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CHAPTER FOUR

Uncertainty and Neuromodulation:
Focus on Acetylcholine and Sustained
Attention

Angela J. Yu

INTRODUCTION
Decision making is an essential component of intelligent behavior.
Whether interpreting sensory inputs, allocating cognitive resources, or
planning actions, the brain constantly makes decisions based on noisy
inputs and competing objectives. Understanding decision making at both
the psychological and neurobiological levels is an important problem in
neuroscience, and has received increasing theoretical attention in recent
years. Of key interest is the way that uncertainty is represented and com-
puted in cognitive processing. Uncertainty is a ubiquitous and critical
component of neural computation. It arises from inherent stochasticity
and nonstationarity in statistical relationships in the environment,
incomplete knowledge about the state of the world (e.g., sensory receptor
limitations, an observer’s solitary viewpoint), neuronal processing noise,
and so on. Uncertainty complicates the task of constructing and maintain-
ing an appropriate internal representation of the world. Despite the
plethora of complications induced by such uncertainty, animals adeptly
negotiate with a complex and changeable world. A major challenge in
neuroscience is to develop a formal theory of decision making that
incorporates the various types of uncertainty, and link them to both
animal behavior at the phenomenological level and neurobiology at the
algorithmic level.

One set of powerful mathematical tools comes from Bayesian
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probability theory, which deals with the quantification and integration of
noisy information sources. Bayesian statistical theory has been successfully
applied to cognitive phenomena such as perception (Battaglia, Jacobs, &
Aslin, 2003; Clark & Yuille, 1990; Ernst & Banks, 2002; Knill & Richards,
1996), attention (Dayan, Kakade, & Montague, 2000; Dayan & Yu, 2003;
Yu & Dayan, 2005a), and sensorimotor learning (Körding & Wolpert,
2004). Bayesian optimality framework formalizes the notion that e!cient
inference and learning depend critically on correct representation and pro-
cessing of the various sorts of uncertainty associated with a behavioral
context. Whether the brain performs near Bayesian optimality, and how
exactly it deviates from optimality in specific contexts, can provide valu-
able insight into the computational principles underlying cognitive
processing.

In this chapter, I shall focus on the representation of uncertainty by
neuromodulators. Neuromodulatory systems are notable for their ubiqui-
tous presence, centralized control, and potent modulatory e"ects on
information transmission and experience-dependent plasticity in cortical
neurons. Some early ideas, based on the relative promiscuity of neuro-
modulators, tended to associate them with rather general computational
roles, such as controlling the signal to noise ratio of cells (for review, see
Gu, 2002). More recently, as data suggesting more specific and hetero-
geneous actions for neuromodulators have emerged, there has been a
flourishing of theoretical ideas inveighing them with more specific compu-
tational functions. The most well-established of these is the proposal that
the dopamine system signals reward prediction errors (Schultz, Dayan, &
Montague, 1997), possibly assisted by serotonin in mediating reward
representation at multiple time-scales (Daw, Kakade, & Dayan, 2002). In
addition to prediction errors, a critical factor controlling inference and
learning is uncertainty—this is both predicted by Bayesian probability
theory and evident in animal behavior (Dayan & Yu, 2003). Based on this
observation, and a large and diverse body of pharmacological, physio-
logical, anatomical, and behavioral data, I have previously proposed that
the neuromodulator acetylcholine (ACh) signals expected uncertainty due
to known variability in the behavioral context, while another neuromodu-
lator norepinephrine gates the need to overhaul internal assumptions
about the environment due to unexpected uncertainty (Yu & Dayan,
2005b). Results from a recent study confirm that ACh lesion in rats
produces specific impairments in the sequential updating of statistical
information that are consistent with the theory (Córdova, Yu, Dayan, &
Chiba, forthcoming).

As a hypothetical, everyday example, residents in San Diego should
have much less expected uncertainty about the weather (consistently sunny
and balmy) than those in New York City (unpredictable from day to day,
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and within the day). However, gross changes in weather patterns due to
extraordinary events such as El Niño or global warming, which are rela-
tively unfamiliar to the observer, would usher in surprising events that
induce unexpected uncertainty in both sets of residents. In addition, the
model predicts that greater expected uncertainty should lead the observer
to be less sensitive to unexpected uncertainty (Yu & Dayan, 2005b): That is
to say, residents of New York City would be slower to detect a dramatic
change in the weather pattern such as El Niño or global warming com-
pared with residents in San Diego, since they expect greater variability in
the first place.

Complementing earlier work, this chapter examines the role played by
ACh in a well-studied sustained attention task, which requires
uncertainty-mediated information processing at a finer timescale. I will
show that the assumption that ACh codes for a form of expected
uncertainty, associated with stimulus frequency, produces precise e"ects
that quantitatively match behavioral alterations due to pharmacological
manipulations of ACh. In the following section, I first review the relevant
anatomical, physiological, behavioral, and pharmacological data on ACh
that point to its role in signaling uncertainty. In the subsequent section, I
will apply these ideas to a well-studied sustained attention task by formu-
lating a quantitative model of ACh signaling of a specific type of expected
uncertainty.

REVIEW OF RELEVANT DATA
ACh is one of the major neuromodulatory systems found across the
mammalian species, the others being norepinephrine, dopamine, sero-
tonin, and histamine. Like ordinary neurons, the neurons in the neuro-
modulatory systems release neurotransmitters when activated; however,
they di"er from ordinary neurons in several respects: (1) they tend to
reside in subcortical, localized clusters (nuclei); (2) they send extensive and
far-reaching projections throughout the cortical and subcortical areas; (3)
they tend to exert mixed actions on post-synaptic neurons, sometimes
excitatory and sometimes inhibitory; and (4) they can alter the synaptic
e!cacy or plasticity of target neurons, thus modulating the way other
neurons communicate with each other and store information.

There is a large and confusing body of data on the anatomical and
physiological properties of ACh, with no immediately obvious overarch-
ing theory that would account for this plethora of data. This neuromodu-
lator is found in abundance in both central and peripheral nervous
systems. Here, I focus on its actions in the brain. In particular, several
characteristics stand out as being notable for understanding their compu-
tational functions. The first is that higher levels of ACh seem to suppress
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the top–down sources of information presumably reflecting internal
expectations and priorities, relative to bottom–up flow of information,
which are mainly sensory-driven. This makes ACh an appealing candidate
as messengers for top–down uncertainty, which was shown in the previous
section to have an e"ect of suppressing top–down influence in the analysis
of sensory inputs.

ANATOMY AND PHYSIOLOGY
ACh binds to two major classes of receptors, nicotinic and muscarinic, so
named because nicotine (found in the leaves of the tobacco plant Nicotini-
ana tabacum) and muscarine (found in the poisonous mushroom Amanita
muscaria) readily bind to the respective receptors and mimic the actions of
ACh. Nicotinic receptors are ionotropic: they gate fast-acting ligand-gated
ion channels; muscarinic receptors are metabotropic: they are coupled to
G-proteins that act via second messengers and can have diverse and more
sustained e"ects.

ACh is delivered to many cortical and subcortical areas by neurons
residing in several nuclei in the basal forebrain. The most prominent
among these is the nucleus basalis magnocellularis (NBM, of Meynert in
humans; also referred to as the substantia innominata, SI), which provides
the main cholinergic inputs to the neocortex. Another important choliner-
gic nucleus in the basal forebrain is the medial septum, which innervates
the hippocampus. In addition, these same nuclei receive strong, topo-
graphically organized, reciprocal projections from the prefrontal cortex
(Gaykema, Weeghel, Hersh, & Luiten, 1991) and the hippocampus
(Alonso & Kohler, 1984). Figure 4.1 shows a schematic diagram of the
projection patterns of the cholinergic system.

In the basal forebrain, ACh-releasing neurons intermingle with neurons
releasing other transmitter types, including a notable population of
GABAergic neurons, some of which are local interneurons, and some of
which are large projection neurons (Fisher, Buchwald, Hull, & Levine,
1988; Gritti, Mainville, Mancia, & Jones, 1997). GABAergic terminals of
basal forebrain neurons appear to synapse with GABAergic interneurons
in the hippocampus and neocortex (Freund & Gulyás, 1991). This raises
the interesting possibility that the cholinergic and GABAergic projections
from the basal forebrain work synergistically on their cortical targets
(Détári et al., 1999).

As is typical for neuromodulators, ACh has a wide array of physio-
logical e"ects on downstream neurons. While the activation of nicotinic
receptors is generally excitatory, e"ects mediated by the indirectly coupled
muscarinic receptors are varied, including increases in a non-specific
cation conductance, increases or decreases in various potassium
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conductances, and a decrease in calcium conductance (Nicholls, Martin, &
Wallace, 1992). While ACh release sites can directly target specific den-
dritic or somatic receptors, the majority portion of ACh release is non-
specific, resulting in substantial volume transmission in the hippocampus
(Umbriaco, Garcia, Beaulieu, & Descarries, 1995) and the neocortex
(Umbriaco, Watkins, Descarries, Cozzari, & Hartman, 1994).

Due to anatomical and physiological heterogeneity in the basal fore-
brain, direct recording of the cholinergic neurons has been di!cult to
verify (Détári et al., 1999). Two classes of in vivo experiments focusing on
the e"ects of ACh on target cortical areas have contributed significant
insights toward a more coherent understanding of cholinergic actions.
One established series of studies has shown that ACh facilitates stimulus-
evoked responses across sensory cortices (Metherate & Weinberger, 1990;
Sillito & Murphy, 1987; Tremblay, Warren, & Dykes, 1990). For example,
tetanic stimulation in the nucleus basalis increases cortical responsiveness
by facilitating the ability of synaptic potentials in thalamocortical connec-
tions to elicit action potentials in the rat auditory cortex (Hars, Maho,
Edeline, & Hennevin, 1993; Metherate, Asche, & Weinberger, 1993), an
e"ect blocked by the application of atropine (an antagonist that

Figure 4.1 Projection pattern of the cholinergic system: Cholinergic innervation of the cor-
tex and hippocampus by neurons in the nucleus basalis of Meynert (NBM) and the medial
septum (MD), respectively. These nuclei are part of the basal forebrain, which is located at
the base of the forebrain anterior to the hypothalamus and ventral to the basal ganglia
(Détári et al., 1999).
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deactivates cholinergic receptors). Similarly, iontophoretic application of
ACh in the somatosensory cortex (Donoghue & Carroll, 1987; Metherate,
Tremblay, & Dykes, 1987) and visual cortex (Sillito & Kemp, 1983)
enhances stimulus-evoked discharges and short-term potentiation without
a concomitant loss in selectivity.

Another, more recent set of experiments has shed light on the modula-
tory role ACh plays at the network level. At this higher level, ACh seems
selectively to promote the flow of information in the feedforward pathway
over that in the top–down feedback pathway (Gil, Conners, & Amitai,
1997; Hasselmo & Bower, 1992; Hsieh, Cruikshank, & Metherate, 2000;
Kimura, Fukuada, & Tusomoto, 1999). Data suggest that ACh selectively
enhances thalamocortical synapses via presynaptic nicotinic receptors (Gil
et al., 1997) and strongly suppresses intracortical synaptic transmission in
the visual cortex through postsynaptic muscarinic receptors (Kimura et
al., 1999). In a separate study, ACh has been shown selectively to suppress
synaptic potentials elicited by the stimulation of a layer in the rat piriform
cortex that contains a high percentage of feedback synapses, while having
little e"ect on synaptic potentials elicited by the stimulation of another
layer that has a high percentage of feedforward synapses (Hasselmo &
Bower, 1992) (see Figure 4.2).

ACh also seems to play an important permissive role in experience-
dependent cortical plasticity, which allows the revision of internal repre-
sentations based on new experiences (Gu, 2002). Monocular deprivation
in kittens, and other young mammals, induces ocular dominance shifts in
the visual cortex (Wiesel & Hubel, 1963). This activity-dependent plas-
ticity is abolished or delayed by cortical cholinergic depletion (Gu &
Singer, 1993), particularly in combination with noradrenergic denervation
(Bear & Singer, 1986). Similarly, cholinergic denervation can disrupt
experience-dependent plasticity in the somatosensory cortex (Baskerville,
Schweitzer, & Herron, 1997). In addition, the pairing of acetylcholine
application with visual (Greuel, Luhmann, & Singer, 1988), auditory
(Kilgard & Merzenich, 1998; Metherate & Weinberger, 1990), or mechan-
ical (Rasmusson & Dykes, 1988) stimuli can induce receptive-field modifi-
cations in the respective sensory cortical areas, presumably via enhanced
LTP (long-term potentiation).

Collectively, these data suggest ACh modulates the way that informa-
tion propagates in hierarchical cortical networks, by enhancing the
influences of bottom–up, sensory-bound inputs at the expense of the
top–down/recurrent influence. ACh also seems to be a potent agent for
promoting experience-dependent plasticity. These properties are remin-
iscent of the earlier discussions about the need for a signal for top–down
uncertainty, which would limit the relative impact of internal knowledge/
expectations on the interpretation of immediate sensory inputs, and
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which would promote learning about uncertain aspects of the internal
model.

BEHAVIORAL DATA
Direct measurements of cholinergic neuronal activities or ACh release
during behavioral testing have had limited success so far. One approach
involves electrophysiological recording of cholinergic neurons in awake,
behaving animals. A major problem with direct recordings of ACh
neurons in the basal forebrain is identification: ACh neurons are substan-
tially intermingled with other types of neurons (mainly GABAergic) in the
basal forebrain and they share similar projection patterns. For instance, a
few recording studies in the NBM suggest they respond to rewarding stim-
uli (DeLong, 1971; Rolls, Sanghera, & Roper-Hall, 1979), but no distinc-
tion was made between cholinergic and GABAergic neurons, which have

Figure 4.2 ACh e"ects on a"erent vs. intrinsic transmission: Di"erential suppression of
a"erent (layer Ia) and intrinsic (layer Ib) synaptic transmission by ACh and norepinephrine
(NE) in a dose-dependent fashion. Perfusion of carbachol (open symbols), a cholinergic
agonist, into the rat piriform cortex induces a strong suppression of extracellularly recorded
activities in layer Ib (mainly feedback/recurrent inputs) in response to fiber stimulation
(circle); in contrast, carbachol has a much smaller suppressive e"ect on the a"erent
(feed-forward) fiber synapses to layer Ia (square). The e"ects are concentration-dependent
(Hasselmo & Bower, 1992). Similarly, selective suppression of intrinsic but not a"erent fibers
have also been observed with the perfusion of norepinephrine (solid). Figure adapted from
Hasselmo et al. (1997).

4. UNCERTAINTY AND NEUROMODULATION 103



Neuroscience of Decision Making © 2010 Psychology Press
This proof is for use by the authors only.  
Any substantial or systematic reproduction, re-distribution, re-selling, loan or sub-licensing, 
systematic supply or distribution in any form to anyone is expressly forbidden.

NOT FOR DISTRIBUTION

15:57:18:11:10

Page 104

Page 104

been shown through pharmacological techniques to be di"erentially
involved in cognition and behavior (Burk & Sarter, 2001). Due to this
identification problem, direct recordings of cholinergic neurons in
behavioral tasks have been scarce in the literature. Were there to be a
technological breakthrough in the recording of ACh neurons in behaving
animals, or the unequivocal identification of neuronal type in extracellular
recording, much novel insight could be gained into ACh functions during
di"erent behavioral and cognitive states. A new choline-sensing technique
being developed, with temporal resolution on the order of seconds or less,
seems highly promising (Parikh & Sarter, 2006).

Another approach is microdialysis of ACh in various parts of the
brain. This approach su"ers from the problem of temporal resolution, as
typically only one measurement is taken every 20 minutes, whereas phasic
events in behavioral testing typically last seconds or even less than a sec-
ond. Thus, microdialysis techniques are restricted to measurements of
rather tonic changes in the substance of interest. For instance, one study
reported the somewhat non-specific observation that when contingencies
in an operant conditioning task are changed, ACh and norepinephrine
levels are both elevated, but that ACh increases in a more sustained
fashion and is less selective for the specific change in contingencies (Dalley,
McGaughy, O’Connell, Cardinal, Levita, & Robbins, 2001).

Partly due to the limitations mentioned above, pharmacological
manipulation of ACh in conjunction with behavioral testing has been a
popular approach. Pharmacological approaches include local (ionto-
phoretic) or systemic administration of agonists and antagonists, as well
as certain drugs that interfere with either the production of the ACh mol-
ecule within the cholinergic neuron or the re-uptake/destruction of ACh in
the extracellular medium. It is also possible to stimulate ACh neurons
directly, or lesion them through incisions or neurotoxins. Through these
techniques, ACh has been found to be involved in a variety of attentional
tasks, such as versions of sustained attention and spatial attention tasks.
Importantly for theoretical analyses, the attentional tasks studied in
association with ACh can generally be viewed as top–down/bottom–up
inferential tasks with elements of uncertainty.

One behavioral paradigm involving ACh is what is known as a sus-
tained attention task, which elicits in subjects a prolonged state of readi-
ness to respond to rarely and unpredictably occurring signals (Sarter,
Givens, & Bruno, 2001). Data from experiments in which cortical ACh
levels are pharmacologically manipulated (Holley, Turchi, Apple, & Sarter,
1995; McGaughy, Kaiser, & Sarter, 1996; Turchi & Sarter, 2001) show an
interesting double dissociation: Abnormally low levels of ACh lead to a
selective increase in error rate on signal trials, while abnormally high ACh
levels lead to an increase in error rate on no-signal trials. Here, I will
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pursue the interpretation of these results that the rare occurrence of sig-
nals leads to an implicit top–down expectation of the signal being
infrequent. If ACh signals the uncertainty about that information, then
low ACh levels may be interpreted by the brain as less uncertainty about
that top–down expectation, and thus even lower perceived stimulus fre-
quency; conversely, high ACh levels may signal greater uncertainty about
that expectation, equivalent to higher perceived stimulus frequency. Thus,
pharmacologically suppressing ACh leads to over-confidence in the “rar-
ity” prior and therefore a tendency not to detect a signal when it is actually
present. In contrast, pharmacologically elevating ACh corresponds to
under-valuation of the “rarity” prior, which can result in an over-
processing of the bottom–up, noisy sensory input, leading to a high num-
ber of false signal detections. Of course, this is a somewhat over-simplified
view of the problem. In the next section, I will consider a quantitative
model of ACh in this task.

The second class of attention tasks, the Posner probabilistic spatial
cueing task (Posner, 1980), is a well-studied paradigm for exploring the
attentional modulation of visual discrimination by manipulating the top–
down expectation of the location of a target stimulus. In a typical rendi-
tion of Posner’s task, a subject is presented with a cue that indicates the
likely location of a subsequent target, on which a detection or discrimin-
ation task must be performed. The cue is considered valid if it correctly
predicts the target location, and invalid otherwise. Subjects typically
respond more rapidly and accurately on a valid-cue trial than an invalid
one (Downing, 1988; Posner, 1980). This di"erence in reaction time or
accuracy, termed validity e"ect, has been shown to be inversely related to
ACh levels through pharmacological manipulations (Phillips, McAlonan,
Robb, & Brown, 2000; Witte, Davidson, & Marrocco, 1997) and lesions of
the cholinergic nuclei (Chiba, Bushnell, Oshiro, & Gallagher, 1999;
Voytko, Olton, Richardson, Gorman, Tobin, & Price, 1994). Validity e"ect
has also been shown to be elevated in Alzheimer’s disease patients
(Parasuraman, Greenwood, Haxby, & Grady, 1992) with characteristic
cholinergic depletions (Whitehouse, Price, Struble, Clark, Coyle, &
DeLong, 1982), and depressed in smokers after nicotine consumption
(Witte et al., 1997). Again, if ACh signals the top–down uncertainty
associated with the cued location, then increasing ACh would correspond
to an underestimation of the validity of the cue and therefore a decrease in
the cue-induced attentional e"ect.

Finally, certain neurological conditions are associated with abnormal
levels of specific neuromodulatory substances. In addition to the higher
validity e"ect exhibited by Alzheimer’s disease patients as mentioned
above, there is a tendency toward hallucination common among patients
diagnosed with Lewy Body dementia, Parkinson’s disease, and Alzheimer’s
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disease, all of which are accompanied by some degree of cortical choliner-
gic deficit (Perry, Walker, Grace, & Perry, 1999). In the Bayesian frame-
work, this route to hallucination might reflect over-processing of top–down
information due to an ACh deficit. The cholinergic nature of hallucination
is supported by the observed correlation between the severity of hallucin-
ation and the extent of cholinergic depletion (Perry et al., 1999). Consistent
with the notion that hallucination is antagonistic to sensory processing,
hallucinatory experiences induced by plant chemicals containing anti-
muscarinic agents such as scopolamine and atropine (Schultes &
Hofmann, 1992) are enhanced during eye closure and suppressed by visual
input (Fisher, 1991). Many patients with Lewy Body dementia and
Alzheimer’s disease also exhibit the related condition of pereidolias (also
referred to as a misidentification syndrome), or the discernment of images
such as faces or animals in wallpaper, curtains, or clouds (Perry & Perry,
1995), which can be interpreted as the inappropriate dominance of a top–
down sensory percept over bottom–up inputs. This condition is also
cholinergic in nature, as it is ameliorated by the administration of phys-
ostigmine, an ACh reuptake-inhibitor (Cummings, Gorman, & Shapira,
1993). In addition to hallucinations related to the basal forebrain choliner-
gic system listed here, there are also other conditions, notably due to
hyperactivities of cholinergic neurons in the pedunculopontine nucleus
(Ch5) and dorsolateral tegmental nucleus (Ch6) (Perry & Perry, 1995), as
well as via serotonin receptors (e.g., Jacobs, 1978). As the focus of this
chapter is a computational theory of basal forebrain cholinergic system, a
wider discussion is beyond the current scope of this chapter.

COMPUTATIONAL MODEL
In this section, I consider a concrete behavioral task, the sustained atten-
tion task (McGaughy & Sarter, 1995) described in the previous section, to
elucidate some of the computations involved in coping with a non-
stationary environment. Sustained attention typically refers to a prolonged
state of readiness to respond to brief, hard-to-detect signals that occur
infrequently and unpredictably (Sarter et al., 2001). This element of non-
stationarity leads to state uncertainty that depends on observations.
Pharmacological manipulations of ACh in a rodent version of the sus-
tained attention task have shown that suppressing and elevating ACh
result in specific and distinct patterns of impairment that are dose-
dependent (Holley et al., 1995; McGaughy et al., 1996; Turchi & Sarter,
2001). I will identify ACh with a form of top–down uncertainty in the
model, and demonstrate that bi-directional modulation of ACh in the
model has similar consequences as those observed in the experiments
(Holley et al., 1995; McGaughy et al., 1996; Turchi & Sarter, 2001).
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In the sustained attention experiment, rats are required to press one
lever in response to a hard-to-detect light stimulus, and another lever when
no light stimulus has been presented (McGaughy & Sarter, 1995). On half
of the trials, no stimulus is present; the remaining half is divided into trials
with signals of varying length. Figure 4.3a schematically illustrates the
task, as well as the classification of the di"erent correct and incorrect
responses. As might be expected, the ability of the rats to detect a stimulus
drops with shorter stimuli. In an extensive series of experiments, Sarter

Figure 4.3 (a) Schematic illustration of a sustained attention task in rodents. Rats were
trained to discriminate between signal (center light illuminated for 25, 50, or 500 ms), and
non-signal conditions. Two seconds following either stimulus, the levers were extended. The
animal is rewarded only if it responds correctly (left for signal, called hits; right for non-
signal, called correct rejection) within 4000 ms of lever extension. Right lever press for signal
and left lever press for non-signal trials constitute “miss” and “false alarm” responses,
respectively. Figure adapted from Turchi and Sarter (2001). (b) An HMM that captures the
basic stimulus properties in this task. The hidden variable s can take on one of two values: 0
for signal o", 1 for signal on. The transition matrix T controls the evolution of s. The
observation xt is generated from st under a Gaussian distribution.
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and colleagues have shown that the basal forebrain cholinergic system
plays an important role in this task. Cortical ACh elevation, via the
administration of either benzodiazepine receptor inverse agonists (Holley
et al., 1995) or an NMDA agonist into the basal forebrain (Turchi &
Sarter, 2001), results in the decrease of the number of correct rejections
(CR) but no changes to the number of hits. In contrast, infusion of 192
IgG-saporin (McGaughy et al., 1996), an ACh-specific neurotoxin, or an
NMDA antagonist (Turchi & Sarter, 2001) into the basal forebrain
adversely a"ects hits but not CR. These doubly-dissociated e"ects are
moreover dose-dependent on the drug concentration (Turchi & Sarter,
2001). Figures 4.4a and 4.5a show these interesting behavioral impair-
ments from NMDA agonist/antagonist manipulations (Turchi & Sarter,
2001).

In the experiment, a trial consists of a 9000±3000 ms inter-trial interval
(ITI), followed by the stimulus presentation, and, 2 s later, the extension of
the two levers on one of which the animal is required to make a response
(left lever for signal, right lever for non-signal). The response is then
reinforced (depending on its rectitude), before another variable ITI and a
new trial. The non-signal stimulus is presented on 50% of the trials, and
the remaining trials are equally divided among stimulus durations of 25,
50, and 500 ms. All trial types, including the di"erent stimuli lengths and
the no-signal trials, are inter-mixed and presented in a pseudo-random
fashion (Turchi & Sarter, 2001).

Let us consider a computational characterization of this sustained
attention task in the Bayesian framework. The hidden variable of interest
is the presence (or absence) of the light stimulus. It undergoes transitions
between two di"erent states (signal on and signal o"). There is uncertainty
about both when the transitions occur and how long the stimulus variable
persists in each of these states. These properties of the task suggest that a
form of hidden Markov model (HMM) would be an appropriate genera-
tive model for the task, allowing the rarity (in total time) and unpredict-
ability of the signal to be captured.

In the HMM, the hidden stimulus variable st takes on the value 1 if the
signal is on at time t and 0 otherwise. It is assumed that the observation xt

is directly generated by st under a Gaussian distribution, whose mean and
variance are determined by st:

p(xt | st = i) = N(µi, !
2
i)

For simulations in this section, the following parameters are used: µ0 = 1,
µ1 = 2, !0 = 0.75, !1 = 1.5. While this is clearly a simplifying model that
assumes that all sensory inputs at time t can be summarized into a single
scalar xt, it captures the properties that there is a baseline activity level
(reflecting the constantly lit house light, neuronal noise, etc.) associated
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Figure 4.4 E"ects of cholinergic depletion on a sustained attention task. (a) Infusion of
DL-2-amino-5-phophonovaleric acid (APV) into the basal forebrain, an NMDA antagonist
known to block corticopetal ACh release, dose-dependently decreases the animals’ ability to
detect brief, infrequent, unpredictably occurring light stimuli (line graph), but does not a"ect
the number of correct rejections (CR) relative to false alarms (FA) on no-signal trials (bars).
Error bars: Standard errors of the mean. Adapted from Turchi ans Sarter (2001). (b) Simu-
lated ACh depletion, corresponding to an over-heightened expectation of signal rarity, leads
to a similar dose-dependent decrease in hits (relative to misses), while sparing CR (relative to
FA). Red: " = 0.98, green: " = 0.90, blue: " = 0.80 (see text for more information on "). Error bars:
Standard errors of the mean.
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Figure 4.5 E"ects of cholinergic elevation on a sustained attention task. (a) Infusion of
NMDA into the basal forebrain, known to elevate corticopetal ACh release, dose-
dependently decreases the fraction CRs, but has no e"ect on the number of hits relative to
misses. Error bars: Standard errors of the mean. Adapted from Turchi and Sarter (2001). (b)
Simulated ACh elevation, corresponding to a suppressed expectation of signal rarity, leads to
a similar dose-dependent decrease CR, while sparing hits (relative to misses). Red: " = 1.10,
green: " = 1.15, blue: " = 1.20 (see text for more information on a). Error bars: Standard errors
of the mean.
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with the non-signal state, and a heightened activity level associated with
the signal state, as well as multiplicative noise. Figure 4.3b illustrates the
generative model with a graphical model; Figure 4.6a illustrates the noise
generation process.

The dynamics of s between one time step and the next are controlled by
the transition matrix Tij:

Tij = P(st = j | st ! 1 = i).

The number of consecutive time-steps <li> that the hidden variable spends
in a particular state s = i is determined by the self-transition probabilities:

<li> =
Tii

1 ! Tii

.

Thus, the average signal length being (500 + 50 + 25)/3 " 200 ms trans-
lates into a signal self-transition probability of P(st = 1 | st ! 1 = 1) = 0.9756
(each timestep in the model represents 5 ms). In addition, the average
duration of no-signal being 9000 ms translates into a no-signal self-
transition probability of P(st = 0 | st ! 1 = 0) = 0.9994. These quantities
completely specify the Markov transition matrix T:

T = P(st | st ! 1) = !0.9994 0.0006
0.0244 0.9756"

where the entry Tij in row i and column j specifies P(st = i | st ! 1 = j). Note that
Markovian state dynamics lead to exponential distributions of dwell-time
in each state, which may or may not be the case for a particular
experiment.

Here, I focus on the inference problem and not the learning process, and
assume that the animal will have learned the parameters of the generative
model (the transition matrix, the prior distribution of s, and the noise
distributions of x) at the outset of the experimental session. In addition,
since the onset of the ITI resets internal belief (s1 = 1) at the beginning of
each trial, it is assumed that the animal knows with perfect certainty that
there is no signal: P(s1 = 1) = 0.

When the animal is confronted with the levers at the end of t time steps
(for simplicity, I assume that the animal can recall perfectly the inferential
state 2000 ms before lever extension, and therefore do not model the 2000
ms delay explicitly), the animal must decide whether a signal was present
or not depending on the relative probabilities of st = 1 versus st = 0, given all
observations Dt = {x1, x2, . . ., xt}. In other words, P(st = 1 |Dt)>P(st = 0 |Dt)
would lead to the decision st = 1, and the opposite would lead to the
decision st = 0, since the prior probability of there being a light stimulus on
a given trial is exactly 0.5 and the reward structure of hits and correct
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Figure 4.6 Generative noise and posterior inference in an HMM model of the sustained
attention task. (a) “Sensory” noise generated by non-signal (red: µ0 = 1, !0 = 0.75) and signal
(blue: µ1 = 2, !1 = 1.5). (b) Posterior probability of signal P(st = 1 |Dt) for di"erent signal lengths,
aligned at stimulus onset (dashed cyan at 1800 ms). Traces averaged over five trials generated
from the noise parameters in (a), stimulus durations are specified as in the legend.
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rejections is symmetric. The computation of this posterior is iterative and
straightforward given Bayes’ Theorem:

P(st |Dt) # p(xt | st)P(st |Dt ! 1) = p(xt | st)#
st ! 1

 Tst ! 1st
P(st ! 1 |Dt ! 1).

As usual, there is a critical balance between the bottom–up likelihood
term, p(xt | st), and the top–down prior term P(st ! 1 |Dt ! 1). If the prior term
favors one hypothesis (e.g., st = 0), and the likelihood term favors the other
(e.g., st = 1), then this prediction error would shift the posterior (and the
prior for the next time-step) a bit more in favor of st = 1. Multiple observa-
tions of inputs favoring st = 1 in a row would shift the dynamic prior
increasingly toward st = 1. Note that the influence of the prior on the infer-
ence step relative to the likelihood is determined by a constant component
(the transition matrix T) and a dynamic component P(st ! 1 |Dt ! 1) driven by
observations.

Such an inferential/decision process is optimal according to Bayesian
theory, but it still can result in an error when the posterior distribution
based on a finite amount of noisy data favors the “wrong” hypothesis by
chance. In addition to these “inferential” errors, we assume that the animal
makes some non-inferential (e.g., motor or memory) errors that occur in
addition to any in the inferential process. So even though the animals
ideally should always choose the left lever when P(st = 1 |Dt)>.5, and the
right lever otherwise, they are modeled as pressing the opposite lever with
a small probability (.15).

RESULTS
As can be seen in Figure 4.6a, there is a substantial amount of “sensory”
noise due to the overlap in the distributions: p(x | s = 0) and p(x | s = 1). Con-
sequently, each observation xt tends to give relatively little evidence for the
true state of the stimulus st. The initial condition of P(x1 = 0) = 1 and the
high non-signal self-transition probability (T00) together ensure a “con-
servative” stance about the presence of a stimulus. If s persists in one state
(e.g. the “on” state) for longer, however, the bottom–up evidence can
overwhelm the prior. The accumulation of these e"ectively i.i.d.
(independently and identically distributed) samples when the stimulus is
turned on drives the posterior probability mass in the “on” state (s = 1), and
underlies the monotonic relationship between stimulus duration and hit
rate (see Figures 4.4a and 4.5a). Figure 4.6b shows the evolution of the
iterative posterior probability of st = 1 for stimuli that appear for di"erent
lengths of time. As evident from the traces (averaged over five random
trials each), the posterior probabilities stay close to 0 when there is no
signal, and start rising when the signal appears. The length of stimulus
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duration has a strong influence on the height of the final posterior prob-
ability at the end of the stimulus presentation. The black trace in the line
plot of Figure 4.4b shows this more systematically, where we compare the
averages from 300 trials of each stimulus duration. The results qualita-
tively replicate the duration-dependent data from the sustained attention
experiment (filled circles in Figure 4.4a).

A strong component of the top–down information here is the rarity of
the signal “on” state: st = 0 is almost two orders of magnitude more likely
than st = 1 at any particular time t, in both the experimental setting and the
generative model. In accordance with the proposition that ACh signals
expected uncertainty, it seems natural to identify the ACh signal to be the
uncertainty associated with the predominant expectation st = 0, or
1 ! P(st = 0 |Dt) = P(st = 1 | Dt).

With this identification of ACh to a specific probabilistic quantity in
place, it becomes possible to explore the consequences of manipulating
ACh levels (or the corresponding probabilities) in the model. ACh deple-
tion, for instance, is equivalent to decreasing P(st = 1 |Dt), which is modeled
here as multiplying it by a constant " less than 1 (lower-bounded at 0).
Similarly, ACh elevation can be modeled as multiplying P(st = 1 |Dt) by a
constant " greater than 1 (the probability is upper-bounded at 1). Con-
sequently, ACh depletion in the model results in an underestimation of the
probability of the stimulus being present and a drop in hit rate. However,
the CR rate is already saturated, with a false alarm (FA) rate reflecting the
non-inferential error rate of .15, and cannot fall substantially lower des-
pite the overestimation of non-signal trials. It makes little sense that the
animals should be more likely to report “no signal” on true signal trials
but not on true non-signal trials, when the substantial error rates indicate
that a number of the trials, both signal and no-signal, must be inferentially
confusable. One explanation for the lack of improvement in the number of
CR is that there is a base rate of non-inferential errors, either motor or
memory-related, which do not depend on the di!culty of sensory dis-
crimination or the perceptual decision criterion.

In contrast, ACh elevation in the model is equivalent to an over-
estimation of the probability of the stimulus being present, resulting in a
rise of FAs relative to CRs. The benefits to hit rate, also close to saturation,
are relatively small. Figures 4.4b and 4.5b show that under these assump-
tions, the model can produce simulation results that qualitatively replicate
experimental data (Turchi & Sarter, 2001) for ACh depletion and eleva-
tion, respectively. Although there is some flexibility in the formal imple-
mentation of ACh manipulations (di"erent values of " or altogether a
di"erent functional form), the monotonic (dose-dependent) and doubly
dissociated properties of ACh depletion/elevation observed experimentally
are clearly demonstrable in the model. The exact quantitative e"ects of
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NMDA drugs on ACh release, and more importantly on the processing of
downstream neurons, are not precisely known in any case.

DISCUSSION
In this chapter, I introduced the concept of uncertainty in cortical process-
ing, and suggested that the neuromodulator ACh is a critical component
of the neural strategy to cope with uncertainty in sensory processing and
attentional control. This builds on my previous work on neuromodulatory
representation of uncertainty (Yu & Dayan, 2005b). It also complements a
growing body of work on the coding of uncertainty in cortical neuronal
populations (Barber, Clark, & Anderson, 2003; Deneve, 2005; Deneve,
Latham, & Pouget, 1999; Pouget, Zhang, Deneve, & Latham, 1998; Rao,
2004; Sahani & Dayan, 2003; Weiss & Fleet, 2002; Yu, 2007; Yu & Dayan,
2005a; Zemel, Dayan, & Pouget, 1998).

To illustrate the theoretical concepts, I used a simple two-state HMM
with Gaussian noise to model a sustained attention task. In the model, I
identify ACh level as the moment-by-moment internal belief of the stimu-
lus being present. As observed in experiments (McGaughy & Sarter, 1995),
shorter stimuli lead to poorer detection performance in the model. More-
over, I simulated pharmacological manipulations of ACh by artificially
altering the posterior probability in the inference model. Similar to
experimental data (Turchi & Sarter, 2001), ACh depletion leads to a dose-
dependent decrease of hit rate while sparing CRs, and ACh elevation
selectively impairs CR while having little e"ect on hit rate. The strength of
this model is its simplicity and its ability to capture the experimental data
quantitatively.

It is possible that animals can actually learn and utilize a more complex
internal model than the HMM assumed here, which is one of the simplest
models that can capture information about the frequency and timing of
the stimulus presentation. The HMM is limited in its capacity to represent
arbitrary distributions of signal duration and onset times. A two-state
HMM has only two free parameters, T00 and T11, which can be used to
mold the distributions. I discussed the relationship between the mean dur-
ation of the two signal states (on and o") and the two self-transition
probabilities in the “Computational model” section. It can also be shown
that these probabilities determine the variance of the signal durations:
var(li) = Tii

3/(1 ! Tii)2. This limits the capacity of the HMM in modeling the
experimental settings. For instance, the transition matrix used makes the
standard deviation of the inter-signal interval (8300 ms) much larger than
the experimental value (1750 ms). Moreover, the stimulus cannot actually
occur within 6000 ms of ITI onset, nor can it appear more than once per
trial. These additional pieces of information can be helpful for signal
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detection, but not captured by the simple HMM, as they require longer-
range temporal contingencies and richer representations.

Another hint that the HMM formulation may be overly simple comes
from a discrepancy between Figures 4.5a and 4.5b. One qualitative di"er-
ence is that the animals’ performance on intermediate signal (50 ms) trials
is significantly worse than on the long signal (500 ms) trials, whereas in the
model, the performance is already near saturation at 50 ms, and it is this
saturation property that prevents the hit rate from rising when ACh is
elevated in the model. This may be empirical evidence that the animals
might be employing a more complex computational model than the
HMM.

Despite these shortcomings, the HMM coupled with ACh modulation
has been shown to capture the core characteristics of the experimental
data, indicating that the representation of these additional experimental
contingencies is not fundamental to induce the general pattern of deficits
observed in the animals. Even in richer Bayesian models, identifying ACh
with the on-line posterior probability of signal presence should give quali-
tatively similar results as those presented here. Of course, it is possible that
other, non-Bayesian models might equally well explain some of the
experimental phenomena explored here. Without richer experimental
data, however, it is not possible currently to distinguish between this
Bayesian formulation and other potentially suitable models.

ACh is one of several major neuromodulatory systems that strongly
interact in their influence on cortical processing. In particular, norepin-
ephrine has been found to have similar physiological properties as ACh:
Across primary sensory areas, norepinephrine selectively suppresses
intracortical and feedback synaptic transmission, while sparing thalamo-
cortical processing (Hasselmo, Wyble, & Wallenstein, 1996; Kobayashi,
2000). ACh and norepinephrine also play a synergistic role in experience-
dependent plasticity in the neocortex and the hippocampus (reviewed in
Gu, 2002), enabling the revision of internal representations based on new
experiences. Behavioral data suggest, however, that norepinephrine plays a
somewhat di"erent role than ACh: It has been shown to be important in
tasks in which the animal must learn about new environmental contingen-
cies (such as in reversal or extinction manipulations), or when encounter-
ing novel stimuli and situations. Boosting norepinephrine with the drug
idazoxan (Curet, Dennis, & Scatton, 1987) in one such task accelerates the
detection of the cue-shift and learning of the new cues in rodents
(Devauges & Sara, 1990). This contrasts with the involvement of ACh in
tasks in which there is inherent stochasticity (e.g., stimulus onset, stimulus
type, cue validity).

Based on these data, I previously proposed that ACh signals expected
uncertainty corresponding to known variability or stochasticity in an
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environment, while norepinephrine signals unexpected uncertainty due to
drastic changes in the environment that requires substantial revamping of
the internal representation of the world (Yu & Dayan, 2005b). That formu-
lation is consistent with a wealth of physiological, pharmacological, and
behavioral data implicating ACh and norepinephrine in specific aspects of
a range of cognitive processes. Moreover, that work proposed a novel class
of attentional cueing tasks that would involve both neuromodulators, and
predicts their interactions to be semi-antagonistic (Yu & Dayan, 2005b). In
particular, how much unexpected observations should be allowed to mod-
ify an internal model depends on how much known variability is expected
in the first place.

The distinction of expected and unexpected uncertainty, motivated by
Bayesian probabilistic modeling, is related to the notions of external (dis-
position) and internal (ignorance) attributes of uncertainty in behavioral
economics (Kahneman & Tversky, 1982). The former makes the distinc-
tion based on the observer’s expectations, the latter is defined in terms of
the source of the uncertainty. The two are related because uncertainty
due to external factors is often unexpected in nature, whereas internal
uncertainty is known to the observer and therefore often expected. How-
ever, expected uncertainty can also arise from external sources, such as
inherent stochasticity in the environment like the imperfectly valid cues
in the Posner task discussed above (Posner, 1980). Likewise, unexpected
uncertainty can be fundamentally internal, as when an observer lacks a
good model of a new environment due to deliberate/voluntary change
(e.g. moving to a foreign country). From a computational point of view,
it is useful to define variants of uncertainty according to how they
impact subsequent inference and learning. Of course, the source of
uncertainty is also important, so that new observations can be used
appropriately to update the various types of uncertainty. Bayesian prob-
ability theory also provides convenient tools for these purposes (Dayan &
Yu, 2003).

Another closely related dissection of uncertainty is aleatory versus epi-
stemic, concepts in philosophy with Greek and Egyptian roots. Aleatory
uncertainty refers to irreducible uncertainty due to inherent randomness
in nature. Epistemic uncertainty refers to reducible uncertainty due to lack
of knowledge or ignorance. The emphasis there, therefore, is on the
reducibility of uncertainty. Expected uncertainty is much like aleatory
uncertainty, since it often refers to inherent, irreducible uncertainty; how-
ever, just after the detection of an unexpected global change in the
environment, expected uncertainty also rises due to known ignorance (and
may be eventually reducible to a certain extent). Unexpected uncertainty is
roughly analogous to epistemic uncertainty—uncertainty due to
unexpected changes in the environment may be ultimately reducible with
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greater familiarity, but it does not need to be. Our emphasis is on current
expectations, rather than eventual reducibility of uncertainty.

Ultimately, there are many di"erent ways to slice the pie of uncertainty,
and the brain may need to use di"erent configurations depending on the
task at hand. Indeed, there is ample evidence and growing understanding
of how cortical neural populations also contribute to the neural represen-
tation of uncertainty (Barber et al., 2003; Deneve, 2005; Deneve et al.,
1999; Pouget et al., 1998; Rao, 2004; Sahani & Dayan, 2003; Weiss & Fleet,
2002; Yu, 2007; Yu & Dayan, 2005a; Zemel et al., 1998). A major challenge
for future research is to develop an integrated theory of how di"erent
subsystems in the brain interact and reconfigure to represent di"erent
variants of uncertainty across a range of task demands.
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