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Abstract: It is usually taken as given that consciousness involves superior or more elaborate forms of
information processing. Contemporary models equate consciousness with global processing, system
complexity, or depth or stability of computation. This is in stark contrast with the powerful philosophical
intuition that being conscious is more than just having the ability to compute. I argue that it is also
incompatible with current empirical findings. I present a model that is free from the strong assumption that
consciousness predicts superior performance. The model is based on Bayesian decision theory, of which
signal detection theory is a special case. It reflects the fact that the capacity for perceptual decisions is
fundamentally limited by the presence and amount of noise in the system. To optimize performance, one
therefore needs to set decision criteria that are based on the behaviour, i.e. the probability distributions, of
the internal signals. One important realization is that the knowledge of how our internal signals behave
statistically has to be learned over time. Essentially, we are doing statistics on our own brain. This ‘higher-
order’ learning, however, may err, and this impairs our ability to set and maintain optimal criteria for
perceptual decisions, which I argue is central to perception consciousness. I outline three possibilities of
how conscious perception might be affected by failures of ‘higher-order’ representation. These all imply
that one can have a dissociation between consciousness and performance. This model readily explains
blindsight and hallucinations in formal terms, and is beginning to receive direct empirical support. I end by
discussing some philosophical implications of the model.
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Introduction brain seems to perform more than just the
mechanical transformation of sensory inputs into
This article describes a theoretical framework for motor outputs. Often, the person is also said to be
characterizing perceptual consciousness. People subjectively and consciously aware of the objects
receive information from the outside world of perception. I call this phenomenon ‘perceptual
through their sense organs, and produce actions consciousness’, or sometimes ‘consciousness’ for
in reaction to the external stimuli. However, the short. Here I describe a model that formally
characterizes the conditions under which this
- occurs.
*Corresponding author. Tel.: +44 (0)1865 271 444; Many theories have already been proposed on
Fax: +44 (0)1865 310447; E-mail: hakwan@gmail.com this topic, but the framework described here differs
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from them in an important aspect, which is that |
do not treat consciousness as the same thing as
superior information processing. In other words, I
consider that, when the subject is consciously
aware of the stimuli, the basic effectiveness of
information processing is not necessarily higher.
This may differ from common interpretations
of most contemporary models of consciousness,
which equate consciousness with global processing
(Baars, 1988; Dehaene et al., 2003), system
complexity (Tononi, 2004), or depth or stability
of computation, etc. (Cleeremans, 2005). Commit-
ment to these models often leads to the prediction
that consciousness, as compared to the lack of it,
will lead to some absolute advantage in terms of
information processing. Specifically, within the
context of perception, the prediction would be that
when one consciously perceives something, rather
than sensing it unconsciously, one is always better
at identifying it or discriminating it from some-
thing else. Intuitively, this may seem plausible
enough. In fact, this is often a tacit assumption in
experimental studies of perceptual consciousness,
even in studies that are conducted by scientists
who are not committed to any specific model.
This is reflected by the fact that many researchers
(Rees et al., 2002) take forced-choice identification
or discrimination performance as an index of
consciousness: if the performance is high (hits, or
high average accuracy), we consider the stimuli
consciously perceived, and if the performance is
low (misses, or near-chance average accuracy), we
consider the stimuli not consciously perceived.
However, despite its ubiquity, the assumption
that conscious perception is associated with high
performance is unsupported by current empirical
data (Lau, in press). In the author’s opinion, the
general question of whether consciousness plays
any special function is still open to empirical
investigation. Many have assumed that conscious-
ness might be necessary in executive control or in
the generation of spontaneous voluntary action,
but recent studies revealed several surprising
contradictions to these assumptions (Wegner and
Wheatley, 1999; Wegner, 2003; Wegner et al.,
2003; Dijksterhuis et al., 2006; Lau et al., 2006,
2007). Whereas none of these show that conscious-
ness has no special function at all, at least they

remind us that we should be cautious in accepting
theoretical speculations. Consciousness may be
functionally less powerful than being assumed
previously.

Specifically, within the context of visual percep-
tion, we have good reason to think that conscious-
ness is not necessary for good performance in
forced-choice detection or discrimination tasks
(Lau, in press). This is due to the well-documented
phenomenon of blindsight (Weiskrantz, 1986,
1999). After lesions to the primary visual area,
blindsight patients report a lack of visual con-
sciousness in the affected region of their visual
field. However, when forced to make a decision as
to whether something was presented in the region,
or to discriminate between two stimuli such as
gratings with different orientations, the patients
performed well above chance, even though they
said they were merely guessing. In some circum-
stances, they could even guess correctly ~80-90%
of the time. This challenges the view that
consciousness is the same as high basic effective-
ness of information processing.

The foregoing considerations motivate the for-
mulation of a new model that can allow for the
dissociation between perceptual consciousness and
the basic effectiveness of information processing.
We will first discuss a standard method to
characterize the basic effectiveness of information
processing, which is signal detection theory, and
then we consider how we can further extend it so
that it could also characterize consciousness.

Signal detection theory

In studies of perception, the subject’s performance
is often characterized by using signal detection
theory (Green and Swet, 1966; Macmillan and
Creelman, 1991). Let us take the example in which
the subject is presented with a visual stimulus in
half of the trials, and a blank screen in the other
half. The subject is required to say whether the
stimulus is present or absent in each trial.
According to the theory of signal detection, the
subject’s behaviour could be characterized by
the detection sensitivity (d') of the subject and the
criterion for detection (¢). The former is a measure



of perceptual capacity and the latter reflects the
decision strategy used. If we assume that there is
an internal decision signal (e.g. firing rate in the
visual cortex) with which the subject determines
whether a stimulus is presented or not, one could
construct the probability distribution function for
the decision signal given that the stimulus is
present, and for the decision signal given that the
stimulus is absent (Fig. 1). The fact that the signal
strengths for both conditions are reflected by
probability distributions means that there is
variability or fluctuation in the signal. One usually
assumes that these distributions are Gaussians and
of equal variance, and the mean for the “stimulus
present” distribution is higher than the mean for
the “‘stimulus absent” distribution.

On each trial/presentation, the subject has an
internal signal of a particular strength, and has to
decide based on this whether the stimulus is
present. According to the theory, the subject sets
a criterion (¢) and responds ‘“‘yes” (“there is a
stimulus™) if the internal signal exceeds ¢, or
responds “‘no”” if the internal signal is lower than c.
When ¢ is low, we can say that the observer is
adopting a liberal strategy (saying ‘‘yes” fre-
quently). When ¢ is high, we can say that the
observer is adopting a conservative strategy

— - target absent
— target present
---- critetion

Probability density

internal signal for decision

Fig. 1. Standard model of signal detection. Assuming that the
target is present in 50% of trials, to perform optimal detection
(i.e. to minimize errors), one would set the criterion at a point
that best separates the two Gaussian distributions, that is right
between their means.
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(saying “no” frequently). So long as the two
distributions overlap, the subject makes errors,
because at the signal strength where the distribu-
tions overlap, sometimes the signal is present and
sometimes it is not. The subject can only make an
informed guess, but in the long run there will still
be errors. These errors could take the form of false
positives or false negatives, which means the
subjects either say “‘yes” when the signal is actually
absent, or say ‘“no” when the signal is actually
present. The degree of overlap of the distributions
characterizes the perceptual sensitivity, and is
measured by d, which is the distance between
the two distributions in terms of their variance.
The smaller the degree of overlap, the higher the
sensitivity.

Note that this model also applies to the
discrimination between two stimuli, because we
can think of the blank as a stimulus that differs
from the target visual stimulus. So instead of
distinguishing between the stimulus and blank, the
subject distinguishes between stimulus A and
stimulus B. Formally it is the same.

Criterion setting and maintenance reflect
consciousness

Many studies take d' as a measure of perceptual
consciousness. If &' =0 the experimenter claims
that the subject does not consciously perceive the
stimulus. Other studies compare ‘hits’ and ‘misses’.
‘Hits’ are just trials where the target is present, and
the internal signal strength is higher than the
criteria and therefore the subject responds “yes”.
Misses are trials where the target is present, but the
signal strength is lower than the criteria, and thus
the subject responds “no”. Therefore, comparing
‘hits’ against ‘misses’ is essentially comparing trials
with high internal signal strength and trials with
low internal signal strength. In terms of task
performance or accuracy, ‘hits’ are by definition
100% correct, ‘misses’ are 0% correct.

I argue that neither 4 nor internal signal
strength is a good measure of consciousness.

It is useful to remind ourselves that signal
detection theory was developed partly in order to
characterize the behaviour of simple electronics.
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A functional photodiode has a d >0, but it is hard
to argue that it is conscious of light. Similarly,
blindsight patients show high 4 in detecting
stimulus in regions of the impaired visual field,
and yet, they do not report perceptual conscious-
ness. Sensitivity measure ' characterizes the basic
effectiveness of information processing, which we
have argued is not necessarily the same as
consciousness.

Similarly, the wvariability of internal signal
strength is a basic feature of any noisy detection
system. The fact that SDT is useful in characteriz-
ing performance means that the internal signal
fluctuates, which is why we need to represent the
signal strength in terms of probability distribu-
tions. The fact that the internal signal fluctuates
means that there will naturally be ‘hits’ and
‘misses’, if the appropriate criterion is being set.
Comparing trials with high internal signal strength
against trials with low internal signal strength is
just comparing different degrees of effectiveness of
information processing (100% performance vs.
0% performance). Similar to ', this captures the
objective aspect of perceptual processes, but do
not reflect the subjective nature of consciousness
(Lau, in press).

I argue that the criterion for perceptual deci-
sions is more relevant to study of consciousness,
because of studies of both blindsight and normal
observers.

One account of why blindsight patients deny
conscious perception of the stimuli is that they
adopt an extreme criterion (c¢) for detection. In
other words, despite their high ', they use a very
conservative strategy, and respond “no” all the
time in a detection situation (Campion and Latto,
1985). This explains their apparent lack of aware-
ness and is also compatible with SDT, because ¢
and d are independent, in the sense that subjects
can set whatever criterion they see fit, regardless of
their d'. Alternatively, Azzopardi and Cowey
(1997, 1998) have reported that blindsight patients
fail to maintain a stable criterion in a detection
situation (i.e. a Yes—No task), but has no such
problem when they perform ‘2-alternative forced-
choice’ tasks, which involve distinguishing the
spatial or temporal arrangement of two stimuli.
This means that when they perform in a detection

task, the criterion they use for decision changes
across trials. This leads to an inflation of the
measured sensitivity for the detection, but not for
the ‘2-alternative forced-choice’ task. The authors
argue that this is why the behaviour of blindsight
patients is so unusual. Taken together these
suggest that failing to set and maintain the
criterion properly might be an important factor
that contributes to blindsight.

Another reason why we consider decision
criteria to be important for consciousness is to
due to the results of a recent study (Lau and
Passingham, 2006). In that study, I have shown
that given the same ', discrimination accuracy,
reaction time, and similar stimuli, the same normal
subjects can report different levels of perceptual
consciousness in two different conditions. After a
forced-choice response to discriminate between a
square or a diamond, the subjects were asked to
also say whether they actually saw the target or
they had just guessed. This procedure is based on
the “commentary key” paradigm used to test
blindsight patients (Weiskrantz, 1999). One can
consider the additional Seen/Guessed judgements
within the framework of SDT, in that they require
the adoption of additional criteria. In other words,
instead of setting one criterion to classify the signal
strength as high or low, and thus respond ““yes it is
a square’” and ‘“‘no it is not a square” respectively,
one could set three criteria to classify the signal
into four ranges, and respond ““yes I see it is a
square”, “yes I guess it is a square”’, “no I guess it
is not a square”, and “no I see that it is not a
square”. Considered this way, the change of
proportions of trials reported as ‘Seen’ rather than
‘Guessed’ reflects a change in the criteria between
seeing and guessing, which could occur even if d' is
kept constant across the different conditions.

These considerations suggest that setting and
maintaining the criteria appropriately might be an
important aspect to perceptual consciousness. Or
at the very least, to the extent to which conscious-
ness could be characterized by SDT, the setting
and maintenance of criteria seem more relevant
than d and signal strength. However, an account is
still needed as to why in some cases subjects set the
criterion in an unusual way, and how that affects
consciousness.



Optimal criterion setting and its failure

Bayesian decision theory (Kersten et al., 2004)
offers a general perspective to the optimal setting
of a criterion setting, and may therefore help us to
understand its failure. The probability distribu-
tions in Fig. 1 represent the probability that the
internal signal would be of a certain strength,
given that the target stimulus is present or not.
When making an optimal decision, one would like
to know the opposite, i.e. the probability that the
target stimulus is present, given a certain internal
signal strength. This could be easily worked out by
using Bayes theorem, which mathematically relates
any pair of reverse conditional probabilities
P(A|B) (probability that A given B) and P(B|A)
(probability that B given A) by taking into account
the prior probabilities P(A) and P(B). The
important prior information here is how fre-
quently the stimulus in presented in general. Quite
often, in psychophysical experiments we present
the stimulus on 50% of the trials, and tell the
subjects so. In this case, the prior information does
not bias the optimal criterion; one could determine
the criterion by looking at Fig. | alone, if the
objective is just to maximize accuracy.

After working out the probability that the
stimulus is present, given different internal signal
strengths, we just set a criterion such that a signal
beyond that strength implies that it is likely that
the stimulus is present (P>0.5), and a signal below
that strength implies it is likely to be absent. We
should note that Bayesian decision theory allows a
more generalized view to optimality, in that it
could also take into account the payoffs and
punishments for different types of correct
responses and errors, so that one maximizes the
expected payoffs instead of accuracy. Here, for
simplicity we assume that the objective is just to
maximize accuracy, which is equivalent to stipu-
lating that any correct response is worth the same
as the avoidance of any incorrect response.

Under these assumptions, i.e. unbiased prior
and maximizing accuracy, one would set the
criterion for decision at a level that best divides
the two probability distributions as shown in
Fig. 1, right between the two distributions. This is
the optimal criterion, in the sense that it produces a
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minimum amount of errors. Why do blindsight
patients not fix the criterion stably at this optimal
point? In the case of the study where d was
matched in two conditions, why would the same
subjects set the additional Seen/Guessed criteria
differently in two conditions, given that the same d'
in the conditions implies similar probability dis-
tributions for the stimuli (assuming that they are
both Gaussians and of equal variance)?

The solution I offer is as follows: given that the
optimal criteria are determined by the probability
distributions for the stimuli, one’s knowledge of
these distributions is important. However, the
distributions describe the probabilistic behaviour
of the internal signal, which has to be learned over
time. The learning of one’s own internal signal
produces representations concerning the internal
signal, which itself is a representation of the
external stimuli. In this sense, we are creating
representations of representations, and thus they
are described as ‘“‘higher-order” representations
(Rosenthal, 2000, 2002). I propose that perceptual
consciousness depends on our Bayesians decisions,
i.e. criterion setting, based on these higher order
representations.

Let us take a simple imaginary example by
assuming that we try to detect a dim light by using
the firing rate in the primary visual cortex as the
only source of evidence. If there is no light, the
neurons may fire on average at 10Hz, with a
standard deviation of SHz. If there is light, the
neurons may fire on average at 15 Hz, again with a
standard deviation of 5Hz. So given this informa-
tion, a reasonable subject who has the goal to
maximize accuracy would set a criterion at 12.5 Hz,
and then say there is light when the firing rating
exceeds that criterion and say that there is no light
if it does not. It follows, then, that what criterion
is set depends on what the subjects think their own
average firing rates are when there is a light, and
when there is no light. To make an estimate of
the average level of a fluctuating signal, one has to
statistically sample the data over time. So essen-
tially, the subject has to learn the probabilistic
behaviour for their own neurons. If this learning
fails, or is incomplete, such that the subject makes a
biased or incorrect estimate of the firing rates, the
criterion they set would be suboptimal.
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How exactly this learning occurs is beyond the
scope of this paper. Previous work on criterion
setting in psychology (Treisman, 1984) has sug-
gested methods of learning that do not involve
explicitly modelling the probability distributions,
but that could be treated as a special heuristic that
satisfies the same goal of learning the distributions
and basing the criterion on the result of that
learning. Without making any strong assumptions
about the form of the distributions, a general
solution to this learning problem could take the
form of a standard Bayesian learning procedure.
In the simple case where there are only two
stimulus conditions (e.g. dim light or no light)
and the subjects are told whether they make
correct decisions after responding, the learning
should be a fairly straightforward problem. How-
ever, in real life when stimuli are multidimensional
and feedback is not always available, this could
take more complicated forms of unsupervised
learning. The critical point here is that the result
of this learning affects the setting and maintaining
of criteria in the detection or discrimination of
stimuli, which might be important for the normal
functioning of perceptual consciousness. We now
turn to how different cases of failure of perfect
learning can produce behaviour that characterizes
disturbance of perceptual consciousness.

Misrepresentations

One obvious way of failing to learn the probability
distributions is to grossly misrepresent the mean or
the variance of the signal (Fig. 2). So in the
example given above, the subject could over-
estimate the firing rate given that the dim light is
present, so that it is thought that the average rate
is 25 Hz instead of 15Hz. The subject might then
set the criterion, reasonably, at the mid-point (i.e.
17.5Hz) between the expected averages for the
signal present and signal absent conditions, which
are 10 and 25Hz. This high criterion of 17.5Hz
would lead to a high portion of false-negatives,
because actually the average firing rate is only
15 Hz when the dim light is on; the subject will be
missing most of it. The subject would behave as if
the dim light is not perceived most of the time,
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Fig. 2. Misrepresentation. Because one could only set the
criterion based on the learned distributions (upper graph),
instead of the actual distributions (lower graph), if the two are
different, i.e. the learned distributions are incorrect, one sets the
criterion suboptimally. Here only one form of misrepresentation
is depicted. However, one could imagine the other case, such as
representing both the target absent and target present distribu-
tions as higher than reality, or both lower than reality, etc.

because the subject responds “no”” even when the
stimulus is present and the firing rate is at its most
likely frequency. The actual d, however, remains
the same, because it measures the distance between
the actual distributions, but not the learned
distributions.

This would be similar to the behaviour exhibited
by blindsight patients, where a negative response is
usually given in detection, although a fairly high 4
is implied by other indirect forced-choice mea-
sures. The primary visual cortex is likely to be one
important major source of the internal signal.
After a lesion to the cortex, the actual internal



signal decreases dramatically, with the remaining
weak signal possibly routing through subcortical
pathways. If the subject fails to learn that the
signal has dropped, and uses the old criterion for
detection, this is equivalent to overestimating the
signal as described above. In fact, it is likely that
the primary visual cortex is also a source of the
baseline noise, i.e. the signal when no stimulus is
present. A lesion to the primary visual cortex is
thus likely to shift both probability distributions
(signal present and absent) to the negative direc-
tion. Failing to learn this shift can result in a
dramatic positive deviation from the optimal
criteria. Understood this way, blindsight could be
partly due to a failure to learn the reduction in
signal strength after lesion to the primary visual
cortex; after the lesion, because of the inappropri-
ate criterion, blindsight patient mis-classifies sti-
muli as noise.

Hallucinations could be treated as the opposite
within this framework. Hallucination could be
treated as the production of false-positives, in the
sense that noise is being mis-classified as stimuli.
By this definition, one hallucinates while dream-
ing; in dreams we consciously perceive stimuli that
are not really there. According to the present
framework, this could be due to the underestima-
tion of the signal strength. When brain activity is
monitored by electroencephalogram (EEG), sleep
can be divided into different stages by the EEG
pattern. Dreams are more likely to be reported
during a stage of sleep that is characterized by
rapid eye movement (REM), and brain activity of
relatively high frequency and intensity. Let us
assume that the overall signal during REM-sleep is
higher. If the brain maintains the same criterion
for detection over alternations of REM and non-
REM sleep, it would be predicted that false-
positives are a lot more likely during REM-sleep,
because of the higher signal intensity. Perhaps
during sleep, when the brain is not actively
learning, it only makes a general estimation of the
probability distributions of signal for both REM
and non-REM sleep combined, and that is why we
fail to set a appropriately high criterion during
REM sleep. With this inappropriately low crite-
rion for detection, one mis-classifies noise as
stimuli.
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Ambiguity

Another way to fail to fully learn the probability
distributions is to learn it with high ambiguity
(Fig. 3). Ambiguity is formally defined as uncer-
tainty about probabilities (Ellsberg, 1961). The
graphs in Figs. 1 and 2 represent the probability
that the signal intensity is of a certain strength,
given that the signal is absent or present. The fact
that we use a line to represent the bell shape curves
means that at each signal intensity level, there is a
definite number that represents the probability. In
reality, this is possible: the probability that when
there is a stimulus, the probability that the signal
strength is between x and x+1 could be exactly
0.01245, for example. However, for any subject
who is learning this distribution, one could only
learn this with a certain degree of uncertainty.
The probability might be expected to be at 0.01245

Seeing A Guessing A Guessing B Seeing B

\‘ \‘ / ‘/ ——- Stimulus A
— Stimulus B

Probability density

25
Firing rate for internal signal (Hz)

Fig. 3. Ambiguity. Rather than representing the distributions
with absolute certainty, one might represent them as a possible
range of values (ambiguity). Here one represents the probability
distributions with standard deviations 1.8-2.2 Hz, and means of
9-11Hz and 14-16 Hz respectively for Stimulus A and B. These
ranges could be considered as similar to confidence intervals or
error bars. When subjects were asked whether they were
“guessing”, they could be setting three criteria as depicted in
the diagram. It is possible that when the level of ambiguity
increases, the criteria for guessing might change accordingly so
that more trials are classified as “guessing”.
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(i.e. it is the most likely), but the 95% confidence
interval may cover between 0.01241 and 0.001248.
In other words, when we try to learn the infor-
mation on Fig. 1, which depicts reality, in our
brain we try to create the same graphs that best
represent the same information, but possibly with
error bars on it, to reflect how certain we are about
our estimation of reality (Fig. 3). In this sense,
representing ambiguity is not a failure, but rather a
useful way to capture the degree to which we are
certain. However, having very high ambiguity
means that we are not really certain about our
estimation, which is not favourable for us.

Recall that under the assumptions we have
taken, the optimal way to set the criterion is to set
it such that it best classifies the two distributions
for stimulus present and stimulus absent, which is
the mid-point between the two means. For signal
strength above the criterion, we expect that it is
more likely that the stimulus is present than not.
However, even if we estimate that the probability
that the stimulus is present is bigger than 0.5, it
may not be significantly bigger than 0.5. Maybe
the error bar or confidence interval is so large that
it covers the point of 0.5. In other words, we
estimate the stimulus to be there, rather than not
there, but we are not so sure about this estimation.

This formally characterizes guessing. Obviously,
having guessed A instead of B we think that A
might be marginally more likely. But it is counted
as guessing because we are not ‘significantly’
certain about our decision. Significance here could
be defined as in statistics, i.e. when we are
significantly certain about a decision, the 95%
confidence interval (or whatever other confidence
level) for the likelihood that we are correct does
not cover 0.5 (chance). The amount of guessing
depends on the level of ambiguity.

This offers a possible explanation as to why
sometimes given the same d', discrimination
accuracy, reaction time, and similar stimuli, the
same subjects can report different levels of
perceptual consciousness in two different condi-
tions (Lau et al., 2006). This is because although
the underlying distributions are the same, the
subjects may learn the distributions for the two
conditions with different level of ambiguity
(uncertain regarding the distributions). Subjects

set the criteria for Seen/Guessed at the signal
strength at which they become significantly certain
about the discrimination, and this depends on the
level of ambiguity. In other words, if the error bars
are large and they overlap greatly, for the
distributions, they set the criteria accordingly so
that many trials are classified as “Guesses”. The
underlying actual distributions, however, could be
exactly the same, and thus the actual performance
levels are matched.

Dynamic fluctuation

Finally, we briefly consider another type of failure
to learn the distributions properly, which is to fail
to make stable estimates of the distributions. In a
way, this is a form of misrepresentation, but here
the emphasis is on how this misrepresentation
fluctuates dynamically. Unless the subjects have
learned the distributions perfectly and precisely,
one would expect that in every trial, the subjects
would acquire new information and thereby
change the estimation accordingly. In this sense,
dynamic fluctuation is a sign that we are learning
the distributions. If the learning is effective, one
would expect that the estimation of the distribu-
tions to fluctuate less and less, and eventually
converge to the true forms. However, if the
learning itself is not optimal, this fluctuation may
continue.

As mentioned above, it has been reported that
blindsight patients fail to maintain a stable
criterion in a detection situation (i.e. a Yes—No
task), but have no such problem when they per-
form “2-alternative forced-choice’ tasks (Azzopardi
and Cowey, 1997, 1998). This might seem hard
to explain, because if they fail to maintain a stable
criterion in the Yes—No task because they fail to
remember where to put the criterion, they should
also fail to maintain a stable criterion in the
other task. However, if the failure is due to the
fluctuation in the learned representation for
the stimulus-absent distribution only, but not for
the other distributions, this could explain the
jittering of criterion for the task of detection but
not discrimination tasks.



Fluctuation is interesting to consider because
unlike the other two forms of failure, it actually
affects d as measured by conventional methods.
This is because if one’s learned distributions
fluctuate, one’s criterion also fluctuates; presum-
ably one sets the criterion according to the most
up-to-date estimation. When the criterion fluctu-
ates, effectively we have a reduced d'. This has
been suggested to be the explanation for why in
detection tasks, blindsight patients have a d that is
lower than expected, when one estimates it from
the d for the 2-alternative forced-choice’ tasks
(Azzopardi and Cowey, 1997, 1998).

Empirical support

It is important to note that the aforementioned
three types of failure are not incompatible with
each other. One could exhibit all three problems,
or just one, or two of them. Therefore it is not
really an issue at the moment to determine which is
the failure that causes disturbance of perceptual
consciousness. In reality all three of them may play
some role. It is a matter for future research to
empirically investigate the relative importance of
each type of failure of representation in different
contexts. At this stage, we consider empirical
evidence that support the general notion that
perceptual consciousness depends on the represen-
tation of the probability distributions that describe
the behaviour of the internal signal.

One basic prediction of this framework is the
dissociation between consciousness and detection/
discrimination performance. This is because except
in the case where dynamic fluctuation is signifi-
cant, the basic detection and discrimination
performance is determined by the actual prob-
ability distributions. However, consciousness
depends on the representation of the probability
distributions, by which we set and maintain the
criteria. This representation, as we discussed
above, may err. Therefore the framework predicts
that given the same d', the same subjects perform-
ing the same detection/discrimination task may
report different levels of consciousness under
different conditions, if the distributions are repre-
sented differently.
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In a recent study that has been mentioned above
(Lau et al., 2006), we showed exactly that. In that
task, subjects were required to discriminate
between a square and a diamond figure (Fig. 4).
We also asked subjects, after the discrimination in
each trial, to state whether they consciously saw
the identity of the target or that they just guessed
what it was. Therefore, we have both an objective
forced-choice measure of performance, as well as a
subjective measure of perceptual consciousness.
The target was metacontrast masked at different
stimulus onset asynchrony (SOA, i.e. the temporal
distance between the target and the mask), so as to
produce different conditions with various levels of
difficulty. We capitalized on the fact that the
masking function (performance against SOA) is
U-shaped for metacontrast masking, which means
that there will always be two SOA points at which
the performance levels will be matched (Fig. 5).
We found that at the two SOA points, the
subjective levels of perceptual consciousness dif-
fered, in that in the shorter SOA condition subjects
claimed to be guessing more frequently. Within the
present theoretical framework, this could be
understood in terms of different levels of ambi-
guity for the two SOA conditions.

If this difference in levels of consciousness is due
to a difference in the higher order representations,
that is the representation of how the internal signal
behaves statistically, it should be associated with a
difference in neural activity in the relevant brain
area. The prefrontal cortex is likely to play an
important role in forming and maintaining these
higher order representations, because it has also
been implicated in studies of uncertainty and
learning (Daw et al., 2005; Huettel et al., 2006;
Yoshida and Ishii, 2006). Also, it receives anato-
mical projections from areas of all sensory
modalities, and has been considered as situated
at the top of the information processing hierarchy
of the brain (Goldman-Rakic, 1995; Fuster, 1997;
Passingham et al., 2005). The internal signal, on
the other hand, is likely to be represented in the
occipital and temporal cortices, where neurons
code specific visual information. Therefore, our
models predicts that if we compare the trials for
the two SOA points, where the subjective level of
perceptual consciousness differs but forced-choice
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Fig. 4. Visual discrimination task with metacontrast masking. After the presentation of the target and the mask, the participants were
first asked to decide whether a diamond or a square was presented. Then, they had to indicate whether they actually saw the target, or
that they simply guessed the answer. Shown in the brackets are the durations of each stimulus.
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Fig. 5. Consciousness and performance. These results were obtained using the procedure described in Fig. 1, except that it also
included trials where the mask was presented before the target (paracontrast masking). Note that at the SOAs where the performance
levels (% correct) were the same (e.g. 33 and 100 ms), the awareness levels (% seen) differed significantly.



performance does not, there should be a difference
in activity in the prefrontal cortex but not the in
the early visual areas. In fact, this is what we
observed (Lau et al., 2006). This is a counter-
intuitive finding because most theories of visual
consciousness suggest that the critical neural
correlate should be in visual areas (Zeki and
Bartels, 1999; Lamme and Roelfsema, 2000;
Lamme, 2003). Even though some researchers
have proposed that a ‘frontal-parietal network’
that might be important for consciousness, they
typically suggest that this is only important in
addition to the visual areas (Rees et al., 2002).
However, in our study, the dorsolateral prefrontal
(DLPFC) cortex is the only area where we could
find a significant difference in activity. This fits
with the central idea of the model that perceptual
consciousness depends on higher order representa-
tions (in the prefrontal cortex), and it can change
in the absence of a difference in the internal visual
signal (in occipital and temporal visual areas).
Interestingly, the DLPFC has also been impli-
cated in a study of blindsight. Sahraie et al. (1997)
have reported results from a study on a blindsight
subject (known as GY). The subject has a lesion to
the primary visual cortex that affects roughly half
of his visual field, stimuli presented to which yield
no phenomenal visual awareness. The authors
presented to this ““blind field”” slowly moving (3°/s)
stimuli of which the subject was unaware, and
found that the subject could nonetheless discrimi-
nate the direction of the horizontal movement at
slightly above 80% correct. This visual stimulation
was associated with a lack of significant activation
in the DLPFC. However, when the speed of the
movement of the stimuli was increased to 20°/s, the
subject reported a sense of awareness even though
the visual presentation was to the “blind field”
(a phenomenon known as type II blindsight), and
the performance of discrimination was above 90%
correct. This visual stimulation was also associated
with a significant activation of DLPFC. The
performance levels for discrimination task in these
conditions were different, but could be considered
roughly matched, because they were both well
above chance. Incidentally, when visual stimuli
were presented to the unimpaired field of the
blindsight subject, there was also significant
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activation in the DLPFC. These results, as in the
study discussed above (Lau et al., 2006), support
the idea that activity in the DLPFC vary in
relation to the level of awareness, even when
performance level is not an important contributing
factor.

Finally, the DLPFC has also been implicated
in studies concerning sleep and dreams (Maquet
et al., 1996; Muzur et al., 2002). As explained
earlier, within the present framework dreams and
hallucinations could be considered as the opposite
of blindsight. If the internal signal intensity
increases, but the higher order representations and
thus also the criterion remain the same, we are
likely to produce false-positives for conscious
perception, and this formally characterizes dreams
and hallucinations. We have argued that in REM
sleep the internal signal is likely to be higher than
in non-REM sleep. And we know that dreams are
likely to be reported during REM sleep, and
unlikely to be reported during non-REM sleep.
Therefore, one way that the aspects of dreams
regarding perceptual consciousness could be
explained is that activity in the DLPFC should
be similar for both REM and non-REM sleep.
This possibility reflects that the higher order
representations and criterion remain the same
between REM and non-REM sleep. If this is true,
the higher internal signal intensity during REM
sleep would produce false-positives. This pattern
of activity is in fact found in the DLPFC when
neural activity during REM and non-REM sleep
was compared using positron emission topography
(PET) (Maquet et al., 1996; Muzur et al., 2002).
Compared to wakefulness, during non-REM sleep
many areas are deactivated. During REM sleep,
most areas are reactivated to normal wakefulness
level. However, the DLPFC remains deactivated in
REM sleep, in a level similar to that during non-
REM sleep. In fact, the DLPFC is the only area in
the prefrontal cortex that remains deactivated
(Muzur et al., 2002).

Taken together, these results are compatible
with the notion that the subjective aspects of
perceptual consciousness depend on the higher
order representations of how the internal signal
behave, which are likely to be associated with the
prefrontal cortex. Future studies should further
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examine their interactions with areas that are likely
to represent the internal signal, such as occipital
and temporal areas as in the case of vision.

Finally, the model predicts that manipulating
the activity in the prefrontal cortex, and thus the
higher order representations, should change the
level of perceptual consciousness but not forced-
choice performance in detection/discrimination
tasks. This offers a solution to the controversy as
to whether lesion to the prefrontal cortex impairs
consciousness. Critics (Pollen, 1995, 1999) have
argued that there has been a lack of reported cases
of such prefrontal damaged patients. However,
most previous studies of visual consciousness have
focused on forced-choice performances, which we
predict should not show any difference if only the
higher order representations are manipulated.
Instead, subjectively reported perceptual con-
sciousness should change. We are currently using
transcranial magnetic stimulation (TMS) to test
these hypotheses.

Philosophical issues and final remarks

We started off by arguing that signal detection
theory is too simple to characterize perceptual
consciousness. One could argue that the model we
presented here, that perceptual consciousness
depends on the setting and maintaining of criterion
based on representations of the statistical beha-
viour of internal signals, is not substantially more
complicated. Does this really solve the ‘“hard
problem” of explaining the subjective nature of
consciousness in terms of physical facts (Chalmers,
1996)? If d is a bad measure of consciousness
because a photodiode could have a d value as high
as a conscious human being, does the same
criticism not apply to our model? One could
imagine building a device that learns dynamically
its only internal signal for detection/discrimina-
tion, and maintains optimal criterion according to
Bayesian decision theory. Does this make the
device conscious?

I do not intend to claim that the present
framework readily solves all these problems, or
at least I am not going to argue so within the space
of this paper. The foregoing thought experiment is

an interesting one, but one should not overlook
the complexity of a moving robot that could
dynamically learn the probability distributions for
its internal signal for performing detection/dis-
crimination in a changing environment. However,
here I only recommend a minimal interpretation of
the model: it formally characterizes perceptual
consciousness, in the sense that it describes the
conditions under which consciousness is intact or
disturbed in a human subject. It is not supposed to
explain all features of consciousness. The main
point I wish to make is that perceptual conscious-
ness depends on some form of criterion setting,
though it does not mean that all forms of criterion
setting is directly relevant to consciousness. For
instance, there might be a specific criterion
for conscious perception, and a different one for
responding or communicating the information to
others. The important hypothesis is that the
principles for the maintaining and the setting of
the criterion for conscious perception should be
compatible with the framework described here.

I also argue that because the present model
takes the form of a higher order representational
theory as discussed frequently in philosophy
(Rosenthal, 2000, 2002), it shares similar philoso-
phical explanatory power. To the degree to which
higher order representational theories in general
can solve the philosophical problems associated
with ‘explaining’ consciousness, I speculate that
the present model probably does at least equally
well. In fact, I am going to argue that it is likely to
be more attractive than many other versions of
higher order representational theories.

One problem of higher order representational
theories is the problem of mismatch between
higher and lower levels of representations. Nor-
mally, in the current philosophical literature, both
the higher and lower level of representation is
taken to represent information regarding the
external world. If the first level representation
represents ‘red’ but the higher order representation
represents ‘green’, it is unclear what the conscious
experience should be (Neander, 1998). However, in
the present model, the higher order representation
represents a scale by which the first-order repre-
sentation (the internal signal) could be interpreted.
The internal signal carries no fixed meaning unless



one is to have some access to the higher order
representations; a firing rate of 5Hz in the early
visual cortex could mean that a signal is very likely
to be present, or very unlikely to be so, depending
on the higher order representations. Similarly, the
higher order representations do not make sense
outside of the context of the internal signal. This
way, a mismatch between the levels in the above
sense is simply not possible: their content cannot
directly contradict, because they are never meant
to duplicate each other.

Finally, the present model should also shed light
on the function of perceptual consciousness. I have
argued earlier than one motivation of the model is
that the function of consciousness is unclear.
However, if perceptual consciousness depends on
the correct knowledge of the variability of the
internal signal, when one is conscious one should
also be able to perform functions that depend also
on this knowledge. An obvious example might be
optimal betting, based on one’s own performance
(Persaud et al., 2007).

As a closing remark, I further suggest that some
form of social interaction may also depend on this
knowledge which underlies perceptual conscious-
ness. Several observers could make optimal joint
decisions by combining their information regard-
ing the same external stimulus. This optimal joint
decision could be predicted by a Bayesian an
approach, in which the team of observers could be
considered as a ‘“Bayesian committee”. These
approaches typically assume that each of the
observers know their own variance of their internal
signal. In other words, if the present model is
correct, that perceptual consciousness depends on
the correct knowledge of the variability of one’s
own internal signal, subjects who are perceptually
conscious should be suitable candidates for joining
a Bayesian committee which gives optimal team
responses. One could imagine being required to
team up with another observer who has a certain
detection sensitivity. In order to maximize joint
performance, when opinions differ one would
discuss with the partner and compromise based
on the relative levels of confidence in the decision
in a particular trial. It is not difficult to see that
one would rather team up with normal observers
rather than with blindsight patients who have the
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same sensitivity. If the team partners claim that
their confidence is low and they are guessing all the
time even when their responses are correct,
negotiating and compromising for an optimal
joint response becomes impossibly difficult.
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