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How does the brain use prior expecta-
tions to optimize the processing of incom-
ing sensory information? This important
question is a specific instance of the prob-
lem addressed by Bayes theorem: what is
the optimal way to combine newly ac-
quired information (evidence) with that
which is already believed to be true (the
prior)?

Consider a classic and well studied
model for sensory evidence accumulation:
the moving-dots task (Britten et al., 1992).
In this task, the subject sees a field of
(mainly) randomly moving dots, within
which a small number of dots move coher-
ently toward the left or right; the subject’s
task is to indicate the direction of coherent
motion. If in fact the direction of coherent
motion is rightward 80% of the time and
leftward only 20%, this prior information
could be used to facilitate performance—
either to decrease reaction times (because
only a little evidence is required to confirm
the prior expectation that dots are moving
rightwards) or to increase accuracy (because
if the subject is not sure which is the correct
direction, he can increase his chances of
guessing correctly by guessing in favor of the
prior).

When integrating prior expectations and
sensory evidence, the optimal solution ac-
cording to Bayesian theory is to weight each
according to its reliability—so if sensory ev-
idence is weak, an observer should rely more
upon the prior and vice versa. To achieve the
optimum weighting, an estimate of reliabil-
ity is needed for both sensory evidence and
prior. This is particularly problematic in the
case of sensory evidence, since evidence
quality may vary unpredictably—in the
moving-dots task, the experimenter con-
trols the quality of sensory evidence by ma-
nipulating the proportion of coherently
moving dots, but from the subject’s point of
view there is no way to know beforehand
whether each trial will be high or low
coherence.

In a recent paper, Hanks et al. (2011)
offered the interesting and parsimonious
suggestion that the time taken to arrive at
a decision may in fact be used as a measure
of sensory evidence quality. Their reason-
ing follows from the dominant mathe-
matical model of evidence accumulation:
the drift-diffusion model [see Hanks et al.
(2011), their Fig. 3]. In the drift-diffusion
model, the accumulated evidence in favor
of two opposing options (such as leftward
or rightward motion) is represented by a
decision variable, v(t). At the start of evi-
dence accumulation, the value of v(t) is
zero, and a decision in favor of leftward or
rightward motion will be made when v(t)
reaches some bound, �A and �A respec-
tively. In each time step �t, v(t) increases
slightly if evidence during �t is in favor of
rightward motion, and decreases slightly

if the evidence is in favor of leftward mo-
tion. Thus, the value of v(t) drifts over
time toward one of the decision bounds,
with the rate of drift determined by the
weight of evidence in favor of rightward
versus leftward motion. High-coherence
(strong-evidence) stimuli cause a rapid
drift toward one or other bound and
therefore lead to short decision times. In
contrast, if there is little evidence in favor
of one or other motion direction, the ac-
cumulator may take a very long time to
reach a bound. Consequently, if the evi-
dence accumulation process continues for
a long time, this in itself indicates that the
quality of sensory evidence is low.

The suggestion that long decision times
are associated with low accuracy is borne
out by behavioral evidence: for moving-dot
stimuli with equal priors, Hanks et al. (2011)
plotted the probability of a correct decision
as a function of decision time (their Fig.
4). The probability of a correct decision
decreased as decision time increased.
They then proposed a Bayes-optimal model
in which the prior is manifested as a time-
dependent bias signal, �(t), that is propor-
tional to the ratio of the logarithm of the
odds of being correct given the before the
logarithm of the posterior odds of being cor-
rect based on the evidence, given the elapsed
time t [see Hanks et al. (2011), their Eq. 2].
This means that the longer the evidence ac-
cumulation process goes on, the greater the
effect of the prior on the eventual decision.

Two lines of evidence support their
model. First, the model incorporating the
time-dependent prior was a better predic-
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tor of behavioral performance than either
a baseline-shift model (in which the prior
has a static influence), or a combination
of a baseline-shift and an urgency-signal
model, which requires less sensory evi-
dence strength at longer decision times,
but in which there is no interaction be-
tween decision time and influence of the
prior. Second, the activity of lateral intra-
parietal area (LIP) neurons, the putative
neural correlate of evidence accumula-
tion, ramped up toward the prior more
rapidly at longer decision times; the rate of
build-up, but not prestimulus baseline
shifts in activity, predicted behavioral per-
formance on a trial-to-trial basis.

How can the time-dependent bias be
incorporated into current models of sen-
sory evidence accumulation?

The use of decision time as a measure
of sensory evidence quality is appealing
because it gives a mechanistic explanation
of how evidence quality can be assessed
without recourse to an external, meta-
cognitive measure of certainty (although,
interestingly, monkeys do seem to be able
to use an estimate of their own certainty,
to “opt out” of trials in which they are
unsure of the correct answer) (Kiani and
Shadlen 2009). However, if the influence
of prior expectations varies over time,
where does this time-dependent signal
come from?

The drift-diffusion model, and its pu-
tative neural instantiation, are appealingly
parsimonious, but cannot account for the
time-varying influence of the prior. Cur-
rent understanding is that neurons in vi-
sual motion area MT are sensitive to the
moment-to-moment evidence in favor of
one direction of motion (Britten et al.
1992). This evidence is fed into saccade-
selective neurons in LIP, which accumu-
late evidence in favor of one or other
direction of motion (and hence, one or
other saccadic response), ramping up
their activity if the saccadic target in their
receptive field represents the correct re-
sponse. The activity of LIP neurons
closely resembles the behavior of the
drift-diffusion model.

Previously, the incorporation of prior
probabilities has been modeled as a shift
in one of the bounds of the diffusion pro-
cess, or in the initial or baseline value of
v(t) (Simen et al. 2009; Forstmann et al.
2010). Neurally, a baseline shift could be

instantiated as a change in the baseline fir-
ing rate of the neuron. However, baseline-
shift models imply a constant effect of the
prior, not a decision-time dependent ef-
fect as observed by Hanks et al. (2011).
More fundamentally, baseline-shift mod-
els cannot adjust the influence of the prior
based on sensory evidence quality, because
sensory evidence quality is not known at the
start of the trial when the baseline shift
would be implemented; therefore, in the
context of unpredictable sensory evidence
quality, any such model is necessarily
nonoptimal.

In contrast, Hanks et al. (2011) mod-
eled the effect of the prior as a temporally
dependent bias signal that is added to the
drift-diffusion process. This is the Bayes-
optimal solution and fits the data, but a
time-dependent bias signal cannot be mod-
eled in terms of the generative processes for
a drift-diffusion model (simply, the integra-
tion over time of the moment-to-moment
evidence in favor of each option). This
leaves two possibilities. Either the time-
dependent bias must be understood in
terms of some dynamics in the nervous sys-
tem that are not captured by the drift-
diffusion model but could perhaps be
captured by a more complex neural net-
work model, or there is a time-dependent
signal being fed into LIP from elsewhere in
the brain.

If future work is to address the prob-
lem, three points may be germane.

First, using the time-dependent accuracy
function to compute a time-dependent bias
signal is the Bayes-optimal solution, in the
sense that sensory evidence and prior are
weighted according to their estimated reli-
abilities. However, the amount of time spent
in evidence accumulation for ecologically
optimal behavior must also depend on the
relative cost of making an error as opposed
to the benefit of making a correct decision.
Therefore time-dependent urgency signals
might also be expected to play a role in
decision-related ramping activity (Cisek et
al., 2009). Hanks et al. (2011) demonstrate
that the time-dependent accuracy function
varies when the speed-accuracy trade-off is
manipulated; to what extent are urgency
and time-dependent accuracy linked?

Second, time-dependent variation in
LIP activity has been observed outside the
context of sensory evidence accumula-
tion. Janssen and Shadlen (2005) manip-

ulated the probability that a saccadic
target would appear as a function of time
and showed the LIP activity tracked this
temporally-dependent probability, even
when the hazard function was bimodal, so
that activity rose to a peak, fell back, and
rose to a second peak. Any model for a
time-dependent bias signal should be suf-
ficiently flexible to explain these results as
well as the simpler monotonic effect re-
ported by Hanks et al. (2011).

Finally, it may be possible to separate
the duration of evidence accumulation
from uncertainty. In the moving-dots
task, there is no way to estimate sensory
evidence quality other than by the rate of
evidence accumulation, but this is not
necessarily true of all tasks. For example,
Yang and Shadlen (2007) showed that LIP
neurons accumulated evidence in favor of
a leftward or rightward saccade when a
series of shapes, each indicating probabil-
ity that the left or right target will be re-
warded, are presented sequentially. If each
shape represented a probability distribu-
tion, some with more variance than oth-
ers, then sensory evidence quality could
be dissociated from the rate of change of
sensory evidence.
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