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A B S T R A C T

Phenomenological models of decision-making, including the drift–diffusion and race models, are

compared with mechanistic, biologically plausible models, such as integrate-and-fire attractor neuronal

network models. The attractor network models show how decision confidence is an emergent property;

and make testable predictions about the neural processes (including neuronal activity and fMRI signals)

involved in decision-making which indicate that the medial prefrontal cortex is involved in reward

value-based decision-making. Synaptic facilitation in these models can help to account for sequential

vibrotactile decision-making, and for how postponed decision-related responses are made. The

randomness in the neuronal spiking-related noise that makes the decision-making probabilistic is

shown to be increased by the graded firing rate representations found in the brain, to be decreased by the

diluted connectivity, and still to be significant in biologically large networks with thousands of synapses

onto each neuron. The stability of these systems is shown to be influenced in different ways by

glutamatergic and GABAergic efficacy, leading to a new field of dynamical neuropsychiatry with

applications to understanding schizophrenia and obsessive–compulsive disorder. The noise in these

systems is shown to be advantageous, and to apply to similar attractor networks involved in short-term

memory, long-term memory, attention, and associative thought processes.

� 2012 Elsevier Ltd. All rights reserved.
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1. Introduction

One approach to understanding decision-making is incorporat-
ed in a class of phenomenological ‘‘sequential sampling’’ models,
which analyze the decision process in terms of a decision variable
that evolves in time until it reaches a decision threshold (e.g.
Laming, 1968; Ratcliff and Smith, 2004; Stone, 1960; Vickers,
1970). Recordings of single neuron activity during decision-
making in primates (reviewed by Gold and Shadlen, 2007;
Hernandez et al., 2010; Opris and Bruce, 2005; Romo and Salinas,
2003) provided constraints for these models, and also stimulated
the development of biologically plausible models of decision-
making (Deco and Rolls, 2006; Rolls and Deco, 2010; Wang, 2002).
In Section 2 of this paper we provide an overview of different
approaches to decision-making, describing the evolution from
phenomenological models to neurophysiologically plausible inte-
grate-and-fire attractor models of decision-making. We particu-
larly highlight differences between the models and approaches.

In Section 3 we describe the development of these biologically
plausible models to incorporate synaptic facilitation. We show
how synaptic facilitation can be an important component in
sequential decision-making tasks, and in tasks in which the report
of the decision must be postponed for a delay period.

In Section 4 we show how confidence in a decision before the
outcome is known is an emergent property of the decision-making
mechanism in the brain. We also show how a second decision
based on the confidence in the first decision can be made using a
second attractor network. This provides a mechanism for
monitoring previous decisions.

In Section 5 we show how noise in the brain can be used to
predict a decision even before the evidence for the decision has
been provided.

In Section 6 we consider factors that influence the level of noise
in a decision-making network. This treatment provides a crucial
foundation for understanding how the proposed mechanisms
operate in large decision-making cortical networks with graded
firing rate representations and diluted connectivity in the human
brain.

In Section 7 we describe the applications of this stochastic
neurodynamics approach to neuropsychiatry, including schizo-
phrenia and obsessive–compulsive disorder.

In Section 8, we consider some effects of oscillations in the brain
on decision-making processes.

2. Overview of different models of decision-making

In the following, we will review the most common models of
two-alternative forced choice (2AFC) decision-making and their
theoretical origins. We will start with basic, linear, conceptual
models, which successfully capture decision behavior, followed by
attempts to implement these models in a physiologically plausible
way. Then we will turn to nonlinear attractor models and describe
a biophysically inspired implementation of an attractor model
with spiking neurons (Deco and Rolls, 2006; Rolls and Deco, 2010;
Wang, 2002, 2008). Our objective is to provide an intuitive
overview. Consequently, we restrict our formal presentation to
basic equations and characteristic model features and refer to the
original publications for detailed theoretical analysis.

2.1. Sequential-sampling models

Present conceptual models of decision behavior considering
noisy evidence build on signal detection theory (SDT), developed
to describe categorical choices under uncertainty (Green and
Swets, 1966; Tanner and Swets, 1954). SDT typically assumes
fixed, short stimulus times that are out of the subject’s control. The
class of models summarized as ‘sequential sampling models’
forms the logical extension of SDT to temporally stretched
streams of (noisy) data (Stone, 1960; Wald, 1947). In addition to
the probability of correct responses, these models give predictions
of subjects’ reaction times in ‘free response’ 2AFC paradigms. To
form a decision, evidence for each of the two alternatives is
integrated over time. Whether an independent integration for
each alternative (e.g. a race model), or an integration of the
difference in evidence (e.g. a drift–diffusion model) gives a better
account of experimental 2AFC data, is, however, still open to
debate, although the latter seems to fit a wider set of experimental
observations (Bogacz et al., 2006; Ratcliff et al., 2003; Ratcliff and
Smith, 2004).

2.1.1. Signal detection theory and the sequential probability ratio test

(SPRT)

In simple perceptual 2AFC tasks, subjects are often faced with
problems such as: ‘Has a dim light been flashed or not?’ or: ‘Which
of two similar images has been presented?’ Signal detection theory
provides a prescription for these kinds of decisions, where one of
two hypotheses has to be chosen on the basis of a single
observation in the presence of uncertainty, or noise (Gold and
Shadlen, 2007). If the sensory observation is informative about the
hypotheses, it provides ‘evidence’ favoring one alternative. We will
generally refer to information that is indicative of a choice as
evidence e. The two hypotheses H1 and H2 stand for the two choice-
alternatives. The conditional probability p(ejH1) denotes the
probability of observing evidence e if H1 is true.

Depending on the signal-to-noise ratio (m/s) and the similarity
of the hypotheses (m1–m2), the probability density functions
(PDFs) of the two alternatives overlap to some degree (Fig. 1).

The smaller the signal-to-noise ratio is, the higher is the overlap
of the PDF. Likewise, the more distinguishable the stimuli are, the
smaller is the overlap. In the case of sensory stimuli the PDFs are
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Fig. 1. Signal detection theory in two-alternative forced choice tasks. Because of

uncertainty the probability density functions (PDFs) of the two alternative

hypotheses overlap. A choice is made depending on the desired level of

accuracy for one of the alternatives. Comparing the likelihood ratio (LR) to 1

minimizes the total number of errors.
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often assumed to be normally distributed with means m1 6¼ m2 and
standard deviations s1 = s2.

The a posteriori probability p(H1je) that hypothesis H1 is true
given the evidence e can be determined according to Bayes’
theorem from the conditional probability p(ejH1), the prior, or a

priori probability of the hypothesis p(H1), and the total probability
of the evidence p(e):

pðH1jeÞ ¼ pðejH1Þ pðH1Þ
pðeÞ : (1)

The prior p(H1) thereby denotes the probability that H1 is true
before any evidence has been obtained. If equal priors are assumed
for both alternatives, H1 is more likely to be correct than H2 if the
‘likelihood ratio’ LR(e) = p(ejH1)/p(ejH2) is larger than 1.

Choosing H1 if LR > 1 is the optimal strategy, in the sense that it
provides the lowest overall error rate. In the case of equal rewards
or costs, it also indicates the optimal choice in terms of the highest
reward.

For some decisions, however, the consequences of a false alarm,
for example, are negligible compared to missing a signal. Because
of the noise, mistakes are inevitable. Still, the type of errors, i.e.
false alarms or misses, can be adjusted by the decision criterion
(Fig. 1). Generally, the desired level of accuracy for one of the
alternatives determines the decision threshold, or bound, B. For
unequal prior probabilities, but identical rewards, H1 should be
chosen if LR(e) > B = p(H2)/p(H1) (Green and Swets, 1966). In
sensorimotor tasks, unequal priors arise for instance if one
stimulus is presented more often than the other.

If not just one, but multiple pieces of evidence e1. . .eN are
available over time, as for instance in the random-dot motion
(RDM) task, in which subjects have to decide on the net direction of
motion from a patch of moving dots, the likelihood ratio has to be
updated with each new sample of evidence. With the simplifying
assumption that all evidence samples e1. . .eN are independent, the
likelihood ratio becomes

LRðeÞ ¼ pðH1 e1 . . . eNj Þ
pðH2 e1 . . . eNj Þ ¼

YN
n¼1

pðen H1j Þ
pðen H2j Þ

: (2)

A decision bound B = 1 again minimizes the error rate, as it
determines the most likely hypothesis (Neyman and Pearson,
1933). From the perspective of 2AFC problems, Eq. (2) applies to
the ‘interrogation’ paradigm, where the decision is based on a fixed
sample of evidence.

In the ‘free response’ paradigm, where the decision-maker is
allowed to control the decision time autonomously, she or he is
faced with the additional problem of when to end the evidence
accumulation. Accordingly, optimality in free response tasks is
often assessed as the strategy that yields the shortest expected
reaction time (RT) for a given error rate.

The sequential probability ratio test provides a solution to this
specific optimality problem (Wald, 1947). Here, the momentary
likelihood ratio LR(e) is again calculated as in Eq. (2), but instead of
one, there are now two decision bounds B1 and B2 and the sampling
process continues as long as

B2 < LRðeÞ < B1; with B2 < B1: (3)

In other words, if B1 is crossed, alternative 1 is selected, if B2 is
crossed, alternative 2 is selected, and while the evidence for both
alternatives is insufficient, meaning below a certain level, the
decision process continues. Interestingly, a decision rule equiva-
lent to Eq. (3) can be obtained using any quantity that is
monotonically related to the LR if B is scaled appropriately (Green
and Swets, 1966). Hence, by taking the logarithm of Eqs. (2) and (3),
the decision process can be written as a simple addition:

logðB2Þ < logðLRðeÞÞ ¼
XN

n¼1

log
pðen H1j Þ
pðen H2j Þ

< logðB1Þ: (4)

Moreover, the temporal evolution of the log-likelihood ratio
(log LR) can be described as a discrete decision variable V, starting
at V0 = 0, which is subsequently updated at each time step,
according to:

Vn ¼ Vn�1 þ log
pðen H1j Þ
pðen H2j Þ

: (5)

Using the log-likelihood ratio to express the SPRT has the
further advantage that evidence in favor of H1 intuitively adds to V

with a positive value, while evidence supporting H2 contributes
negatively. In that sense, the trajectory of the decision variable V(t)
for noisy evidence is analogous to a one-dimensional ‘random
walk’ bounded by a positive and negative threshold.

In the limit of infinitesimally small time steps, equivalent to
continuous sampling, the discrete SPRT/random walk model
converges to the drift–diffusion model (DDM) described in the
next section. A more detailed theoretical description of optimality,
including the case of unequal priors, and the continuum limit of the
SPRT, is provided elsewhere (Bogacz et al., 2006).

Before we turn to the drift–diffusion model, we briefly discuss
how the theory presented above might relate to real neural
computations during decision-making, and the random-dot
motion task in particular. According to Shadlen and colleagues
(Churchland et al., 2008; Gold and Shadlen, 2001, 2002, 2007;
Roitman and Shadlen, 2002; Shadlen and Newsome, 2001),
decision-related neural activity in area LIP (lateral intraparietal
cortex) is consistent with the notion of an ‘accumulation-to-bound’
process, while area MT (middle temporal cortical area) encodes the
absolute amount of visual motion present in the random dot
motion stimulus and might consequently provide evidence to LIP
(Britten et al., 1992, 1993). Could LIP activity actually correspond
to a neural decision variable in the mathematical sense of the
sequential probability ratio test?

As the brain is unlikely to store the complete distribution of
possible neural responses to every encountered stimulus, it
probably has no access to the PDFs of the neural populations,
which would be necessary to infer the likelihood ratio LR (Gold and
Shadlen, 2001; but see Ma et al., 2006).

However, motivated by the apparent analogy between the
trajectory of V and LIP firing rates, Gold and Shadlen (2001, 2002,
2007) argued that a quantity approximating the log LR could
indeed be computed in the brain. More precisely, knowledge about
the PDFs would not be explicitly necessary to implement a decision
rule approximating the optimal sequential probability ratio test, if
output firing rates of two antagonistic sensory neurons or neural
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populations were used as evidence. One example would be the
responses I1 and I2 of two populations of MT neurons, one selective
for rightward, the other for leftward motion, which respond to
their preferred and null direction with mean firing rates m1 > m2,
and roughly equal variance s. In that case, the optimal log LR
decision rule will depend only on the firing rate difference I1 � I2,
apart from a scaling factor.

This largely holds true for a variety of possible PDFs (Gold and
Shadlen, 2001). In particular:

log LRleft;right ¼
m1 � m2

s2
ðI1 � I2Þ; (6)

if I1 and I2 are sampled from normal distributions, which is a
plausible assumption for the average firing rate of a neural
population. However, the responses of single neurons may better
be described by a Poisson distribution. In that case

log LRleft;right ¼ log
m1

m2

� �
ðI1 � I2Þ: (7)

Knowing the sign of the difference I1 � I2 in MT activity would
hence be sufficient for downstream areas like LIP to elicit a left or
right saccade according to a sequential probability ratio test
optimal rule.

Furthermore, a study by Platt and Glimcher (1999) revealed
that both the prior probability of getting a reward, and the
expected magnitude of the reward, could modulate LIP activity,
consistent with the suggestion that LIP activity might be a neural
correlate of the decision-variable V (Eq. (5)).

As a final note on the sequential probability ratio test, the
argument of Gold and Shadlen (2001, 2002, 2007) can also be
Fig. 2. Basic drift–diffusion model. (a) 100 example traces of the time evolution of v(t). T

Histograms of correct and error choices from 50,000 trials. (c) The variance of v increase

200 ms (bold to narrow lines). Model parameters: m = 0.07, s = 1, dt = 1 ms, B = 20.
extended to multiple alternatives, or neural populations, which
results in a comparison between the neural population with the
highest rate and the average rate of the other populations (‘max-
vs-average test’) (Ditterich, 2010). However, contrary to the 2-
alternative case, the resulting statistical test is not optimal.
Interestingly, the optimal algorithm for decisions between more
than two alternatives is still unknown (McMillen and Holmes,
2006). The multihypothesis SPRT was shown to approximate
optimality for small error rates (Dragalin et al., 1999). For
moderate error rates, the physiologically plausible max-vs-average
test performs almost as well as the multihypothesis SPRT
(Ditterich, 2010).

2.1.2. The drift–diffusion model

The continuum limit of the SPRT represents the most basic form
of the DDM. A continuous decision variable v(t) is accumulating the
evidence difference between the two choice-alternatives, or
hypotheses (Laming, 1968; Ratcliff, 1978; Stone, 1960). In the
unbiased case with equal prior probabilities, v(t) is integrated over
time according to

dvðtÞ ¼ mdt þ sdW ; vð0Þ ¼ 0; (8)

with symmetric decision bounds b1 = �b2, and the accumulation
time interval dt (assumed to be very small). Eq. (8) is the continuous
extension of Eq. (5). The right side of Eq. (8) denotes the new noisy
evidence obtained during dt. It is composed of a constant drift mdt,
with drift rate m, and the diffusion term s dW, which represents
white noise drawn from a Gaussian distribution with mean 0 and
variance s2dt. (dW is proportional to N(0,1)�Hdt, as the variance of
uncorrelated stochastic random variables is additive with successive
hree correct trials were labeled in blue, one error trial in orange. (b) Left-skewed RT

s with time. The distribution of v for 50,000 trials is given for t = 20 ms, 100 ms and
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time-steps, which leads to a square-root behavior for the standard
deviation (Usher and McClelland, 2001).) The correct alternative is
determined by m, which, in the case of the random dot motion task,
can be interpreted as the amount of coherent motion. Using the
terminology of the sequential probability ratio test, if m > 0, H1 is
correct; if m < 0, H2 is correct. Which alternative is eventually
chosen by the DDM, however, is also subject to noise, depending on
s, and the height of the decision bounds b1 and b2. Still, the DDM, as a
continuous implementation of the SPRT, solves two-alternative
forced choice problems optimally: it will on average return a
decision in the shortest possible time for a specified level of accuracy
(Bogacz et al., 2006; Wald, 1947). (This description does not consider
costs associated with behavior, or a cost function for gathering
information that might change over time.)

Solutions of Eq. (8) are normally distributed with probability
density p(v,t) = N(mt, sHt), if the decision bounds are ignored
(Gardiner, 1985). Consequently, the variance across trials of the
temporal evolution of v increases linearly with t. This can be
appreciated in Fig. 2, where several example trials of v and the
variance are displayed.

Due to the threshold nonlinearity of the decision bounds, the
reaction time distributions of correct and error trials are typically
left-skewed, with equal means (Fig. 2b). Treated as a so called ‘first-
passage time problem’, error rates (ER) and mean RTs of the basic
DDM can be expressed as

ER ¼ 1

1 þ e2mb=s2 ; (9)

mRT ¼ b

m
tanh

mb

s2

� �
þ tND; (10)

where tND denotes the ‘‘non-decision’’ time (e.g. the time related to
sensory and motor processes which add to RT).

Contrary to the theoretical predictions of the basic DDM, error
responses in 2AFC tasks can have significantly different mean RTs
than correct responses, depending on the experimental specifica-
tions, e.g. stressing accuracy or speed, or the difficulty of a condition
(Luce, 1991; Pleskac and Busemeyer, 2010; Ratcliff and Smith, 2004).
A more general, extended version of the DDM includes trial-to-trial
variability in the drift rate and the starting point (Ratcliff and
McKoon, 2008; Ratcliff and Rouder, 1998). A normally distributed
drift rate with mean m and standard deviation sm leads to longer RTs
on error trials, as errors will occur more often in trials where m is
small. Drawing the starting point v(0) from a uniform distribution
ranging from �sv to sv produces on average shorter error RTs,
because errors are more likely for a bias towards bound b2 and hence
reach the threshold faster. Physiologically, this variability can be
explained by trial-to-trial differences in attention, premature
sampling, or other variable perceptual biases.

The extended DDM version is hardly tractable analytically. RT
distributions and ERs can only be obtained numerically. Typically,
the DDM is fitted to a particular set of behavioral data by
minimizing the deviation between a simulated data set and the
experimental data set (Vandekerckhove and Tuerlinckx, 2007).

A simplified deterministic version of the DDM has also been
proposed by Reddi and Carpenter (2000). Their ‘LATER’ model
produces variability in reaction times by varying the drift rate
across trials, without any within-trial noise. For the random dot
motion task, where the stimulus itself is explicitly stochastic, this
might not seem a plausible model. Yet, trial-to-trial variability
alone can be sufficient to fit the behavioral data of certain two-
alternative forced choice tasks (Brown and Heathcote, 2008).

Nevertheless, the DDM has the advantage that reaction times
and accuracy are directly related through the decision threshold. In
experiments, more pressure for speed typically leads to faster RTs
and lower accuracy. This negative correlation is known as the
‘speed-accuracy tradeoff’ (SAT). By adjusting the decision bounds,
the DDM can reproduce the negative SAT correlation (Palmer et al.,
2005). In the absence of noise, as for the LATER model, the
threshold influences reaction times, but has no effect on accuracy.

The reverse conclusion of the SAT is that perfect accuracy could
be achieved with unlimited processing time. Accordingly, the DDM
implements perfect integration of the evidence difference in the
sense that no information is ‘forgotten’ or overly emphasized.
Nonetheless, participants’ accuracy as a function of RT often
reaches an asymptote, especially in difficult tasks, and the
assumption of perfect integration might not hold true for neural
systems. These discrepancies can be solved by introducing a
‘leakage’ term lv to the drift rate in Eq. (8). Information loss over
time is modeled according to:

dvðtÞ ¼ ðlv þ mÞdt þ sdW ; vð0Þ ¼ 0; (11)

with l < 0, corresponding to a stable Ornstein–Uhlenbeck (O–U)
process (Busemeyer and Townsend, 1993). This can be pictured by
a diffusion of v in a curved instead of a flat landscape, where v
approaches a stable fixed point v* = �m/l, where dv = 0. In the
opposite case of l > 0 both the mean and variance of v grow
exponentially, as v is repelled from the now unstable fixed point
(an unstable O–U process).

2.1.3. The race model

While in the DDM a single integrator accumulates the evidence
difference between two alternatives, in the race model (Vickers,
1970, 1979) separate integrators v1, v2 are used for each alternative:

dv1 ¼ I1dt þ sdW1

dv2 ¼ I2dt þ sdW2
; v1ð0Þ ¼ v2ð0Þ ¼ 0; (12)

where I1 and I2 denote the average incoming evidence, respective-
ly. As for the DDM, white noise is sampled from a normal
distribution, N(0, s2dt). In the free-response mode, a decision is
made as soon as one of the two integrators exceeds a threshold B.
(We again assume equal prior probabilities. Therefore both
integrators have the same decision bound B.) The two integrators
thus perform a ‘race to threshold’ against each other.

Except for the case of perfectly anticorrelated noise in the two
accumulators, the race model is not equivalent to the DDM and
thus is not optimal (Bogacz et al., 2006). Nevertheless, in contrast
to the DDM, the race model can easily be extended to multiple-
choice decisions, simply by adding more integrators.

Moreover, in the race model, v can be interpreted as the
population activity of two neural pools, receiving inputs from
distinct populations of up-stream sensory neurons. For the DDM,
however, it remains unclear how the difference in evidence might
be computed physiologically.

This problem has been addressed in subsequent ‘connectionist’
models of two-alternative forced choice decision-making (Fig. 3).
These abstract neural network models implement the diffusion
process with inhibition between two integrators and will be
reviewed in the following section.

2.2. Biologically motivated rate models

As we have seen, the drift–diffusion model is an intuitively
appealing model of two-alternative forced choice decision-making
and, moreover, achieves optimality according to the sequential
probability ratio test. But, is there a way to implement this drift–
diffusion concept in a physiologically plausible manner?

Several models have been proposed, which effectively compute
evidence subtraction with different inhibitory mechanisms (Fig. 3).
Although these models all exhibit two separate integrators just like
the race model, dynamically they are more closely related to the
DDM (Bogacz et al., 2006).



Fig. 3. Two-alternative forced choice (2AFC) decision models with two integrators. The blue color denotes excitatory connections and populations, and orange inhibitory.

Adapted from Bogacz et al. (2006).

G. Deco et al. / Progress in Neurobiology 103 (2013) 194–213 199
2.2.1. Feedforward inhibition (FFI)

Mazurek et al. (2003) proposed a feedforward inhibition model
directly motivated by neural activity from MT and LIP during the
random dot motion task (Britten et al., 1993; Shadlen and
Newsome, 2001). The model instantiates the hypothesis that
two populations of movement-sensitive MT neurons provide
evidence in favor or against the opposed motion directions, which
is then integrated in area LIP (Fig. 3b). A decision is made when the
pooled activity reaches a threshold. The two LIP populations thus
correspond to the response units, which receive excitatory inputs
from one population of MT neurons, and inhibitory inputs from the
other, according to:

dv1 ¼ I1dt þ sdW1 � uðI2dt þ sdW2Þ
dv2 ¼ I2dt þ sdW2 � uðI1dt þ sdW1Þ

; v1ð0Þ ¼ v2ð0Þ ¼ 0; (13)

where u denotes the inhibitory FF connection weight. In this simple
version of the FFI model, integration is perfect without leakage.

Just as with the basic DDM model, the FFI model cannot account
for the slower error RTs found experimentally in the RDM task
without further extensions. Ditterich (2006a,b) consequently
suggested that a time-variant version of the FFI, including for
example a within-trial increase of the input gain, could account
quite well quantitatively for both the behavioral and neural data of
Roitman and Shadlen (2002). An additional leak term further
improved the fit to the neural data.

In addition, Niwa and Ditterich (2008) successfully applied a 3-
alternative version of the FFI model to their random dot motion
experiment with three possible directions of motion. Theoretically,
the FFI model can be extended to any number of choice-
alternatives, if the inhibitory weights are adapted accordingly.
This assumption might be plausible in an experiment where trials
with different numbers of alternatives are present in separate
blocks of trials. By contrast, if the different trials are randomly
interleaved, as in (Churchland et al., 2008), sufficient neural
plasticity to adapt the connection weights is hardly practical in the
short time between trials.

2.2.2. Lateral inhibition and the leaky competing accumulator

Apart from feedforward inhibition, also lateral inhibition
between the two integrators, here the two LIP populations, could
effectively support a diffusion process through competition within
LIP (Fig. 3c). This picture is consistent with the established
assessment that long range cortical connections are mostly
excitatory, and inhibition thus acts locally within a cortical
column (e.g. Lund et al., 2003). Usher and McClelland (2001)
proposed a model called the ‘leaky competing accumulator’ (LCA)
model, which in its simplest form can be written as:

dv1 ¼ ð�kv1 � wv2 þ I1Þdt þ sdW1

dv2 ¼ ð�kv2 � wv1 þ I2Þdt þ sdW2
; v1ð0Þ ¼ v2ð0Þ ¼ 0 (14)
Here, k > 0 is the decay rate, or leak, equivalent to l < 0 in the
Ornstein–Uhlenbeck model (Eq. (11)), and w denotes the inhibitory
connection strength between the integrator units. Usher and
McClelland (2001) further incorporated nonlinearity in their
model in the form of a threshold-linear activation function, which
prevents the firing rates from dropping below zero. The LCA model
accounts for correct and error RT distributions without the need of
trial-to-trial, or within-trial, variability.

In addition, multi-choice decision-making was also addressed
with the LCA model (Usher and McClelland, 2001), and the
model captured the positive log-linear relation between the
number of alternatives and reaction time, known as Hick’s law
(Hick, 1952).

To summarize, Bogacz et al. (2006) demonstrated that for a
particular parameter range, namely large and balanced leakage
and inhibition, the dynamics of the LCA and the FFI model
approximate a one-dimensional linear diffusion process equiva-
lent to the DDM with perfect integration. Moreover, the LCA and
consequently also the basic DDM are approximated by a more
physiologically plausible connectionist model with pooled inhibi-
tion and recurrent excitation, if self-excitation balances the decay
and inhibition is strong (Fig. 3d). Yet, whether the brain actually
works in a parameter regime of perfect integration has recently
been called into question by a random dot motion study with time-
varying evidence (Huk and Shadlen, 2005; Wong and Huk, 2008).
For an accurate description of real neural dynamics, nonlinear
attractor states that arise from strong recurrent connections are we
believe important.

2.3. Attractor models

Neural networks with interconnected neurons, such as the
pooled inhibition model displayed in Fig. 3d, form nonlinear
dynamical systems, whose long-term behavior is determined by
‘fixed points’, or ‘steady states’. These fixed points can be attractive,
or repellent, and their existence depends on different parameters
of the system, for example the recurrent connection weights, or the
inputs to the neural network. A useful analogy of the system’s
trajectory through state space is a particle that moves on an energy
landscape with valleys, corresponding to attractors or stable fixed
points, and hills, corresponding to unstable, repellent fixed points
(Fig. 4).

Decision-making can be implemented in an attractor network
with at least two stable fixed points (‘bistability’), representing the
two choice-alternatives. The decision process is then regarded as
the transition from an initial starting point towards one of the two
attractors. Once such a decision-attractor is reached, this state will
persist except for high levels of noise or perturbations, and can
thus produce persistent neural activity. This is an advantage, as the
decision state can be maintained in the attractor short-term



Fig. 4. Schematic presentation of possible attractor configurations in the attractor network of binary decision-making. Stable fixed points, or attractors, are illustrated as

valleys in the ‘energy landscape’, and the hills correspond to unstable, repellent fixed points. Depending on the network parameters and inputs, (a) one, (b) two, or (c) three

attractors can be simultaneously stable. (b) In the bistable case, the two decision attractors, but not the spontaneous state, are stable. The system (blue dot) will eventually

move from the unstable spontaneous state into one of the two decision states. (c) In the multistable case, the spontaneous state as well as the two decision attractors are stable

states. Transitions from the spontaneous state to a decision-attractor can happen due to noise fluctuations that are large enough to drive the system from the spontaneous

state across the ‘hill’, or unstable fixed point, into the ‘basin of attraction’ of one of the decision-attractors.
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memory that may provide the goal for an action while the action is
being produced (Rolls, 2008).

In the pooled inhibition model, decision-attractors emerge
through strong recurrent connections, which form positive
feedback loops of activity in the excitatory neural populations.
Runaway activity is averted through negative feedback from the
inhibitory neural population.

The biophysically realistic attractor model that forms the basis
of our theoretical work is a spiking-neuron implementation of the
pooled inhibition model (Wang, 2002). Due to the nonlinear
response properties of the spiking neurons, the full model can
sustain a state of low spontaneous activity for a physiological range
of background activity (Amit and Brunel, 1997). Therefore,
depending on the magnitude of the (e.g. sensory) inputs and the
strength of the recurrent connections, the model can work in three
different dynamical regimes: (1) only the spontaneous state of low
firing is stable (Fig. 4a), (2) a bistable regime of categorical
decision-making (Fig. 4b), and (3) a ‘multistable regime’, where the
spontaneous and the decision attractors are stable while the
decision inputs are being applied (Fig. 4c). In the multistable
regime, transitions from the spontaneous state to a decision-
attractor can happen due to noise fluctuations that are large
enough to drive the system across the ‘hill’, or unstable fixed point,
into the ‘basin of attraction’ of one of the decision-attractors. This
differs from the bistable scenario, in which the system will evolve
towards one of the two choices even in the absence of fluctuations
(Wong and Wang, 2006). In the multistable regime, fluctuations,
perhaps noise-driven, are essential for decision making.

2.3.1. Biophysically realistic attractor model with spiking neurons

Although the connectionist models discussed above schemati-
cally describe neural processes in area MT and LIP, they still lack a
direct connection between model variables and real neural
parameters. This is different in the biophysically detailed
implementation of the pooled inhibition model proposed by
Wang (2002), where single neurons are modeled as leaky
integrate-and-fire (LIF) neurons (Tuckwell, 1988) with conduc-
tance-based synaptic responses, described by realistic synaptic
kinetics. The model was initially developed to account for
(persistent) neural activity of PFC neurons during working memory
tasks (Brunel and Wang, 2001). Its application to decision-making
was inspired by the experimental observation that neurons, which
exhibit ramping activity, characteristically show persistent neural
firing in delayed memory or decision tasks (Gnadt and Andersen,
1988; Shadlen and Newsome, 2001). Wang (2002) successfully
applied the spiking-neuron attractor model to behavioral and
neurophysiological decision-making data measured from primates
performing a binary random dot motion discrimination task
(Roitman and Shadlen, 2002). In this context, the attractor network
can be viewed as the representation of a local microcircuit in area
LIP (or the posterior parietal cortex in general).

Physiological neuronal firing rates are obtained by averaging
over the simulated action potentials, or output ‘spikes’, of distinct
neural populations or ‘pools’ of LIF neurons in the network. Each
LIF unit is characterized by its subthreshold membrane potential

Cm
dVðtÞ

dt
¼ �gmðVðtÞ � VLÞ � IsynðtÞ; (15)

with resting potential VL, membrane capacitance Cm, membrane
leak conductance gm. Isyn is the total synaptic current flowing into
the cell. When the membrane potential V of a LIF neuron reaches
the firing threshold Vth, it is reset to Vreset and a spike is emitted to
all connected neurons with a subsequent absolute refractory
period of tref. Accordingly, LIF neurons do not explicitly model
action potentials, but give a realistic account of the subthreshold
membrane potential. Excitatory synaptic currents between LIF
neurons are mediated by fast AMPA and slow NMDA glutamate
receptors, and inhibitory synaptic currents by GABAA receptors.
The total synaptic current is given by the sum:

IsynðtÞ ¼ IAMPA;recðtÞ þ INMDA;recðtÞ þ IGABAðtÞ þ IAMPA;extðtÞ: (16)

The attractor network is organized into separate populations of
LIF neurons, termed ‘pools’, which share common inputs and
connectivities (Fig. 5a). As in the connectionist version (Fig. 3d), the
spiking neuron model contains one homogenous pool of inhibitory
neurons, globally connected to all neurons in the network. The two
integrator units are implemented by two ‘selective pools’ of
excitatory neurons, which are thought to respond selectively to one
of the two possible directions of coherent motion and, hence,
reflect the possible choice-alternatives in the random dot motion
task (S1, S2 in Fig. 5a). Moreover, a third excitatory pool of
‘nonselective’ neurons represents the activity of surrounding LIP
neurons that are not selective to either direction. More generally,
there is one selective (or decision) pool for each possible choice
alternative.

All neurons in the network receive an external background
input simulated by uncorrelated, stochastic Poisson spike trains
applied independently to the individual neurons. This background
activity determines the spontaneous firing rate of all network
neurons and is the main source of noise in the network together
with finite-size effects due to the limited number of neurons (Rolls
and Deco, 2010). Here, the term ‘finite-size noise’ describes the
variance in the recurrent inputs, which tends to zero when the size
of the network is increased.

In addition to the background input, the selective pools further
receive additional time-dependent external inputs, corresponding
to the decision evidence, such as, for instance, the decision sensory



Fig. 5. Biophysically realistic attractor network of decision-making. (a) Schematic representation of the network. The excitatory neurons are organized into three pools: the

nonselective neurons (NS) and the two selective pools (S1, S2) that receive the inputs encoding each stimulus (with rate nin). An additional bias (nbias) can be applied to one of

the two selective pools. All neurons also receive an input (next) that simulates the spontaneous activity in the surrounding cerebral cortex. (b) Stable (solid lines) and unstable

(dotted lines) fixed points depend on the external sensory input. They were calculated with the mean-field approximation of the network (Brunel and Wang, 2001). The

abscissa shows the firing rates of the equal sensory inputs to S1 and S2, i.e. nin. The ordinate shows the mean firing rate of the neurons in the selective populations in the

different states of the network. (c and d) Single trial (colored traces) and mean (black, averaged over 20 trials) temporal evolution of the firing rate of the selective pools for

different inputs, denoted by the gray bars (nbias = 0). (c) Noise-induced transition from the spontaneous state to the decision state (with low inputs, in the multistable regime).

(d) Input-driven transition (in the bistable regime). The spiking simulations as well as the mean-field approximation in (b) were performed with a synaptic strength of

v+ = 1.68 within selective populations and with equal sensory inputs to both selective populations (nbias = 0); all other parameters were taken from Wang (2002).

Adapted with permission from Masquelier et al. (2011).

G. Deco et al. / Progress in Neurobiology 103 (2013) 194–213 201
stimuli (i.e. coherent motion) in the random dot motion
experiment.

As explained above for the general case, decision attractors
emerge in the network due to the strong recurrent connectivityv+ of
neurons within one selective pool, while the connections between the
two selective pools are weaker than average v� < 1. This is
consistent with an associative, Hebbian, synaptic learning rule, as
it is assumed that the activity of neurons that are selective for the
same feature has been correlated in the past, while neurons
encoding opposite directions instead fired in an anticorrelated
manner (Rolls, 2008; Rolls and Deco, 2010). Fig. 5b displays an
example of a typical attractor landscape for strong v+ as a function of
increasing external inputs applied equally to both selective pools.

Without any external sensory inputs to the selective pools
(0 Hz), the system will naturally rest in its spontaneous state with
similarly low firing rates in all excitatory neural pools.

If a sensory stimulus is applied to the model, which increases
the external inputs to the selective pools sufficiently (>10 Hz), the
spontaneous state becomes unstable in a ‘subcritical pitchfork
bifurcation’ leading to bistability between the decision attractors
(the gray area in Fig. 5b). The network then operates in a region of
categorical decision-making, where one selective pool will settle at
the upper decision branch with high firing rate (‘winner’), while
the other will decay to the lower branch (‘loser’). In this case, the
transition from the spontaneous state to the decision state is
‘input-driven’ and can be gradual, in the order of several hundred
milliseconds, even on single trials (Fig. 5d). These gradual
transitions between attractor states, corresponding to the decision
process, are a distinguishing feature of the biophysically realistic
attractor model, and rely on the slow kinetics of the NMDA
receptors (tNMDA,decay = 100 ms). Consequently, the network’s
behavior is not just dominated by its steady states, it also exhibits
prolonged responses to momentary sensory inputs, with a
characteristic time constant of up to a second, during which the
model effectively integrates the incoming inputs (Wang, 2008).

As depicted schematically in Fig. 4c, in the multistable regimes
decision-making is also possible. There, the transition from the
spontaneous or symmetric state to a decision state is induced by
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noise fluctuations, and can be rather sharp in a single trial (Fig. 5c).
Nevertheless, the trial-averaged activity builds up slowly, as
observed experimentally in decision-related neurons. This ramp-
ing activity is, however, obtained in a conceptually different way
compared to the bistable regime: the gradual build-up is an artifact
of averaging across abrupt transitions at random times (Marti et al.,
2008).

For sufficiently strong connection weights v+, as in the example
of Fig. 5, the network can exhibit persistent activity, meaning that
the high firing rates of the ‘winner’ population can be sustained
even after all external sensory inputs are switched off. This is
because at 0 Hz, with only background activity, the system is
already in the multistable regime, where the decision states are
stable in addition to the spontaneous state. Under these conditions,
the decision states would only destabilize if negative inputs were
applied to the selective populations. Persistent activity is a
characteristic feature of all biophysically realistic attractor models
that we will describe, unless otherwise stated. Therefore, the
bifurcation between the multistable regime at low inputs and the
bistable regime is the first bifurcation with relevance to the
decision-making process (‘second bifurcation’ in Fig. 5b).

In the vicinity of this ‘second bifurcation’, slow integration is
enhanced above the intrinsically slow kinetics mediated by the
NMDA receptors, as the effective time constant of the system
increases even beyond that related to the NMDA receptors close to
the third bifurcation (Roxin and Ledberg, 2008; Wong and Wang,
2006). Therefore, in this dynamical region performance is high and
reaction times are rather long, because of long stimulus-integra-
tion times. For this reason, previous analyses of the binary attractor
model particularly concentrated on the dynamics in the proximity
of the second bifurcation, where the spontaneous state destabilizes
(Marti et al., 2008; Wang, 2002; Wong and Wang, 2006).

Nevertheless, exploring the network dynamics at the other end
of the bistable regime is also of interest. For sufficiently high
external sensory inputs, the network again enters a multistable
regime. Crossing the ‘third bifurcation’, a symmetric ‘double-up’
state becomes stable, where both selective pools fire with
intermediate, elevated rates. This double-up symmetric state
has recently been deployed to explain LIP responses to static visual
stimuli, as for example the response targets in the random dot
motion paradigm (Albantakis and Deco, 2009; Furman and Wang,
2008; Wong et al., 2007). Assuming high selective inputs with R-
target onset, the high firing rates of LIP neurons prior to the motion
stimulus (Churchland et al., 2008; Huk and Shadlen, 2005; Kiani
and Shadlen, 2009; Roitman and Shadlen, 2002) can be reproduced
with the attractor model in the double-up state. Moreover, changes
of mind, and thus the possibility to reevaluate a first choice,
emerge naturally in the attractor network close to the ‘third
bifurcation’ (Albantakis and Deco, 2011).

Across the bistable regime, in between the two bifurcations (2nd
and 3rd), higher external inputs to both selective populations lead to
faster reaction times and less accuracy, congruent with a speed–
accuracy tradeoff (Roxin and Ledberg, 2008; Wong and Wang, 2006).
This dependency of decision-behavior on the amount of unbiased
external sensory inputs to both selective populations explicitly
arises from the nonlinearity of the attractor model. In linear models,
such as the drift–diffusion model, changes in the common sensory
evidence to both decision alternatives would not affect decision
behavior. This is obvious in the case of the DDM, as the DDM
characteristically accumulates only the difference between the
evidence for the two alternatives. Indeed, input-dependent decision
behavior might provide a means to distinguish between linear and
nonlinear modeling approaches (Albantakis and Deco, 2011).

We further note that, although the decision-attractor would
automatically provide an upper bound for the neural activity of the
winning selective population, the model’s decision is typically
determined by a fixed firing rate threshold independent of the
applied amount of sensory inputs, in line with neurophysiological
evidence from LIP neurons. How this decision threshold is read out
or adjusted by down-stream areas is not explicitly included in the
attractor model. Nevertheless, possible extensions have been
suggested, which implement the decision threshold involving
cortico-collicular and cortico-basal ganglia circuits (Bogacz and
Gurney, 2007; Lo and Wang, 2006).

Taken together, the characteristic features of the biophysically
realistic spiking-neuron attractor model are:

� strong recurrent connections within the selective neural
populations, which generate attractor states,
� global feedback inhibition enabling winner-take-all competition,
� stochasticity because of finite-size effects and random Poisson

inputs to the network,
� a long synaptic time-constant (NMDA) facilitating the integra-

tion of incoming neural activity.

2.3.2. Model reductions

Simulating populations of individual and realistic neurons as
described above is necessary to simulate realistic neuronal
dynamics, physiological responses and behavior. Nevertheless,
to gain an analytical understanding of the population dynamics, a
reduced, mathematically tractable description can yield deeper
insights into the essential, collective model behavior (Rolls and
Deco, 2010).

2.3.2.1. Mean-field approximation. Taking a mean-field approach,
Brunel and Wang (2001) considerably reduced the state variables
of the network by replacing the different populations of spiking
neurons with an approximation of their average population
activity. Because of the recurrent connections in the network,
the population firing rates have to be determined self-consistently
based on the input currents to the neural pools, which in turn
depend on the firing rates. Equalizing the pre- and postsynaptic
activity, the possible fixed points or steady states of the population
firing rates can be obtained.

Several approximations have to be assumed in order to arrive at
a closed system of one nonlinear equation for each population in
the network. First, postulating that individual neurons fire spikes
independently, according to a stationary Poisson process, the net
input is treated as a Gaussian random process. This assumption
generally holds in the limit of infinitely large networks, where each
neuron receives a large number of presynaptic currents, which
each deflect the membrane potential only minimally compared to
the voltage distance between the resting and threshold potential.
Second, only fast AMPA-mediated external inputs are assumed to
contribute to the fluctuations in the synaptic current. Fluctuations
in the NMDA and GABA currents are neglected as they are
supposed to filter out, due to the longer synaptic time constants.

Finding a self-consistent solution for the population rates is
further complicated by the nonlinear properties of the NMDA
receptors. NMDA saturation is approximated by calculating the
average NMDA gating variable as a nonlinear function of the
presynaptic rate. In addition, the voltage dependence of the NMDA
conductance is linearized around the average neural potential.

For the detailed mathematical derivation we refer to the
original publication (Brunel and Wang, 2001), to Renart et al.
(2003), and to Rolls and Deco (2010). Solving the mean-field
equations is computationally much less intense than running
simulations with the full spiking network. The mean-field analysis
thus allows calculation of the steady state firing rates of the
attractor model for a wide range of parameters. This makes it
feasible to scan the parameter space in order to find a parameter
set matching experimental findings.
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In sum, by solving the mean-field equations for a set of initial
conditions (here the initial firing rates of each neural population)
one obtains the approximated average firing rate of each pool
when the system has settled into a stationary state after the period
of dynamical transients. The mean-field reduction, however, does
not provide an accurate description of the temporal dynamics.

2.3.2.2. Two-dimensional reduction. Based on the mean-field ap-
proach, Wong and Wang (2006) further reduced the biophysically
realistic spiking-neuron model to a two-variable system. In
particular, they fitted a simplified input–output function to the
complex first-passage time formula used in the mean-field to
describe the output firing rates as a function of the mean synaptic
inputs. With the assumption that the network dynamics are
dominated by the slow NMDA receptors, they further set the firing
rate of the nonselective pool to a constant mean firing rate (2 Hz)
and linearized the input–output relation of the inhibitory neurons.
Thereby, inhibition could be incorporated as mutual negative
inputs between the selective pools. The nonselective neurons and
inhibitory interneurons could thus be eliminated, leaving two
neural units with self-excitation and effective mutual inhibition.

The two-dimensional reduction is particularly useful to
perform phase-plane analyses in order to elucidate the different
dynamical regimes of the network. To simulate the noisy temporal
evolution of the spiking neural network, Wong and Wang (2006)
explicitly added a noise term to the external inputs, described by
an Ornstein–Uhlenbeck process (white noise filtered by a short,
AMPA receptor synaptic time constant). The two-dimensional
reduction can thus be viewed as a closely related connectionist
version of the full spiking model. In this way, it can also account for
decision-related behavior and neural activity, albeit without
explicit analogy to real neural parameters (Wong et al., 2007).

2.3.2.3. Nonlinear diffusion. Instead of a two-component system of
rate equations as in (Wong and Wang, 2006), Roxin and Ledberg
(2008) derived a one-dimensional nonlinear diffusion equation to
describe the asymptotic behavior of winner-take-all models in the
proximity of the bifurcation to bistability, where the spontaneous
state destabilizes. Their reduction is universally valid for all
winner-take-all models, but also makes it possible to relate the
variables of the nonlinear diffusion process to those of the full
spiking-neuron model, and thus to neurobiologically meaningful
quantities. A particularly relevant prediction based on this one-
dimensional reduction is that the speed-accuracy tradeoff can be
implemented by changes in the common inputs to both selective
neural populations, instead of, or in addition to, an adaptation of
the decision-threshold.

2.4. Distinguishing model approaches

As we have seen, models on the accumulation of noisy evidence,
as for instance in the random dot motion paradigm, come with a
huge variety. Although they differ in fundamental features, such as
network structure and connectivity, in practice, it may be very
difficult to distinguish between them on the basis of just
behavioral data or mean firing rates (Bogacz et al., 2006; Ditterich,
2010).

Ratcliff and Smith (2004) evaluated four types of sequential
sampling models and the leaky competing accumulator (LCA)
model against three sets of psychophysical two-alternative forced-
choice experiments. In particular they compared the three models
described above, the drift–diffusion model, the Ornstein–Uhlen-
beck model (Eq. (11)), and the race model, and a so-called ‘Poisson
counter’ model (Townsend and Ashby, 1983), all with trial-to-trial
variability in drift, starting point, and non-decision time. (The
Poisson counter model resembles the race model, with the
difference that evidence is counted in discrete units, delivered
at random times, with exponentially distributed intervals.
Therefore, it can be interpreted as an independent accumulation
of two spike trains.)

Of all models considered, only the Poisson counter model failed
to match the empirical data, and the faster decision times on error
trials still proved problematic for the race model. The Poisson
counter model also proved inferior to the DDM when compared to
the neural activity of superior colliculus build-up neurons from
macaque monkeys performing a two-alternative forced-choice
task (Ratcliff et al., 2003). The activity pattern predicted by the
DDM, however, resembled the observed neuronal firing rates,
suggesting that build-up cells in the superior colliculus might
participate in a diffusion-like decision process.

Because of the mutual similarity between the models (Bogacz
et al., 2006; Ratcliff and Smith, 2004), finding new analytical
methods and well designed experiments to distinguish the
different approaches is a major future challenge in the field of
perceptual decision-making.

One approach along that line was conducted by Huk and
Shadlen (2005). By adding brief motion pulses to a standard RDM
stimulus, they first of all provided strong physiological support for
a temporal integration in LIP. However, their findings revealed a
departure from perfect integration, as the effect of the motion pulse
decreased with its onset time. Later motion pulses thus influenced
behavior and neural activity less than earlier motion pulses.
Neither a perfect DDM, nor leaky integrators could reproduce this
experimental finding, while the time-varying dynamics of the
attractor model explained both the behavioral and the neuronal
data (Wong and Huk, 2008; Wong et al., 2007). Still, time-varying
effects such as decreasing decision bounds or an ‘urgency’ signal
might produce decreased sensitivity to later perturbations also in
the DDM and LCA.

Recently, multiple-choice decision tasks have received increas-
ing attention in the context of distinctions between models
(Churchland et al., 2011; Ditterich, 2010; Leite and Ratcliff, 2010;
Purcell et al., 2010).

Analyzing higher-order statistical properties of neurophysio-
logical data from their 2- and 4-alternative random dot motion
task, Churchland et al. (2008, 2011) were able to distinguish
between models categorized by their different sources of
variability. Models with just one source of variability, such as
the LATER model (2.1.2) and a model by Cisek et al. (2009) with
fixed slope, but a random distribution of firing rates at each time-
step, failed to account for the higher-order measures, although
they agreed with behavior and mean firing rates. On the other
hand, all different model implementations of a stochastic
accumulation-to-threshold tested in Churchland et al.’s (2011)
study could account for variance and within-trial correlations, in
addition to behavioral data and first-order firing rates. In
particular, the tested models included the drift–diffusion model
(Ratcliff and Rouder, 1998), a model based on probabilistic
population codes (Beck et al., 2008), and the reduced version of
the attractor model by Wong et al. (2007).

Based on human behavioral data from a random dot motion
task with three alternatives and three motion components,
Ditterich (2010) aimed to distinguish more detailed aspects of
conceptual accumulation-to-bound models with regard to their
goodness of fit and their neurophysiological predictions. Perfect
integrators were compared to leaky, saturating integrators, with
either feedback or feedforward inhibition. As we have seen, in the
case of two alternatives, most of the discussed models proved
equivalent to the DDM for certain parameter ranges (Bogacz et al.,
2006). Therefore, it might not be too surprising that none of the
models could be excluded based only on the fits to behavioral data
of a 3-alternative random dot motion task (Niwa and Ditterich,
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2008). Yet, the models differ substantially in their neurophysio-
logical predictions on how the integrator states should evolve over
time (see Table 2 in Ditterich, 2010). Neuronal recordings from
monkeys performing the same task will hopefully soon provide
clarification. Moreover, feedforward and feedback inhibition
respectively suggest either negative or positive correlation
between the integrator units, which might be tested with multi-
electrode recordings. Finally, in the case of an equal amount of
motion coherence in all three directions, Niwa and Ditterich (2008)
measured faster mean reaction times for higher coherence levels.
While models with feedforward inhibition require a scaling of the
variance of the sensory signals in order to account for this effect,
conceptual models with feedback inhibition could explain the
result just with a change of the mean input (Ditterich, 2010).

Considering the evidence presented in this section, so far two
types of decision-making models have proven particularly
successful. On the one hand, the extended drift–diffusion model
and its connectionist implementations account for a vast range of
behavioral data. They also conceptually represent neural activity
during the decision-making period. On the other hand, the
physiologically detailed attractor model (Rolls and Deco, 2010;
Wang, 2002, 2008) and its reductions (Wong and Wang, 2006),
which mimic real neuronal dynamics, accurately simulate
behavioral data and LIP activity during the random dot motion
task, and in other decision-making tasks including vibrotactile
decision-making in areas such as the ventral premotor cortex
(Deco and Rolls, 2006), and value-based decision-making in the
medial prefrontal cortex (Grabenhorst and Rolls, 2011; Rolls et al.,
2010a,b). Moreover, they account for persistent activity, and the
nonlinear, time-dependent, effects of events that interrupt the
decision-making process (Wong and Huk, 2008; Wong et al., 2007).

With respect to the biologically plausible attractor decision-
making networks, the dynamics relevant to the decision-making
depend on the stability of the spontaneous firing activity state (i.e.,
the low firing rate state in which no decision has yet been made). If,
once the second stimulus is presented, the spontaneous state
destabilizes, then the dynamics rapidly evolves towards one of the
two decision states (Wong and Wang, 2006). This corresponds to a
so called ‘ballistic scenario’ consistent with a linear diffusion
model. On the other hand, if the spontaneous state does not lose
stability but is instead bistable with the decision states, hence
leading to multistability between three possible fixed points (with
a multistable region between the first and second bifurcation),
then, only a sufficiently strong perturbation would drive the
system from the stable spontaneous state to one of the two
decision states (Deco and Rolls, 2006; Rolls and Deco, 2010). This
differs from the earlier ballistic scenario, in which the system will
evolve towards one of the two choices even in the absence of
fluctuations (Wong and Wang, 2006). Thus, in the multistable
regime, fluctuations, perhaps noise-driven, are essential for
decision making. Computational analysis of this scenario showed
that behavior consistent with Weber’s law for decision making
(that the difference between the decision cues Dl/the intensity of
the decision cues l is a constant) is more consistent with a
fluctuation-driven scenario in a multistable regime (Deco and
Rolls, 2006; Deco et al., 2007). In particular, experimental
behavioral evidence showing a Weber’s law like behavior for
the decision-making involved in the discrimination of two
vibrotactile stimuli in humans suggests that the neurodynamical
mechanisms and computational principle underlying this process
are consistent with a fluctuation-driven scenario in a multistable
regime (Deco et al., 2007). In practice, the system works at the
bifurcation between the two scenarios (Roxin and Ledberg, 2008),
and there is a nonlinear modification of the linear diffusion model
(at the exact point of the bifurcation) towards a concave or convex
nonlinear landscape in the direction of one or the other scenarios.
Overall, in this section, we have seen that the biophysically
realistic attractor network model provides a theoretical foundation
for understanding many experimental observations from neuro-
physiological single neuron activity to human and animal behavior
during decision-making. In the following we will describe
developments in this approach that provide an understanding of
many further aspects of decision-making, including how decision-
making tasks with sequential presentation of the stimuli are
implemented, how confidence in a decision before any feedback is
received is an emergent property of the decision-making mecha-
nism, how decisions can be predicted much better than chance
before the evidence for the decision is even presented, how task
difficulty and errors influence the operation of the mechanism, and
how the brain implements decisions between stimuli with
different reward value.

3. Synaptic facilitation as part of the mechanism for sequential
decision-making, and for decision-making with postponed
responses

3.1. Synaptic facilitation and sequential decision-making

Most models of decision-making deal with simultaneous
presentation of the stimuli to be discriminated, l1 and l2. But
in some tasks, such as the vibrotactile discrimination task, the
stimuli are presented sequentially, and the decision is then about
whether the second stimulus applied to the finger is higher or
lower in vibrotactile frequency than the first stimulus (Romo et al.,
2004). One way in which this has been modeled is to assume that
there is a short-term memory of the first stimulus, and then to
analyze the decision-making between the remembered first
stimulus and the second stimulus, both applied simultaneously
to the attractor decision-making network as l1 and l2 (Deco and
Rolls, 2006). This approach also assumes that l1 and l2 are
represented by different neurons, that is, that a place code (Rolls
and Treves, 2011) is used.

By introducing synaptic facilitation into the attractor model, we
have recently been able to develop a model of decision-making
that can account for the memory of the first stimulus as well as the
temporal evolution of how the stimuli are encoded in the neural
firing rate. This means that the model for example captures when
and how the vibrotactile flutter frequencies of both the first and
the second stimulus are reflected in the neural firing rates (Deco
et al., 2010).

The model accounts for the presence and usefulness of partial
differential neurons of the type illustrated in Fig. 6 in the ventral
premotor cortex, which is implicated in vibrotactile decision-
making (Romo et al., 2004). In the ventral premotor cortex (VPC)
some neurons reflect the decision-making itself, responding for
example if the first vibrotactile stimulus (f1) applied to the hand is
higher in flutter frequency than the second (f2), while other
neurons respond to the decision f2 > f1 (see Fig. 2GHI of Romo et al.,
2004). In addition to these neurons, the so called ‘‘partial
differential’’ neurons reflect the memory of f1. The activity of
one of these neurons recorded in the ventral prefrontal cortex
(Romo et al., 2004) is illustrated in Fig. 6. Partial differential
neurons respond to f1 during the presentation of f1, do not respond
in the first part of the delay period, then gradually ramp up towards
the end of the delay period to a firing frequency that reflects f1, and
then during the decision period when f2 is presented are influenced
by f2 (Romo et al., 2004). The responses of partial differential
neurons may be related to the decision-making (Romo et al., 2004),
for as shown in Fig. 6, if f1 > f2 the firing during f2 is higher than
when f1 < f2, for a given f2.

To simulate the neuronal activity during the delay period the
model utilizes synaptic facilitation, a process implemented using a
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Fig. 6. Activity of a single neuron of the ‘‘partially differential’’ type recorded in the ventral premotor cortex (VPC) during the vibrotactile decision-making task, after Romo

et al. (2004), as illustrated in Fig 2JLK of that paper. The f1 period was from 500 to 1000 ms, there was then a delay period, and the f2 period when f2 was applied and the

decision was made was from 4000 to 4500 ms. f2 was in both cases 18 Hz. When f1 was 26 Hz (red plot), the firing rate during f1, and at the end of the delay period, and during

the comparison period when f2 was being applied was higher than when f1 was 10 Hz (black plot). Thus the firing of this type of neuron during f2 helps in the decision that

f1 > f2 when f1 is 26 Hz, and that f1 < f2 when f1 is 10 Hz. Approximately 30 trials were used to generate these peristimulus time histograms for each pair for this single neuron.

After Deco et al. (2010).
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phenomenological model of calcium-mediated transmission
(Mongillo et al., 2008). Synaptic facilitation is caused by the
increased accumulation of residual calcium at the presynaptic
terminals, which increases the probability of neurotransmitter
release (Zucker and Regehr, 2002). This type of synaptic facilitation
is common in higher cortical areas such as the prefrontal cortex
(Hempel et al., 2000; Wang et al., 2006; Zucker and Regehr, 2002).
The synaptic efficacy of the recurrent connections between
excitatory neurons is modulated by the utilization parameter u

(the fraction of resources used) reflecting the calcium level. When a
spike reaches the presynaptic terminal, calcium influx in the
presynaptic terminal causes an increase of u which increases the
release probability of transmitter and thus the strength of that
synapse. The decay time constant of the synaptic facilitation is
regulated by a parameter tF which has been determined
experimentally to be around 1–2 s (Wang et al., 2006), i.e. large
enough to be able to sustain memory and allow comparison for
short delays (3 s in our case).

Another difference between the attractor network with
synaptic facilitation modeling the partial differential neurons
and the basic attractor model described in Section 2.3.1 is that here
the recurrent connections are not sufficient to maintain the
attractor state without external sensory inputs. Consequently, the
model responds to the first stimulus f1, but then the firing
decreases when f1 is removed. Subsequently the firing gradually
increases again due to a non-specific increase in excitation that is
externally applied during the delay period after f1 (Deco et al.,
2010). This non-specific increase in excitation, in conjunction with
the synaptic facilitation, which remains in the recurrent collateral
connections of the network neurons that recently fired due to the
application of f1, is sufficient to reinstate these neurons into firing.
This principle usefully models the delay-related firing shown in
Fig. 6 (Deco et al., 2010). Then when f2 is presented, the firing rate
of the partial differential neurons reflects the vibrotactile
frequencies of both f1 and f2 (Deco et al., 2010). Other neurons
respond to f2 and not to f1. If both these neuron types (the partial
differential and the f2 responding neurons) form the l1 and l2

inputs to a separate attractor decision-making network, then the
correct decision can be computed from l1 which reflects a
combination of f1 and f2, and l2 which reflects only f2. Provided that
the inputs from these two types of neuron to the attractor decision-
making network are scaled appropriately by synaptic strengths
that are trained during a learning period, one population in the
attractor decision-making network will respond when f1 > f2, and
the other when f1 < f2. This is possible because the firing of the
partial differential neurons reflects f2 as well as f1. The decision-
making attractor network then compares the firing of the partial
differential neurons with the firing of the f2 neurons. The decision
taken will be in one direction if f1 is high in frequency relative to f2,
and in the other direction if f1 is low in frequency relative to f2. In
effect, the partial differential neurons allow the value of f2 to be
taken into account in making the decision, so that the attractor
network can reflect just the difference between f1 and f2 (Deco
et al., 2010).

We argue that it is inevitable given the rate encoding with
broad tuning of the neurons in VPC to the vibrotactile stimuli, that
f1 will be contaminated by f2, and that a solution of the type we
propose is needed. Indeed, we argue that the partial differential
neurons of the type illustrated in Fig. 6 are fundamental to the
solution of the decision-making problem by this brain region (Deco
et al., 2010).

3.2. Synaptic facilitation, graded firing rates, and postponed decisions

In the preceding section we showed that a synaptic facilitation
mechanism allows the attractor network to maintain the memory



Fig. 7. Mutual information analyses as a function of time. (Top) Eighty neurons from the medial premotor cortex. Each row corresponds to a different neuron. In the

experiment the f2 stimuli have been applied from 3.5 to 4.0 s. The postponed response delay period is 4.0–7.0 s. The behavioral response can be started with a response signal

given at 7.0 s. The mutual information shown was calculated between firing rate windows of 200-ms (sliding every 100 ms) and the response made by the monkey. (Middle)

Eighty neurons from decision pool 1 of the graded firing rate simulation. Each row is a single neuron. The rows are sorted by the amount of information during the decision

period, 3.5–4.0 s, which corresponds to the f2 period for the MPC neurons. The postponed response period is 4–7 s. The non-selective external input is applied at t = 7.0–7.5 s,

labeled recall period. The mutual information of the simulated firing rates was calculated between the firing rate in a 200-ms sliding window and the firing in the decision

period. (Bottom) Synaptic Facilitation simulation (conventions as in Middle).

After Martinez-Garcia et al. (2011).
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of f1 during the delay between the stimuli f1 and f2 in a sequential
decision-making task (Deco et al., 2010).

In addition to being necessary to perform sequential decision-
making tasks, memory also plays a role in tasks where the decision
is postponed for a period after the evidence has been provided
(Lemus et al., 2007). Using an information theoretic approach to
single-cell neurophysiological data recorded during a sequential
tactile discrimination task with postponed decisions (Lemus et al.,
2007), we were able to analyze at what time during the trial
information about the forthcoming action becomes available. In
particular, we found that information about the forthcoming
action becomes available from the activity of neurons recorded in
the medial premotor cortex in a sequential decision-making task
after the second stimulus is applied that provides the information
for a decision about whether the first or second stimulus was
higher in vibrotactile frequency (Martinez-Garcia et al., 2011).
After this ‘‘decision period’’ the information then decays in a 3 s
delay period in which the decision is postponed and the neuronal
activity declines before the behavioral response can be made. The
information then increases again when the behavioral response is
required in the ‘‘recall period’’ (top panel Fig. 7).

We were able to model the observed neuronal activity using an
attractor decision-making network in which information reflecting
the decision is maintained at a low level during the postponed
response delay period, and is then selectively restored by a non-
specific input when the response is required (Martinez-Garcia
et al., 2011).
One mechanism for the short-term memory is synaptic
facilitation which can implement a mechanism for postponed
decisions that can be correct even when there is little neuronal
firing during the delay period before the postponed decision, as
illustrated in Fig. 7 (bottom panel).

A second mechanism to model the experimental data is graded
firing rates by different neurons in the delay period (Fig. 7, middle
panel). Importantly, also in this scenario, the information about the
decision can be restored by the application of the non-specific
input during the recall period. This is because the higher firing rate
neurons of the ‘‘winner’’ population continue firing during the
postponed response period, and help to activate the whole
population and thus retrieve the decision information when the
non-specific input is applied.

To conclude, either mechanism, synaptic faciliation and graded
firing rates, can account for the experimentally observed activity of
medial premotor cortex neurons and the evolution of the
information about the decision during the decision-making and
delay period before the response is made (Martinez-Garcia et al.,
2011). The two mechanisms have in common the property that a
non-specific input can restore the firing specifically in the correct
attractor population of neurons. The relative contribution of the
two mechanisms could be tested experimentally by increasing the
delay between the decision formation and recall, as the synaptic
memory decays away within a few seconds, and would predict that
delays of more than a few seconds before the delayed response
could occur would not be possible.
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4. Confidence in decisions before the outcome is known

4.1. Decision confidence and discriminability

A fundamental issue in understanding how the brain takes
decisions is to identify a neural signature for decision-making
processes, and to explain how this signature arises as a result of the
operation of dynamic cortical neural networks. Evidence from
single neuron recordings in monkeys (Kim and Shadlen, 1999)
shows that neuronal responses in a motion decision-making task
occur earlier on easy vs difficult trials in a decision-related brain
region, the dorsolateral prefrontal cortex. In the human dorsolat-
eral prefrontal cortex, higher fMRI BOLD signals can be observed on
Fig. 8. (a) Attractor or autoassociation single network architecture for decision-making. T

inputs. The synaptic weights wi j have been associatively modified during training in the p

competes through the inhibitory interneurons (not shown), until one wins the competitio

decision. The noise in the network caused by the random spiking of the neurons means t

more likely to win, and on other trials the neurons in the decision 2 (D2) attractor are mor

when the system will jump out of the spontaneous firing stable (low energy) state, and wh

architecture of the integrate-and-fire network used to model decision-making.

After Rolls et al. (2010a).
easy trials vs difficult trials in a similar decision-making task
(Heekeren et al., 2004). On the basis of these findings it has been
suggested (Heekeren et al., 2004) that the dorsolateral prefrontal
cortex implements a general mechanism for decision-making in
the brain which is thought to involve the comparison of sensory
input signals until a decision criterion is reached and a choice is
made. Thus a neural signature of decision-making seems to involve
higher levels of neural activity when an easy compared to a
difficult decision is taken. However, the fact that some areas of the
brain thought to be involved in decision-making show earlier or
larger neuronal responses on easy trials (Kim and Shadlen, 1999),
and reflect decision confidence (Kiani and Shadlen, 2009), does not
by itself provide a theoretical understanding about what is special
he evidence for decision 1 is applied via the l1 inputs, and for decision 2 via the l2

resence of l1 and at a different time of l2. When l1 and l2 are applied, each attractor

n, and the network falls into one of the high firing rate attractors that represents the

hat on some trials, for given inputs, the neurons in the decision 1 (D1) attractor are

e likely to win. This makes the decision-making probabilistic, for the noise influences

ether it jumps into the high firing state for decision 1 (D1) or decision 2 (D2). (b) The
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about this effect as an indicator of decision-making, or lead to an
understanding of how confidence is computed.

We therefore performed a combined theoretical and experi-
mental fMRI study to investigate the neural correlates of
discriminability in decision-making (Rolls et al., 2010a). Further,
a link from discriminability of the stimuli, measured by Dl (the
difference between the decision stimuli l1 and l2), to confidence
can be made, for it is well established that subjective decision
confidence increases with discriminability (Jonsson et al., 2005;
Vickers, 1979; Vickers and Packer, 1982). Consistently, in rats too
the probability that a trial will be aborted reflecting low decision
confidence also increases with Dl on error trials (Kepecs et al.,
2008). The same investigation thus provided evidence on how
confidence before the outcome is known is represented in the brain
(Rolls et al., 2010a).

The architecture of the integrate-and-fire attractor network
model of decision making that was used is shown in Fig. 8 (Rolls
et al., 2010a). It was found that as Dl increased, the firing rates of
the neurons in the winning attractor became a little higher. The
reason for this was that the decision taken by the attractor, e.g. D1
winning, was supported by the continuing presence of the decision
cues l1 > l2. Because it was an integrate-and-fire network, we
were able to integrate over the currents in all the neuronal pools,
and to convolve these currents with the hemodynamic response
function, to predict that the fMRI BOLD signal would increase as Dl
increased in brain areas where this type of decision-making
process was being implemented (Rolls et al., 2010a). We then
performed two fMRI experiments to test the prediction. We used
decisions about the value of stimuli, about which of a pair from a
set of sequentially presented odors was more pleasant, and about
which of a pair from a set of thermal stimuli sequentially presented
to the hand was more pleasant. The value, measured by their
subjective pleasantness, of these stimuli is represented in the
human orbitofrontal cortex (Rolls et al., 2010a). We found that in
the medial prefrontal cortex, a region just anterior to the
orbitofrontal cortex and previously implicated in reward value-
based decision making (Grabenhorst et al., 2008), the BOLD signal
increased with Dl (Rolls et al., 2010a).

This investigation provided a clear theoretical basis for
understanding the relation between the discriminability of stimuli,
the subjective confidence in a decision before the outcome is
known, the firing rates of and the currents in the neurons in an
attractor decision-making network, and the fMRI BOLD signal
(Rolls et al., 2010a).

4.2. Decision confidence and correct vs incorrect decisions

If one makes a correct decision, consistent with the evidence,
then one’s confidence is higher than when one makes an incorrect
decision (as shown by confidence ratings) (Vickers, 1979; Vickers
and Packer, 1982). Consistent with this, the probability that a rat
will abort a trial to try again is higher if a decision just made is
incorrect (Kepecs et al., 2008). Why does this occur, and in which
brain regions is the underlying processing implemented?

We investigated this in the same decision-making network
illustrated in Fig. 8, and found that the integrate-and-fire attractor
decision-making network predicts higher and shorter latency
neuronal responses, and higher BOLD signals, in brain areas
involved in making choices, on correct than on error trials (Fig. 9)
(Rolls et al., 2010b). Moreover, the firing rate increases approxi-
mately linearly with Dl on correct trials, and decreases with Dl on
error trials. The reason for this behavior of the choice attractor
network is that on correct trials, when the network influenced by
the spiking noise has reached an attractor state supported by the
recurrent connections between the neurons, the external inputs to
the network that provide the evidence for the decision will have
firing rates that are consistent with the decision, so the firing rate
of the winning attractor will be higher when the correct attractor
(given the evidence) wins the competition than when the incorrect
attractor wins the competition.

We then showed in an experimental fMRI investigation that this
BOLD signature of correct vs incorrect decisions, which reflects
confidence in whether a decision just taken is correct, is found in
the medial prefrontal cortex area 10, the posterior and subgenual
cingulate cortex, and the dorsolateral prefrontal cortex, but not in
the mid-orbitofrontal cortex, where activations instead reflect the
pleasantness or subjective affective value of the stimuli used as
inputs to the choice decision-making process (Rolls et al., 2010b).

This approach to decision-making, in contrast to some
mathematical models of decision-making as an accumulation or
diffusion process reviewed above, thus makes testable predictions
about how correct vs error performance is implemented in the
brain, and these predictions are supported by experimental results
showing that areas involved in choice decision-making (or that
receive from them) have activity consistent with these predictions,
and that other areas not involved in the choice-making part of the
process do not (Rolls and Deco, 2010).

These investigations thus provide evidence that the medial
prefrontal cortex area 10 is involved in taking decisions about
reward value, using an attractor decision-making network
architecture.

4.3. Decisions about decisions: monitoring decisions

We have seen that after a categorical decision there is
nevertheless a continuous-valued representation of decision
confidence encoded in the firing rates of the neurons in a
decision-making integrate-and-fire attractor neuronal network
(Fig. 9) (Rolls and Deco, 2010; Rolls et al., 2010a,b). What happens
if instead of having to report or assess the continuous-valued
representation of confidence in a decision one has taken, one needs
to take a decision based on one’s (partly) continuous-valued
confidence estimate that one has just made a correct or incorrect
decision? One might for example wait for a reward if one thinks
one’s decision was correct, or alternatively stop waiting on that
trial and start another trial or action. We propose that in this case,
one needs a second decision-making network, which takes
decisions based on one’s decision confidence (Insabato et al., 2010).

The architecture for such a system is illustrated in Fig. 10. The
first network takes decisions conventionally based on its inputs lA

and lB. We now consider the operation of the confidence decision
(second) network. The confidence network has two selective pools
of neurons, one of which (C) responds to represent confidence in
the decision, and the other of which responds when there is little or
a lack of confidence in the decision (LC). (In the experiment of
Kepecs et al. (2008), C corresponds to a decision to stay and wait for
a reward, i.e. what they call the positive outcome population,
though it really represents confidence or a prediction that the
decision just taken will have a positive outcome. LC corresponds to
a decision to abort a trial and not wait for a possible reward, i.e.
what they call the negative outcome population, though it really
represents lack of confidence that the decision just taken will have
a positive outcome, equivalent to confidence that the decision just
taken will have a negative outcome.) If the output firing of the
winning attractor of the first, decision-making, network (whether
DA or DB, reflected in their sum) is high because the decision just
taken has sensory inputs consonant with the decision, then the
confidence decision network acting as a second level network takes
the decision, probabilistically as before, to have confidence in the
decision, and the C population probabilistically wins the competi-
tion. If the output firing of DA and DB (reflected in their sum) is low
because the decision just taken has sensory inputs that are not



Fig. 9. (a) and (d) Firing rates (mean � sd) for correct and error trials for an intermediate level of difficulty (DI = 32). The period 0–2 s is the spontaneous firing, and the decision cues

were turned on at time = 2 s. The means were calculated over 1000 trials. D1: firing rate of the D1 population of neurons, which is the correct population. D2: firing rate of the D2

population of neurons, which is the incorrect population. A correct trial was one in which the mean rate of the D1 attractor averaged > 10 spikes/s than that of the competing

population for the last 1000 ms of the simulation runs. (Given the attractor nature of the network and the parameters used, the network reached one of the attractors on >90% of the

1000 trials, and this criterion clearly separated these trials, as indicated by the mean rates and standard deviations for the last s of the simulation as shown.) (b) and (e) The firing

rates of the four populations of neurons on a single trial for a correct (b) and error (e) decision. Inh is the inhibitory population that uses GABA as a transmitter. NSp is the non-specific

population of neurons (see Fig. 8). (c) and (f) Rastergrams for the trials shown in (b) and (e). 10 neurons from each of the four pools of neurons are shown.

After Rolls et al. (2010b).
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consonant with the decision, then with weaker driving inputs to
the C network, it loses the competition with LC. The confidence
network in this case takes the decision, probabilistically as before,
to have a lack of confidence in the decision, in that the LC
population wins the competition. The confidence decision network
thus acts as a decision-making network to make confident
decisions if the firing rates from the first, decision-making,
network are high, and to make lack of confidence decisions if
the firing rates from the first, decision-making, network are low
(Insabato et al., 2010).
The finding that the changes of firing rates found in the rat by
Kepecs et al. (2008), as a function of Dl are comparable with those
in the model provides good support for the model (Insabato et al.,
2010).

This approach indicates that an integrate-and-fire attractor
neuronal decision-making network encodes confidence in its firing
rates, and that adding a second attractor network allows decisions
to be made about whether to change the decision made by the first
network, and for example abort the trial or strategy. The second
network, the confidence decision network, is in effect monitoring
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Fig. 10. Network architecture for decisions about confidence estimates. The first network is a decision-making network, and its outputs are sent to a second network that

makes decisions based on the firing rates from the first network, which reflect the decision confidence. In the first network, high firing of neuronal population (or pool) DA

represents decision A, and high firing of population DB represents decision B. Pools DA and DB receive stimulus-related inputs l1 and l2, the evidence for each of the decisions,

and these bias the attractor networks, which have internal positive feedback produced by the recurrent excitatory connections (RC). Pools DA and DB compete through

inhibitory interneurons. The neurons are integrate-and-fire spiking neurons with random spiking times (for a given mean firing rate) which introduce noise into the network

and influence the decision-making, making it probabilistic. The second network is a confidence decision attractor network, and receives inputs from the first network. The

confidence decision network has two selective pools of neurons, one of which (C) responds to represent confidence in the decision, and the other of which responds when

there is little or a lack of confidence in the decision (LC). The C neurons receive the outputs from the selective pools of the (first) decision-making network, and the LC neurons

receive lReference which is from the same source but saturates at 40 spikes/s, a rate that is close to the rates averaged across correct and error trials of the sum of the firing in the

selective pools in the (first) decision-making network. (After Rolls and Deco, 2010; and Insabato et al., 2010.)
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the decisions taken by the first network, and can cause a change of
strategy or behavior if the assessment of the decision taken by the
first network does not seem a confident decision. The implication is
that some types of ‘self-monitoring’ can be accounted for by
simple, two-attractor network, computational processes. Other
types of self-monitoring may be more complex (Rolls, 2011,
2012b).

5. Predictions of decisions from noise in the brain even before
the evidence for the decision has been provided

One of the crucial concepts of the biologically plausible
integrate-and-fire attractor decision-making networks that we
have been investigating is that there is internal noise or
randomness in the system due to the close to Poisson spike
time distribution of the neuronal action potentials, which when
combined with the finite size of the network, leads to statistical
fluctuations and thus to probabilistic decision-making (Rolls and
Deco, 2010). These statistical fluctuations are evident in the firing
rates of the neurons in the spontaneous firing rate period before
the decision cues are applied. If these fluctuations increase the
firing rates of one of the decision pools before the cues are
applied more than the other decision pool, then this can make the
pool with the higher rates when the decision cues are applied
more likely to win the competition (Rolls and Deco, 2011b).
Indeed, we have shown that it is possible to predict which
decision will be taken, with 0 or low values of Dl, to more than
70% correct (Rolls and Deco, 2011b). This has interesting
implications for understanding determinism and free will (Rolls,
2011, 2012b).
6. What influences noise in the brain, and does noise still apply
in large biologically plausible networks?

6.1. Graded firing rate representations increase noise in decision-

making networks

Representations in the cortex are often distributed with graded
firing rates in the neuronal populations (Rolls, 2008; Rolls and
Treves, 2011). The firing rate probability distribution of each
neuron to a set of stimuli is often exponential or gamma. In
processes in the brain such as decision-making that are influenced
by the noise produced by the close to random spike timings of each
neuron for a given mean rate, the noise with this graded type of
representation may be larger than with the binary firing rate
distribution that is usually investigated.

In integrate-and-fire simulations of an attractor decision-
making network, we showed that the noise is indeed greater for
a given sparseness of the representation for graded, exponential,
than for binary firing rate distributions (Webb et al., 2011). The
greater noise was measured by faster escaping times from the
spontaneous firing rate state when the decision cues are applied,
and this corresponds to faster decision or reaction times. The
greater noise was also evident as less stability of the spontaneous
firing state before the decision cues are applied.

The implication is that spiking-related noise will continue to be
a factor that influences processes such as decision-making, signal
detection, short-term memory, and memory recall even with the
quite large networks found in the cerebral cortex. In these
networks there are several thousand recurrent collateral synapses
onto each neuron. The greater noise with graded firing rate
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distributions has the advantage that it can increase the speed of
operation of cortical circuitry (Webb et al., 2011).

6.2. Diluted network connectivity decreases the noise in decision-

making networks

The connectivity of the cerebral cortex is diluted, with the
probability of excitatory connections between even nearby
pyramidal cells rarely more than 0.1, and in the hippocampus
0.04 (Rolls, 2008).

To investigate the extent to which this diluted connectivity
affects the dynamics of attractor networks in the cerebral cortex,
we simulated an integrate-and-fire attractor network taking
decisions between competing inputs with diluted connectivity
of 0.25 or 0.1, and with the same number of synaptic connections
per neuron for the recurrent collateral synapses within an attractor
population as for full connectivity (Rolls and Webb, 2012).

The results indicated that there was less spiking-related noise
with the diluted connectivity in that the stability of the network
when in the spontaneous state of firing increased, and the accuracy
of the correct decisions increased. The decision times were a little
slower with diluted than with complete connectivity (Rolls and
Webb, 2012).

Given that the capacity of the network is set by the number of
recurrent collateral synaptic connections per neuron (Rolls, 2008),
on which there is a biological limit, the findings indicate that the
stability of cortical networks, and the accuracy of their correct
decisions or memory recall operations, can be increased by
utilizing diluted connectivity and correspondingly increasing the
number of neurons in the network, with little impact on the speed
of processing of the cortex. Thus diluted connectivity can decrease
cortical spiking-related noise.

In addition, we showed that in this decision-making network
the Fano factor for the trial-to-trial variability of the neuronal firing
decreases from the spontaneous firing state value when the
attractor network makes a decision (Rolls and Webb, 2012),
providing a neuronal network account of this change in variability
found in many cortical regions when they are activated (Church-
land et al., 2010).

7. Dynamical neuropsychiatry

There are two types of stability that it is important to recognize
in attractor networks in the brain, including those involved in
decision-making.

The first is that the high firing rate attractor states must be
maintained sufficiently high in firing rate that they are stable, due
to the positive feedback in the recurrent collaterals dominating the
spiking noise-driven fluctuations that may tend to knock the
system out of its high firing rate attractor. If the rates are
insufficiently high, due to for example reduced glutamatergic
excitatory transmitter efficacy, then the poor stability may result
in poor working memory and attention (Rolls, 2005, 2008; Rolls
and Deco, 2010). This has been related to the cognitive symptoms
of schizophrenia, which may include difficulty in working memory
and attention (Loh et al., 2007a; Rolls, 2005, 2008, 2012a; Rolls and
Deco, 2010, 2011a; Rolls et al., 2008b), and normal aging (Rolls,
2008; Rolls and Deco, 2010). Too much stability of the high firing
rate attractor states, produced for example by hyperglutamatergia,
may contribute to the symptoms of obsessive–compulsive
disorder, by making attractors (in different brain systems in
different individuals) too persistent (Rolls, 2012a; Rolls et al.,
2008a).

The second type of stability is that of the low firing rate
spontaneous state, when decision or memory recall cues are not
being applied. Too little stability here, caused for example by GABA
downregulation, could cause attractor networks to jump without
provocation by a stimulus, into a high firing rate state produced by
the spiking-related noise (Loh et al., 2007a,b; Rolls, 2008). It has
been suggested that the positive symptoms of schizophrenia may
be related to reduced inhibition in attractor networks (Loh et al.,
2007a,b; Rolls, 2008, 2012a; Rolls and Deco, 2011a; Rolls et al.,
2008b).

There are implications for treatment suggested by these
approaches for neuropsychiatry (Rolls, 2012a; Rolls and Deco,
2011a; Rolls et al., 2008b).

8. Decision-making, oscillations, and communication through
coherence

Oscillations in the brain (Buzsaki, 2006; Wang, 2010) may
influence decision-making. For example, theta oscillations in-
creased the speed of operation of a decision-making attractor
network (Smerieri et al., 2010). The mechanisms involved may
have included concentrating the spikes in the network close
together to facilitate the speed of response of neurons, and
increasing the firing rate above a threshold for part of the theta
cycle in a mechanism like stochastic resonance (Rolls and Treves,
2011; Smerieri et al., 2010). Gamma band synchronization also has
effects that could influence decision-making (Buehlmann and
Deco, 2010), though information transmission from one attractor
decision-making network to another occurs at far lower values of
the synaptic connection weights between the two networks than
are required for gamma synchronization (Rolls et al., 2012). This
raises important questions (Rolls and Treves, 2011; Rolls et al.,
2012) about the hypothesis of communication through coherence
(Fries, 2005, 2009) at least in the context of connected decision-
making attractor networks.

A mechanism by which oscillations may influence neuronal
firing and decision-making is by resetting neuronal activity. For
example, a process such as memory recall may occur within a
single theta cycle, and then be quenched so that a new attempt at
recall can be made in the next theta cycle. This has the potential
advantage that in a changing, ambiguous, or uncertain situation,
several attempts can be made at the memory recall, without
previous attempts dominating the memory state for a period due
to attractor dynamics in autoassociation networks (Rolls and
Treves (1998) page 118). Effects consistent with this prediction
have recently been observed in the rat hippocampus (Jezek et al.,
2011): in response to an instantaneous transition between two
familiar and similar spatial contexts, hippocampal neurons in one
theta cycle indicated one place, and in another theta cycle another
place. These findings indicate that, in hippocampal CA3, pattern-
completion dynamics can occur within each individual theta cycle.
Reset, with potentially different recall in different theta cycles, may
facilitate rapid updating and correction of recall. Memory recall
may be seen as the same neural network process as decision-
making in an attractor network (Rolls, 2008).

9. Conclusions

The operation of attractor decision-making networks described
here applies to the use of attractor networks in the brain for many
other processes, depending on the cortical region, including short-
term memory, long-term memory, attention, associative thought
processes, creativity, and disordered thought processes (Rolls,
2008, 2012b; Rolls and Deco, 2010). In all these cases, there is a
transition to a categorical state determined by the input, the noise,
and the possible attractor states in the network.

The approach taken here and elsewhere (Rolls, 2008, 2012b;
Rolls and Deco, 2010) is towards how the dynamics of attractor
networks used for decision-making and related functions is
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implemented neurobiologically, and in this respect is what we
term a ‘mechanistic’ model. This may be contrasted with what we
describe as ‘phenomenological’ models, which may model
phenomena at some abstract level. Examples in the area of
decision-making are the accumulator, counter, or race models of
decision-making in which the noisy evidence for different choices
accumulates by integration until some threshold is reached (see
Section 2). In contrast to the ‘mechanistic’ approach taken here,
such ‘phenomenological’ models do not describe a neurobiological
mechanism, do not make specific predictions about how neuronal
firing rates, synaptic currents, or BOLD signals will alter as
decisions become easier, and do not make specific predictions
about confidence in a decision, but do account for behavioral
performance. In this context, it is of interest that the integrate-and-
fire attractor network approach as well as some of the other
approaches can be analyzed as diffusion processes (Roxin and
Ledberg, 2008), and that the attractor approach is not inconsistent
with these accumulator or with Bayesian (Beck et al., 2008; Ma
et al., 2006, 2008) approaches, but instead defines a mechanism,
from which many important properties emerge, such as a
representation of decision confidence on correct and error trials,
as shown here, and specific predictions that can be tested with the
experimental methods of neuroscience. We emphasize that the
empirical data alone are not sufficient to provide an understanding
of how a complex process such as decision-making takes place in
the brain, and that to understand the mechanism of decision-
making (and related categorization processes), to make predic-
tions, and to suggest treatments for disorders of the dynamical
processes involved, the empirical data must be complemented by a
mechanistic neurobiologically based theory and model.
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