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about me

• Research focus is rodent cognition 
• Joined NYU Shanghai in Fall 2014 
• Published some recent papers on rodent 

models of accumulation of evidence for 
perceptual decisions. 

• I live here, so no hotel or flight costs for 
organizers!



Classic perceptual decisions:

Wide or Tall

















Easy decisions are fast… 
…hard decisions are slow



social decisions   “who do I talk to?”                Krajbich, 2012  

economic decisions       “which investment do I make?”      Gluth, 2012 

gambling decisions        “which number will I bet on?”     Busemeyer, 1993 

memory decisions          “what does this remind me of?”       Ratcliff, 1978 

visual search decisions  “where is the object I’m looking for?”   Purcell, 2010 

value decisions              “which ice cream do I get?”     Milosavljevic, 2012 

perceptual decisions  “Were there more events on left or right?”  Brunton, 2013

Easy decisions are fast… 
…hard decisions are slow

why?



Outline

• Part 1 - Noise in the brain 
• Part 2 - Perception as statistical inference 
• Part 3 - Neural mechanisms for accumulation



Before choice, perception



Neural signaling



Noise is an intrinsic property of neural systems

Physiological interpretations of the model and mechanisms for
neural read-out of sensory information in higher brain areas are thus
important directions for future research.

Nevertheless, the generalized linear model offers a concise, com-
putationally tractable description of the population encoding pro-
cess, and provides the first generative description of the space–time
dependencies in stimulus-induced population activity. It allows us to
quantify the relative contributions of stimulus, spike history and

network interactions to the encoding and decoding of visual stimuli,
and clarifies the relationship between single-cell and population vari-
ability. More generally, the model can be used to assess which features
of the visual environment are encoded with highest and lowest fidel-
ity, and to determine how the structure of the neural code constrains
perceptual capabilities. We expect this framework to extend to other
brain areas, and to have an important role in revealing the informa-
tion processing capabilities of spiking neural populations4,19,24,25.

{

p(s)

p(s|r)

p(r|s)
Encoding

model
Bayesian
decoding

40

30

20

10

0

1.5

0

lo
g 

S
N

R
 (b

its
 p

er
 s

)

Bayesian decoding
6 20 40

lo
g 

S
N

R
 (b

its
)

Temporal frequency (Hz)

a b c

Li
ne

ar
 d

ec
od

in
g

P
oi

ss
on

 m
od

el

U
nc

ou
pl

ed
 m

od
el

Fu
ll 

m
od

el

Figure 4 | Decoding performance comparison. a, Shown is a Bayesian
decoding schematic: to estimate an unknown stimulus segment from a set of
observed spike times (highlighted in boxes), the stimulus prior distribution
p(s) is multiplied by the model-defined likelihood p(r | s) to obtain the
posterior p(s | r). The posterior mean is the Bayes’ least-squares stimulus
estimate. b, Log of the SNR for linear decoding, as well as for Bayesian
decoding under the Poisson, uncoupled and full models6. The full model

preserves 20% more information than the uncoupled model, which indicates
that there is additional sensory information available from the population
response when correlations are taken into account. Error bars show 95%
confidence intervals based on 2,000 bootstrap resamplings of 3,000 decoded
stimulus segments. c, Log SNR decomposed as a function of temporal
frequency for various decoding methods (Poisson omitted for clarity).
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Figure 3 | Spike-train prediction comparison. a, Raster of responses of an
ON RGC to 25 repeats of a novel 1-s stimulus (top), and responses of
uncoupled (middle) and full (bottom) models to the same stimulus. b, PSTH
of the RGC (black), uncoupled (blue) and coupled (red) model; both models
account for ,84% of the variance of the true PSTH. c, PSTH prediction by
full and uncoupled models, showing that coupling confers no advantage in
predicting average responses. d, Log-likelihood of novel RGC spike
responses under full and uncoupled models; the full model provides 8%
more information about novel spike trains. e, Magnified 150-ms portion of
RGC raster and PSTH (grey box in a). Red dots highlight RGC spike times on
selected individual trials, which are replotted in f. f, Single-trial spike-train
prediction using the coupled model. The top half of each plot shows the

population activity on a single trial: true spike times of the cell (red dots),
coupled ON cells (light grey dots) and coupled OFF cells (dark grey dots;
each line in the raster shows the spike times of a different cell). The bottom
half of each plot shows a raster of 50 predicted responses of the cell in
question, using both the stimulus and coupled responses (shown above) to
predict spike trains. The red trace shows the single-trial rate prediction
(population-conditioned PSTH), compared with true PSTH of the cell
(black trace, identical in all plots). g, Correlation coefficient of true spike
trains with the PSTH (ordinate) and with population-conditioned
predictions (abscissa); the full model predicts single-trial responses with
higher accuracy than the true PSTH.
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Noise propagates from one neuron to the next

Physiological interpretations of the model and mechanisms for
neural read-out of sensory information in higher brain areas are thus
important directions for future research.

Nevertheless, the generalized linear model offers a concise, com-
putationally tractable description of the population encoding pro-
cess, and provides the first generative description of the space–time
dependencies in stimulus-induced population activity. It allows us to
quantify the relative contributions of stimulus, spike history and

network interactions to the encoding and decoding of visual stimuli,
and clarifies the relationship between single-cell and population vari-
ability. More generally, the model can be used to assess which features
of the visual environment are encoded with highest and lowest fidel-
ity, and to determine how the structure of the neural code constrains
perceptual capabilities. We expect this framework to extend to other
brain areas, and to have an important role in revealing the informa-
tion processing capabilities of spiking neural populations4,19,24,25.
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Figure 4 | Decoding performance comparison. a, Shown is a Bayesian
decoding schematic: to estimate an unknown stimulus segment from a set of
observed spike times (highlighted in boxes), the stimulus prior distribution
p(s) is multiplied by the model-defined likelihood p(r | s) to obtain the
posterior p(s | r). The posterior mean is the Bayes’ least-squares stimulus
estimate. b, Log of the SNR for linear decoding, as well as for Bayesian
decoding under the Poisson, uncoupled and full models6. The full model

preserves 20% more information than the uncoupled model, which indicates
that there is additional sensory information available from the population
response when correlations are taken into account. Error bars show 95%
confidence intervals based on 2,000 bootstrap resamplings of 3,000 decoded
stimulus segments. c, Log SNR decomposed as a function of temporal
frequency for various decoding methods (Poisson omitted for clarity).
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Figure 3 | Spike-train prediction comparison. a, Raster of responses of an
ON RGC to 25 repeats of a novel 1-s stimulus (top), and responses of
uncoupled (middle) and full (bottom) models to the same stimulus. b, PSTH
of the RGC (black), uncoupled (blue) and coupled (red) model; both models
account for ,84% of the variance of the true PSTH. c, PSTH prediction by
full and uncoupled models, showing that coupling confers no advantage in
predicting average responses. d, Log-likelihood of novel RGC spike
responses under full and uncoupled models; the full model provides 8%
more information about novel spike trains. e, Magnified 150-ms portion of
RGC raster and PSTH (grey box in a). Red dots highlight RGC spike times on
selected individual trials, which are replotted in f. f, Single-trial spike-train
prediction using the coupled model. The top half of each plot shows the

population activity on a single trial: true spike times of the cell (red dots),
coupled ON cells (light grey dots) and coupled OFF cells (dark grey dots;
each line in the raster shows the spike times of a different cell). The bottom
half of each plot shows a raster of 50 predicted responses of the cell in
question, using both the stimulus and coupled responses (shown above) to
predict spike trains. The red trace shows the single-trial rate prediction
(population-conditioned PSTH), compared with true PSTH of the cell
(black trace, identical in all plots). g, Correlation coefficient of true spike
trains with the PSTH (ordinate) and with population-conditioned
predictions (abscissa); the full model predicts single-trial responses with
higher accuracy than the true PSTH.
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between receptive field centres15. We found that fitted stimulus filters
have smaller surrounds than the spike-triggered average, indicating
that a portion of the classical surround can be explained by interac-
tions between cells21 (see Supplementary Information).

To assess accuracy in capturing the statistical dependencies in
population responses, we compared the pairwise cross-correlation
function (CCF) of RGCs and simulated model spike trains (Fig. 2).
For nearby ON–ON and OFF–OFF pairs, the CCF exhibits a sharp
peak at zero, indicating the prevalence of synchronous spikes; how-
ever, for ON–OFF pairs, a trough at zero indicates an absence of
synchrony. For all 351 possible pairings, the model accurately repro-
duces the CCF (Fig. 2a–c, e, f).

To examine whether inter-neuronal coupling was necessary to
capture the response correlation structure, we re-fitted the model
without coupling filters (that is, so that each cell’s response depends
only on the stimulus and its own spike-train history). This
‘uncoupled model’ assumes that cells encode the stimulus indepen-
dently, although correlations may still arise from the overlap of
stimulus filters. However, the uncoupled model fails to reproduce
the sharp CCF peaks observed in the data. These peaks are also absent
from CCFs computed on trial-shuffled data, indicating that fast-
timescale correlations are not stimulus-induced and therefore cannot
be captured by any independent encoding model.

Higher-order statistical dependencies were considered by inspect-
ing correlations in three-neuron groups: triplet CCFs show the spike
rate of one cell as a function of the relative time to spikes in two other
cells (Fig. 2e–g)15. For adjacent neurons of the same type, triplet CCFs
have substantial peaks at zero (‘triplet synchrony’), which are well
matched by the full model.

Although the full and uncoupled models differ substantially in
their statistical dependencies, the two models predict average light
responses in individual cells with nearly identical accuracy, capturing
80–95% of the variance in the peri-stimulus time histogram (PSTH)
in 26 out of 27 cells (Fig. 3a–c). Both models therefore accurately
describe average single-cell responses to new stimuli. However, the
full model achieves higher accuracy, predicting multi-neuronal spike
responses on a single trial (8 6 3% more bits per spike, Fig. 3d). This
discrepancy can be explained by the fact that noise is shared across

neurons. Shared variability means that population activity carries
information about a single cell’s response (owing to coupling
between cells) beyond that provided by the stimulus alone.
Individual neurons therefore appear less noisy when conditioned
on spiking activity in the rest of the population than they appear in
raster plots.

We measured the effect of correlations on single-trial, single-cell
spike-train prediction by using the model to draw samples of a single
cell’s response given both the stimulus and the spiking activity in the
rest of the population on a single trial (Fig. 3e, f). Averaging the
resulting raster plot gives a prediction of the cell’s single-trial spike
rate, or ‘population-conditioned’ PSTH for a single trial. We com-
pared these predictions with the cell’s true spike times (binned at
2 ms) across all trials and found that on nearly every trial, the model-
based prediction is more highly correlated with the observed spikes
than the neuron’s full PSTH (Fig. 3g). Note that the full PSTH
achieves the highest correlation possible for any trial-independent
prediction. Thus, by exploiting the correlation structure, the coupled
model predicts single-neuron spike times more accurately than any
independent encoding model.

Although the full model accurately captures dependencies in the
activity of RGCs, it is not obvious a priori whether these dependencies
affect the amount of sensory information conveyed by RGC res-
ponses. In principle, the correlation structure could be necessary to
predict the responses, but not to extract the stimulus information
that the responses carry13. To examine this issue directly, we used the
full and uncoupled models to perform Bayesian decoding of the
population response (Fig. 4a), which optimally reconstructs stimuli
given an accurate description of the encoding process. For compar-
ison, we also performed Bayesian decoding under a Poisson (that is,
LNP) model and optimal linear decoding6.

Each decoding method was used to estimate short (150-ms) seg-
ments of the stimulus given all relevant spike times from the full popu-
lation (Fig. 4b). Bayesian decoding under the coupled model recovers
20% more information than Bayesian decoding under the uncoupled
model, indicating that knowledge of the correlation structure is critical
for extracting all sensory information contained in the population
response. This improvement was invariant to enhancements of the
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Figure 1 | Multi-neuron encoding model and fitted parameters. a, Model
schematic for two coupled neurons: each neuron has a stimulus filter, a post-
spike filter and coupling filters that capture dependencies on spiking in other
neurons. Summed filter output passes through an exponential nonlinearity
to produce the instantaneous spike rate. b, Mosaics of 11 ON and 16 OFF
retinal ganglion cell receptive fields, tiling a small region of visual space.
Ellipses represent 1 s.d. of a Gaussian fit to each receptive field centre; the
square grid indicates stimulus pixels. c–e, Parameters for an example ON
cell. c, Temporal and spatial components of centre (red) and surround (blue)
filter components, the difference of which is the full stimulus filter.

d, Exponentiated post-spike filter, which may be interpreted as multiplying
the spike rate after a spike at time zero. It produces a brief refractory period
and gradual recovery (with a slight overshoot). e, Connectivity and coupling
filters from other cells in the population. The black filled ellipse is this cell’s
RF centre, and blue and red lines show connections from neighbouring OFF
and ON cells, respectively (line thickness indicates coupling strength).
Below, exponentiated coupling filters show the multiplicative effect on this
cell’s spike rate after a spike in a neighbouring cell. f–h, Analogous plots for
an example OFF cell.
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Noise in the retina!
• Can’t be explained by shifting attention, motivation, 

small head or eye movements. 

• But maybe other factors… fluctuations in 
temperature, stimulus delivery, health of the 
preparation? 

• Since we can only see the action potential with 
extracellular recording, we can’t tell if the noise is at 
the level of the synapse or whether it is intrinsic to 
the spike generation process.



Intracellular recording! 
(Sakmann & Heher, Nobel Prize, 1991)



Intracellular recording! 
(Sakmann & Heher, Nobel Prize, 1991)



rate but lack of reliability in precise timing,
as measured relative to stimulus onset.

Intracellular recordings from cortical
neurons in vivo reveal large and rapid fluc-
tuations of the membrane potential from
many synaptic events (4). The integration
of many independent excitatory and inhib-
itory synaptic currents would be expected to
approach a Gaussian distribution at the
soma. Accordingly, sequences of filtered
Gaussian white noise generated by comput-
er were added to the constant depolarizing
pulse (14). As with flat pulse stimuli, spike
count showed little variability (CV = 0.052
+ 0.029, n = 10). In contrast to the case

with flat pulse responses, when any partic-
ular fluctuating current waveform was re-
peatedly injected the pattern of spikes elic-
ited showed precise and stable timing
throughout the length of the trial (Fig. 1B).
Occasionally, from trial to trial, spikes
could appear, disappear, or abruptly shift
tens of milliseconds. In some cases, a single
dropped or added spike disrupted the timing
of several consecutive subsequent spikes.
This behavior made it problematic to com-
pute directly the variability in ISIs or the
timing of a particular spike number; there-
fore, in further analysis we used the peri-
stimulus time histogram (PSTH; Fig. 2A).
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Fig. 1. Reliability of firing patterns of cortical neurons evoked by constant and fluctuating current. (A) In
this example, a superthreshold dc current pulse (150 pA, 900 ms; middle) evoked trains of action
potentials (approximately 14 Hz) in a regular-firing layer-5 neuron. Responses are shown superimposed
(first 10 trials, top) and as a raster plot of spike times over spike times (25 consecutive trials, bottom). (B)
The same cell as in (A) was again stimulated repeatedly, but this time with a fluctuating stimulus [Gaussian
white noise, pus = 150 pA, as = 100 pA, TS = 3 ms; see (14)].

Highly reproducible firing patterns were
a robust phenomenon in the presence of
stimulus fluctuations. Two measures of
spike timing were calculated from the
PSTH, which we termed the "reliability"
and the "precision" (Fig. 2A). According to
these measures, all the cells analyzed were
capable of responding to fluctuating input
currents with nearly 100% of spikes (high
reliability) in clusters with an SD of less
than 1 ms (high precision; Fig. 2B). The
reliability of spike patterns was strongly cor-
related with the amplitude of stimulus fluc-
tuations, as (Fig. 2C). The firing rate also
increased with the amplitude of fluctua-
tions, particularly for cells showing strong
adaptation to dc stimulation (15). The pre-
cision of spike timing depended on the time
constant of stimulus fluctuations, 'r (Fig.
2D). Precision and reliability dropped as
stimuli were filtered at time constants in-
creasing from 1 to 25 ms. The precision of
most responses was in the range of 1 to 2
ms, a time scale much smaller than both the
maximum firing rate of these cells and the
time constant of fluctuations in the stimuli
(16). The decrease in precision was paral-
leled by a reduction of reliability (15).

The reproducibility of spike patterns
suggested that spikes were triggered prefer-
entially by particular patterns of depolariz-
ing and hyperpolarizing current in the stim-
ulus. A reverse correlation of spike train
and stimulus [spike-triggered average of the
stimulus; see (17)1 can reveal the stimulus
waveform that tends to precede the gener-
ation of an action potential and can indi-
cate the length of stimulus history that is
relevant. Reverse correlations showed a
strong tendency for spikes to be preceded by

Fig. 2. Dependence of the reliability and precision of spike timing
on stimulus current statistics. (A) The PSTH of spikes collected 2
over 20 to 25 successive presentations of a particular stimulus . o
waveform was used to quantify the consistency of spike patterns I
evoked by fluctuating stimuli of different types. Spikes during the 6C
first 100 ms after stimulus onset, during which most spike frequen- ,N
cy adaptation occurred, were discarded. We smoothed the PSTH ' 3C
using an adaptive filter (centered on each time step and widened to L
capture 10 spikes) to yield an estimate of the instantaneous firing
rate. A threshold (horizontal dotted line, set at three times the mean
firing rate of the cell over a given block of responses) was used to
select dramatic elevations in instantaneous firing rate, or "events."1'C
Because the minimum ISI was long compared to the duration of
these events, at most one spike occurred during any event on any ,
trial. We defined "reliability" as the fraction of total spikes that
occurred during such periods of elevated firing rate. We defined 0.D
temporal "precision" as the SD of spike times within any event, =
averaged over all events during a response. (B) Each square rep-
resents the most reliable block of responses recorded in one of ten
cells (eight regular firing, two intrinsic bursting). For these respons- °C
es, a stimulus mean, pus, between 100 and 300 pA and a fluctuation
amplitude, as, between 50 and 100 pA were used, yielding firing
rates between 14 and 24 Hz. (C) Estimates of reliability for stimuli with various
amplitudes of stimulus fluctuations. Each line on the graph connects mea-
surements made for one of nine cells examined at four or five different values
of as (ps for these blocks was 100 to 300 pA, giving firing rates between 8 and
24 Hz). The input resistance of neurons examined was 222 ± 85 megohms;
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peak-to-peak voltage transients produced by these currents were less than
25 mV. (D) The temporal precision of responses obtained in seven cells for
stimuli filtered at different time constants (TS = 1 to 25 ms, as = 25 to 50 pA,
[is = 100 to 200 pA). The average membrane time constant for these cells
was 29.7 ± 5.9ms.
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Noisy (naturalistic) current injection results in reliable spiking.

Mainen & Sejnowski, 1995 

So noise is not in the spike generation process, but earlier.



Release of neurotransmitter is probabilistic (and quantal)

(Kandel & Schwartz, adapted from Boyd & Martin, 1956 & Liley, 1956) 



Since the brain is noisy, then events in the 
world generate a distribution of responses 
in the brain which makes perception a 
statistical inference problem!



Outline

• Part 1 - Noise in the brain 
• Part 2 - Perception as statistical inference 
• Part 3 - Neural mechanisms for accumulation
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Signal Detection Theory

http://www.cns.nyu.edu/~david/handouts/sdt/sdt.html
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Figure 2: Internal response probability density functions for noise-alone and signal-plus-
noise trials. Since the curves overlap, the internal response for a noise-alone trial may
exceed the internal response for a signal-plus-noise trial. Vertical lines correspond to the
criterion response.

The receiver operating characteristic. We can describe the full range of the subject’s
options in a single curve, called an ROC curve, which stands for receiver-operating char-
acteristic. The receiver-operating characteristic captures, in a single graph, the various
alternatives that are available to the subject as they move their criterion to higher and
lower levels.

ROC curves (Figure 4) are plotted with the false alarm rate on the horizontal axis and
the hit rate on the vertical axis. We already know that if the criterion is high, then both
the false alarm rate and the hit rate will be very low. If we move the criterion lower, then
the hit rate and the false alarm rate both increase. So the full ROC curve has an upward
sloping shape. Notice also that for any reasonable choice of criterion, the hit rate is always
larger than the false alarm rate, so the ROC curve is bowed upward. The subject may set
the criterion anywhere, but any choice that they make will land them with a hit and false
alarm rate somewhere on the ROC curve.

The role of signal strength. If we present a brighter flash (e.g., with 200 photons emitted
per flash on average rather than 100), then the subject’s internal response strength will,
on the average, be stronger. Pictorially, this will have the effect of shifting the probability
density function for signal-plus-noise trials to the right, a bit further away from the noise-
alone probability density.

Figure 4 shows two sets of probability densities and two ROC curves. When the signal
is stronger there is less overlap between the two probability density curves. When this
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AUC: a Better Measure than Accuracy in Comparing Learning Algorithms /165

ROC Curves
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information is available? The object of interest might be
partially occluded, or its image obscured by darkness
or rain. Next, how well has that information been
extracted by our sensory systems and then represented
by populations of neurons in the brain? Inefficiencies
can arise from factors as simple as not looking directly
at the object of interest to as complicated as the intro-
duction of noise by neuronal processing elements.
Finally, how should the information in the sensory
representation be interpreted, or read out, to form the
decision? This process must be able to deal effectively
with not only a distributed, noisy sensory representa-
tion, but also other factors like prior expectations about
what interpretations are reasonable or not (for example,
the car is more likely to be moving horizontally than
vertically) and even a cost-benefit analysis (for exam-
ple, a false positive is worse than a false negative when
deciding if the car is coming right at you).

This chapter summarizes our current understanding
of the neural mechanisms that underlie these pro-
cesses. The chapter is organized as follows: it begins
by describing two historical developments that have
provided the methodological and theoretical backbone
for many subsequent studies of perceptual decision
making. It then goes on to describe how those develop-
ments have greatly aided in our understanding of
two key neural processing stages studied in the brains
of monkeys: (i) the representation of relevant sensory
evidence; and (ii) the read out of that evidence to form
a categorical judgment. Finally, the chapter discusses
the application of this framework to ongoing studies
of mechanisms of perceptual decision making in the
human brain.

Foundations: Psychophysics and Ideal-Observer
Theory

A primary challenge confronted by a decision
maker is uncertainty. For problems of perceptual infer-
ence, the uncertainty relates to the presence or identity
of the stimulus. Our understanding of how the brain
solves these perceptual inference problems has benefit-
ted greatly from two broad classes of approaches for
manipulating and understanding this form of uncer-
tainty: psychophysics and ideal-observer theory (for fur-
ther reading on these topics, see Green and Swets,
1966; Macmillan and Creelman, 2004).

Psychophysics encompasses a set of tools to study,
rigorously and quantitatively, how the brain converts
physical stimuli into sensations and perception. This
field has its roots in studies by Gustav Fechner in the
middle of the nineteenth century on the ability of
human observers to perceive physical weights
(Fechner, 1966: 1860) ! an inspired choice, given the

ability to readily control the stimulus and elicit intui-
tive responses about the sensations it produces. Using
techniques developed several decades earlier by
Ernst Weber (1978:1834), Fechner asked people to lift
two weights in sequence and then report which was
heavier. His great contribution was to establish a
bridge between these kinds of experimental data and
theories of the underlying perceptual processes: he
posited a general, logarithmic relationship between the
physical intensity of a stimulus and the magnitude of
sensation it produces.

This approach is directly evident in the central tool
of modern psychophysicists, the psychometric func-
tion. This function quantifies the relationship between
performance on a perceptual task and physical proper-
ties of the stimulus (Klein, 2001; Strasburger, 2001).
The data are often collected using techniques familiar
to Fechner, such as repeated measurements of simple
perceptual decisions across several different stimulus
conditions. In one common formulation, these data are
then fit by a sigmoid-shaped psychometric function
describing the proportion of correct responses as a
function of stimulus strength. An example function is
shown in Figure 19.1 for a perceptual task that requires
a decision between two alternatives, in which perfor-
mance improves from pure guessing at low stimulus
strengths to near-perfect performance at high stimulus
strengths. The horizontal location of this function,
quantified as the stimulus strength corresponding to
a particular performance level (proportion correct)
and often referred to as the threshold, is a measure of
the observer’s overall perceptual sensitivity to the
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FIGURE 19.1 Example psychometric function plotting a sigmoid-
shaped relationship between the fraction of correct responses on a
two-alternative perceptual task and stimulus strength (here plotted
on a logarithmic scale). Threshold quantifies sensitivity; slope quanti-
fies the reliability of perceptual judgments around threshold (see
text).
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Two classes of decisions involving  
accumulation of evidence: 

 Fixed duration vs. Reaction Time

At end of stimulus 
take your best guess

Have to decide both 
how and when

Choosing a school Swinging a bat  
(in a baseball game)



Sequential Probability Ratio Test 
•Start with 2 hypothesis  
•Calculate the cumulative sum of the 
log-likelihood ratio 
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Sequential Probability Ratio Test
•Developed by Wald, 1945 
•Used by Alan Turing in cracking the Enigma code.  

•Needed to test whether two messages came from the same 
enigma machine, taking advantage of non-uniform 
frequency of letters. (e.g. vowels are common) 

•Gives a statistical basis for reaction time data 
•Strong evidence hits the stopping rule faster! 
•Is the optimal strategy (for a given set of costs) 

•Statistically equivalent to the drift diffusion model (Bogacz, 
2006) 



Drift Diffusion Model
• DDM have been used for ~50 years to fit reaction time and 
choice data in 2-AFC tasks. 

•Although it fits a huge amount of data, it cannot explain tasks 
where errors are faster (on average) than correct trials. (e.g. 
Anti-saccades) (assuming >50% correct) 

•Many derivative versions with extra parameters (e.g. 
collapsing bounds, noise in starting point). 

•Can be approximated by biophysical models (XJ Wang)

Wiecki et al. HDDM

provide a remedy for this problem by allowing group and subject
parameters to be estimated simultaneously at different hierar-
chical levels (Kruschke, 2010; Vandekerckhove et al., 2011; Lee
and Wagenmakers, 2013). Subject parameters are assumed to be
drawn from a group distribution, and to the degree that subjects
are similar to each other, the variance in the group distribution
will be estimated to be small, which reciprocally has a greater
influence on constraining parameter estimates of any individual.
Even in this scenario, the method still allows the posterior for any
given individual subject to differ substantially from that of the rest
of the group given sufficient data to overwhelm the group prior.
Thus the method capitalizes on statistical strength shared across
the individuals, and can do so to different degrees even within the
same sample and model, depending on the extent to which sub-
jects are similar to each other in one parameter vs. another. In
the DDM for example, it may be the case that there is relatively
little variability across subjects in the perceptual time for stim-
ulus encoding, quantified by the “non-decision time” but more
variability in their degree of response caution, quantified by the
“decision threshold.” The estimation should be able to capital-
ize on this structure so that the non-decision time in any given
subject is anchored by that of the group, potentially allowing for
more efficient estimation of that subject’s decision threshold. This
approach may be particularly helpful when relatively few trials
per condition are available for each subject, and when incorpo-
rating noisy trial-by-trial neural data into the estimation of DDM
parameters.

HDDM is an open-source software package written in Python
which allows (1) the flexible construction of hierarchical Bayesian
drift diffusion models and (2) the estimation of its posterior
parameter distributions via PyMC (Patil et al., 2010). User-
defined models can be created via a simple Python script or be
used interactively via, for example, the IPython interpreter shell
(Pérez and Granger, 2007). All run-time critical functions are
coded in Cython (Behnel et al., 2011) and compiled natively for
speed which allows estimation of complex models in minutes.
HDDM includes many commonly used statistics and plotting
functionality generally used to assess model fit. The code is
released under the permissive BSD 3-clause license, test-covered
to assure correct behavior and well documented. An active mail-
ing list exists to facilitate community interaction and help users.
Finally, HDDM allows flexible estimation of trial-by-trial regres-
sions where an external measurement (e.g., brain activity as mea-
sured by fMRI) is correlated with one or more decision-making
parameters.

This report is intended to familiarize experimentalists with the
usage and benefits of HDDM. The purpose of this report is thus
two-fold; (1) we briefly introduce the toolbox and provide a tuto-
rial on a real-world data set (a more comprehensive description of
all the features can be found online); and (2) characterize its suc-
cess in recovering model parameters by performing a parameter
recovery study using simulated data to compare the hierarchi-
cal model used in HDDM to non-hierarchical or non-Bayesian
methods as a function of the number of subjects and trials. We
show that it outperforms these other methods and has greater
power to detect dependencies of model parameters on other mea-
sures such as brain activity, when such relationships are present

in the data. These simulation results can also inform experimen-
tal design by showing minimum number of trials and subjects to
achieve a desired level of precision.

METHODS
DRIFT DIFFUSION MODEL
SSMs generally fall into one of two classes: (1) diffusion mod-
els which assume that relative evidence is accumulated over time
and (2) race models which assume independent evidence accu-
mulation and response commitment once the first accumulator
crossed a boundary (LaBerge, 1962; Vickers, 1970). Currently,
HDDM includes two of the most commonly used SSMs: the drift
diffusion model (DDM) (Ratcliff and Rouder, 1998; Ratcliff and
McKoon, 2008) belonging to the class of diffusion models and the
linear ballistic accumulator (LBA) (Brown and Heathcote, 2008)
belonging to the class of race models. In the remainder of this
paper we focus on the more commonly used DDM.

As input these methods require trial-by-trial RT and choice
data (HDDM currently only supports binary decisions) as illus-
trated in the below example table:

RT Response Condition Brain measure

0.8 1 hard 0.01
1.2 0 easy 0.23
0.25 1 hard −0.3

The DDM models decision-making in two-choice tasks. Each
choice is represented as an upper and lower boundary. A drift-
process accumulates evidence over time until it crosses one of the
two boundaries and initiates the corresponding response (Ratcliff
and Rouder, 1998; Smith and Ratcliff, 2004) (see Figure 1 for
an illustration). The speed with which the accumulation pro-
cess approaches one of the two boundaries is called drift-rate v.

FIGURE 1 | Trajectories of multiple drift-processes (blue and red lines,
middle panel). Evidence is noisily accumulated over time (x-axis) with
average drift-rate v until one of two boundaries (separated by threshold a) is
crossed and a response is initiated. Upper (blue) and lower (red) panels
contain density plots over boundary-crossing-times for two possible
responses. The flat line in the beginning of the drift-processes denotes the
non-decision time t where no accumulation happens. The histogram
shapes match closely to those observed in response time measurements
of research participants. Note that HDDM uses a closed-form likelihood
function and not actual simulation as depicted here.

Frontiers in Neuroinformatics www.frontiersin.org August 2013 | Volume 7 | Article 14 | 2



But….
• DDM also makes some strange predictions:  

•equal RT distributions for correct and error trials (for a given 
stimulus strength) 

•RT should be a function of the signal to noise ratio.

spiking statistics. In the first stage, neural activities are not pooled
across the population immediately, but rather are accumulated
for each individual neuron over time (Beck et al., 2008). More
specifically, for a stimulus (C,!0), the first stage obtains a vector of
summed population neural activities Nt ! (N1,t,…,NM,t):

Ni,t " !
j!1

t

ni, j. (8)

The accumulation terminates when the width (SD) of the pos-
terior distribution p(!"Nt) (computed using Eq. 3) shrinks
below a fixed threshold. The top portion of Figure 7 illustrates
this process.

Stage two: judging whether !0 " 0 based on the
posterior distribution
The aim of the second-stage process is to introduce a secondary
RT component that depends on the significance of the evidence
given the estimated posterior distribution p(!"Nt). A simple pro-
cess that can generate such an evidence-dependent RT compo-
nent is a particle linearly rising to a boundary. The boundary
height is fixed, and the starting position of the particle is propor-
tional to the magnitude of the evidence. That is, given the esti-
mated posterior distribution, to judge whether !0 " 0, the brain
pools neural activities across the population to compute the de-
cision variable D ! p(!0 " 0"Nt) # p(!0 $ 0"Nt). The travel time
of the hypothetical particle in stage two is then given by the
following:

RT % B # k ! " D " , (9)

where B is the fixed boundary height in the second stage and k is
a constant independent of D. We use the bounded quantity D
rather than the log likelihood ratio, which is unbounded. In a
single trial, the discrimination evidence D is constant. However,
the estimated posterior distribution varies across trials and thus
D also varies across trials, introducing further variation of overall
reaction time. Note that the second stage does not produce re-
sponse errors. All response errors are attributed to the first stage,
i.e., if the posterior distribution happens to center on the wrong
side. The analogy of a linearly rising particle for stage two follows
the convention of a similar decision model (Carpenter and Wil-
liams, 1995; Reddi and Carpenter, 2000; Reddi et al., 2003; Car-
penter, 2004; see Discussion).

The composition of two sequential processing stages is remi-
niscent of Carpenter’s Linear Approach to Threshold with Er-
godic Rate (LATER) model of saccadic latency (Carpenter, 2004).

In the LATER model, a decision signal rises linearly from thresh-
old for initiating the response and with a rate of rise on different
trials that follows a normal distribution. We compare the two
models in the Discussion.

Effect of C and !0 on the reaction time of correct responses
The overall reaction time is the sum of the time taken to complete
each stage. If the time to complete one stage depends primarily on
C and the other on !0, then the effects of these two variables will
not interact. Stage one terminates based on a threshold on the
width of p(!"Nt). The time taken to reach that width is a function
of C and is independent of stimulus value !0 for an isotropic
neural population (Eq. 3). The time taken by stage two is a func-
tion of the likelihood ratio D. D is effectively a signal-to-noise
ratio; the signal depends on !0, and the noise is fixed by the
threshold on the width of the posterior distribution and thus is
independent of C. Thus, additivity (Figs. 3–5, parallel curves,
absence of interaction) is consistent with the ETD model: stimu-
lus strength primarily affects the duration of the first (estimation)
stage whereas stimulus value primarily affects the duration of the
second (decision) stage.

But, if ETD predicts absence of interaction, how does it explain
the obvious interaction observed in S4’s data in the orientation-
discrimination task of Experiment 1b? In fact, an interaction can
happen if the subject is able to flexibly adjust the precision criteria $

according to the estimated angle !̂ given p(!"Nt). The boundary
might change, following the changing mode of the posterior. More
specifically, for a !̂ that is close to vertical, a higher precision (smaller
$) is adopted. For a !̂ that is far from vertical, a low precision (large
$) is adopted. With this additional flexibility, ETD can produce an
interaction as found in Figure 5 (top right).

It is important to consider whether flexible control of the
boundary height in the drift-diffusion model will allow it to be
consistent with the parallel RT functions that dominate Figures
3–5. This requires the DDM to raise the boundary for values of !̂

that are far from the reference relative to !̂ closer to the reference,
which is counterintuitive. Second, to do so, it must first estimate
the presented orientation rather than merely computing the log
likelihood ratio, complicating the model. Finally, for the DDM to
produce parallel RT curves requires specific values of boundary
placement for each estimated orientation, whereas ETD produces
parallel curves by default. Our data suggest that parallel curves
occur most of the time. For these reasons, we find the flexible
DDM a less plausible explanation.
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Figure 7. Illustration of the two-stage ETD model. In the estimation stage, neural spikes are accumulated over time until the width (SD) of the posterior distribution drops below a threshold,
yielding a relatively accurate estimate of !0. In the decision stage, the decision variable D is computed as D ! P(! " 0"Ncrit) # P(! $ 0"Ncrit), the difference between the probability of !0 " 0
versus !0 $ 0. The decision process is then modeled as a hypothetical particle linearly rising to reach a second boundary, starting from a position that is proportional to D. D fluctuates across trials
(shaded red) producing additional variation in the reaction time.
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But….
• DDM also makes some strange predictions:  

•equal RT distributions for correct and error trials (for a given 
stimulus strength) 

•RT should be a function of the signal to noise ratio.



Outline

• Part 1 - Noise in the brain 
• Part 2 - Perception as statistical inference 
• Part 3 - Neural mechanisms for accumulation



Outline (of Part 3)
• Rats (and humans) are near optimal accumulators  

(Brunton et al, Science, 2013)

• System Identification: a powerful approach to behavioral modeling 

• There are signatures of accumulation in rodent prefrontal (FOF) 
and parietal (PPC) cortex (Hanks et al., Nature, 2015)
• Classic analyses reveal similar results as previous monkey work.

• New, model based analyses, reveal distinct encoding in prefrontal and 
parietal cortex. 

• The FOF (but not PPC) of the rat is obligatory for decisions 
guided by evidence that accumulates longer than 240ms. 
(Erlich et al, eLife, 2015) 

• Parietal cortex plays a larger role in free choice.

• Optogenetic data supports modeling results.



From J. A. Movshon

Random-dot Motion



Neural signatures of accumulation
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(indicated by color) or the monkey’s choice (solid or dashed lines).
The activity then increased or decreased in a manner that re-
flected the strength of motion and the monkey’s ultimate choice.
On trials that culminated in T1 choices (direction judged as
toward the RF), the activity increased in a ramp-like fashion. The
rate of growth in the response was largest for the strongest motion
and smaller as the coherence decreased. The slopes of the func-
tions ranged from 21.5 spikes per second squared to 88.8 spikes
per second squared as motion strength was varied from 0 to 51.2%
coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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(indicated by color) or the monkey’s choice (solid or dashed lines).
The activity then increased or decreased in a manner that re-
flected the strength of motion and the monkey’s ultimate choice.
On trials that culminated in T1 choices (direction judged as
toward the RF), the activity increased in a ramp-like fashion. The
rate of growth in the response was largest for the strongest motion
and smaller as the coherence decreased. The slopes of the func-
tions ranged from 21.5 spikes per second squared to 88.8 spikes
per second squared as motion strength was varied from 0 to 51.2%
coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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(indicated by color) or the monkey’s choice (solid or dashed lines).
The activity then increased or decreased in a manner that re-
flected the strength of motion and the monkey’s ultimate choice.
On trials that culminated in T1 choices (direction judged as
toward the RF), the activity increased in a ramp-like fashion. The
rate of growth in the response was largest for the strongest motion
and smaller as the coherence decreased. The slopes of the func-
tions ranged from 21.5 spikes per second squared to 88.8 spikes
per second squared as motion strength was varied from 0 to 51.2%
coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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(indicated by color) or the monkey’s choice (solid or dashed lines).
The activity then increased or decreased in a manner that re-
flected the strength of motion and the monkey’s ultimate choice.
On trials that culminated in T1 choices (direction judged as
toward the RF), the activity increased in a ramp-like fashion. The
rate of growth in the response was largest for the strongest motion
and smaller as the coherence decreased. The slopes of the func-
tions ranged from 21.5 spikes per second squared to 88.8 spikes
per second squared as motion strength was varied from 0 to 51.2%
coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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“Poisson Clicks”, a task that facilitates quantitative modeling and analysis: 

Can rats gradually accumulate evidence for decision-making?

L = 15 R = 24L = 29 R = 17

Optimal accumulation of evidence for decision-making in rats
and humans
Bingni W. Brunton1,2,5, Matthew M. Botvinick1,3 & Carlos D. Brody1,2,4

draft last compiled on September 30, 2012
1Princeton Neuroscience Institute
2Department of Molecular Biology
3Department of Psychology
Princeton University, Princeton, NJ 08544, USA
4Howard Hughes Medical Institute
5present address: Dept. of Biology and Dept. of Applied Mathemat-
ics,
University of Washington, Seattle, WA 98195, USA.

Gradual accumulation of evidence is thought to be a funda-
mental component of decision-making1–8. However, its prop-
erties and underlying mechanisms remain unclear. Although
noise in the accumulation is a core feature of most models1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop an approach to probe decision-making
that begins with tasks in which sensory evidence is delivered
in pulses whose precisely-controlled timing varies widely within
and across trials. The resulting data are analyzed with models
of evidence accumulation that use the richly detailed informa-
tion of each trial’s pulse timing to distinguish between different
decision mechanisms. The method allowed us to measure, for
the first time, the magnitude of noise in the accumulator’s mem-
ory, separately from noise associated with incoming sensory evi-
dence. Remarkably, we found in both rats and humans that the
accumulator is essentially perfect: its memory is noiseless. In
contrast, the process of adding new sensory evidence is noisy and
is the primary source of variability. Our results put important
constraints on mechanisms underlying accumulation of evidence
for decision-making. More generally, we suggest the combina-
tion of our task design and modeling approach as a powerful
method for revealing the internal properties of decision-making
processes.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise samples, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with the accumulator memory itself versus
noise associated with the addition of new sensory evidence.

To quantitatively probe the dynamics of decision-making, we de-
veloped a class of tasks in which subjects are concurrently presented
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Figure 1: Psychophysical tasks and summary of behavior. a, Sequence
of events in each trial of the rat auditory task. Following a center port light
onset, trained rats placed their nose into the port and “fixated” their nose
there for a fixed amount of time until the light was turned off (1-2 sec). Trains
of randomly-timed clicks were played concurrently from left and right free-
field speakers during the last portion of the fixation time. After nose fixation
and sounds ended, the rat made a choice, poking in the left or the right port
to indicate which side played more clicks. Humans performed an analogous
version of the task on a computer while wearing headphones. b, Schematic
diagram of a stimulus in the visual pulses version of the task, performed by
humans on a computer. c, Psychometric curves (fits to a 4-parameter logistic
function for each subject; see methods) for rat subjects. d, Psychometric
curves, as in c, for human subjects. e, Chronometric curves for an example
rat. Difficulty is labeled by the ratio of click rates played on the two sides.
For each difficulty, performance improves with longer stimulus durations.
Dashed lines show the best-fit model predictions for this rat, as described in
the text. The vertical axis shows mean accuracy ±0.95 c.i.
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“Poisson Clicks”, a task that facilitates quantitative modeling and analysis: 

• Optimal performance ==>  add up each side’s clicks over time -- i.e., accumulate over time

Optimal accumulation of evidence for decision-making in rats
and humans
Bingni W. Brunton1,2,5, Matthew M. Botvinick1,3 & Carlos D. Brody1,2,4

draft last compiled on September 30, 2012
1Princeton Neuroscience Institute
2Department of Molecular Biology
3Department of Psychology
Princeton University, Princeton, NJ 08544, USA
4Howard Hughes Medical Institute
5present address: Dept. of Biology and Dept. of Applied Mathemat-
ics,
University of Washington, Seattle, WA 98195, USA.

Gradual accumulation of evidence is thought to be a funda-
mental component of decision-making1–8. However, its prop-
erties and underlying mechanisms remain unclear. Although
noise in the accumulation is a core feature of most models1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop an approach to probe decision-making
that begins with tasks in which sensory evidence is delivered
in pulses whose precisely-controlled timing varies widely within
and across trials. The resulting data are analyzed with models
of evidence accumulation that use the richly detailed informa-
tion of each trial’s pulse timing to distinguish between different
decision mechanisms. The method allowed us to measure, for
the first time, the magnitude of noise in the accumulator’s mem-
ory, separately from noise associated with incoming sensory evi-
dence. Remarkably, we found in both rats and humans that the
accumulator is essentially perfect: its memory is noiseless. In
contrast, the process of adding new sensory evidence is noisy and
is the primary source of variability. Our results put important
constraints on mechanisms underlying accumulation of evidence
for decision-making. More generally, we suggest the combina-
tion of our task design and modeling approach as a powerful
method for revealing the internal properties of decision-making
processes.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise samples, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with the accumulator memory itself versus
noise associated with the addition of new sensory evidence.

To quantitatively probe the dynamics of decision-making, we de-
veloped a class of tasks in which subjects are concurrently presented
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Figure 1: Psychophysical tasks and summary of behavior. a, Sequence
of events in each trial of the rat auditory task. Following a center port light
onset, trained rats placed their nose into the port and “fixated” their nose
there for a fixed amount of time until the light was turned off (1-2 sec). Trains
of randomly-timed clicks were played concurrently from left and right free-
field speakers during the last portion of the fixation time. After nose fixation
and sounds ended, the rat made a choice, poking in the left or the right port
to indicate which side played more clicks. Humans performed an analogous
version of the task on a computer while wearing headphones. b, Schematic
diagram of a stimulus in the visual pulses version of the task, performed by
humans on a computer. c, Psychometric curves (fits to a 4-parameter logistic
function for each subject; see methods) for rat subjects. d, Psychometric
curves, as in c, for human subjects. e, Chronometric curves for an example
rat. Difficulty is labeled by the ratio of click rates played on the two sides.
For each difficulty, performance improves with longer stimulus durations.
Dashed lines show the best-fit model predictions for this rat, as described in
the text. The vertical axis shows mean accuracy ±0.95 c.i.

1

L R

A trial in the task:

 (rat is rewarded by # of clicks played, not  underlying Poisson rate)

• Poisson variability explores stimulus space, gives statistical power to a quantitative trial-by-trial model

which side (R vs L) 
played the greater 
# of clicks?

Can rats gradually accumulate evidence for decision-making?

Experimenter-controlled
variable stimulus duration
Experimenter-controlled
variable stimulus duration

0.2 - 1.2 s



“Poisson Clicks”, a task that facilitates quantitative modeling and analysis: 

• Trial difficulty controlled by ratio rateR : rateL         

For example,  39:1 clicks/sec   = strong evidence, easy trial;   
                       21:19 clicks/sec = weak evidence, hard trial.

Optimal accumulation of evidence for decision-making in rats
and humans
Bingni W. Brunton1,2,5, Matthew M. Botvinick1,3 & Carlos D. Brody1,2,4

draft last compiled on September 30, 2012
1Princeton Neuroscience Institute
2Department of Molecular Biology
3Department of Psychology
Princeton University, Princeton, NJ 08544, USA
4Howard Hughes Medical Institute
5present address: Dept. of Biology and Dept. of Applied Mathemat-
ics,
University of Washington, Seattle, WA 98195, USA.

Gradual accumulation of evidence is thought to be a funda-
mental component of decision-making1–8. However, its prop-
erties and underlying mechanisms remain unclear. Although
noise in the accumulation is a core feature of most models1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop an approach to probe decision-making
that begins with tasks in which sensory evidence is delivered
in pulses whose precisely-controlled timing varies widely within
and across trials. The resulting data are analyzed with models
of evidence accumulation that use the richly detailed informa-
tion of each trial’s pulse timing to distinguish between different
decision mechanisms. The method allowed us to measure, for
the first time, the magnitude of noise in the accumulator’s mem-
ory, separately from noise associated with incoming sensory evi-
dence. Remarkably, we found in both rats and humans that the
accumulator is essentially perfect: its memory is noiseless. In
contrast, the process of adding new sensory evidence is noisy and
is the primary source of variability. Our results put important
constraints on mechanisms underlying accumulation of evidence
for decision-making. More generally, we suggest the combina-
tion of our task design and modeling approach as a powerful
method for revealing the internal properties of decision-making
processes.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise samples, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with the accumulator memory itself versus
noise associated with the addition of new sensory evidence.

To quantitatively probe the dynamics of decision-making, we de-
veloped a class of tasks in which subjects are concurrently presented
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Figure 1: Psychophysical tasks and summary of behavior. a, Sequence
of events in each trial of the rat auditory task. Following a center port light
onset, trained rats placed their nose into the port and “fixated” their nose
there for a fixed amount of time until the light was turned off (1-2 sec). Trains
of randomly-timed clicks were played concurrently from left and right free-
field speakers during the last portion of the fixation time. After nose fixation
and sounds ended, the rat made a choice, poking in the left or the right port
to indicate which side played more clicks. Humans performed an analogous
version of the task on a computer while wearing headphones. b, Schematic
diagram of a stimulus in the visual pulses version of the task, performed by
humans on a computer. c, Psychometric curves (fits to a 4-parameter logistic
function for each subject; see methods) for rat subjects. d, Psychometric
curves, as in c, for human subjects. e, Chronometric curves for an example
rat. Difficulty is labeled by the ratio of click rates played on the two sides.
For each difficulty, performance improves with longer stimulus durations.
Dashed lines show the best-fit model predictions for this rat, as described in
the text. The vertical axis shows mean accuracy ±0.95 c.i.
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L R

A trial in the task:

which side (R vs L) 
played the greater 
# of clicks?

Experimenter-controlled
variable stimulus duration

Can rats gradually accumulate evidence for decision-making?

stimulus:
strong R

strong L

weak

• At rateR + rateL = 40 clicks/sec, we think of it as graded accumulation, not integer counting.

Experimenter-controlled
variable stimulus duration

0.2 - 1.2 s



Gradual accumulation ⇒ performance improves as stimulus duration grows

Can we find such performance improvement in rodents?
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Internal properties of nonlinear systems 
can be probed by observing responses to 

highly variable inputs:
Nonlinear system

For example, response-triggered averaging 
to noisy stimuli reveals receptive fields in the 
early visual system:

Reid & Alonso,  
Nature 1995.

V1

Even more powerful technique:
Fit a model that uses detailed 
trial-by-trial information to reveal many 
quantitative properties of system

Pillow et al., Nature 2008:

obtain detailed strength 
and time course of the 
functional connectivity

We need to “look inside the black box” aka system identification
INPUT OUTPUT



Let’s bring the approach to decision-making
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Flexible model, fit to the trial-by-trial data, resolves a 
number of previously unmeasured internal parameters

Brunton, Botvinick, & Brody, Science, 2013
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Figure
1:

Psychophysicaltask
and

sum
m

ary
ofbehavior.a,Sequence

ofevents
in

each
trialofthe

task.Follow
ing

onsetofa
lightin

a
centerport,

trained
rats

place
theirnose

into
the

portand
“fixate”

theirnose
there

fora
fixed

am
ountoftim

e
untilthe

lightisturned
off(1-2

sec).TrainsofPoisson-
distributed

clicksare
played

concurrently
from

leftand
rightspeakersduring

the
lastportion

ofthe
nose

fixation
tim

e.A
fternose

fixation
and

soundsend,
the

ratm
akes

a
choice,poking

in
the

leftorthe
rightportto

indicate
w

hich
side

played
m

ore
clicks.

b,Psychom
etric

curve
foran

exam
ple

rat.
The

fit
is

to
a

4-param
eterlogistic

function
(see

m
ethods).c,Psychom

etric
fits,as

in
b,for

all19
rats.

d,C
hronom

etric
curves

for
an

exam
ple

rat.
D

ifficulty
is

labeled
by

the
ratio

of
click

rates
played

on
the

tw
o

sides.
For

each
dif-

ficulty,perform
ance

im
proves

w
ith

longerstim
ulus

durations.D
ashed

lines
show

the
best-fitm

odelpredictions
forthis

rat,as
described

in
the

text.The
verticalaxis

show
s

m
ean

accuracy
±
0.9

5
c.i.
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Clicks times

Output: 
Choice

im
paired 

perform
ance 

in 
the 

task. 
W

e 
used 

a 
quantitative m

odel to characterize w
hich aspect of the 

accum
ulation and decision process w

as im
pacted by 

inactivation of the FO
F. The results of this analysis 

revealed a specific location for the FO
F in the causal 

circuit underlying the Poisson C
licks behavior: the 

behavioral 
im

pairm
ent 

caused 
by 

FO
F 

infusions 
could be parsim

oniously and quantitatively explained 
as an im

pairm
ent in the prem

otor output pathw
ay of 

an evidence accum
ulator w

ith a long accum
ulation 

tim
e constant (240 m

s or m
ore).  It is possible that the 

decision itself —
 i.e., the categorization of the graded 

accum
ulator value into a discrete choice, w

hich is a 
process subsequent to graded evidence accum

ulation
—

 could occur in the FO
F.

In contrast, w
e found that PPC inactivation had 

only m
inor and inconsistent effects on the task. This 

w
as true even w

hile the sam
e PPC inactivations had 

strong effects on interleaved “free-choice” trials, in 
w

hich no sensory evidence w
as provided and rats 

w
ere rew

arded regardless of their choice of response.  
O

ur data thus suggest that the PPC
 plays a m

inim
al 

causal role in decisions guided by accum
ulation of 

evidence, 
w

hile 
playing 

an 
im

portant 
role 

in 
internally-guided decisions. 

Together, our findings from
 inactivations of the 

PPC and the FO
F provide im

portant constraints on 
the neural circuitry underlying decisions guided by 
accum

ulation of evidence in the rat. 
RESULTS

Behavior

W
e trained m

ale Long-Evans rats (n = 14 rats) on the 
Poisson C

licks accum
ulation task (Figure 1, B

runton 
et al., 2013). O

n each trial of this task, illum
ination of 

the center LED
 indicated that the rat should place its 

nose in the center port and rem
ain there w

hile click 
trains 

w
ith 

Poisson-generated 
inter-click-intervals 

w
ere played from

 the left and right speakers. The rats 
learned to report w

hich side had played the greater 
total 

num
ber 

of clicks 
by 

nose-poking 
into the 

corresponding side port (Figure 2a). W
e refer to these 

trials as “accum
ulation trials”.

In 
order 

to 
control 

for 
m

otor 
effects 

of 
inactivations, the accum

ulation trials w
ere random

ly 
interleaved, in m

ost sessions, w
ith trials that w

e refer 
to as “side LED

” trials. O
n side LED

 trials no sounds 
w

ere played during fixation. Im
m

ediately after the 
end 

of fixation, one of the 
tw

o side ports 
w

as 
illum

inated, indicating availability of rew
ard at the lit 

port (Figure 1). The right and left side LED
 trials, 

together, com
prised ~10%

 of the total trials.
To dem

onstrate 
that subjects 

accum
ulated 

the 
sensory evidence provided by the auditory clicks, w

e 
fit an accum

ulator m
odel using the individual click 

tim
es and the rats’ choices on each trial (Figure S1; 

see also B
runton et al., 2013). D

ifferent param
eter 

value regim
es of this m

odel can im
plem

ent m
any 

different strategies, such as responding based on the 
first few clicks, or last few clicks, or to a burst of 
clicks, and m

any others. C
onsistent w

ith previous 
results, m

axim
um

 likelihood fits resulted in best-fit 
param

eters 
associated 

w
ith 

a 
gradual 

evidence 
accum

ulation 
strategy. 

M
ost im

portantly 
for 

this 
study, 

this 
strategy w

as 
characterized 

by a long 
accum

ulator 
tim

e-constant, 
just 

under 
1 

second 
(Figure 2b, Table S1), w

hich is the duration of the 
longest stim

uli used here. A
s expected for a gradual 

accum
ulation strategy in w

hich clicks from
 the entire 

stim
ulus are w

eighted equally, perform
ance im

proved 
for longer stim

uli w
ith the sam

e underlying click rates 
(Figure 2c; R

atcliff et al. 1998, U
sher et al. 2001, 

B
runton et al. 2013), and a psychophysical reverse 

correlation analysis (K
iani et al., 2008; R

aposo et al., 
2012; B

runton et al., 2013) indicates that rats used 
clicks from

 all tim
es of the stim

uli to m
ake their 

decision (Figure 2d). 
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G
radualaccum

ulation
ofevidence

isthoughtto
be

a
fundam

en-
talcom

ponentofdecision-m
aking 1–8.H

ow
ever,them

echanism
s

and
properties

of
the

accum
ulation

rem
ain

unclear.
A

lthough
m

ostm
odelshave

assum
ed

a
noisy

accum
ulation

process 1,3,4,8,
the

properties
of

this
noise

have
never

been
isolated

and
m

ea-
sured.H

ere
w

e
develop

a
decision-m

aking
task

in
w

hich
sensory

evidence
is

delivered
in

brief,
isolated

pulses
w

hose
precisely-

controlled
tim

ing
varies

w
ithin

and
across

trials.
The

task
is

particularly
am

enableto
quantitativeanalysisthatdistinguishes

betw
een

different
decision-m

aking
dynam

ics
and

m
echanism

s.
Thetask

allow
ed

usto
m

easure,forthefirsttim
e,them

agnitude
ofnoise

in
the

accum
ulator’sm

em
ory,separately

from
noise

as-
sociated

w
ith

incom
ing

sensory
evidence.R

em
arkably,w

efound
that

the
accum

ulator
is

essentially
perfect:

its
m

em
ory

is
long

(&
1

sec)and
noiseless.

In
contrast,the

process
ofadding

new
sensory

evidence
is

noisy
and

is
the

prim
ary

source
ofvariabil-

ity
in

decision-m
aking.O

urresultsputim
portantconstraintson

m
echanism

s
underlying

accum
ulation

ofevidence
for

decision-
m

aking.
D

ecisions
in

reallife
often

need
to

be
m

ade
based

on
noisy

or
unreliable

evidence.
A

ccum
ulating

sensory
evidence

from
a

setof
noisy

observationsm
ade

overtim
e

m
akesitpossible

to
average

over
differentnoise

instances,thusim
proving

estim
atesofthe

underlying
signal.

This
principle

is
the

basis
forthe

w
idely

influentialclass
of

drift-diffusion
m

odels 7,8,firstproposed
by

R
atcliff 2

in
1978,w

hich
posit

that
evidence

accum
ulation

is
gradual

(drift)
and

noisy
(dif-

fusion).
These

m
odels

have
been

broadly
applied

to
explain

a
va-

riety
of

phenom
ena

in
biology,from

spiking
in

single
neurons 9

to
consum

er
behavior 10.

N
evertheless,the

properties
of

evidence
ac-

cum
ulation

rem
ain

underdebate 4,11,and
key

propertiesofthe
noise

rem
ain

undeterm
ined.

A
ccum

ulation
involves

both
m

aintaining
a

m
em

ory
ofevidence

accrued
so

farand
addition

ofnew
evidence

to
the

m
em

ory.
A

lthough
m

easures
of

variance
can

be
pow

erfulindi-
cators

ofunderlying
m

echanism
12,no

testto
date

has
distinguished

betw
een

noise
associated

w
ith

incom
ing

sensory
inputand

noise
in

the
accum

ulatoritself.
To

quantitatively
probe

the
dynam

icsofdecision-m
aking,w

e
de-

veloped
a

task
in

w
hich

subjectsheartrainsofauditory
clicksplayed

concurrently
from

leftand
rightspeakers.A

tthe
end

ofeach
trial,the

subjects
m

ustreportw
hich

side
played

the
greaternum

berofclicks.
Each

click
is

thus
a

precisely
tim

ed
quantum

of
evidence

tow
ards

eithera
“Left”

ora
“R

ight”
decision.C

ritically,the
tim

ing
ofclicks

varies
w

idely,
both

w
ithin

and
across

individual
trials

–
the

clicks
from

each
speakerare

distributed
asindependentPoisson

trainsw
ith

differentunderlying
rates.

W
e

hypothesized
thatvariability

in
click

tim
ing

w
ould

affectthe
subjects’responses

and
w

ould
revealm

echanism
s

involved
in

form
-

ing
decisions.The

variable
tim

ing
ofthe

clicks
should

allow
explor-

ing
the

space
ofsensory

evidence,w
hile

the
clicks’brevity

and
pre-

cisely
know

n
tim

ing
should

facilitate
m

athem
aticaltractability

and
analysis.W

e
soughtto

answ
er:A

re
ratsusing

a
gradualaccum

ulator
m

echanism
?

W
here

do
im

perfections
in

the
behaviorarise?

D
o

they
arise

in
processing

sensory
inputsordo

they
arise

in
the

accum
ulator

m
em

ory
itself?

W
e

collected
data

from
19

rats
trained

to
perform

the
task.

O
n

each
trialofthe

task,a
ratheld

itsnose
in

the
centerportofa

behav-
ior

cham
ber

for
a

constantperiod
of

tim
e

w
hile

the
auditory

stim
-

ulus
w

as
presented

for
a

duration
controlled

by
the

experim
enter

(Fig.1a).
A

fterthe
end

ofthe
stim

ulus,the
ratreported

its
decision

by
poking

into
a

leftor
a

rightport.
For

each
trial,discrim

ination
difficulty

w
as

controlled
by

the
ratio

of
leftto

rightPoisson
rates;
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Figure
1:

Psychophysicaltask
and

sum
m

ary
ofbehavior.a,Sequence

ofevents
in

each
trialofthe

task.Follow
ing

onsetofa
lightin

a
centerport,

trained
rats

place
their

nose
into

the
portand

“fixate”
their

nose
there

for
a

fixed
am

ountoftim
e

untilthe
lightisturned

off(1-2
sec).TrainsofPoisson-

distributed
clicksare

played
concurrently

from
leftand

rightspeakersduring
the

lastportion
ofthe

nose
fixation

tim
e.A

fternose
fixation

and
soundsend,

the
ratm

akes
a

choice,poking
in

the
leftorthe

rightportto
indicate

w
hich

side
played

m
ore

clicks.
b,Psychom

etric
curve

for
an

exam
ple

rat.
The

fit
is

to
a

4-param
eterlogistic

function
(see

m
ethods).

c,Psychom
etric

fits,as
in

b,for
all19

rats.
d,C

hronom
etric

curves
for

an
exam

ple
rat.

D
ifficulty

is
labeled

by
the

ratio
of

click
rates

played
on

the
tw

o
sides.

For
each

dif-
ficulty,perform

ance
im

proves
w

ith
longerstim

ulus
durations.

D
ashed

lines
show

the
best-fitm

odelpredictions
forthis

rat,as
described

in
the

text.The
verticalaxis

show
s

m
ean

accuracy
±
0
.9
5
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in

each
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place
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into

the
portand

“fixate”
their

nose
there

for
a

fixed
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ountoftim
e

untilthe
lightisturned

off(1-2
sec).TrainsofPoisson-

distributed
clicksare

played
concurrently

from
leftand

rightspeakersduring
the

lastportion
ofthe

nose
fixation

tim
e.A

fternose
fixation

and
soundsend,

the
ratm

akes
a

choice,poking
in

the
leftorthe

rightportto
indicate

w
hich

side
played

m
ore

clicks.
b,Psychom

etric
curve

for
an

exam
ple

rat.
The

fit
is

to
a

4-param
eterlogistic

function
(see

m
ethods).

c,Psychom
etric

fits,as
in
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d,C
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etric
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ashed
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show

the
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forthis
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in
the
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±
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evidence.R
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that

the
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long
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rem
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D
 

offset, 
w

hich 
is 

the 
go 
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n accum
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inating w

ith 
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ard is available at the side port 

associated w
ith the greater num

ber of clicks. The stim
ulus duration on 

each trial is set by the experim
enter to be in the range 0.1-1 sec. O

n 
S

ide LE
D
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.

www.sciencemag.org SCIENCE VOL 340 5 APRIL 2013 97

REPORTS

 o
n 

Ap
ril

 1
1,

 2
01

3
w

w
w

.s
ci

en
ce

m
ag

.o
rg

D
ow

nl
oa

de
d 

fro
m

 

This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that
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side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s
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s. (G) and (J) All rats showed strong, rapidly
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This variability could be introduced by sensory
uncertainty in the left-versus-right classification
of each individual pulse, or by noise in the pro-
cess of adding new sensory evidence to the ac-
cumulator memory.

The pulsatile nature of our task made it straight-
forward to parameterize sensory adaptation [(14);
Eq. 2]. We found strong, quickly-recovering de-
pression for rats (Fig. 2, D, G, and J; adapta-
tion magnitude ϕ = 0.17 T 0.021, recovery time
constant tϕ = 0.080 T 0.024 s, mean T SE across
rats). This is consistent with the depression ob-
served in auditory cortex neural responses to
click train stimuli (15, 16). Stimuli in the human
tasks were constructed with a minimum inter-
pulse interval (30 ms in the auditory task, 150 ms
in the visual task), and this greatly reduced the
adaptation effects as compared to those in rats
(Fig. 2, G and J). Across all adaptation regimes,
we found long accumulator time constants and
zero memory diffusion noise.

If our subjects’ behavior depends on a pro-
cess that cannot be approximated by the mod-
el [such as collapsing bounds (17), variability
in attention (18), or other possibilities not yet
formalized in a model], our interpretation of the
best-fit values may be problematic. We therefore
tested the model-derived conclusions. To assess
the memory time constant t, we calculated the
“psychophysical reverse correlation” (17, 19–21),
which estimates the extent to which click rates
at each point in time influence left and right
decisions. This analysis indicated that all periods
of the trial have similar influence on the deci-
sion (approximately constant separation between
the two traces in Fig. 3A), which is consistent
with the long t found in the model-based anal-
ysis. To assess our estimates of the single-pulse
noise s2s and the starting variability s2i, we fit
the model to data from trials with multiple clicks
on each of the two sides, and used those best-fit
parameters to predict performance on trials in

which only one single-side pulse happened to
be presented (for which performance is domi-
nated by s2s and s2i). The prediction was ac-
curate, even on an individual subject-by-subject
basis (Fig. 3B). To assess the memory diffusion
noise s2a, we controlled for sensory evidence
by dividing trials into groups, so that all trials
within a group had the same number of right
clicks and the same number of left clicks; as-
suming large |t|, performance within each group
is then dominated by s2a and the click depres-
sion parameters ϕ and tϕ. Large s2a would
predict decreasing within-group performance at
longer stimulus durations. The data showed the
opposite trend and was precisely predicted by
the best-fit model, where s2a = 0 and clicks are
depressing (Fig. 3C and fig. S13). The tests of
Fig. 3 thus provided model-independent confir-
mation of the model-fit parameter values.

Using highly variable yet precisely known
stimuli, together with a trial-by-trial model that

Fig. 2. The model can fit a variety of mechanisms, but the data con-
sistently fit to a pulse-accumulating mechanism with zero noise in the
accumulator’s memory. (A) Three examples of the mechanisms that the
model can represent. Top: The ideal, a pulse accumulator that weights all pulses
equally. Middle: A burst detector. If three or more pulses from the same side
arrive within 50ms, the sticky bounds are reached, meaning that a commitment
to orient to that side is made. Bottom: A precedence detector. If pulses from one
side tend to arrive shortly before pulses from the other side, the adaptation
minimizes the second side’s pulses, and the decision tends toward the preceding
side. (B to D) Parameter-likelihood landscapes that result from the data of one
example rat. Panels are two-dimensional slices, cut through the full nine-
dimensional parameter space, around the best-fit values. The blue curves
represent CIs [2 SD of the multidimensional normal distribution fit to the

likelihood landscape (28)]. The best-fit parameter values found, which are l ≈ 0,
B >> 1, s2a ≈ 0, s2s >> 0, and ϕ << 1, correspond to pulse accumulation [(A),
top] with a perfect memory but imperfect processing of sensory inputs. (E to J)
Summaries of best-fit parameters over all subjects and tasks. Black ticks are best-
fit values; gray bars span the CIs. Each panel has been divided by task (yellow
highlight for human auditory task, green highlight for human visual task) and
then sorted independently in order of parameter value. (E) All subjects, in all
tasks, had long accumulator memories. (H) Most subjects were best fit with large
bounds (B → ∞). (F) Thirteen of 19 rats and all humans in both auditory and
visual tasks were best fit with s2a = 0. (I) A wide range of values, all large
compared to s2a, were found for s

2
s. (G) and (J) All rats showed strong, rapidly

recovering depression (ϕ < 1, mean tϕ = 0.040 s). Humans showed weak
depression in the auditory task and weak facilitation in the visual task.
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Long accumulation
time constant

High decision-
commitment bounds

No accumulator 
noise (13/19 rats)

Substantial
sensory noise

What did we find?

����
����
Graded accumulation regime

Accumulator appears to be near optimal: 
lossless (τ ≈ ∞, B ≈ ∞) and noiseless (σ2a ≈ 0)

(Brunton et al., Science 2013)

Major source 
of errors
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Model+click times facilitates analysis of neural and behavioral data:
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 most statistically powerful method to date for quantifying features of decision processes
 2. Highly variable yet precisely known stimulus + trial-by-trial model ⇒ lots of info, statistical power

 3. Model provides trial-by-trial, moment-by-moment, estimate of value of accumulator a
important for neurophysiology analysis

the key items for the rest of the talk:

 1. Strong behavioral evidence that rats can gradually accumulate evidence for decision-making

will use in perturbation analysis below



Talk Outline
• Accumulation of evidence

• Rats (and humans) are near optimal accumulators  
(Brunton et al, Science, 2013)

• System Identification: a powerful approach to behavioral modeling 

• There are signatures of accumulation in rodent prefrontal (FOF) 
and parietal (PPC) cortex (Hanks et al., Nature, 2015)
• Classic analyses reveal similar results as previous monkey work.

• New, model based analyses, reveal distinct encoding in prefrontal and 
parietal cortex. 

• The FOF (but not PPC) of the rat is obligatory for decisions 
guided by evidence that accumulates longer than 240ms. 
(Erlich et al, eLife, 2015) 

• Parietal cortex plays a larger role in free choice.

• Optogenetic data supports modeling results.



(indicated by color) or the monkey’s choice (solid or dashed lines).
The activity then increased or decreased in a manner that re-
flected the strength of motion and the monkey’s ultimate choice.
On trials that culminated in T1 choices (direction judged as
toward the RF), the activity increased in a ramp-like fashion. The
rate of growth in the response was largest for the strongest motion
and smaller as the coherence decreased. The slopes of the func-
tions ranged from 21.5 spikes per second squared to 88.8 spikes
per second squared as motion strength was varied from 0 to 51.2%
coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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coherence (CI: 16.5–26.6 and 49.2–128.3, respectively; p !
0.0001) (Eq. 3A, H0: !4 " 0). The effect of motion strength on the
rate of change was statistically significant for both monkeys (in-
crease of 59.3 and 40.7 spikes per second squared from 0 to 51.2%
coherence for monkeys N and B; CI: 51.3–67.3 and 31.5–50.0,
both p ! 0.0001) (Eq. 3A, H0: !4 " 0). A similar pattern was
apparent in the declining responses that accompanied T2 choices.
For T2 choices the responses were less ramp-like but tended to
drift toward lower rates in a manner that also depended on the
strength of motion. This inverse relationship between the rate of
change in neural response and motion strength seen in Figure 7A
was also reliable ( p ! 0.0001) (Eq. 3A, H0: !4 " 0).

Importantly, the ramp-like modulation in discharge accompa-
nied motion viewing and was not an immediate antecedent to the
saccadic eye movement. The response averages shown in the lef t
half of Figure 7A are drawn to the median reaction time and do
not include any activity in the 100 msec preceding saccade initi-
ation. These curves therefore exclude any enhancement (or at-

tenuation) that occurred just before the eye movement. They
reveal clear differences in the neural processing that accompanied
the formation of difficult versus easy decisions. It will prove useful
for comparison to tabulate the mean response in the 40 msec
epoch denoted by arrows a and b in Figure 7A. The mean
responses (#SEM) for each coherence level for both directions
are shown in Figure 7B. These means, drawn from at least half of
the trials at all motion strengths, demonstrate a systematic de-
pendency on motion strength: an increase in activity of 38.4
spikes per second per 100% coherence when motion was toward
T1 (a, CI: 23.9–52.8 spikes per second; p ! 0.001) (Eq. 2A, H0:
!2 " 0) and a decrease of $29.9 spikes per second per 100%
coherence when motion was toward T2 (b, CI: $50.2 to $9.6
spikes per second; p ! 0.01) (Eq. 2A, H0: !2 " 0).

Because many LIP neurons modulate their activity in relation
to eye movements (Barash et al., 1991a; Colby and Goldberg,
1999), it is natural to ask whether the effect of motion strength on
neural activity could be explained by differences in the monkeys’
eye movement responses. Except for RT, however, the saccade
parameters that we measured did not vary substantially as a
function of motion strength. Saccadic duration and accuracy did
not show any dependency on motion strength ( p % 0.05) (Eq. 4A,
H0: !2 " 0). The higher coherence stimuli were associated with
saccades that were slightly slower and shorter, but these effects
were very small (&3%); they did not constitute violations of the
main sequence (Fuchs, 1967). Of course, RT was 53.4% faster
across the range of motion strengths ( p ! 0.0001) (Eq. 4A, H0:

Figure 7. Time course of LIP activity in the RT-direction-discrimination task. A, Average response from 54 LIP neurons. Responses are grouped by
motion strength and choice as indicated by color and line type. The responses are aligned to two events in the trial. On the lef t, responses are aligned
to the onset of stimulus motion. Response averages in this portion of the graph are drawn to the median RT for each motion strength and exclude any
activity within 100 msec of eye movement initiation. On the right, responses are aligned to initiation of the eye movement response. Response averages
in this portion of the graph show the buildup and decline in activity at the end of the decision process. They exclude any activity within 200 msec of
motion onset. The average firing rate was smoothed using a 60 msec running mean. Arrows indicate the epochs used to compare spike rate as a function
of motion strength in the next panels. Arrows a and b mark the 40 msec epoch ending at the median RT for 51.2% motion trials (370–410 msec after
stimulus onset); arrows c and d mark the 40 msec epoch ending 30 msec before saccade initiation. Only correct choices are included in these graphs for
motion coherences %0%. B, Effect of motion strength on firing rate during decision formation. Response averages were obtained from 54 neurons in
the 40 msec epochs corresponding to arrows a and b above. When motion was toward the RF (solid line; epoch a), the spike rate increased linearly as
a function of motion strength. When motion was away from the RF (dashed line; epoch b), the spike rate decreased as a function of motion strength.
Note that, for the 0% coherence stimulus, there was no net direction of motion, but the activity was greater when the monkey chose the T1 direction.
Symbols represent weighted means # SEM. Lines are weighted least squares fits to Equation 2A (*p ! 0.05; H0: !2 " 0). C, Effect of motion strength
on firing rate at the end of the decision process. Response averages were obtained from 54 neurons in the 40 msec epochs corresponding to arrows c and
d. The large response preceding eye movements to the RF (solid line, filled circles; arrow c) did not depend on the strength of motion. Responses preceding
eye movements away from the RF were more attenuated with stronger motion stimuli (dashed line; arrow d). Use of weighted means in B and C introduces
small discrepancies from averages indicated by arrows in A.
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Bosman et al. Anatomy of the whisker system

the information of which might be forwarded to the lateral facial
nucleus via the direct connection (Matyas et al., 2010).

THALAMUS AND TRIGEMINO-THALAMO-CORTICAL PATHWAYS
The thalamus is the main gateway to the cerebral cortex. It is
composed of several nuclei, two of which are critically involved
in the transmission of whisker stimuli to wS1: the ventral pos-
terior medial nucleus (VPM) and the medial posterior nucleus
(Pom). There are at least six pathways conveying whisker input
from the trigeminal nuclei to the cerebral cortex (Figure 4E). To
some extent, these pathways convey different aspects of whisker

sensation (Yu et al., 2006). The pathways that make synapses in
VPM convey whisker input with short latencies, while those via
Pom have considerably longer latencies. VPM receives both single-
and multiple-whisker input, Pom only multi-whisker input. An
anatomical difference between VPM and Pom is that VPM, in
contrast to Pom, contains barreloids, analogous to the barrelettes
in the trigeminal nuclei, and the barrels in wS1. The barreloids
are prominent in the dorsomedial part of VPM (VPMdm), but
fade away toward the ventrolateral part (VPMvl; Van der Loos,
1976; Land et al., 1995; Haidarliu and Ahissar, 2001). As a con-
sequence, VPMdm processes mainly single-whisker input and

FIGURE 4 |The trigemino-thalamo-cortical pathways. Schematic drawing
of the organization of the barrels in layer 4 of a tangential slice of an adult rat
(A), mouse (B), and rabbit (C). Note that the septa are prominent in rats but
very small in mice. In adult rabbits, barrels are absent. Instead, the
somatotopic representation of the vibrissae is more gradual. (D1) Schematic
drawing of a rat brain. The dotted line indicates the recording area for the
panels (D2,D3). The red dots indicate the representations of the C2 whisker,
and the blue dots those of the E2 whisker in wS1 and wM1. wS2 is partially
visible on the extreme left of the recording area. (D2) Voltage-sensitive dye
images in urethane-anesthetized mice showing that stimulation of the
contralateral C2 whisker initially evokes a very local signal in the C2 barrel of
wS1. Consecutively, the signal spreads over the rest of wS1, and also to
wM1, and to a lesser extent also to wS2. The time points indicate the time
since the onset of whisker deflection, the scale bar the fluorescent signal
(blue = weak, white = high). (D3) Idem, but for the E2 whisker. Note that the
early responses to the C2 and E2 whiskers are at different locations, but this

difference is less obvious during later phases of the response. Panel D is
reproduced with permission from Aronoff et al. (2010). (E) Schematic
representation of the trigemino-thalamo-cortical pathways discussed in the
main text. The arrowheads indicate the termination areas of the axons. Note
that (in the cerebral cortex) the postsynaptic cells may have their somata in
other layers. The line thickness indicates the relative importance of the
pathways. The barreloids in VPM are indicated in an oblique coronal slice, the
barrelettes of the trigeminal nuclei in coronal slices. D = dorsal; L, lateral; LD,
laterodorsal nucleus of the thalamus; Pom, medial posterior nucleus of the
thalamus; PrV, primary trigeminal nucleus; R, rostral; SpVic, caudal part of
spinal trigeminal nucleus pars interpolaris; SpVio, oral part of SpVi; SpVo,
spinal trigeminal nucleus pars oralis; VPMdm, dorsomedial part of the
ventroposterior medial nucleus of the thalamus; VPMh, “head” area of VPM;
VPMvl, ventrolateral part of VPM; wM1, whisker motor cortex; wS1, whisker
part of primary sensorimotor cortex; wS2, whisker part of secondary
sensorimotor cortex.
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theinformationofwhichmightbeforwardedtothelateralfacial
nucleusviathedirectconnection(Matyasetal.,2010).

THALAMUSANDTRIGEMINO-THALAMO-CORTICALPATHWAYS
Thethalamusisthemaingatewaytothecerebralcortex.Itis
composedofseveralnuclei,twoofwhicharecriticallyinvolved
inthetransmissionofwhiskerstimulitowS1:theventralpos-
teriormedialnucleus(VPM)andthemedialposteriornucleus
(Pom).Thereareatleastsixpathwaysconveyingwhiskerinput
fromthetrigeminalnucleitothecerebralcortex(Figure4E).To
someextent,thesepathwaysconveydifferentaspectsofwhisker

sensation(Yuetal.,2006).Thepathwaysthatmakesynapsesin
VPMconveywhiskerinputwithshortlatencies,whilethosevia
Pomhaveconsiderablylongerlatencies.VPMreceivesbothsingle-
andmultiple-whiskerinput,Pomonlymulti-whiskerinput.An
anatomicaldifferencebetweenVPMandPomisthatVPM,in
contrasttoPom,containsbarreloids,analogoustothebarrelettes
inthetrigeminalnuclei,andthebarrelsinwS1.Thebarreloids
areprominentinthedorsomedialpartofVPM(VPMdm),but
fadeawaytowardtheventrolateralpart(VPMvl;VanderLoos,
1976;Landetal.,1995;HaidarliuandAhissar,2001).Asacon-
sequence,VPMdmprocessesmainlysingle-whiskerinputand

FIGURE4|Thetrigemino-thalamo-corticalpathways.Schematicdrawing
oftheorganizationofthebarrelsinlayer4ofatangentialsliceofanadultrat
(A),mouse(B),andrabbit(C).Notethattheseptaareprominentinratsbut
verysmallinmice.Inadultrabbits,barrelsareabsent.Instead,the
somatotopicrepresentationofthevibrissaeismoregradual.(D1)Schematic
drawingofaratbrain.Thedottedlineindicatestherecordingareaforthe
panels(D2,D3).ThereddotsindicatetherepresentationsoftheC2whisker,
andthebluedotsthoseoftheE2whiskerinwS1andwM1.wS2ispartially
visibleontheextremeleftoftherecordingarea.(D2)Voltage-sensitivedye
imagesinurethane-anesthetizedmiceshowingthatstimulationofthe
contralateralC2whiskerinitiallyevokesaverylocalsignalintheC2barrelof
wS1.Consecutively,thesignalspreadsovertherestofwS1,andalsoto
wM1,andtoalesserextentalsotowS2.Thetimepointsindicatethetime
sincetheonsetofwhiskerdeflection,thescalebarthefluorescentsignal
(blue=weak,white=high).(D3)Idem,butfortheE2whisker.Notethatthe
earlyresponsestotheC2andE2whiskersareatdifferentlocations,butthis

differenceislessobviousduringlaterphasesoftheresponse.PanelDis
reproducedwithpermissionfromAronoffetal.(2010).(E)Schematic
representationofthetrigemino-thalamo-corticalpathwaysdiscussedinthe
maintext.Thearrowheadsindicatetheterminationareasoftheaxons.Note
that(inthecerebralcortex)thepostsynapticcellsmayhavetheirsomatain
otherlayers.Thelinethicknessindicatestherelativeimportanceofthe
pathways.ThebarreloidsinVPMareindicatedinanobliquecoronalslice,the
barrelettesofthetrigeminalnucleiincoronalslices.D=dorsal;L,lateral;LD,
laterodorsalnucleusofthethalamus;Pom,medialposteriornucleusofthe
thalamus;PrV,primarytrigeminalnucleus;R,rostral;SpVic,caudalpartof
spinaltrigeminalnucleusparsinterpolaris;SpVio,oralpartofSpVi;SpVo,
spinaltrigeminalnucleusparsoralis;VPMdm,dorsomedialpartofthe
ventroposteriormedialnucleusofthethalamus;VPMh,“head”areaofVPM;
VPMvl,ventrolateralpartofVPM;wM1,whiskermotorcortex;wS1,whisker
partofprimarysensorimotorcortex;wS2,whiskerpartofsecondary
sensorimotorcortex.

FrontiersinIntegrativeNeurosciencewww.frontiersin.orgOctober2011|Volume5|Article53|6

X

2050125
0

50

100

Clicks/Sec

%
 W

en
t R

ig
ht

2050125

M
em

ory
Trials

0

50

100

Left FOF
Inactivations, n=10

N
on−M

em
ory

Trials

Right FOF
Inactivations, n=10

!"#$'

Figure 3. a. Example muscimol sessions.  
b. Combined data from 10 right and 10 left 
FOF inactivation experiments. Dashed lines 
are fits to muscimol data. Solid lines are fits 
to control data. Thin lines are 95% c.i. of 
the fits. a&c. left pointing triangles indicate 
inactivaiton of left FOF, right pointing trials 
indicate inactivation of right FOF. c. error 
bars indicate the 95% c.i. of the means.  Infusion Data

Control Data

No Drug Ipsi Contra

50

75
%

 C
or

re
ct

Non-Memory Trials

Memory Trials

} p<0.001

Muscimol

A

B

n=20; 5 rats x 4 sessions per rat

contra ipsi

300 nL of 0.5mg/mL muscimol 
a GABA-A agonist 

Muscimol inactivation of FOF



2050125
0

50

100

Clicks/Sec

%
 W

en
t R

ig
ht

2050125

M
em

ory
Trials

0

50

100

Left FOF
Inactivations, n=10

N
on−M

em
ory

Trials

Right FOF
Inactivations, n=10

!"#$'

Figure 3. a. Example muscimol sessions.  
b. Combined data from 10 right and 10 left 
FOF inactivation experiments. Dashed lines 
are fits to muscimol data. Solid lines are fits 
to control data. Thin lines are 95% c.i. of 
the fits. a&c. left pointing triangles indicate 
inactivaiton of left FOF, right pointing trials 
indicate inactivation of right FOF. c. error 
bars indicate the 95% c.i. of the means.  Infusion Data

Control Data

No Drug Ipsi Contra

50

75
%

 C
or

re
ct

Non-Memory Trials

Memory Trials

} p<0.001

Muscimol

A

B

Muscimol inactivation of FOF

this representation. The cellular and behavioral effects of the
injection lasted several hours, and even when the monkeys
were tested .4 h after the injections these effects were present
and generally enhanced. The oculomotor deficits were gone
completely by the next day.
An example of monkey MK2’s oculomotor performance of

visually and memory-guided saccades ;2 h after a muscimol
injection in the FEF is shown in Fig. 2. Stimulation of the site
before the injection consistently elicited a horizontal contra-
versive saccade ;10° to the right (Fig. 2A). The most obvious
deficit in the monkey’s performance of the visually guided
saccade task after the injection was the reduced number of
saccades made to the right, particularly at polar angles of 0°
and 315° (Fig. 2B). Although all targets were presented a
similar number of times, the monkey would usually not initiate
a saccade toward the retinotopic location represented at the
injection site. In addition, the saccades toward regions flanking
the affected region, for example down to the right, were slower
than normal and smaller in size. This reduction in velocity is

evident in the bottom panels of Fig. 2B. Saccades directed
toward the ipsilateral hemifield were not as strongly affected
by the inactivation, although they differed from controls in
some respects. They reached peak velocities that were compa-
rable with controls but were less accurate in reaching the
target. The latencies of ipsilateral saccades were not as strongly
affected by the injection as were the latencies of contralateral
saccades. Plots of control data collected when no injection was
made are included in Fig. 2B, right, and demonstrate that the
monkey performed the visually guided task well under normal
conditions.
There was also a greater scatter of the end points of these

saccades when compared with controls. In addition, eye posi-
tions during fixation before the start of saccades were deviated
ipsilaterally and were scattered, whereas, in the controls, fix-
ation positions overlapped closely and were centered on the
fixation spot. These effects are presented in greater detail later
in this paper.
While the monkey was showing difficulty in generating

FIG. 2. Effects of muscimol injection mu6 in the left FEF of monkey MK2 on visually and memory-guided saccades. A: trajectories
of 5 saccades evoked by electrical stimulation at the injection site while the monkey fixated the central fixation light, with dots
representing eye position sampled at a rate of 1 kHz. These recordings were made just moments before the injection. B: visually guided
saccades made 2 h after the muscimol injection (left) compared with control data (right). Top: plot of the trajectories of saccades. Bottom:
plot of the horizontal and vertical components of eye velocity, plotted for the duration of each saccade, such that the peak velocity for
each saccade is represented by the farthest point from the origin (velocity at origin5 0°/s). Saccades were made to 1 of 8 randomly chosen
target locations (peripheral E), each located 10° from the central fixation point (central E).4 in both position and velocity plots point
to the targets for which the monkey showed greatest changes in performance after the muscimol injection. C: memory-guided saccades
recorded immediately after the visually guided movements in B. These data were obtained using a 100-ms memory-delay period. All
controls were recorded 4 days after the injection.
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Figure S3, Waveforms and Inter-Spike Interval histograms for example cells  in figure 3, 
and histological placement of electrodes. Related to Figure 3.
(A) Waveforms (mean ± standard deviation) and inter-spike interval histograms for the three  
contralateral preferring neurons shown in Figure 3A. (B) Waveforms (mean ± standard 
deviation) and inter-spike interval histograms of the three ipsilateral preferring neurons shown in 
Figure 3B. (C) Example of an electrode track in FOF. The thin black lines indicate the borders 
of M2 (Paxinos and Watson, 2004).  (D) Electrode tracks for the 5 implanted rats. Green 
diamonds indicate the final location of the tips from electrodes in the left FOF and red diamonds 
indicate the final location of the tips from electrodes in the right FOF.   
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Figure S3, Waveforms and Inter-Spike Interval histograms for example cells in figure 3, and 
histological placement of electrodes. Related to Figure 3. 
(A) Waveforms (mean ± standard deviation) and inter-spike interval histograms for the three  
contralateral preferring neurons shown in Figure 3A. (B) Waveforms (mean ± standard deviation) and 
inter-spike interval histograms of the three ipsilateral preferring neurons shown in Figure 3B. (C) 
Example of an electrode track in FOF. The thin black lines indicate the borders of M2 (Paxinos and 
Watson, 2004).  (D) Electrode tracks for the 5 implanted rats. Green diamonds indicate the final location 
of the tips from electrodes in the left FOF and red diamonds indicate the final location of the tips from 
electrodes in the right FOF.   
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FIG. 8. Population responses of various
classes of neuron active during the delay period
in parietal area 7ip ( left) and prefrontal area 8a
(right) . Conventions as in Fig. 4. Each neuronal
class is distinguished by the additional presence
or absence of larger bursts in activity during
cue and saccade periods. Cue onset, offset, and
fixation target offset are indicated by the 3 verti-
cal lines across each histogram. A–H : neurons
in which tonic delay-period activity was accom-
panied by 2 larger bursts in activity during the
cue and saccade periods (A and B) , a larger
burst during the cue period (C and D) , a larger
burst during the saccade period (E and F) , or in
the absence of notable bursts in activity during
either cue or saccade periods (G and H) .

common to both cortical areas. This set of distributed activity neurons in posterior parietal cortex (area 7ip) and in prefron-
patterns included tonic (Fig. 14, A and B) , phasic (Fig. 14, tal cortex (area 8a) as monkeys performed a memory-guided
C and D) , and phasic/ tonic (Fig. 14, E and F) cue period saccade task. In both neuronal populations, neurons were
activities; delay-period activity with larger bursts in activity found to exhibit all permutations of cue, delay, and saccade
during cue and saccade periods (Fig. 14, G and H) or only period activities (Fig. 3A) , which had similar spatial tuning
during the cue period (Fig. 14, I and J) or only the saccade (Fig. 7, A–C) , and although there was some suggestion that
period (Fig. 14, K and L) ; tonic delay-period activity without cue period activity lead in parietal cortex and saccade period
these bursts, beginning during the cue period (Fig. 14, M activity lead in prefrontal cortex, to a large degree neurons
and N) or after it (Fig. 14, O and P) ; and finally, both pre- became simultaneously active in the two regions (Fig. 5, A–
(Fig. 14, Q and R) and postsaccadic (Fig. 14, S and T ) D) . The variety of neuronal activity patterns within each
saccade period activities. task epoch was remarkably constant across the two cortical

areas (Fig. 14), so that neurons within them could not be
unambiguously distinguished on the basis of their activityD I S CU S S I ON
alone; prior knowledge of the location of recording was
required. The detailed congruence of neuronal activity pat-Although a common objective of cortical research is the
terns found in parietal and prefrontal cortex during this taskelucidation of anatomic, physiological, and ultimately func-
may be the direct result of the reciprocal projection linkingtional differences between cortical areas, a central feature of

the present results was the physiological similarity between these cortical areas. The present data in conjunction with
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FIG. 8. Population responses of various
classes of neuron active during the delay period
in parietal area 7ip ( left) and prefrontal area 8a
(right) . Conventions as in Fig. 4. Each neuronal
class is distinguished by the additional presence
or absence of larger bursts in activity during
cue and saccade periods. Cue onset, offset, and
fixation target offset are indicated by the 3 verti-
cal lines across each histogram. A–H : neurons
in which tonic delay-period activity was accom-
panied by 2 larger bursts in activity during the
cue and saccade periods (A and B) , a larger
burst during the cue period (C and D) , a larger
burst during the saccade period (E and F) , or in
the absence of notable bursts in activity during
either cue or saccade periods (G and H) .

common to both cortical areas. This set of distributed activity neurons in posterior parietal cortex (area 7ip) and in prefron-
patterns included tonic (Fig. 14, A and B) , phasic (Fig. 14, tal cortex (area 8a) as monkeys performed a memory-guided
C and D) , and phasic/ tonic (Fig. 14, E and F) cue period saccade task. In both neuronal populations, neurons were
activities; delay-period activity with larger bursts in activity found to exhibit all permutations of cue, delay, and saccade
during cue and saccade periods (Fig. 14, G and H) or only period activities (Fig. 3A) , which had similar spatial tuning
during the cue period (Fig. 14, I and J) or only the saccade (Fig. 7, A–C) , and although there was some suggestion that
period (Fig. 14, K and L) ; tonic delay-period activity without cue period activity lead in parietal cortex and saccade period
these bursts, beginning during the cue period (Fig. 14, M activity lead in prefrontal cortex, to a large degree neurons
and N) or after it (Fig. 14, O and P) ; and finally, both pre- became simultaneously active in the two regions (Fig. 5, A–
(Fig. 14, Q and R) and postsaccadic (Fig. 14, S and T ) D) . The variety of neuronal activity patterns within each
saccade period activities. task epoch was remarkably constant across the two cortical

areas (Fig. 14), so that neurons within them could not be
unambiguously distinguished on the basis of their activityD I S CU S S I ON
alone; prior knowledge of the location of recording was
required. The detailed congruence of neuronal activity pat-Although a common objective of cortical research is the
terns found in parietal and prefrontal cortex during this taskelucidation of anatomic, physiological, and ultimately func-
may be the direct result of the reciprocal projection linkingtional differences between cortical areas, a central feature of

the present results was the physiological similarity between these cortical areas. The present data in conjunction with
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Neural signatures of accumulating evidence  
in rat Posterior Parietal Cortex and Frontal Orienting Field

Hanks, Kopec, Brunton, Duan, Erlich & Brody (Nature, 2015)

FOF, n=128
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the answer to the question ‘what is the value of the mentally accumu-
lated evidence?’.

Despite the similarities between the FOF and PPC based on trial-
averaged responses (Fig. 1c, d), the tuning curve analysis revealed a very
different encoding of the value of the accumulator a(t) in the FOF. Neu-
rons in the FOF exhibited a more categorical mapping between firing
rate and the sign of the accumulator value that tended to cluster into an
a . 0 and an a , 0 group, while the mapping was again stable across time

(Fig. 3b). The sign of a indicates the choice, so the FOF categorically
encodes which of the two available choices is favoured by the evidence
accumulated so far. Thus, FOF responses can be approximately described
as the categorical answer to the question ‘if the go signal came now,
which choice should I make?’.

A direct comparison of the time-averaged tuning curves showed a
significantly larger slope at the zero-crossing for the FOF compared to
the PPC (Fig. 3c; PPC: 0.058 6 0.003, FOF: 0.158 6 0.015, mean 6 95%
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Figure 1 | Side-selective neurons in PPC and FOF exhibit signatures of
evidence accumulation. a, Sequence of events for each trial. b, Schematic of
the evidence accumulation process. Each right (left) click provides a single
quantum of positive (negative) evidence. The thick green line shows the
expected trajectory, averaged over many trials, of the accumulating evidence a
for a mean stimulus strength of 29:11 clicks s21. The red line shows this for
15:25 clicks s21. The lighter-coloured traces show how individual trials within
a given stimulus-difficulty class meander based on the variable click times of
each trial. At the ‘go’ signal (offset of centre light-emitting diode (LED)),
the sign of a indicates the appropriate decision. c, PPC average population

responses. Trials were grouped by average strength of the sensory evidence.
Green traces correspond to stimuli in the preferred direction of the recorded
neurons, and red traces to the non-preferred direction. Darker hues
correspond to easier trials. Responses exhibit ramping profiles that depend on
the mean stimulus strength. The PPC response lag (RL) until stimulus-
strength-dependent ramping was ,200 ms. n 5 93 neurons from 4 rats.
d, Same as c for neurons in the FOF. Similar to PPC, responses exhibit ramping
profiles that depend on the mean stimulus strength. Response lag in the
FOF is ,100 ms. n 5 128 neurons from 6 rats. e, Click-triggered average
response 6 s.e.m. in the PPC. f, Same as e for FOF.
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Figure 2 | Computing tuning curves that describe the relationship between
neural activity and accumulated evidence. a, One trial for an example neuron
from the PPC. The left side shows the firing rate of the neuron, and the
right side shows the behavioural model’s estimate of the evolution of the
distribution of a (colour represents probability density). Time runs vertically
and is aligned to stimulus onset minus neural response lag. 6B correspond
to the ‘sticky’ decision-commitment bounds on evidence accumulation.
b, Building a map of firing rate versus accumulator value. At a given time point
(here, t 5 0.4 s), we copy the distribution of a (purple box) to a vertical position

given by the firing rate of the neuron. c, Continuing with the same time
point, we add a slice from every recorded trial. This produces the full joint
distribution P(r,a | t 5 0.4), the probability of seeing firing rate r and
accumulator value a at time t 5 0.4 s. d, The accumulator values are binned,
and the mean firing rate is computed for each bin to generate a neural
tuning curve as a function of a. e, The process is repeated for each time point.
Each vertical slice corresponds to a tuning curve, with the one from d shown
above the purple arrowhead.
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Use the model to estimate the tuning curve of  
firing rate relative to evidence
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animal based its choices on the cumulative evidence from the
four shapes, there was no actual requirement to integrate evi-
dence in time. This is because each shape remained visible
from the time it was presented until themonkeymade a decision.
Thus, it was possible that the monkeys based their decision on
the combination of the four cues present at the end of each trial.

Herewe employed amodified version of this probabilistic clas-
sification task in which a sequence of shape-cues are presented
transiently, until the monkey terminates the sequence with a de-
cision. The task makes explicit demands on working memory
and evidence accumulation. Moreover, to perform this task opti-
mally, themonkey should terminate decisionswhen the accumu-
lated logLR reaches a threshold level, or bound. This process,

termed the sequential probability ratio test (SPRT) (Barnard,
1946; Good, 1979; Wald, 1947), is optimal in the sense that it re-
quires the least number of samples, on average, to achieve any
given level of accuracy (Wald and Wolfowitz, 1948). We hypoth-
esized that the primate brain approximates such a stratagem,
and we demonstrate neural correlates of this process in the firing
rates of neurons in area LIP.

RESULTS

Behavior
Monkeys made decisions between two peripheral targets based
on a sequential presentation of shapes (Figure 1A, see Experi-
mental Procedures). Each presented shape conferred probabi-
listic evidence that differed in reliability in predicting which target
(A or B) would furnish a reward. Although each of the eight
shapes could be shown on any trial, they were sampled differ-
ently depending on the reward-associated target (Figure 1B).
Four shapes favored one of the targets (‘‘Target A’’) because
theyweremore likely to appear when it was assigned the reward.
The other four shapes favored the other target. Each shape’s ev-
idence can be quantified by logLR: the sign indicates a favored
target and the magnitude represents the reliability of evidence.
While the monkey maintained fixation, shapes appeared parafo-
veally every 250 ms, one at a time, until the monkey indicated its
decision with a saccadic eyemovement to one of the two targets
(Figure 1A). The monkey was rewarded for correct choices after
a fixed or variable delay. For the two monkeys, target designa-
tions ‘‘A’’ and ‘‘B’’ refer to left and right (monkey E) or red and
green (monkey J).
As shown in Figure 2A, both monkeys displayed a wide range

of reaction times (RTs) on this task. The serrated quality of the
histograms is consistent with the rate at which the shapes
were shown (4 Hz), although there is considerable variability
that blurs this discrete schedule. Evidently, monkey J made
some decisions based on only a few shapes, but both monkeys
often delayed their responses until after viewing several shapes.
We therefore wished to ascertain whether they used information
from all the shapes or waited for a particular shape or perhaps
used information from a favored time period.
To address this empirically, we used logistic regression to es-

timate the leverage of shapes presented at the beginning
through the end of the trial on the choice. To isolate the leverage
of shapes presented at particular times, we considered all the
other shapes shown in the trial as confounders (Equations 1
and 2). The leverage is summarized by a single weighting coeffi-
cient (b1, Equation 2), displayed in Figure 2B. The left half of these
graphs displays the effect of evidence presented at the begin-
ning of the trial on the monkey’s ultimate choice. Because the
shapes appeared (and disappeared) every 250 ms, this portion
of the graph contains only three discrete values, corresponding
to the onset times of the first three shapes. Shapes presented
in each of these epochs had coefficients significantly greater
than zero, indicating that they affected the monkeys’ choices
(p < 0.05 up to the tenth shape for each monkey).
The right half of the graph plots the effect of the shapes on

choice at the time the shapes appeared relative to the saccadic
choice. Since saccade initiation is not fixed to the time of

A

B

Figure 1. Sequential Inference Task
(A) Trial flow. The monkey stares at a central fixation point at the beginning of a

trial, and two choice targets appear, followed by a sequence of shapes, which

are shown in succession every 250ms. Each shape supplies evidence bearing

on whether a reward is associated with one or the other choice target. The

sequence continues until the monkey initiates an eye movement to a choice

target. The reaction time is the interval from the onset of the first shape to

initiation of the saccadic choice.

(B) The shapes shown on a trial are independent, random draws from either of

the two discrete sampling distributions (indicated by color). On each trial, the

designation of the correct (rewarded) choice is randomized to Target A or B,

and the shapes are sampled accordingly. The ratio of sampling probabilities

associated with each shape implies that half of the shapes support one or the

other choice. Target A refers to the left choice target for monkey E and the red

choice target for monkey J.
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SUMMARY

Difficult decisions often require evaluation of sam-
ples of evidence acquired sequentially. A sensible
strategy is to accumulate evidence, weighted by its
reliability, until sufficient support is attained. An
optimal statistical approach would accumulate evi-
dence in units of logarithms of likelihood ratios
(logLR) to a desired level. Studies of perceptual deci-
sions suggest that the brain approximates an analo-
gous procedure, but a direct test of accumulation, in
units of logLR, to a threshold in units of cumulative
logLR is lacking. We trained rhesus monkeys to
make decisions based on a sequence of evanescent,
visual cues assigned different logLR, hence different
reliability. Firing rates of neurons in the lateral intra-
parietal area (LIP) reflected the accumulation of
logLR and reached a stereotyped level before the
monkeys committed to a decision. The monkeys’
choices and reaction times, including their variability,
were explained by LIP activity in the context of accu-
mulation of logLR to a threshold.

INTRODUCTION

Complex decision making often requires the collection of multi-
ple pieces of evidence before committing to a choice. Along the
way, the brain must evaluate each piece of evidence, combine
them together, and determinewhethermore evidence is needed.
The process can be studied at the neural level by training an an-
imal to indicate its decisions with an eyemovement. In that case,
neurons in the parietal and prefrontal cortex, which are associ-
ated with response selection, represent the accumulating evi-
dence during deliberation (Kim and Shadlen, 1999; Shadlen
et al., 1996; Shadlen and Newsome, 2001). The same neurons
achieve a stereotyped level of firing rate upon completion of

the decision (Churchland et al., 2008; Ding and Gold, 2012; Roit-
man and Shadlen, 2002). Thus, these neurons are thought to
participate in the conversion of evidence to a decision variable
(DV) suitable for comparison to a threshold (or bound) for termi-
nating the decision process with a choice. Although the underly-
ing neural mechanisms are less well understood, a similar
‘‘bounded evidence accumulation’’ framework explains a variety
of perceptual and mnemonic decisions in animals and humans
(O’Connell et al., 2012; Ratcliff and McKoon, 2008; Shadlen
and Kiani, 2013).
The idea is appealing because the accumulation of evidence

might be likened to the evolution of belief in a proposition. How-
ever, the concept presupposes that the brain possesses a
mechanism to convert sensory evidence into probabilistic values
associated with degree of belief (Gold and Shadlen, 2001; Pou-
get et al., 2013). It has been shown that humans and nonhuman
primates rationally combine simultaneous cues in accordance
with their reliability (Ernst and Banks, 2002; Fetsch et al., 2012;
Jacobs, 1999; Knill, 2007). However, such rational combination
of cues has not been studied extensively in the setting of deci-
sion making from a sequence of cues that are separated in
time. This is because most studies of decision making employ
a single stimulus whose reliability is fixed (i.e., statistically sta-
tionary) over the course of a decision.
To overcome this limitation, we previously trained monkeys to

observe a sequence of shape cues that furnished probabilistic
evidence bearing on a binary decision (Yang and Shadlen,
2007). This study showed that the monkeys based their deci-
sions on the combined evidence from four cues, giving more
weight to the more reliable cues. Moreover, as the shapes ap-
peared sequentially during a trial, the firing rates of neurons in
area LIP tracked the running sum of the evidence, in units pro-
portional to log likelihood ratio (logLR), for and against the choice
alternatives. This suggests that the brain can optimally combine
cues from sequential samples. However, two aspects of this
study preclude a direct connection to the ‘‘bounded evidence
accumulation’’ mechanism mentioned above. First, there was
nomeasure of decision termination (e.g., reaction time), because
four shape cues were shown on each trial. Second, although the
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supported by the cumulative logLR from the shapes—regardless
of what was actually rewarded—was 90% and 97% of trials (E
and J, respectively; Figure 2D).

More striking yet, the cumulative logLR was remarkably
similar, on average, whether the monkeys used a few or many
shapes to make a decision (Figure 2E). The consistency of these
averages, as a function of the number of shapes, suggests that
the decisions might terminate when the representation of cumu-
lative logLR reaches a threshold level. Accordingly, the monkeys
tended to use fewer shapes on trials in which the first few shapes
conferred stronger evidence (Figure S1A). We infer that the rep-
resentation is inexact, however, because the SDs (error bars in
Figure 2E) are substantial, a point we will elaborate later. Also,
this putative threshold level may not be time invariant (i.e., flat),
as evidenced by the dashed lines (Figure 2E; p < 10!4, weighted
regression). However, the similarity of logLR at decision termina-
tion rules out the main alternative to a threshold on accumulated
evidence. Were the reaction times controlled by some other cri-
terion, independent of the level of evidence, the average logLR
would be the product of the number of shapes times the expec-
tation of the logLR, but this is clearly refuted by the data
(Figure S1B).

Finally, we assessed howmuch weight the monkeys assigned
to each of the eight shapes (Figure 2F). For this analysis, we
again used logistic regression, but instead of using the sum of
the assigned logLR, we estimated the relative weighting of
each of the unique shapes (fitted coefficients b1–8, Equation 3).
For both monkeys, the estimated weights differ from the as-
signed weights, but they have the correct sign, and they are or-
dered appropriately with just one exception for each monkey
(Pearson r = 0.98 and 0.93 for monkeys E and J, respectively;

p < 0.01). Although presented location of the shapes had weak
effects on the leverage inmonkey E (data not shown), such effect
would not affect the rest of the analyses because the location de-
pendency is averaged out in any analysis that is based on a large
number of samples. From these, we conclude that bothmonkeys
learned the approximate weights of the shapes. We refer to
these approximations as subjective weights.

Physiology
We recorded from single neurons in the ventral part of the lateral
intraparietal area (LIPv) while the monkeys performed the
sequential inference task in Figure 1. We selected all well-iso-
lated neurons that exhibited spatially selective persistent activity
during memory-guided saccades (n = 67; 38 in monkey E; 29 in
monkey J). During recording, we mapped the response field (RF)
of a recorded neuron and placed one choice target inside the RF
(Tin) and the other choice target outside the RF (Tout). The targets
were positioned symmetrically about the fixation point. The tar-
gets differed in color for monkey J, whereas both were red for
monkey E, reflecting the two training strategies (see Discussion
and Experimental Procedures).
Shortly after the presentation of the first shape, LIP activity

began to reflect the cumulative evidence in favor of the choice
associated with the neuron’s RF. Figure 3A shows the evolution
of the firing rate as a sequence of up to five shapes were pre-
sented. The trials are grouped into five quantiles based on the
cumulative assigned logLR in each epoch. To avoid contamina-
tion of these averages with activity associated with saccade
preparation, the firing rate averages exclude activity induced
by the N*th shape. Note that any one trial will tend to contribute
to different quantiles in each epoch, and while almost all trials

A B Figure 3. LIP Neural Activity Accompanying
Decision Formation
(A) Average firing rates reflect the cumulative evi-

dence from the sequence of shapes. Average firing

rates (lower row) are plotted as a function of time

from the onset of the first shape. The five curves in

each panel correspond to five quantiles grouped

by the cumulative logLR in favor of Tin. Quantiles

are redefined in each epoch, denoted by the break

between panels, which respects the sensory delay

(ts) evident in the leftmost panel (arrow). Notice

also the"100ms rise time of the response after the

arrow. Firing rates in each epoch were calculated

in a 150mswindow (gray bars on the abscissa; see

Experimental Procedures). Curve thickness de-

picts SEM. The last effective shape in each trial

was excluded from the analysis. Insets show the

mean firing rate at the end of the corresponding

epoch, plotted for all unique values of cumulative

logLR in each epoch (thickness depicts SEM).

Colored symbols correspond to the quantiles in the

graphs below the inset. All panels include both

correct and error trials.

(B) The average change in firing rate induced by

each of the eight shapes.Most error bars (SEM) are

smaller than the symbols.

For monkey J, only trials with the red target in the

RF are shown. See also Figures S2 and S3 and

Movies S1 and S2.
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Summary
• Traditional analysis (averaging across similar trials) reveals 

accumulating evidence signatures in FOF and PPC that are 
qualitatively the same as recordings from monkey FEF and LIP.

• The Accumulator Model, fit to the rats’ choices and click times, 
provides a moment-by-moment estimate of the internal value of the 
accumulated evidence. 

• This estimate can be used to generate tuning curves of firing rate vs. 
accumulated evidence.

• We find that the tuning curves for PPC neurons are smooth, 
suggesting that PPC encodes the value of accumulated evidence.

• We find that the tuning curves for FOF neurons are steep, suggesting 
that FOF encodes the sign of accumulated evidence.

• This suggests that the PPC may accumulate evidence and send this 
information to FOF where the evidence in transformed into a choice 
✤ but as we will see this is not the case...... 



Talk Outline
• Rat University

• Accumulation of evidence

• Rats (and humans) are near optimal accumulators  
(Brunton et al, Science, 2013)

• System Identification: a powerful approach to behavioral modeling 

• There are signatures of accumulation in rodent prefrontal (FOF) 
and parietal (PPC) cortex (Hanks et al., Nature, 2015)
• Classic analyses reveal similar results as previous monkey work.

• New, model based analyses, reveal distinct encoding in prefrontal and 
parietal cortex. 

• The FOF (but not PPC) of the rat is obligatory for decisions 
guided by evidence that accumulates longer than 240ms. 
(Erlich et al, eLife, 2015) 

• Parietal cortex plays a larger role in free choice.

• Optogenetic data supports modeling results.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Figure 1. Poisson Clicks accumulation task trials  and interleaved Side LED 
trials. Each accumulation task trial begins with the onset of the center LED, 
which signals to the rat to enter the center port. The subject holds his nose in 
the center port for 2 sec, until the center LED offset, which is  the go cue. The 
majority of trials (90%) are accumulation trials. On accumulation trials, clicks 
play from the right and left speakers (right + left click rate = 40 clicks/sec), 
terminating with the go cue. After the go cue reward is available at the side 
port associated with the greater number of clicks. The stimulus duration on 
each trial is set by the experimenter to be in the range 0.1-1 sec. On Side 
LED trials, no sound is played during the fixation period and one of the side 
ports  is illuminated once the rat withdraws from the center port to indicate that 
reward is  available there. Accumulation and side LED trials are randomly 
interleaved, as are left and right trials. 
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Figure 3. FOF Infusions. (a) Top-down view  of rat cortex with the locations of the FOF and the PPC, into which cannulae 
were implanted. (b) Bilateral infusion of muscimol into the FOF results in a substantial impairment on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=8 sessions, 4 rats). In 
blue are data from bilateral FOF infusions (n=8 sessions, 4 rats, 75 ng per side). The circles with error bars indicate the mean 
± s.e. across sessions. Accumulation trials are binned by #R−#L clicks, spaced so there are equal number of trials in each bin. 
The lines are a 4-parameter sigmoid fit to the data. As described in Figure 1, side LED trials did not require evidence 
accumulation. (c) Unilateral infusion of muscimol into the FOF results in a profound ipsilateral bias on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=34 sessions, 12 rats). 
In red are data from right FOF infusions (n=17 sessions, 12 rats, 150 or 300 ng). In green are data from left FOF infusions 
(n=17 sessions, 12 rats, 150 or 300 ng).
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Figure 2. Behavioral evidence of accumulation, following and consistent 
with Brunton et al. 2013. (a) Behavior as a function of total right minus 
total left clicks. For very easy trials (large click differences) performance 
is  ~90% correct. The circles (with very small error bars) are the mean ± 
95% binomial confidence intervals across trials  for all accumulator trials 
from all rats  one day before an infusion session (n=47580 trials across 
14 rats). The thick line is the psychometric curve predicted by the 
accumulator model. (b) The time-constant of accumulation as fit by the 
model for each rat in the experiment. The median (810 ms) is  marked by 
a thin gray line. (c) Chronometric plot generated using the same data as 
in panel (a). The rats’ performance increases with longer duration 
stimuli, consistent with an accumulation strategy. The circles and error 
bars are the mean ± 95% binomial confidence intervals across trials  on 
the easiest (blue), middle (purple) and hardest (magenta) thirds of trials 
defined by the absolute value of the ratios of left vs. right click rates. The 
thick lines are the model-predicted chronometric curves. (d) Reverse 
correlation analyses showing that clicks throughout the stimulus  were 
used in the rats’ decision process, supporting the long accumulation 
time constants in (b). The thick dark red and green lines are the means 
± std. err. across trials for where the rats  went right and left. Thin light 
red and green lines are the model-predicted reverse correlation.
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Figure 3. FOF Infusions. (a) Top-down view  of rat cortex with the locations of the FOF and the PPC, into which cannulae 
were implanted. (b) Bilateral infusion of muscimol into the FOF results in a substantial impairment on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=8 sessions, 4 rats). In 
blue are data from bilateral FOF infusions (n=8 sessions, 4 rats, 75 ng per side). The circles with error bars indicate the mean 
± s.e. across sessions. Accumulation trials are binned by #R−#L clicks, spaced so there are equal number of trials in each bin. 
The lines are a 4-parameter sigmoid fit to the data. As described in Figure 1, side LED trials did not require evidence 
accumulation. (c) Unilateral infusion of muscimol into the FOF results in a profound ipsilateral bias on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=34 sessions, 12 rats). 
In red are data from right FOF infusions (n=17 sessions, 12 rats, 150 or 300 ng). In green are data from left FOF infusions 
(n=17 sessions, 12 rats, 150 or 300 ng).
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Figure 4. Detailed accumulator model reveals that behavior after bilateral FOF inactivation is best fit as a 
reduction in the time-constant of accumulation. (a) When analyzed in terms of the psychometric function, changes to 
either lapse rate alone or accumulation time constant alone can match the bilateral FOF inactivation data. The black line 
shows the psychometric curve from control data, collected one day before bilateral FOF sessions (n=1526 trials). Blue 
dots with error bars show  the experimental data from bilateral FOF inactivation sessions (n=1809 trials). The magenta 
line is the psychometric curve obtained by fitting only the lapse rate parameter to the inactivation data, while keeping all 
other parameters at their control values (corresponds to magenta cross in panel b). The blue line shows the psychometric 
curve from the accumulator model fit to the inactivation data (corresponds to peak of blue likelihood surface in panel b), 
which has a change w.r.t. control in accumulation time constant ! (= 1/"), but no change in lapse rate. (b) Fitting the 
detailed click-by-click, trial-by-trial accumulator model (Brunton et al. 2013) to the inactivation data clearly distinguishes 
between lapse and ". The panel shows the normalized likelihood surface, indicating quality of the model fit to the 
inactivation data as a function of the lapse and the " (=1/!) parameters. The black cross shows parameter values for the 
control data. The best fit to the inactivation data is at the peak of  the blue likelihood surface (" = -4.11, lapse = 0.048), 
significantly different from control for ", but not different from control for lapse. This best-fit lambda corresponds to ! =
−0.243 s, a substantially leaky integrator. (c) Performance as a function of  stimulus duration for bilateral FOF sessions 
(blue, mean ± std. err.) and the control sessions one day before (black, mean ± std. err.). The lines are the chronometric 
curves predicted by the accumulator model (for inactivation data, parameter values at peak of  blue likelihood surface in 
panel b). (d) Reverse correlation showing the relative contribution of clicks from different times to the rats’ decisions for 
data from bilateral FOF inactivation sessions. Compare to Figure 2d. The thick dark shading shows the mean ± std. err. 
across trials based on the rats’ choices. The thin bright lines are the reverse correlation traces predicted by the 
accumulator model (parameter values at peak of blue likelihood surface in panel b).
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Unilateral inactivation of FOF results in a 
significant bias in Clicks but not side LED task
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Figure 3. FOF Infusions. (a) Top-down view  of rat cortex with the locations of the FOF and the PPC, into which cannulae 
were implanted. (b) Bilateral infusion of muscimol into the FOF results in a substantial impairment on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=8 sessions, 4 rats). In 
blue are data from bilateral FOF infusions (n=8 sessions, 4 rats, 75 ng per side). The circles with error bars indicate the mean 
± s.e. across sessions. Accumulation trials are binned by #R−#L clicks, spaced so there are equal number of trials in each bin. 
The lines are a 4-parameter sigmoid fit to the data. As described in Figure 1, side LED trials did not require evidence 
accumulation. (c) Unilateral infusion of muscimol into the FOF results in a profound ipsilateral bias on accumulation trials but 
has no effect on side LED trials. In black are data from control sessions one day before an infusion (n=34 sessions, 12 rats). 
In red are data from right FOF infusions (n=17 sessions, 12 rats, 150 or 300 ng). In green are data from left FOF infusions 
(n=17 sessions, 12 rats, 150 or 300 ng).
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Figure 3–figure supplement 3. FOF infusions cause profound impairment  in the Clicks task. The psychometric 
data and GLMM model fits for bilateral FOF infusions in each rat (n=4).  Open circles are binned data and the small 
points are the predictions of the GLMM fits at sampled data points.  A. In black are the isoflurane control fits and in 
blue are the bilateral infusion fits.  In every  rat the slope of the bilateral infusions is shallower than in the isoflurane 
controls.  In three of four rats there was also a shift, likely  due to the challenge of performing perfectly  balanced 
bilateral infusions. In three of four rats (All but A066) the difference between performance between bilateral FOF and 
isoflurane is significantly  different. The left-right biases after bilateral inactivation are likely due to the difficulty of 
performing a perfectly  balanced inactivation.  B. The psychometric data and GLMM model fits for unilateral FOF 
infusions in each rat (n=12).  Open circles are binned data and the small points are the predictions of the GLMM fits 
at sampled data points.  In red are the right infusion data and fits and in green are the left infusion data and fits.  In 
every rat the right infusions result in more rightward responses than the left infusions.
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Figure 5. Conceptual illustration of 
four model parameters, used to 
quantify different sources of a 
lateralized bias  (a). Post-categorization 
bias: after categorizing the accumulator 
value into “Go Left” or “Go Right” 
decisions, a fraction ϸL of Left decisions 
is reversed into Right decisions, and a 
fraction ϸR is reversed from Right to Left. 
(b) Biased input gain, which can be 
thought of  as a form of sensory neglect: 
Left and Right clicks have different 
impact magnitudes on the value of  the 
accumulator. In this illustration left clicks 
have a much stronger impact, and 
decisions will consequently be biased to 
the left. (c) Accumulation shift: before 
categorizing the accumulator into “Go 
Left” versus “Go Right” decisions (by 
comparing the accumulator’s value to 
0), a constant is added to the value of 
the accumulator. (d) Biased sensory 
noise, which by differentially affecting 
signal-to-noise rations from the two 
sides, can be thought of  as a form of 
sensory neglect distinct from biased 
input gain: Left and Right clicks have 
different magnitudes of noise in their 
impact. In this illustration, left clicks are 
more variable than right clicks, which 
biases decisions to the right.
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Figure 6–figure supplement 1.  Psychometric and reverse correlation comparisons of 
data and model for unilateral FOF inactivations.
Top row: For all curves, the circles with error bars indicate fraction of Contra choice trials 
(mean ± se) across trial groups, with different groups having different # Contra - # Ipsi clicks. 
The lines are model fits that differ from the control data in a single parameter (see main text). 
Magenta data points in b-e are data from unilateral FOF infusions. Bottom row:  Reverse 
correlation analyses showing the relative contributions of clicks throughout the stimulus in the 
rats’ decision process. The thick dark red and green lines are the means ± std. err. across 
trials for contralateral and ipsilateral trials. Thin light red and green lines are the reverse 
correlations predicted by  the same DDtM models that were used to plot psychometric fits in 
corresponding column of the top row. a. Data (black circles) from control sessions one day 
before an infusion session and a 9-parameter accumulator model fit (line). b. Post-
categorization bias model. c. Unbalanced Input model. d. Accumulator Shift model. e. 
Unbalanced input noise model.

We verified that the post-categorization model was best by using a leave-one-session-out 
cross validation. For each of the 30 unilateral FOF infusion sessions, we fit the 4 models to the 
29 other sessions and then evaluated the likelihood of the fit on the left-out session. Using this 
approach we found a significant main effect of model on likelihood/trial (repeated-measures 
ANOVA F(3,87)=10.76, p<10-5) and Bonferroni-Holm corrected post-hoc t-tests reveal that all 
models were significantly  different from each other (p<0.005) except the noise and 
accumulator shift models (p>0.4).
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Figure 6. Detailed accumulator model shows that behavior after 
unilateral FOF inactivation is best fit as a post-categorization 
bias. (a). A comparison of  the likelihoods (i.e. best model fits) for the 
four different bias mechanisms illustrated in Figure 5. The post-
categorization bias model is better than the next best model (biased 
input gain) by 50 log-units. (b) The 2-dimensional normalized 
likelihood surface for the two best single-parameters: post-
categorization bias and input gain bias. By definition, in the control 
data (black marker) post-cat. bias=0 and input gain bias=0. The peak 
of the magenta likelihood surface for the inactivation data is 
significantly different from control for post-categorization bias (from 0 
to 0.4588) but not significantly different from control for input gain 
bias. (c) Psychometric curves for control and inactivation data. The 
black line is the model fit to the control data. The magenta circles 
with error bars are experimental data from unilateral FOF inactivation 
sessions, and indicate fraction of Contra choice trials (mean ± 
binomial 95% conf. int.) across trial groups, with different groups 
having different # Contra - # Ipsi clicks. The magenta line is the 
predicted psychometric curve from the post-categorization bias 
model. (d) Performance as a function of stimulus duration for data 
from control sessions one day before (black), and for data from 
unilateral FOF sessions (magenta, mean ± std. err.). The lines are 
the chronometric curves predicted by the accumulator model fit to 
each data group (for inactivation data, parameter values are post-
categorization bias model). (e) Reverse correlation analyses 
showing the relative contributions of  clicks throughout the stimulus in 
the rats’ decision process. The thick dark red and green lines are the 
means ± std. err. across trials for contralateral and ipsilateral trials. 
Thin light red and green lines are the reverse correlation traces 
predicted by the post-categorization bias model. (f) Psychometric 
curves for single-sided trials in control (black), right FOF infusion 
(red) and left FOF infusion (green) sessions. 
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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categorization bias model is better than the next best model (biased 
input gain) by 50 log-units. (b) The 2-dimensional normalized 
likelihood surface for the two best single-parameters: post-
categorization bias and input gain bias. By definition, in the control 
data (black marker) post-cat. bias=0 and input gain bias=0. The peak 
of the magenta likelihood surface for the inactivation data is 
significantly different from control for post-categorization bias (from 0 
to 0.4588) but not significantly different from control for input gain 
bias. (c) Psychometric curves for control and inactivation data. The 
black line is the model fit to the control data. The magenta circles 
with error bars are experimental data from unilateral FOF inactivation 
sessions, and indicate fraction of Contra choice trials (mean ± 
binomial 95% conf. int.) across trial groups, with different groups 
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model. (d) Performance as a function of stimulus duration for data 
from control sessions one day before (black), and for data from 
unilateral FOF sessions (magenta, mean ± std. err.). The lines are 
the chronometric curves predicted by the accumulator model fit to 
each data group (for inactivation data, parameter values are post-
categorization bias model). (e) Reverse correlation analyses 
showing the relative contributions of  clicks throughout the stimulus in 
the rats’ decision process. The thick dark red and green lines are the 
means ± std. err. across trials for contralateral and ipsilateral trials. 
Thin light red and green lines are the reverse correlation traces 
predicted by the post-categorization bias model. (f) Psychometric 
curves for single-sided trials in control (black), right FOF infusion 
(red) and left FOF infusion (green) sessions. 
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Use Metropolis-Hastings to sample a more complex model
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result in a minimal impairment. In black are data from 
control sessions one day before an infusion (n=65 
sessions, 14 rats). In red are data from right PPC 
infusions (n=31 sessions, 14 rats, 150 or 300 ng). In 
green are data from left PPC infusions (n=34 sessions, 
14 rats, 150 or 300 ng). (b). As in (a), but using very high 
doses of muscimol. Only very small effects are seen. In 
black are data from control sessions one day before an 
infusion (n=11 sessions, 9 rats). In red are data from right 
PPC infusions (n=3 sessions, 3 rats, 600 or 2500 ng 
muscimol). In green are data from left PPC infusions (n=8 
sessions, 8 rats, 600 or 2500 ng).  (c) Bilateral infusion of 
muscimol into the PPC does not produce a markedly 
bigger impairment. In black are data from control 
sessions one day before an infusion (n=8 sessions, 4 
rats). In blue are data from bilateral PPC infusions (n=8 
sessions, 4 rats, 150 ng per side). (d) Schematic view  of 
the brain, duplicated from Figure 3a to remind readers of 
the location of FOF and PPC on the cortical surface.

d
Target Coordinates

FOF: AP=+2
ML=1.25

PPC: AP=-3.8
        ML=3.0  

43

Bilateral PPC inactivation generates a small 
impairment fit by lapse

data

model

Control
BiFOF
Lapse

a c d

Responded Left

Responded Right

Subject’s 
response

Model fit

*  *  *  *

Figure 4. Detailed accumulator model reveals that behavior after bilateral FOF inactivation is best fit as a 
reduction in the time-constant of accumulation. (a) When analyzed in terms of the psychometric function, changes to 
either lapse rate alone or accumulation time constant alone can match the bilateral FOF inactivation data. The black line 
shows the psychometric curve from control data, collected one day before bilateral FOF sessions (n=1526 trials). Blue 
dots with error bars show  the experimental data from bilateral FOF inactivation sessions (n=1809 trials). The magenta 
line is the psychometric curve obtained by fitting only the lapse rate parameter to the inactivation data, while keeping all 
other parameters at their control values (corresponds to magenta cross in panel b). The blue line shows the psychometric 
curve from the accumulator model fit to the inactivation data (corresponds to peak of blue likelihood surface in panel b), 
which has a change w.r.t. control in accumulation time constant ! (= 1/"), but no change in lapse rate. (b) Fitting the 
detailed click-by-click, trial-by-trial accumulator model (Brunton et al. 2013) to the inactivation data clearly distinguishes 
between lapse and ". The panel shows the normalized likelihood surface, indicating quality of the model fit to the 
inactivation data as a function of the lapse and the " (=1/!) parameters. The black cross shows parameter values for the 
control data. The best fit to the inactivation data is at the peak of  the blue likelihood surface (" = -4.11, lapse = 0.048), 
significantly different from control for ", but not different from control for lapse. This best-fit lambda corresponds to ! =
−0.243 s, a substantially leaky integrator. (c) Performance as a function of  stimulus duration for bilateral FOF sessions 
(blue, mean ± std. err.) and the control sessions one day before (black, mean ± std. err.). The lines are the chronometric 
curves predicted by the accumulator model (for inactivation data, parameter values at peak of  blue likelihood surface in 
panel b). (d) Reverse correlation showing the relative contribution of clicks from different times to the rats’ decisions for 
data from bilateral FOF inactivation sessions. Compare to Figure 2d. The thick dark shading shows the mean ± std. err. 
across trials based on the rats’ choices. The thin bright lines are the reverse correlation traces predicted by the 
accumulator model (parameter values at peak of blue likelihood surface in panel b).
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unilateral infusions of  muscimol into the PPC, which 
result in a minimal impairment. In black are data from 
control sessions one day before an infusion (n=65 
sessions, 14 rats). In red are data from right PPC 
infusions (n=31 sessions, 14 rats, 150 or 300 ng). In 
green are data from left PPC infusions (n=34 sessions, 
14 rats, 150 or 300 ng). (b). As in (a), but using very high 
doses of muscimol. Only very small effects are seen. In 
black are data from control sessions one day before an 
infusion (n=11 sessions, 9 rats). In red are data from right 
PPC infusions (n=3 sessions, 3 rats, 600 or 2500 ng 
muscimol). In green are data from left PPC infusions (n=8 
sessions, 8 rats, 600 or 2500 ng).  (c) Bilateral infusion of 
muscimol into the PPC does not produce a markedly 
bigger impairment. In black are data from control 
sessions one day before an infusion (n=8 sessions, 4 
rats). In blue are data from bilateral PPC infusions (n=8 
sessions, 4 rats, 150 ng per side). (d) Schematic view  of 
the brain, duplicated from Figure 3a to remind readers of 
the location of FOF and PPC on the cortical surface.
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relationship for all unilateral infusions 
into the FOF (magenta) and the PPC 
(yellow). Circles indicate bias on LED trials, 
squares indicate bias on accumulation trials. 
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correlation between signed dose (+ for right 
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Unilateral PPC inactivation does not cause a bias....

Figure 9. Unilateral PPC inactivations induce a strong ipsilateral bias during 
internally guided decisions, and can induce a strong bias on accumulation trials 
if the FOF is bilaterally inactivated.  a-d. Effect of unilateral PPC or FOF 
inactivations on free choice trials intermixed with regular accumulation trials. (a) A 
cartoon of  the three interleaved trial types: Accumulation, Side LED and Free Choice 
trials. Accumulation and side LED trials proceeded as described in Figure 1. On free 
choice trials (25% of all trials), after withdrawal from the center port both side LEDs 
were illuminated and rats were rewarded for going to either port. (b). After a few 
sessions, rats quickly developed an intrinsic bias on free choice trials (Control) even 
while showing no bias on instructed trials (Accumulation and side LED trials).  When 
muscimol was infused into the PPC free choices were significantly biased toward the 
side of the infusion, compared to the control session on the previous day.  This panel 
shows an example from a single infusion day where the side of the infusions was 
chosen to be opposite to their intrinsic control bias, together with data from the 
previous control day. (c). Unilateral PPC infusions generated a significant 26 ± 9 % 
(mean ± s.e. across rats, n=7) ipsilateral bias on free choice trials compared to control 
sessions (the day earlier).  During infusion sessions there was a small 8 ± 4 % (mean 
± s.e., n=7 rats) contralateral bias on accumulation trials, perhaps compensatory to the 
free choice ipsilateral bias. There was no effect on side LED trials (d). Unilateral FOF 
infusions generated significant ipsilateral biases on free choice and accumulation 
trials, but not on side LED trials. One rat (A077) was extremely biased (90% Ipsilateral 
choices) on Side LED trials during FOF inactivation, indicated as an outlier.  *,p<0.01.  
(e) Combined bilateral infusion of muscimol into the FOF with unilateral infusion of 
muscimol into the PPC results in a substantial ipsilateral bias on accumulation trials. In 
black are data from control sessions one day before an infusion (n=32 sessions, 4 
rats). In red are data from bilateral FOF infusions with right PPC infusion (n=8 
sessions, 4 rats, 75 ng per side in the FOF, 300 ng in right PPC). In green are data 
from bilateral FOF infusions with left PPC infusion (n=8 sessions, 4 rats, 75 ng per 
side in the FOF, 300 ng in left PPC) 
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1

0.2 0.4 0.6 0.8
0.5

0.6

0.7

0.8

0.9

1

 

 

 4
 2
 1
0.6

Pr
ob

. c
or

re
ct

Stimulus duration (sec)

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1
20,000 - 100,000 trials per rat

a

b

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

#(right clicks) - #(left clicks)

\label{behavior}

� =

����log
rR

rL

����

rat’s behavior
best-fit model 
prediction

easier

harder

mean over 
rats

d

difficulty = rcorrect : rincorrect

39:1
37:3

31:9
26:14

c

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

Center LED

Nose in center port
Nose in side port
Water valve

Variable stimulus duration
Poisson clicks play

rat “fixates” in center

L/R response

19 rats

difficulty =  r1:r2  (clicks/sec)

39:1
37:3

31:9
26:14

Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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So what’s the role of PPC?

control sessions, for consistency. “Ipsilateral” and “contralateral”
refer to the visual hemifield in relation to the discussed brain
hemisphere.

Delayed Memory Saccade Task-Related Activity. To resolve brain
activity changes in different trial epochs using fMRI, we used
a memory saccade task with long delays and two randomly in-
terleaved conditions (Fig. 1A). In “instructed” trials, monkeys
were required to remember the location of a single unilateral
target and to saccade to it after a delay; in “choice” trials
monkeys were free to choose either of the two targets presented
in opposite hemifields. Instructed trials were used to assess in-
activation effects on sensory, memory, and oculomotor compo-
nents of the task; the choice trials introduced additional target
competition and selection components. Consistent with the
previous study (30), visual (cue) and visuomotor (saccade) task
events activated an extensive network with strong peaks in the
arcuate sulcus (as), intraparietal sulcus (ips), and in the superior
temporal sulcus (sts) (Fig. 1B).
Representative event-related average (ERA) BOLD signal

time-courses from the dorsal LIP (LIPd) area in the right
hemisphere are depicted in Fig. 1C. Instructed (single-target)
time-courses show higher cue- and delay-period responses in
contralateral (left) compared with ipsilateral (right) trials (P <

0.001). Choice (two-target) time-courses demonstrate: (i) weaker
contralateral tuning reflecting the upcoming choice (P < 0.001)
and (ii) reduced response amplitude in comparison with con-
tralateral instructed trials, reflecting competition between two
targets (P = 0.01). Because the current study seeks to understand
the neural changes that underlie the spatial selection bias asso-
ciated with parietal lesions, we focus mainly on the cue/delay
activity in the 5-s delay period following 200-ms cue presentation
and preceding the initiation of the saccade (Fig. 1C). The mean
percent BOLD signal change during the 3-s cue/delay peak-re-
sponse epoch in each condition was used for quantitative com-
parisons in region-of-interest (ROI) analyses. This activity
represents visual and cognitive components related to spatial
memory, response selection, and planning.

Injection Locations and Behavioral Effects. To investigate the con-
sequences of disrupting LIP activity, we performed local injec-
tions of muscimol. Injection sites were targeted by presurgical
MRI and repeatedly verified by imaging the cannula and the
spread of MR contrast agent gadolinium intermixed with musci-
mol (SI Appendix, SI Methods). Gadolinium labeling, which cor-
responds closely to the spread of muscimol (31), indicated that
inactivations were primarily in the LIPd but extended into the
ventral part (LIPv) as well (Fig. 2A). Neighboring structures, such
as area MIP in the medial bank of ips, and parieto-temporal areas
MT/middle superior temporal area (MST) in caudal sts, were not
labeled. Because guide cannulae were chronically preimplanted,
inactivation sites were highly reproducible across sessions.
Fig. 2B demonstrates that muscimol inactivation did not impair

the ability to performmemory saccades to instructed single targets
in either hemifield (two-way ANOVA, hemifield × inactivation,
P > 0.05). Consistent with previous reports (32, 33), monkeys
exhibited a modest increase of saccade latencies toward con-
tralesional targets (9–16 ms, two-tailed t test, P < 0.01). Saccade
latencies toward ipsilesional space remained unaffected (P > 0.6).
In contrast to the modest effect on instructed trials, LIP in-

activation resulted in a profound choice bias toward ipsilesional
targets (two-tailed t test, P < 0.01) (Fig. 2C and SI Appendix,
Table S1). Following inactivation of the right LIP, monkey F
choose the ipsilesional (right) target in 67.9% of the trials
(46.3% in control sessions) and monkey R in 63.9% of the trials
(28% in control sessions). Thus, although sensory and oculo-
motor capabilities remained largely intact after LIP inactivation,
monkeys exhibited a spatial choice bias reminiscent of extinction
symptoms observed in human patients with parietal damage.

Effects of LIP Inactivation on BOLD Activity. Instructed trials. To un-
derstand the neural activity changes that led to the behavioral
effects described above, we first analyzed the effects of LIP in-
activation on brain activity in instructed single-target trials. We
focused on several areas that were significantly activated during the
cue/delay period in the contralateral instructed trials in control
sessions. Frontal (FEF, area 45), parietal (LIP), and parieto-tem-
poral areas in the superior temporal sulcus [sts: MT, MST, tem-
poral parietal occipital (TPO), fundus superior temporal (FST)]
showed robust and predominantly contralateral cue responses,
although ipsilateral activation was also present (Fig. S1A).
Following right LIP inactivation, we observed an activity re-

duction for contralesional (left) cues (cyan-blue voxels; Fig. 3A).
As expected from the injection location, pronounced activity
reduction occurred in the inactivated (right) hemisphere, locally
in the LIPd and adjacent LIPv (SI Appendix, Fig. S1A), partially
attributable to gadolinium-induced magnetic susceptibility (Ta-
ble S2). Beside the expected local decrease, in both monkeys the
activity for contralesional (left) cues was most notably reduced in
the upper bank of the sts, in an area referred to as “superior
temporal polysensory area” (STP) or TPO (Fig. 3A and SI Ap-
pendix, SI Methods). In the inactivated hemisphere, both ipsi-
and contralesional cue activity was reduced, and mostly con-
tralesional cue activity was affected in the intact hemisphere
(Fig. 3A). Beyond parieto-temporal areas, similar consequences
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were observed in frontal regions (SI Appendix, Fig. S2) and in the
medial aspect of both hemispheres (SI Appendix, Fig. S3).
The effects of inactivation on instructed trials are further

quantified in Fig. 3B, which plots average cue/delay period activity
extracted from the ERAs in ipsi- and contralesional trials in
control and inactivation sessions. Each ROI was defined using “+
contralateral cue” contrast in the control condition and identical
ROIs were used for the control and inactivation datasets (see SI
Appendix, SI Methods for ROI definition; SI Appendix, Table S3
for coordinates; and SI Appendix, Table S4 for number of trials in
each condition). In the inactivated hemisphere, apart from the
local decrease in the LIP and significant activity reduction in the
lTPO, both monkeys showed a similar reduction trend in neigh-
boring areas mTPO andMST (Fig. 3B and SI Appendix, Table S5).
In the framework of the IHC theory, the observed decrease of

activity in the inactivated hemisphere might lead to a hyper-
activation of homotopic areas in the intact hemisphere, leading

to an overrepresentation of the ipsilesional space (7, 34). How-
ever, we did not observe any activity enhancement for ipsile-
sional right cues in the intact hemisphere during inactivation
sessions, neither in the maps (Fig. 3A and SI Appendix, Figs. S1–
S3), nor in the ROI analysis (Fig. 3B).
Choice trials. Next, we investigated how LIP inactivation altered
BOLD responses in trials when monkeys had to choose between
two targets in opposite hemifields. For each pair of bilateral
targets, left and right trials were visually identical before the
saccade event, and were sorted according to the monkey choice.
Monkeys received the same reward for choosing either target as
long as they successfully completed the trial.
Our main question was how the cue/delay activity preceding

the oculomotor choice is altered by the LIP inactivation. In
control sessions, the LIPd showed modest contralateral choice
tuning of delay activity in both hemispheres (Fig. 4A and SI
Appendix, Fig. S5, Top row). After inactivation, LIP activity in the
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So what’s the role of PPC?

Figure 9. Unilateral PPC inactivations induce a strong ipsilateral bias during 
internally guided decisions, and can induce a strong bias on accumulation trials 
if the FOF is bilaterally inactivated.  a-d. Effect of unilateral PPC or FOF 
inactivations on free choice trials intermixed with regular accumulation trials. (a) A 
cartoon of  the three interleaved trial types: Accumulation, Side LED and Free Choice 
trials. Accumulation and side LED trials proceeded as described in Figure 1. On free 
choice trials (25% of all trials), after withdrawal from the center port both side LEDs 
were illuminated and rats were rewarded for going to either port. (b). After a few 
sessions, rats quickly developed an intrinsic bias on free choice trials (Control) even 
while showing no bias on instructed trials (Accumulation and side LED trials).  When 
muscimol was infused into the PPC free choices were significantly biased toward the 
side of the infusion, compared to the control session on the previous day.  This panel 
shows an example from a single infusion day where the side of the infusions was 
chosen to be opposite to their intrinsic control bias, together with data from the 
previous control day. (c). Unilateral PPC infusions generated a significant 26 ± 9 % 
(mean ± s.e. across rats, n=7) ipsilateral bias on free choice trials compared to control 
sessions (the day earlier).  During infusion sessions there was a small 8 ± 4 % (mean 
± s.e., n=7 rats) contralateral bias on accumulation trials, perhaps compensatory to the 
free choice ipsilateral bias. There was no effect on side LED trials (d). Unilateral FOF 
infusions generated significant ipsilateral biases on free choice and accumulation 
trials, but not on side LED trials. One rat (A077) was extremely biased (90% Ipsilateral 
choices) on Side LED trials during FOF inactivation, indicated as an outlier.  *,p<0.01.  
(e) Combined bilateral infusion of muscimol into the FOF with unilateral infusion of 
muscimol into the PPC results in a substantial ipsilateral bias on accumulation trials. In 
black are data from control sessions one day before an infusion (n=32 sessions, 4 
rats). In red are data from bilateral FOF infusions with right PPC infusion (n=8 
sessions, 4 rats, 75 ng per side in the FOF, 300 ng in right PPC). In green are data 
from bilateral FOF infusions with left PPC infusion (n=8 sessions, 4 rats, 75 ng per 
side in the FOF, 300 ng in left PPC) 
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1

0.2 0.4 0.6 0.8
0.5

0.6

0.7

0.8

0.9

1

 

 

 4
 2
 1
0.6

Pr
ob

. c
or

re
ct

Stimulus duration (sec)

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1
20,000 - 100,000 trials per rat

a

b

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

#(right clicks) - #(left clicks)

\label{behavior}

� =

����log
rR

rL

����

rat’s behavior
best-fit model 
prediction

easier

harder

mean over 
rats

d

difficulty = rcorrect : rincorrect

39:1
37:3

31:9
26:14

c

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

Center LED

Nose in center port
Nose in side port
Water valve

Variable stimulus duration
Poisson clicks play

rat “fixates” in center

L/R response

19 rats

difficulty =  r1:r2  (clicks/sec)

39:1
37:3

31:9
26:14

Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Figure 9. Unilateral PPC inactivations induce a strong ipsilateral bias during 
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inactivations on free choice trials intermixed with regular accumulation trials. (a) A 
cartoon of  the three interleaved trial types: Accumulation, Side LED and Free Choice 
trials. Accumulation and side LED trials proceeded as described in Figure 1. On free 
choice trials (25% of all trials), after withdrawal from the center port both side LEDs 
were illuminated and rats were rewarded for going to either port. (b). After a few 
sessions, rats quickly developed an intrinsic bias on free choice trials (Control) even 
while showing no bias on instructed trials (Accumulation and side LED trials).  When 
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black are data from control sessions one day before an infusion (n=32 sessions, 4 
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1

0.2 0.4 0.6 0.8
0.5

0.6

0.7

0.8

0.9

1

 

 

 4
 2
 1
0.6

Pr
ob

. c
or

re
ct

Stimulus duration (sec)

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1
20,000 - 100,000 trials per rat

a

b

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

#(right clicks) - #(left clicks)

\label{behavior}

� =

����log
rR

rL

����

rat’s behavior
best-fit model 
prediction

easier

harder

mean over 
rats

d

difficulty = rcorrect : rincorrect

39:1
37:3

31:9
26:14

c

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

Center LED

Nose in center port
Nose in side port
Water valve

Variable stimulus duration
Poisson clicks play

rat “fixates” in center

L/R response

19 rats

difficulty =  r1:r2  (clicks/sec)

39:1
37:3

31:9
26:14

Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;
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Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1

0.2 0.4 0.6 0.8
0.5

0.6

0.7

0.8

0.9

1

 

 

 4
 2
 1
0.6

Pr
ob

. c
or

re
ct

Stimulus duration (sec)

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1
20,000 - 100,000 trials per rat

a

b

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

#(right clicks) - #(left clicks)

\label{behavior}

� =

����log
rR

rL

����

rat’s behavior
best-fit model 
prediction

easier

harder

mean over 
rats

d

difficulty = rcorrect : rincorrect

39:1
37:3

31:9
26:14

c

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

Center LED

Nose in center port
Nose in side port
Water valve

Variable stimulus duration
Poisson clicks play

rat “fixates” in center

L/R response

19 rats

difficulty =  r1:r2  (clicks/sec)

39:1
37:3

31:9
26:14

Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Gradual accumulation of evidence is thought to be a fundamen-
tal component of decision-making1–8. However, the mechanisms
and properties of the accumulation remain unclear. Although
most models have assumed a noisy accumulation process1, 3, 4, 8,
the properties of this noise have never been isolated and mea-
sured. Here we develop a decision-making task in which sensory
evidence is delivered in brief, isolated pulses whose precisely-
controlled timing varies within and across trials. The task is
particularly amenable to quantitative analysis that distinguishes
between different decision-making dynamics and mechanisms.
The task allowed us to measure, for the first time, the magnitude
of noise in the accumulator’s memory, separately from noise as-
sociated with incoming sensory evidence. Remarkably, we found
that the accumulator is essentially perfect: its memory is long
(& 1 sec) and noiseless. In contrast, the process of adding new
sensory evidence is noisy and is the primary source of variabil-
ity in decision-making. Our results put important constraints on
mechanisms underlying accumulation of evidence for decision-
making.

Decisions in real life often need to be made based on noisy or
unreliable evidence. Accumulating sensory evidence from a set of
noisy observations made over time makes it possible to average over
different noise instances, thus improving estimates of the underlying
signal. This principle is the basis for the widely influential class of
drift-diffusion models7, 8, first proposed by Ratcliff2 in 1978, which
posit that evidence accumulation is gradual (drift) and noisy (dif-
fusion). These models have been broadly applied to explain a va-
riety of phenomena in biology, from spiking in single neurons9 to
consumer behavior10. Nevertheless, the properties of evidence ac-
cumulation remain under debate4, 11, and key properties of the noise
remain undetermined. Accumulation involves both maintaining a
memory of evidence accrued so far and addition of new evidence to
the memory. Although measures of variance can be powerful indi-
cators of underlying mechanism12, no test to date has distinguished
between noise associated with incoming sensory input and noise in
the accumulator itself.

To quantitatively probe the dynamics of decision-making, we de-
veloped a task in which subjects hear trains of auditory clicks played
concurrently from left and right speakers. At the end of each trial, the
subjects must report which side played the greater number of clicks.
Each click is thus a precisely timed quantum of evidence towards
either a “Left” or a “Right” decision. Critically, the timing of clicks
varies widely, both within and across individual trials – the clicks
from each speaker are distributed as independent Poisson trains with
different underlying rates.

We hypothesized that variability in click timing would affect the
subjects’ responses and would reveal mechanisms involved in form-
ing decisions. The variable timing of the clicks should allow explor-

ing the space of sensory evidence, while the clicks’ brevity and pre-
cisely known timing should facilitate mathematical tractability and
analysis. We sought to answer: Are rats using a gradual accumulator
mechanism? Where do imperfections in the behavior arise? Do they
arise in processing sensory inputs or do they arise in the accumulator
memory itself?

We collected data from 19 rats trained to perform the task. On
each trial of the task, a rat held its nose in the center port of a behav-
ior chamber for a constant period of time while the auditory stim-
ulus was presented for a duration controlled by the experimenter
(Fig. 1a). After the end of the stimulus, the rat reported its decision
by poking into a left or a right port. For each trial, discrimination
difficulty was controlled by the ratio of left to right Poisson rates;

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1

0.2 0.4 0.6 0.8
0.5

0.6

0.7

0.8

0.9

1

 

 

 4
 2
 1
0.6

Pr
ob

. c
or

re
ct

Stimulus duration (sec)

−30 −20 −10 0 10 20 30
0

0.2

0.4

0.6

0.8

1
20,000 - 100,000 trials per rat

a

b

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

#(right clicks) - #(left clicks)

\label{behavior}

� =

����log
rR

rL

����

rat’s behavior
best-fit model 
prediction

easier

harder

mean over 
rats

d

difficulty = rcorrect : rincorrect

39:1
37:3

31:9
26:14

c

Pr
ob

. r
ig

ht
w

ar
d 

re
sp

on
se

Center LED

Nose in center port
Nose in side port
Water valve

Variable stimulus duration
Poisson clicks play

rat “fixates” in center

L/R response

19 rats

difficulty =  r1:r2  (clicks/sec)

39:1
37:3

31:9
26:14

Figure 1: Psychophysical task and summary of behavior. a, Sequence
of events in each trial of the task. Following onset of a light in a center port,
trained rats place their nose into the port and “fixate” their nose there for a
fixed amount of time until the light is turned off (1-2 sec). Trains of Poisson-
distributed clicks are played concurrently from left and right speakers during
the last portion of the nose fixation time. After nose fixation and sounds end,
the rat makes a choice, poking in the left or the right port to indicate which
side played more clicks. b, Psychometric curve for an example rat. The fit
is to a 4-parameter logistic function (see methods). c, Psychometric fits, as
in b, for all 19 rats. d, Chronometric curves for an example rat. Difficulty
is labeled by the ratio of click rates played on the two sides. For each dif-
ficulty, performance improves with longer stimulus durations. Dashed lines
show the best-fit model predictions for this rat, as described in the text. The
vertical axis shows mean accuracy ±0.95 c.i.
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Dissociated functional significance of decision-
related activity in the primate dorsal stream
Leor N. Katz1*, Jacob L. Yates1*, Jonathan W. Pillow2 & Alexander C. Huk1

During decision making, neurons in multiple brain regions 
exhibit responses that are correlated with decisions1–6. However, 
it remains uncertain whether or not various forms of decision-
related activity are causally related to decision making7–9. Here 
we address this question by recording and reversibly inactivating 
the lateral intraparietal (LIP) and middle temporal (MT) areas of 
rhesus macaques performing a motion direction discrimination 
task. Neurons in area LIP exhibited firing rate patterns that 
directly resembled the evidence accumulation process posited to 
govern decision making2,10, with strong correlations between their 
response fluctuations and the animal’s choices. Neurons in area 
MT, in contrast, exhibited weak correlations between their response 
fluctuations and choices, and had firing rate patterns consistent 
with their sensory role in motion encoding1. The behavioural 
impact of pharmacological inactivation of each area was 
inversely related to their degree of decision-related activity: while 
inactivation of neurons in MT profoundly impaired psychophysical 
performance, inactivation in LIP had no measurable impact on 
decision-making performance, despite having silenced the very 
clusters that exhibited strong decision-related activity. Although 
LIP inactivation did not impair psychophysical behaviour, it did 
influence spatial selection and oculomotor metrics in a free-choice 
control task. The absence of an effect on perceptual decision making 
was stable over trials and sessions and was robust to changes in 
stimulus type and task geometry, arguing against several forms of 
compensation. Thus, decision-related signals in LIP do not appear 
to be critical for computing perceptual decisions, and may instead 
reflect secondary processes. Our findings highlight a dissociation 
between decision correlation and causation, showing that strong 
neuron-decision correlations do not necessarily offer direct access 
to the neural computations underlying decisions.

We investigated the functional significance of decision-related activ-
ity by recording and inactivating neural activity in two well-studied  
cortical areas, MT and LIP, while rhesus monkeys performed a  
challenging motion discrimination task. On each trial, the monkey  
maintained stable visual fixation while discriminating the net direction 
of a visual motion stimulus, and then made a saccade to one of two 
choice targets to communicate their choice (Fig. 1a, b). For electro-
physiological recordings in MT, we placed the motion stimulus in the 
receptive field of the neurons and aligned it with the preferred direc-
tion of one or more MT neurons on the multi-electrode array. For LIP, 
we placed one of the two targets in the response field of the neurons 
(as opposed to the visual motion stimulus), and the other target on the 
contralateral side of the visual field, consistent with previous studies 
of decision-related responses in LIP11.

We recorded 157 MT neurons and 200 LIP neurons with either single  
electrodes or multi-electrode linear arrays. MT neurons that were 
well-targeted by the stimulus (n = 94) had average firing rates that 
depended on the motion strength and direction (Fig. 1c). As expected 

in this area, responses increased sharply after motion onset and main-
tained a robust firing rate throughout motion viewing12. The average 
responses of well-targeted LIP neurons (n = 113) were also consistent  
with classical observations2,11, exhibiting ramp-like increases or 
decreases in firing rate, whose slopes were proportional to motion 

1Center for Perceptual Systems, Departments of Neuroscience & Psychology, The University of Texas at Austin, Austin, Texas 78712, USA. 2Princeton Neuroscience Institute & Department of 
Psychology, Princeton University, Princeton, New Jersey 08540, USA.
*These authors contributed equally to this work.
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Figure 1 | Task and neural responses during direction discrimination. 
a, Monkeys were trained to discriminate the direction of visual motion 
and communicate their decision with a saccadic eye movement to one 
of two choice targets. For MT recordings, motion was placed in the MT 
receptive field (RF) (green patch). For LIP recordings, one of the saccade 
targets was placed in the LIP receptive field (blue patch). b, Sequence of 
task events. Grey arrows indicate temporal jitter. c, Average response of 
94 MT neurons as a function of motion strength (grouped by z-scored 
net motion, see Methods) and direction (preferred versus  non-preferred 
direction, solid and dashed lines, respectively), aligned to motion onset. 
d, Average response of 113 LIP neurons as a function of motion strength 
and direction (in versus out of cell’s receptive field, solid and dashed lines, 
respectively), aligned to motion onset. e, Choice probability for 90 MT 
neurons computed during the motion epoch. Triangle indicates mean, 
0.54. f, Choice probability for 96 LIP neurons computed during the motion 
epoch. Triangle indicates mean, 0.70. Only neurons with >20 repeats of 
identical stimuli were included in the choice probability analysis.
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previous studies of MT and LIP function during decision making2,15 
(Extended Data Fig. 6c).

Our results reveal a dissociation between decision-related activity 
in LIP and the causal role of such activity in decision making. Instead, 
decision-related signals in LIP may be a result of feedback24, or an 
emergent phenomenon driven by extensive training25. Although one 
prior study observed effects of LIP microstimulation in a reaction 
time direction discrimination task26, such electrical perturbations can 
produce orthodromic (and antidromic) activation of connected areas, 
and their observed effects are reconcilable with multiple alternatives 
to evidence accumulation6. It remains possible that LIP contributes to 
decision making in conjunction with associated brain regions, whose 
parallel and/or redundant processing simply renders LIP unnecessary  
in the particular tasks used to study its decision-related activity.  
Indeed, a growing body of work has observed decision-related activity 
in other brain areas3–6,9, consistent with the prospect of LIP playing a 
minor and/or nonessential role in decision making. Our results mirror 
findings in rodent posterior parietal cortex, where inactivations did 
not affect decision making despite electrophysiological correlates of 
evidence accumulation8. Finally, a richer appreciation of LIP’s contri-
butions to decision making might be gleaned from placing the motion 
stimulus itself (as opposed to the saccadic choice target) within the 
inactivated field, a configuration studied electrophysiologically in a 
categorization task27, but not yet causally investigated.

Decision-related activity is probably represented broadly across the 
brain, and may be read out by a flexible process to support behaviour 
in LIP, or elsewhere7,18,28. Our results call for a broader considera-
tion of decision-making circuitry and more nuanced mechanisms for 
reading out decision-related activity—regardless of whether decisions 
are conveniently reflected, or actually computed, in the activity of a 
particular brain area23,29,30.

Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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strength, the primary physiological characteristic implicating LIP in 
reflecting the accumulation of evidence over time (Fig. 1d).

We further quantified the decision-related activity of MT and LIP 
using choice probability1, a measure of correlation between neural 
activity and choices, independent of stimulus-driven responses. MT 
neurons were weakly but reliably correlated with the animal’s choice 
on a trial-by-trial basis (mean choice probability = 0.54, P = 1 × 10−5;  
Fig. 1e). LIP neurons were more strongly correlated with choices 
(mean choice probability = 0.70, P = 1 × 10−21; Fig. 1f). Thus, the 
stimulus-dependent responses and choice probability in MT were 
consistent with its well-established role in representing the motion 
stimulus, and the response patterns in LIP resembled the time course 
of an evolving decision process. Together, these properties have given 
rise to a model where LIP neurons either integrate, or reflect the inte-
gration of, motion evidence from area MT in favour of a decision11,13.

Having confirmed the neurophysiological properties of areas MT 
and LIP and their differential degrees of correlations with decisions, 
we tested their respective causal contributions by performing revers-
ible inactivations in each area and evaluating the impacts on psycho-
physical performance (hypothesized outcomes shown in Fig. 2a).  
We infused muscimol (a GABAA agonist which hyperpolarizes cell 

bodies but not fibres of passage14) into either MT or LIP, 1 mm away 
from a multi-electrode array (Fig. 2b). The injection cannula was tar-
geted to locations that had yielded the largest number of canonical MT 
or LIP units during recording sessions (Extended Data Fig. 1). The  
multi-electrode array was used to confirm both pre-infusion phys-
iological properties and post-infusion neural silencing, performed 
on every inactivation session. Silencing was typically observed across 
all recording channels of the array (Fig. 2b) and estimated to span a 
spherical volume of ∼2.5 mm radius (see Methods).

Inactivations in area MT exerted large effects on psychophysical 
performance. The motion stimulus was placed within a region of 
visual space retinotopically matched to the inactivated population of 
MT neurons (Fig. 2c). MT inactivations (n = 6; 3 in monkey N; 3 in 
monkey P) had a large and consistent impact on direction discrimina-
tion sensitivity (68.5% reduction from baseline, t(5) = −9.7, P = 0.002, 
paired t-test). When the motion stimulus was moved outside the 
inactivated region within the same session (n = 3), psychophysical  
performance was restored, confirming that the effects were not due to 
general changes in arousal or vigilance (Extended Data Fig. 2). These 
severe and specific impairments in direction discrimination perfor-
mance were consistent with prior causal perturbations15,16.
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Figure 2 | Psychophysical performance before and after neural 
inactivations in areas MT and LIP. a, Hypothesized consequences of 
inactivation on the psychometric function. Left, decreased psychophysical 
sensitivity would correspond to a decrease in slope. Right, changes in 
psychophysical bias would correspond to a shifted midpoint. Positive 
values in the x axis (z-scored motion strength) refer to motion towards 
the target contralateral to the LIP under study. Correspondingly, the y axis 
refers to the proportion of contralateral target choices. This convention 
is maintained throughout. b, Schematic of the inactivation protocol. Left, 
a multi-electrode array was lowered alongside the cannula to identify the 
targeted cortical location, to verify neural selectivity before infusion, and 
to confirm neural silencing after. Right, continuous voltage traces from an 
example inactivation session in which neural silencing is evident ∼10 min 
after infusion start. c, d, Psychophysical data for averaged pairs of baseline 
and muscimol treatment sessions in MT (c), and LIP (d). Insets illustrate 

the brain region inactivated (top) and the corresponding experimental 
geometry (bottom), along with the estimated inactivated field  
(grey cloud). Error bars on points show ± 1 s.e.m. over all trials.  
e, The distribution of psychometric function parameters, slope (top) and 
shift (bottom), reflecting sensitivity and bias, respectively, for baseline 
(x axis) and treatment (y axis) session pairs for MT inactivations (green 
symbols), LIP inactivations (blue symbols), as well as LIP saline (open grey 
symbols) and sham/control experiments (filled grey symbols), for monkey 
N (diamonds) and monkey P (squares). Error bars show 95% confidence 
intervals for individual sessions. f, g, Psychophysical weighting, estimated 
via reverse correlation. The y axis indicates how much the subject weighed 
each of the motion stimulus pulses over all baseline and inactivation 
session pairs in MT (f) and in LIP (g), for monkey N (top) and monkey  
P (bottom). Error bars are s.e.m. over all trials.
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In contrast, inactivations in area LIP (n = 21; 12 in monkey N; 9 in 
monkey P) did not exert compelling or substantial effects on psycho-
physical performance (Fig. 2d). In these experiments, we placed one 
choice target in the inactivated region of visual space, consistent with 
previous electrophysiological investigations that placed a choice target 
(and not the visual motion stimulus) in the response fields of LIP neu-
rons to elicit the area’s canonical decision-related responses. Although 
we performed large inactivations in locations where LIP electrophys-
iology had mirrored the accumulation of evidence and demonstrated 
strong decision-related activity, we did not detect significant changes 
in either the animal’s sensitivity or bias, as indicated by statistically 
indistinguishable differences in the slope (3.7% reduction from base-
line, t(20) = −1.4, P = 0.16, paired t-test) or midpoint (−0.4% shift, 
t(20) = −0.08, P = 0.93, paired t-test) of the psychometric functions. 
Saline and sham control experiments showed similar patterns to the 
main baseline versus muscimol treatment comparison (Extended Data 
Table 1). Thus, although the effect of MT inactivation on sensitivity 
was substantial, an effect of LIP inactivation was not clearly identifia-
ble using our techniques and task (Fig. 2e).

We also assessed whether inactivation affected the timing or strat-
egy of evidence integration8,17,18. For example, if LIP supported the 
temporal integration of motion evidence, inactivation could alter the 
strategy to reflect ‘leakier’ integration that might still support the same 
overall performance. Contrary to this possibility, inactivation in LIP 
did not lead to greater reliance on either early or late information  
(Fig. 2f, g), as estimated via reverse correlation. Inactivations in area 
MT, in contrast, reduced the psychophysical weighting of motion 
roughly evenly over time.

Although inactivation in LIP had no measurable effect on direction 
discrimination, it did exert effects on a ‘free-choice’ control task, which 
was performed on every inactivation session (Fig. 3a, b). LIP inacti-
vation biased choices away from the contralateral hemifield (8.88% 
reduction from baseline on average, t(33) = 3.4, P = 0.001, paired t-test), 
(Fig. 3c, d), consistent with previous reports in monkeys19–21, rodents8, 
and parietal lesions in humans22. Thus, our electrophysiological 

confirmation of LIP inactivation was complemented by a behavioural 
consequence in this free-choice control task. In addition to causing a 
spatial choice bias, LIP inactivation led to an increase in endpoint error 
of saccades made to the hemifield contralateral to inactivation (0.36° 
on average, t(33) = 4.4, P = 7 × 10−5, Fig. 3c, d). No systematic change 
was detected in other oculomotor metrics during the free-choice task 
(reaction time, peak velocity, or duration), and no effects on any ocu-
lomotor metrics were detected during the direction discrimination 
task. Despite observing a muscimol-induced effect in the free-choice 
task, effect magnitude in the free-choice task was not predictive of 
effect magnitude in the direction discrimination task (Extended Data 
Fig. 3a, b), nor was there a dose–response relationship between mus-
cimol mass and behavioural performance (Extended Data Fig. 3c–e), 
suggesting that our large muscimol administrations were probably 
operating within a ‘ceiling’ regime.

Because muscimol inactivations require comparisons across rela-
tively long time scales, it remains logically possible that LIP normally 
plays a critical role in decision making, given that other areas are pro-
cessing information in parallel and are able to quickly compensate 
when it is artificially inactivated. Although other techniques with 
faster time scales will allow for more direct tests of this  possibility, 
we did not observe changes indicative of compensation either within 
a session or over sessions (Extended Data Figs 4 and 5, respectively). 
We also tested for compensation involving the non-inactivated  
hemisphere23. We performed 6 additional inactivation experiments 
with both choice targets placed in a single hemifield (Fig. 3e, inset), 
in order to maximize reliance on a single hemisphere’s LIP and hence 
minimize involvement of the other hemisphere. Inactivation of the 
LIP corresponding to the two targets did not produce clear changes in 
behavioural performance (Fig. 3e), indicating that inter-hemispheric 
compensation was unlikely in our main experiments. Previous LIP 
inactivation studies also find no evidence in support of compensation 
that manifests behaviourally (see the section on spatial and temporal 
extent of inactivation in the Methods). We also found no disruption of 
decision-making performance using the moving-dot stimulus used in 
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jittered in time (grey arrows). c, The effect of LIP inactivation on choice 
bias and saccade accuracy in the free-choice task (example session). 
Saccade landing points (black dots) have been aligned to target position 
(red dot), for contralateral (left) and ipsilateral target choices (right), 
during baseline (top) and inactivation (bottom). Both saccadic accuracy 
and percent contralateral choices (indicated, top left) are reduced after 
LIP inactivation, to the contralateral hemifield. d, The effect of LIP 
inactivation on choice bias and saccade accuracy in the free-choice task, 

over all sessions. Histograms show baseline/inactivation differences in 
proportion contralateral choices (top) and saccade error (bottom), where 
positive numbers indicate an increase in metric following inactivation. 
Dark bars indicate sessions that took place on the same days as the main 
direction discrimination experiment (main experiment inactivations, 
n = 21; 12 in monkey N; 9 in monkey P); dark triangle indicates the 
median difference. Light bars include an additional 13 sessions that took 
place during other inactivation experiments under similar conditions 
(all inactivations, n = 34; 14 in monkey N; 20 in monkey P); light triangle 
indicates median difference (visually occluded by dark triangle).  
e, Psychophysical data for pairs of baseline and muscimol treatment in LIP 
when both choice targets were placed within the inactivated field. Inset 
presents stimulus geometry and estimated inactivated field. Error bars are 
s.e.m. over all trials.
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➡Where is the accumulated evidence computed? 
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➡Where is the accumulated evidence computed? 
• Likely secondary sensory areas. 
➡Which areas are necessary? 
• FOF is necessary (bilateral) and sufficient (unilateral) for the clicks task.  
• PPC is neither necessary nor sufficient for clicks task. But is sufficient for biasing 

free-choice.  
➡Where is the decision made? 

• The FOF. Seems to transform evidence over “long” time-constants (> 0.24 s) 
into decisions or motor-plans. (consistent with Erlich, 2011) 

• Also see 

Fig 7
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