseline) matches well with the human
data (the dashed curve below the control baseline).

These results indicate that, through temporal attentional
control, the response time is reduced when the stimuli have
a longer lag between their onset time. Therefore, when two
stimuli occur more separately over time (for both positive SOA
and negative SOA), neural processes can discriminate the two
by reducing the input magnitude during the presentation of the
distractors.

B. Experiment 2: Using Relevant Control Profile for Distrac-
tor

In the previous experiment, we used irrelevant-first input-
modulation profile for distractor-first SOA cases, and thus the
distractor is treated as irrelevant to the response. Now we
are interested in knowing how the choice of irrelevant-first
or relevant-first profiles can affect the response time. In this
experiment, we will apply relevent-first modulation profile for
the distractor-first SOA cases.

As shown by the results of the model, the response time
of the incongruent case (the solid curve above liney = 0
in Fig. 8b) takes longer than the result in experiment 1 (the
dashed curve above liney = 0). The response time of the
congruent case (the solid curve below liney = 0 in Fig. 8b) is
shorter than the result in experiment 1 (the dashed curve below
line y = 0). One comparable human experiment of “relevant
distractor” in SOA was done by Glaser and Glaser [11]. They
did an experiment with a80% probability of congruent cases.
Since there was high probability of congruent cases, in the
distractor-first case, the distractor may not be a real “distractor”
but more likely a cue for the “target”. In Fig. 8, the changes
in response time in those two experiments are marked by
the arrows in both the human and the model data in Fig. 8a
and b. The human data showed that the subjects appeared to
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(b) Model

Fig. 7. Human data and model result of SOA experiment. In both
(a) and (b), the results are for the color-naming task in the Stroop effect.
The solid lines are incongruent case, and the dashed lines congruent case. (a)
Human data by Glaser and Glaser [11]. Note that for the incongruent case, the
peak of the curve is around time 0 and when the lag between distractor and
target increases, the response time is reduced. (Adapted from [23].) (b) Model
prediction. This result indicates that through temporal attentional control, the
response time is reduced when the stimuli have a longer lag between their
onset time points. The model response time is scaled by 0.3.

have reduced response time for all the incongruent cases when
compared to the results in the first experiment.

However, compared to the human data, a discrepancy arises
at SOA time 0 in the model results (as marked “A” and
“B” in the figure): the solid curve (data from experiment 2,
high probability of congruent case) converges with the dashed
curve (data from experiment 1, low probability of congruent
case). This is because our model is not designed to handle
probability of congruent case at current stage. What the model
demonstrated is how the relevancy profile of the distractor can
affect the response time. Approximately, the higher probability
of congruent cases in distractor-first task, the temporal input-
modulation profile has a peak at an earlier position over time.
Moreover, when the time lag decreases to zero, the temporal
input-modulation profile does not make any difference to both
of the stimuli, and therefore in such a case the whole system
degrades to module II (Fig. 4) which has no ability to handle
the change of the probability of the congruent cases. To address
the learning mechanism of non-temporal factors, which is
purely contributed by the distributions of the training cases,
more research may be needed. For our current model, it can
demonstrate that the shift of attention input-modulation profile
in time domain can affect the level of conflict between different
stimuli, and when the brain pay more attention to the time
period of the relevant stimulus onset, the overall response
time is reduced. As a side effect, the response time in the
incongruent case becomes longer due to the incorrect selection
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Fig. 8. Result of Experiment 2. (a) Human Data. (Redrawn from [11])
(b) Model Data. Similar to human data, the incongruent case’s response time
is increased than in the first experiment, while for the congruent case it is
reduced. The model response time is scaled by 0.3. In both (a) and (b), the
solid lines are results of experiment 2 with high probability of congruent cases.
The dashed lines are from experiment 1 with low probability of congruent
cases. The curves above liney = 0 are for incongruent cases, while those
below liney = 0 congruent cases.

of time during which the stimulus is irrelevant.

IV. D ISCUSSION

Time-based selective attention is different from space-based
or object-based attention control mechanisms. Time-based
attentional control adjusts the input magnitude according to
the temporal relevancy of the stimulus, e.g. the occurrence
of the congruent stimulus, to the overall response to color in
the Stroop task. The temporal input-modulation profile can be
given a priori from a higher level cognitive module, or obtained
through reinforcement learning. The high peak in the temporal
input-modulation profile means the “expected” moments and
the input should be enhanced in such a case; the low valley
can be interpreted as “noisy” moments and the input should be
inhibited. Through sampling the stimulus and monitoring the
internal response, the “expected” and the “noisy” time frames
can be adaptively learned. Therefore the brain can use less
computational resources for faster and more accurate responses
for repeated tasks.

The time-based selection is neither an early-selection (e.g.,
filter theory by Broadbent [4]) nor a late-selection (e.g., [19]).
The brain not only controls the inputs at an early-stage as in
module III, but also evaluates and learns at a late-stage as in
module I. The evaluation of response relevancy must consider
the relationship between high-level motor responses and the
low-level sensory input. In this respect, our understanding of
selective attention is similar to the “enhancement of a target
site” theory by LaBerge and Samuels [16], where ours is



“enhancement of stimulus in a relevant time frame”.
One limitation of our current model is that it does not

evaluate whether a stimulus is relevant or irrelevant. At current
stage, the relevancy of the input to the response was given (1
for relevant,−1 for irrelevant input). However, this functional
block of relevancy evaluation can be extended by checking if
a stimulus is sufficient to invoke a correct response, and if
so, it can be labeled as a relevant stimulus. For example, in
congruent case of color-naming task, a first appearing word
“red” that is followed by a red block is sufficient to invoke a
verbal response “red”, therefore, it is a relevant stimulus and
the association can be learned.

The idea of selective attention over time can be verified
through functional magnetic resonance imaging (fMRI) exper-
iments (similar to the experiments for space-based attention
[5] or object-based attention [26]). For example, we can
design experiments to show subjects a sequence of words on
a computer screen, and at some random time point play a
bell sound. The subjects are to remember the words only at
the point when the bell is heard. If the onset time of sound
has a narrow distribution over time, it is expected that the
brain activities of the thalamus and certain brain areas (e.g.
prefrontal cortex or basal ganglia) will increase in a short
period preceding the sound onset time. If so, it demonstrates
that through learning, the brain has come to “expect” or
“prefer” a certain time frame, i.e. selective attention of “when”.

V. CONCLUSION

Time-based attentional control mechanism provides an alter-
native explanation to the SOA effects in the Stroop task. The
attention mechanism in the brain involves the thalamocortical
circuit and other brains areas (e.g. prefrontal cortex, hippocam-
pus, or basal ganglia) that carry out learning and higher level
cognitive functions (e.g. defining the task and comparing the
relevancy of input stimulus). The control can be realized by
an internally learned temporal input-modulation profile, and
inhibitions to the low-level sensory inputs. Although the idea
of selective attention over time and the model suggested in
this paper await both more theoretical and empirical confirma-
tions, for the first time it expanded the concept of selective
attention into the temporal domain: the selection of “When”.
Time-based attentional control can enhance the overall system
performance.
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