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Inferior temporal (IT) cortex of primates is known to play an
important role in visual memory. Previous studies of IT neurons during performance
of working memory tasks have found
modulation
of responses
when a current stimulus matched
an item in memory; however, this effect was lost if other
stimuli intervened
in the retention interval. To examine how
IT cortex retains memories while new stimuli are activating
the cells, we recorded
from IT neurons while monkeys performed a delayed matching-to-sample
task, with multiple
intervening
items between
the sample and matching
test
stimulus. About half of the cells responded
differently to a
test stimulus if it matched the sample, and this difference
was maintained
following intervening
stimuli. For most of the
affected cells, the responses
to matching stimuli were suppressed; however, for a few cells the opposite
effect was
seen. Temporal
contiguity
alone could not explain the results, as there was no modulation
of responses when a stimulus on one trial was repeated
on the next trial. Thus, an
active reset mechanism
appears to restrict the memory comparison to just the stimuli presented
within a trial. The suppressive effects appear to be generated
within or before IT
cortex since the suppression
of response to matching stimuli
began almost immediately
with the onset of the visual response. The memory of the sample stimulus affected not
only the responses
to matching
stimuli but also those to
nonmatching
stimuli. There was suggestive
evidence that
the more similar a nonmatching
stimulus to the sample, the
more the response was suppressed.
About a quarter of the
cells showed stimulus-selective
activity in the delay interval
following the sample. However, this activity appeared
to be
eliminated
by intervening
stimuli. Thus, it is unlikely that
delay-interval
activity in IT contributed
to the performance
of this particular
version of delayed matching to sample.
To determine how much information
about the match-nonmatch status of the stimulus was conveyed
by individual
neurons, we analyzed the responses
with discriminant
analysis. The responses
of an individual IT neuron could be used
to classify a stimulus as matching or nonmatching
on about
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60% of the trials. To achieve the same performance
as the
animal would require averaging the responses
of a minimum
of 25 IT neurons. There was no evidence that mnemonic
information
was carried by temporal variations
in the spike
trains. By contrast, there was a modest amount of temporal
variation
in sensory responses
to different visual stimuli.
This variation appeared
to be due to different stimuli having
different effects on the early and late (transient
and sustained) portions of the response.
We propose that two populations of IT cells contribute
to memory. One functions as
adaptive mnemonic filters and the other provides a sensory
referent. The difference
in response between the two populations is a measure of the difference
between the current
stimulus and stored memory traces. A temporal
“figureground”
mechanism
such as this could contribute
to performance of a variety of mnemonic tasks, including working
memory tasks.
[Key words: macaque monkey, memory, inferior temporal
cortex]

Normal perception and memory of visual form dependson the
neural circuitry in inferior temporal (IT) cortex (Gross, 1973;
Mishkin, 1982).IT cortex receivesinformation from prestriate
visual areas,particularly area V4, and is directly or indirectly
connectedwith other medial temporal and prefrontal structures
important for memory (Van Hoesenand Pandya, 1975a,b,Aggleton et al., 1980;Desimoneet al., 1980;Ungerleiderand Mishkin, 1982; Amaral and Price, 1984; Insausti et al., 1987a,b;
Baizer et al., 1991; Webster et al., 1991; Martin-Elkins and
Horel, 1992). Congruouswith its role in high-order processing
and storageof visual information, IT cortex has neuronswith
largereceptive fields and complex stimulus-selectiveproperties
(Desimoneand Gross, 1979; Desimoneet al., 1984).
Anterior IT cortex hasbeenimplicated in both long-term and
short-term storageof visual information (Mishkin, 1982;Horel
et al., 1987;Murrayet al., 1989;Zola-Morgan et al., 1989, 1993;
Meunier et al., 1990; Suzuki et al., 1991, 1993; Gaffan and
Murray, 1992). Following deactivation of IT cortex, animals
areimpairedon short-termmemory tasks,suchasdelayedmatchto-sample (DMS) tasks with small stimulus sets(Fuster et al.,
1981; Horel and Pytko, 1982; Horel et al., 1987). In DMS tasks
of this type, memory of the sampleon one trial may interfere
with performanceon subsequenttrials. Thus, the task involves
memory spanningjust the length of the behavioral trial.
IT neurons have been studied during performance of DMS
tasks,and their propertiesseemconsistentwith a role in storage
of information. Someneuronsshow elevatedactivity during the
retention interval on DMS tasks,asif they are actively holding
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memory of the stimulus (Fuster and Jervey, 1981; Miyashita
and Chang, 1988; Fuster, 1990) and some respond differently
to the same stimulus depending on the behavioral context (sample, match, or nonmatch) in which the stimulus appears (Gross
et al., 1979; Mikami and Kubota, 1980; Baylis and Rolls, 1987;
Vogels and Orban, 1990a; Miller et al., 1991b; Riches et al.,
1991; Eskandar et al., 1992).
Behavioral tasks employed in the laboratory, though, can often fall short of the demands of the real world. Most investigations of the role of IT neurons in memory have employed
tasks that require the monkey to retain memories across a “blank”
retention interval, during which no visual stimuli are presented.
Outside the laboratory, however, memories frequently must be
retained while new information
is being processed. It is not
understood how IT neurons can participate in memory storage
during times when they are concurrently
responding
to new
visual stimuli. One study of neurons in lateral IT cortex of
monkeys performing
a serial recognition
task found that responses were affected by stimulus recency, but this effect was
lost if one or two other stimuli appeared in the retention interval
(Baylis and Rolls, 1987). However, Riches et al. (1991) tested
four cells with intervening stimuli in the anterior ventral portion
of IT cortex and found that three of them responded differently
to a stimulus if it had recently been seen before, even when
more than two other stimuli intervened.
In the present study, we tested responses of neurons in the
anterior ventral portion of IT cortex in monkeys that were holding a stimulus in memory while concurrently
processing other
stimuli. We describe several new experiments
indicating
that
neuronal responses in this region carry mnemonic information
that could be used in performance
of a recency-memory
task,
even when several stimuli appear in the retention interval.
Some of these findings have been reported in a preliminary
form (Miller et al., 1991b).
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Figure 1. Outline of the DMS task. The matching test stimulus was
terminated when the animal made its response, typically 350 msec after
stimulus onset.

Behavioral task
The task (Fig. 1) was a modified version of delayed matching-to-sample
(DMS), similar to one used by Maunsell et al. (199 1) in their study of
neurons in area V4. At the start of each trial the monkey grasped a
metal bar after which a small (0.29 fixation target appeared, which
remained on throughout the trial. The monkey was then required to
fixate the target for 300 msec before presentation of the first stimulus
and to maintain fixation throughout the trial.
The first stimulus presented on each trial was the sample, which was
followed by one to five test stimuli. When one ofthe test stimuli matched
the sample stimulus, the animal was required to release the bar within
900 msec of stimulus onset to receive a drop of orange juice. Each
stimulus was presented for 500 msec, and there was a 700 msec delay
between the disappearance of one stimulus and the onset of the next.
The match stimulus was the last stimulus presented on each trial, and
it was extinguished as soon as the animal made its response, which was
generally around 350 msec after stimulus onset. During the intertrial
interval, there were no behavioral constraints on the animals. Each trial
usually began with a saccade to the fixation target.

Stimuli
Materials and Methods
Subjectsand surgicalprocedures
Two rhesus monkeys (Macacamulatta) weighing 8-9 kg were used.
Prior to the implantation of the recording chamber, the animals were
placed in a plastic stereotaxic machine and scanned with magnetic resonance imaging (MRI). A head restraint post, recording chamber, and
scleral eye coil for monitoring eye position (Robinson, 1963) were implanted under aseptic conditions while the animal was anesthetized with
sodium pentobarbital. Using the coordinates derived from the MRI
images, the recording chamber was centered on the dorsal surface of
the skull above anterior-ventral IT and oriented in the Horsley-Clark
stereotaxic planes. The animals received antibiotics and analgesics postoperatively.

Recording techniques
Activity was recorded using tungsten microelectrodes (Micro Probe,
Rockville, MD). Following penetration of the dura with a guide tube,
the electrode was advanced in the vertical plane down to the cortex on
the ventral surface. Single-neuron activity was isolated from a multineuron signal using an online spike-sorting system (Signal Processing
Systems, Prospect, Australia) that employs a template-matching algorithm. The spike-sorting system produced a pulse output that was stored
as a spike event by our computer with a 1 msec time resolution. Two
separate neurons were frequently studied simultaneously.
While the monkey performed the task, the electrode was advanced
through IT cortex until the activity of one or two single neurons could
be isolated. Responsiveness of the neuron(s) was assessed through use
of an audio monitor. If a neuron exhibited a visual response (a change
in activity during presentation of one or more of the stimuli) while the
animal performed the behavioral task, data collection was initiated. If
no visual response was detected, the electrode was advanced farther.

The stimulus set consisted of over 500 complex, two-dimensional, multicolored pictures presented on a computer graphics display. The pictures were digitized from magazine photographs and objects around the
laboratory. Some were identifiable objects, such as faces or fruit, and
others were colored textures and patterns. This stimulus set was chosen
because the pictures seemed easily “memorizable” to the experimenters,
they spanned a range oftwo-dimensional and three-dimensional features
known to be effective for producing stimulus-selective responses from
IT neurons, and they represented the sort of objects that a person might
actually hold in memory outside the laboratory. The stimuli ranged in
size between 1” and 3” on a side and were presented at the center of
gaze. For each recording session, six stimuli were chosen at random,
and the animal was given 0.5-l hr of experience with the stimuli in the
behavioral task before data collection began, thus ensuring that the
stimuli were familiar. Once a stimulus was used for a session it was not
used in another session until the entire stimulus set had been exhausted,
typically after 2 months. Each of the six stimuli appeared as a sample
and match on some trials and as a nonmatch on other trials. Within a
trial, the only stimulus that was repeated was the stimulus used as a
sample and as a match; all the nonmatching stimuli differed from each
other and from the sample.

Data analysis
For most analyses, responses were calculated over a 200 msec time
interval beginning 75 msec following stimulus onset. The beginning of
this time interval was chosen to coincide with the typical response
latencies of IT neurons, and the end was chosen to occur before the
animals’ behavioral responses to the match stimulus (mean reaction
time was 350 msec). For discriminant analysis (see below), the time
interval used was slightly longer, 225 msec, so that it could be evenly
divided into three 75 msec subintervals for the multivariate analysis
described below.
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Each trial with a correct behavioral response ended with a matching
stimulus. Thus, there was a maximum number of three intervening
stimuli preceding a given nonmatching stimulus but a maximum of four
preceding a matching stimulus. Therefore, for all statistical and summary analyses of nonmatching and matching responses, the responses
to the match stimulus on trials with four intervening stimuli were dropped
so that the average numbers of intervening stimuli preceding matching
and nonmatching stimuli were equal.
Statisticalanalyses.
Responses to stimuli presented as samples and
as matching and nonmatching test stimuli were appraised with both
analysis of variance (ANOVA) and t tests, evaluated at the p < 0.05
level of significance. However, the fact that a response difference is
statistically significant does not, in itself, indicate how potentially useful
the difference is in discriminating among the stimuli. We were particularly interested in how well the responses of IT neurons distinguished
whether a test stimulus matched the sample stimulus held in memory.
That is, how well could one classify a stimulus as either matching or
nonmatching on each trial of the task, if the only information available
was the response of an individual IT neuron? To answer this question
for a given cell, one needs to know the distributions for the two classes
of responses, that is, matching and nonmatching. Given the distributions, one could design an optimal (Bayesian) classifier. Classification
success depends on the amount of overlap of the two distributions of
responses; the greater the overlap, the poorer the classification performance.
Because the underlying distributions cannot be measured directly,
they must be estimated from the data. There are several different methods available for estimating distributions and constructing a classifier,
each of which makes different assumptions about the distributions. In
a previous study (Miller et al., 199 1b), we used logistic regression. However, discriminant analysis often does better at discriminating among
more than two classes and thus was employed in the present study. We
also made use of a neural network classification technique. We applied
the methods in a number of different ways and to different sorts of data;
the details are given in the appropriate sections of the Results. Below
we give a brief overview of the methods.
Discriminant analysis is typically used to classify individuals into two
or more discrete classes based on one or more continuous or discrete
variables. The analysis fits normal distributions to each of the different
response classes (e.g., match and nonmatch) and estimates the probability that the two sets of responses came from the same distribution.
Responses are classified into groups based on a decision rule. When
there are two groups, the decision rule is typically whether the response
falls above or below the midpoint between the means of the two distributions. Multivariate discriminant analysis is an extension of the
univariate case, except that multivariate normal distributions are fit to
the multiple response measures. In the multivariate case, the different
response measures are weighted and combined, resulting in a “canonical
variable” that can be used to discriminate between the groups. The
number of canonical variables is equal to either the number of groups
or the number of response measures, whichever is smaller. The first
canonical variable accounts for most of the difference among the groups,
followed by the second, third, and so on. The different canonical variables are uncorrelated and the weightings of the underlying response
measures are optimal for distinguishing among the groups. The discriminant analysis was performed using the SYSTAT statistical package.
The function relating neuronal response to match versus nonmatch
status of the stimulus was also estimated using a three-layer backpropagation neural network, which is a nonlinear optimization method. After
“training,” the network was presented with responses from the data set,
and the network’s prediction of class membership (matching or nonmatching) was compared with the actual class, as a measure of classification performance. An advantage of the neural network over conventional statistical methods is that it does not assume normally
distributed data and can be trained to classify data from arbitrarily
complex distributions, including ones in which class membership is a
nonmonotonic function of the variable(s). Disadvantages are that network parameters, such as number of hidden units and rate of learning,
are essentially empirically determined, with no assurance that any particular set of parameters is optimal.
When any statistical classification procedure is applied to the same
data on which the parameters of the classification algorithm are fit, the
classification success rate will be optimistically biased. The success of
the classification procedure is inversely proportional to the overlap in
the probability distributions of the response classes. The smaller the

number of data used in estimation, the less the overlap and the more
the classification procedure can take advantage of chance differences
between the response classes in achieving an artificially high success
rate. The problem is most severe when classifiers are applied to multivariate data, in which the space over which the distribution is estimated is far larger (each variable adds a dimension to the space) and,
therefore, the data points are sparser.
To correct for this bias we used the cross-validation method. The
discriminant hmctions and neural network were first estimated, or trained,
on half of the data (chosen randomly). The functions, or network weights,
were then fixed and the classification procedure applied to the remaining
half of the data. This gives an unbiased estimate of how successfully a
new set of data could be classified.
Univariateand multivariateresponse
measures.
The univariate response measure was simply the firing rate in an interval beginning 75
msec after stimulus onset and ending 300 msec after onset. We used
two different multivariate measures. For both, we first “smoothed” the
spike train on each trial by convolving it with a Gaussian with a standard
deviation of 10 msec (Richmond and Optican, 1987). For one of the
multivariate measures, we calculated the first three principal components (PCs) of all of the smoothed spike trains, using the SYSTAT statistical program. For matching versus nonmatching responses, there were
only two sources of variance due to stimulus effects. Therefore, to maximize the variance due to the stimuli, we calculated PCs on the spike
trains for all six stimuli, matching and nonmatching, taken together. In
fact, whether the components were calculated over all stimuli or just
one seemed to make little difference in either the shape of the PCs or
the ultimate classification success.
As a comparison to the principal component method, we divided the
smooth spike train into three successive time intervals of 75 msec duration beginning 75 msec after stimulus onset. The firing rates during
these “early, ” “middle,” and “late” intervals were then used as three
different response measures in the multivariate analyses.

Histology
At the conclusion of the experiments, fluorescent dyes were injected at
the boundaries of the recording area, through a cannula inserted in place
of the electrode. A few days later, the animals were killed with sodium
pentobarbital and perfused transcardially with formalin. Sections were
cut, stained with thionin, and examined for electrode tracks and the
dyes. Because of the length of the study, most tracks could not be
visualized, but their locations could be inferred from those of the dyes
and other identified tracks.

Results
Anatomical location of penetrations
All of the recording siteswere located on the inferior temporal
gyrus, just lateral to the rhinal sulcusand medial to the anterior
medialtemporal sulcus.Figure 2 showsthe location of recording
sitesin the monkeys along with representativecoronal sections.
Generalproperties
A total of 146visually responsiveneuronswere recordedin the
DMS task with up to three intervening stimuli. All of the neurons sampledgave excitatory responses.The lack of inhibitory
responsesmay reflect a samplingbias due to selectingneurons
for study by assessing
responsivenesswith an audio monitor.
Becausethe performance of the animals was better than 90%
correct in the task, there were too few error trials to analyze.
Consequently,all analyseswere performed usingdata from correctly performed trials.
To determine whether a responseto a samplestimulus was
significant, we compared the firing rate to the samplewith the
spontaneous(prestimulus) firing rate using a paired t test. Of
the 846 stimuli usedasa sample(146 neurons x 6 stimuli each),
75% (635) elicited a visual response.To assessthe stimulus
selectivity of each neuron, we compared the responsesto the
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Figure 3. Averageresponses
to stimuli appearingassamples,
non-

matches,and matchesfor oneIT neuron.Histograms
werecomputed
by summingresponses
acrossall six stimuli,in 10msecbins.The bar
beneatheachhistogramshowsthe time of the stimuluspresentation.
The y-axis represents
the firing rate in spikesper second.

ond focused on how much information was available in the
responseto individual stimuli.
To determine whether a cell distinguishedbetweenmatching
and nonmatching stimuli, we performed a two-way ANOVA
on the responsesto all six test stimuli, with stimulusand matching-nonmatching status as factors. Responseswere averaged
over all the intervening stimulus presentations.Basedon the
ANOVA performed on each cell, 48% (68 of 141) of the cells
distinguished between matching and nonmatching stimuli.
Nearly all of these(92%, or 62 of 68) respondedbetter to nonmatching than matching stimuli. In the Discussion,we consider
ST

60 1

Figure 2. Locationof recordingsites.The shaded areas on the ventral
viewsindicatethe recordingareasin the two animals,and the vertical
lines throughthe coronalsections
illustraterepresentative
penetrations.
AMT, anteriormiddletemporalsulcus;CA, calcarinesulcus;IO, inferior
occipitalsulcus;LA, lateralsulcus;ORB, orbital sulcus;OT, occipitotemporalsulcus;RH, rhinalsulcus;ST, superiortemporalsulcus.
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‘0 six samplestimuli separatelyfor eachneuron usingan ANOVA.
The ANOVA was significant (p < 0.05) for 85% of the neurons
(124 of 146). Thus, most of the neuronswere stimulus selective
for the samplestimuli.
Efect of context on responses
to stimuli
Many IT neurons respondeddifferently to the samestimulus
dependingon whether it appearedas a sample,match, or nonmatch. Figure 3 showsthe average response(acrossall intervening stimuli) to a singlestimulusappearingasa sample,nonmatch, and match for one neuron. For this cell, the response
was strongestwhen the stimulus appearedas a sample,intermediatewhen the stimulus appearedasa nonmatch, and weakest when the stimulus appearedasa match.
To study the neural information available for matching-nonmatching classification of the test stimuli, we conducted two
generalclassesof analyses.The first focusedon how many cells
distinguishedamongmatchesand nonmatches,whereasthe sec-
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Figure 4. Examples
of two IT neuronsthat showeddifferentmatch-

nonmatcheffects.Six stimuliare represented
alongthe x-axis,ranked
from bestto worst.Dotted line showsthe neuron’sbaselineor spontaneousfiring rate. A, Cell for whichthe match-nonmatch
effectwas
proportionalto the magnitudeof the response.
B, Cellfor whichthe
effectwasdisproportionately
largefor the beststimulus.
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Figure 5. Distribution
of indices
showing the strength of the response to
matching stimuli relative to the response to the same stimulus as a nonmatch (A and C) and as a sample (B
and II). Values below zero (arrow)indicate weaker responses when the stimulus appeared as a match. Distributions
A and B show the indices for the stimuli
for which there was a significant matchnonmatch effect, while distributions C
and D show the indices for the entire
population of stimuli that elicited a visual response.

the role that the halfofthe cellsthat did not distinguishmatching
and nonmatching might play in a memory mechanism.
Of 25 pairs of cells recorded simultaneouslywith the same
electrode in IT, both cellswere responsivein only 12 pairs. In
five of the 12 pairs, both cells showed significant match-nonmatch effects,in four pairsneither cell showedsignificanteffects,
and in the threeremainingpairsjust onecell showeda significant
effect.
Basedon the two-way ANOVA, almost all of the cells(94%,
or 64 of 68) that exhibited a match-nonmatch difference were
alsostimulus selective(significant effect of stimulus,p < 0.05).
For most ofthese cells(67%,or 43 of 64) there wasno significant
interaction between stimulus and matching-nonmatching factors, that is, the magnitude of the match-nonmatch effect was
about equal for all stimuli. Figure 4A showsthe responsesof
one such neuron. The stimuli were rank ordered from “best”
to “worst” based on the magnitude of responseto the same
stimulusappearingas a sample.The lines correspondingto the
average match and nonmatch responsesare roughly parallel,
indicating that the magnitude of the effect is similar for all six
stimuli. Thus, for this type of cell, the suppressionof the match
responsewasproportional to responsemagnitude.
For the other cells that showeda match-nonmatch difference
(33%, or 2 1 of 64), the magnitudeof the difference wasdisproportionately larger for somestimuli (i.e, there wasa significant
interaction between matching-nonmatching and stimulus factors). Figure 4B showsan example of such a cell. For this cell,
there is a larger difference between match and nonmatch responsesfor the best stimulus of the set compared to the other
five stimuli. Indeed, for most of the cells that exhibited interactions between match-nonmatch and stimulus factors (7 l%,
or 15 of 2 l), the match-nonmatch effect wasdisproportionately
largestfor the best stimulus of the set.

Having determined that nearly half of the cellsgave a significantly different responseto all matchingand nonmatchingstimuli taken together, we then askedfor how many stimuli wasthe
effect significant. Based on a t test applied to each stimulus
(evaluated at p < 0.05) about one-fourth (27%, 171 of 635) of
the effective stimuli showed significant match-nonmatch responsedifferences.The stimuli with significant effects derived
from 99 cells, of which 68 showedsignificant match-nonmatch
effects acrossall stimuli based on the omnibus ANOVA described above. (Although the per-comparisontype I error rate
is 0.05 for both the t test and the ANOVA, the cumulative percell error rate is higher with the t test; thus, 68 is the more
conservative estimate of the number of significant cells.)
To quantify the magnitudeof the match-nonmatch effect, we
computed an index for each stimulus by subtracting the mean
match responsefrom the meannonmatch responseand dividing
the result by the sum of the two means.Figure 5A showsthe
distribution of indices for the stimuli with significant matchnonmatch effects. Values below zero indicate match responses
weaker than nonmatch, which wastrue for 83% (142 of 171)of
the stimuli. Only 17%(29 of 171) of stimuli showedthe opposite
effect (match greater than nonmatch), and these were largely
from a separatepopulation of neurons:only four cells showed
mixed effects, that is, significant match suppressionfor one or
more stimuli and match enhancementfor one or more other
stimuli.
Figure 5B showsresponseindices for the samestimuli as in
Figure 4A, but in this casethe comparisonwas made between
the match and sample responses.Values below zero indicate
responsesthat were weaker to matching test stimuli than to
samples.In Figure 5, C and D show the distribution of the
match-nonmatch and match-sampleindicesfor the entire population of effective stimuli. The meansof both distributions are
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shifted below zero, indicating weaker responses to match stimuli
than to either sample or nonmatching stimuli. However, the
match-sample distribution (Fig. 5D) shows a larger negative
shift than the match-nonmatch distribution (Fig. 5C). Thus,
neuronal responses to samples were typically strongest, followed
by responses to nonmatching and then to match stimuli.
Retention of sample information across intervening stimuli.
Not only could IT neurons detect whether a test stimulus was
a match or a nonmatch, but they could do so even when several
stimuli intervened in the retention interval. The responses of
such a neuron are shown in Figure 6. Average responses of the
population of IT neurons to samples and to test stimuli following
intervening stimuli are shown in Figure 7. Figure 7A shows
responses to all of the stimuli that had a significant matchnonmatch effect when the responses were averaged over all intervening stimuli. All responses were included in the average,
regardless of whether the match or nonmatch responses were
larger. The figure shows that the responses to the sample were
largest, followed by the nonmatching and matching stimuli, respectively. Based on a paired t test on the population, there was
a significant difference between match and nonmatch responses
even with three intervening stimuli (t = 3.32, p = 0.00 13). For
comparison, Figure 7B shows the average responses to sample
and test stimuli for the entire population of effective stimuli,
that is, regardless of whether there was a statistically significant
match-nonmatch response difference. Even when stimuli without significant effects are included in the average, match responses are smaller than nonmatch, and this difference is maintained after two intervening stimuli (t = 8.349, p < 0.0001).
To test further the “memory span” of the cells, an additional
group of 18 cells in one monkey was tested with up to five
intervening stimuli before the final matching stimulus. The animal required additional training to perform this version of the
task. Of the cells tested, 44% showed significant overall matchnonmatch effects according to an ANOVA (p < 0.05). When
each stimulus was tested for significant match-nonmatch effects
separately with a t test, 28% showed significant effects. The
average response to these stimuli is shown in Figure 7C. Based
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Figure 7. Average responses across cells to the same set of stimuli
appearing assamples and as matches and nonmatches following different
numbers of intervening stimuli. The Small horizontal line above each
bar indicates the SEM. A, Average responses for the population of
stimuli that elicited a significant match-nonmatch effect. B, Average
responses for the population of stimuli that elicited a visual response.
C, Average responses for the population of stimuli that elicited a significant match-nonmatch effect and were tested with up to five intervening stimuli before the final match.

on a paired t test of the population response, there was a significant difference between the match and nonmatch responses
even with five intervening stimuli (t = 2.33, p = 0.02). Because
there were only a few cells tested in this group, the remainder
of the Results will be devoted to the larger group of cells tested
with up to three intervening stimuli before the final match.
As indicated earlier in the Results, some (17%) of the stimuli
with significant match-nonmatch effects actually elicited larger
matching than nonmatching responses. Figure 8 shows the av-
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eragesampleand test stimulus responsesfor the samestimuli
included in Figure 74 except that the averagesare given separately for stimuli showing nonmatch responsesgreater than
match (Fig. 84 and stimuli showing the opposite effect (Fig.
8B). For the stimuli that elicited stronger match responses(Fig.
8B), the sampleand match responseswere similar and both
were larger than the nonmatch responses;that is, nonmatch
responsesappearedto be suppressed(compared to the sample)
rather than the match responsesbeing enhanced. As was the
casefor stimuli with larger nonmatch responses,the matchnonmatch effect was maintained acrossall intervening stimuli
(paired t test, p < 0.01).
The difference in responseto matching and nonmatching
stimuli tended to decreasewith increasing numbers of intervening stimuli. Furthermore, the animals’ability to perform the
task showeda correspondingdecrease.Figure 9 showsthe differencein responseto matching and nonmatching stimuli plotted along with the animals’ percentageof correct performance.
Both the responsedifferenceand the animals’ability to perform
the task decreasedwith increasingnumbersof intervening stimuli.
To determine whether the memory of stimuli from one behavioral trial could carry acrossthe intertrial interval to modulate the responses on subsequent trials, we examined the responses to samplestimuli when the samesamplestimulus had

been usedon successivetrials. We included in the task several
instances in which

one trial with a given stimulus

1

2

3

4

number of intervening stimuli

as a sample

and a match wasfollowed, after a l-2 set intertrial interval, by
another trial with the samestimulus as a sample.If closetemporal contiguity was all that was important for producing the
effect, then we would expect the responsesto samplestimuli to

be reduced when they followed a trial with the samestimulus
asa sample.We comparedthe responses
to samplestimuli when
the samesamplehad appearedon the previous trial to the responseswhen a different samplehad appearedon the previous
trial. This comparisonwasmadefor the neuronsthat exhibited
a matching-nonmatching effect basedon the two-way ANOVA.
The meanresponseacrosscellsto samplestimuli that were the
sameasthe sampleon the previous trial (32.08 spikes/set)was
not significantly different from the mean responseto sample
stimuli that were different than the sampleon the previous trial
(32.36 spikesisec),according to a paired t test (t = 0.51, p =
0.6 1). Thus, the match-nonmatch effect did not appearto bridge
the l-2 set intertrial interval even though the within-trial effect
wasobservedwhen up to 5 set elapsedbetweenthe sampleand
the matching stimulus.This rulesout temporal contiguity alone
asthe explanation of the sample-matcheffect and, by extension,
the match-nonmatch effect (seeDiscussion).
Time course of the match-nonmatch eflect. To examine the
time courseof the match-nonmatch effect acrossthe population
of cells, we computed average histogramsof the match and
nonmatch responsesacrossall stimuli that elicited a significant
suppressionof matchingresponses.Figure 10 showsthe average
responseto matching and nonmatching stimuli aswell as a plot
of the difference betweenthe histograms.The match and nonmatch histograms have the same shapebut show a shift in
absolutemagnitude, suggestingthat the mechanismunderlying
match suppressionworks in a sustainedfashion throughout the
response.This conclusion is further supported by an analysis
of temporal variation in response,presentedlater in the Results.
To determine how soonafter the onsetof the visual response
the suppressionbegan, each 10 msecbin of the nonmatch re-
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sponsehistogramwasfirst testedagainstthe averageprestimulus
activity usinga t test. The first significant responseoccurred 7080 msecafter stimulus onset. The match and nonmatch histogramswere then compared bin by bin using a paired t test, to
determine when the two histogramsbecame significantly different. The differencewasnear significancein the first bin showing a significant visual response(p = 0.08), and remainedhighly
significant (p < 0.0 1) for the remainder of the visual response.
Thus, sustainedsuppressionof the match stimulus responses
occurred within 10 msec of the onset of the visual response,
that is, with virtually no additional latency, suggestingthat the
suppressionoriginateseither within or before IT cortex.
Controlfor behavioralresponseand expectation of reward. An
additional 14 cellsweretested on a modified version of the task
in which the animal wasonly required to maintain fixation. The
responsebar was removed from the animal’s chair, and the
animal was rewarded simply for fixating throughout the trial.
The temporal order of the matching and nonmatching stimuli
within the trial wasalsovaried sothat the match did not always
appearat the end ofthe trial and thus did not predict the reward.
Under theseconditions, differential responses
to match and nonmatch stimuli were still observed:32% (2 1of 66) of the effective
stimuli exhibited a significant matching-nonmatching effect.
Thus, the attenuation of the match responseswas not related
to the behavioral response(bar release)or to the fact that the
match predicted the reward.
Neural classificationof test stimuli as matching or nonmatching. The above analysesdemonstratedthat, for many stimuli,
the responsesof IT neuronsdiffered significantly dependingon
whether the current stimulusmatchedthe samplestimulus held
in memory. To determine how useful this responsedifference
would be in actually classifyinga stimulusasmatch or nonmatch
and to relate the neuronal performance to that of the monkey,
we applied discriminant analysisto the match-nonmatch data
(seeMaterials and Methods).
The discriminant analysis was calculated for each cell and
each stimulus separately. The analysis gave us a decision rule
to classify each stimulusasa match or nonmatch, basedon the
strengthof responseto the stimuluson eachtrial. This predicted
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classcould then be compared with the actual class(match or
nonmatch) on each trial. To control for bias in the apparent
predictive success,we testedthe prediction by cross-validation;
that is, we estimatedthe parametersofthe discriminant function
on half of the data (the training set) and applied the function to
the other half (the test set).
On the average, 41 match responsesand 85 nonmatch responseswere available for eachstimulus. Figure 11A showsthe
distribution of the classificationscoresfor the full data set (i.e.,
without cross-validation) for the 173 stimuli for which the discriminant analysiswas significant (p < 0.05). (The significant
stimuli were virtually identical to thoseidentified with the t test
describedearlier, as both methods evaluate significancein the
sameway.) The mean successfulclassificationrate was 60.3%,
with a rangeof 45-75.5% (comparedto chance,50%).The mean
squareroot of the Mahalanobis distancebetween the two distributions (analogousto d’ in signal detection theory) was 0.9.
When the samedata were split into two sets(i.e., cross-validated), the mean classificationrate on the test set was similar
(60.10/o),which indicates that the discriminant model provided
a good fit of the data and was not strongly biased. For comparison,Figure 11B showsthe distribution of classificationscores
on the full data set for the entire population of effective stimuli
(i.e., including stimuli that did not elicit a significant matchnonmatch responsedifference). The mean was 54.8% with a
range of 37-76% (compared to chance, 50%).
As a comparisonto the discriminant analysismethod, we also
analyzed the data using the receiver operating characteristic
(ROC) approach, a psychophysical method that has also been
applied to neural data (Bradley et al., 1987; Vogels and Orban,
1990b; Britten et al., 1992). For each stimulus that showeda
significantmatch-nonmatch effect basedon the t test, we plotted
the hit and false alarm rates for several different firing rate
criteria. We fit an ROC curve to the hit and false alarm rates
and measuredthe area under the curve, which is a measureof
the percentageof correct performanceof an unbiasedobserver.
The area under the curve correspondedto a mean successful
classification rate of 64% correct, which was somewhatbetter
performancethan that predicted from the discriminant analysis.
However, the ROC performance was not corrected for opti-
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mistic bias. Although chance performance should equal 50%
with very large samplesizes,it will tend to be better than 50%
as the samplesize is decreased.As a rough measureof bias in
the estimate,we recomputedthe ROC curve after randomizing
the data, that is, randomly reassigningthe responses
to the match
or nonmatch classes.The mean area under the curve correspondedto a classificationrate of 54% correct, indicating that
up to 4% of the success
rate wasdue to chancevariations in the
meansof the match and nonmatch distributions. Subtracting
4% from the successrate derived from the unrandomized data
gave a 60% successfulclassificationrate, which was the same
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Figure 12. Distribution of percentage of correct classification scores
using discriminant analysis to classify the sample stimulus based on the
response to a nonmatching test stimulus. Discriminant analysis was
conducted separately for each cell and each nonmatching test stimulus.
Arrow indicates the bin that corresponds to chance performance.
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asthe performanceof the discriminant analysis.Again, the similarity of the ROC resultsto thosefrom the discriminant analysis
indicatesthat the discriminant model provided a good fit to the
data.
Effects of samplememory on nonmatch responses
The finding that the responsesof IT neuronsto a current stimulus were suppressedif the stimulus matched the stimulusheld
in memory raised the question of whether all responseswere
influenced by the memory of the sample.That is, perhapseven
the responsesto the nonmatching stimuli were differentially
affected by the different samplestimuli used on a given trial.
To determine whether the responsesto a nonmatch stimulus
varied significantly dependingon which of the five samplestimuli it followed, we computed for each cell an ANOVA on the
responsesto the nonmatching stimuli usingsampleasthe factor.
Most of the cells (45 of 68, or 67%) that showeda significant
match-nonmatch effect (basedon the two-way ANOVA described previously) also showed significant modulation of the
nonmatch responsesby the samplestimulus (p < 0.05). Modulation of nonmatch responsesby samplestimuli hasalsobeen
reported by Eskandar et al. (1992).
We used discriminant analysis to determine how much information about the sample was carried in the neuronal responsesto the nonmatching test stimuli. In this case,the discriminant analysis classified which of the five samples(i.e.,
excluding the one samplethat matched the stimulus)appeared
on each trial, on the basis of the average firing rate for each
nonmatching stimulus. There were enoughdata to compute the
discriminant analysisfor 408 stimuli. On the average,there were
16 responsesfor each test stimulus available for the analysis.
The discriminant analysis was significant for 24% (98 of 408)
of the stimuli, and the classificationsuccess
ratesfor thesestimuli are shown in Figure 12. The mean classification rate was
30.2% (chance= 20%). There were not enough data to divide
them into training and test setsfor cross-validation.
Most often, responsesto stimuli that matched the samplein
memory appeared to be suppressed.Moreover, even the responsesto nonmatching stimuli were influenced by the partic-
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cells to the first, second, and third ranked
stimuli appearing as samples and as test
stimuli following each of the (ranked)
samples. The leftmostbaron each graph
shows the average resnonse to the stimulus when it had appeared as a sample,
and the other bars show the average
responses to the stimuli when they had
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the x-axis indicates the ranking of the
sample stimulus preceding the test
stimulus. The cross-hatched
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ular stimulus held in memory. These two facts suggestedthat
the responses to particular nonmatch stimuli were suppressed

according to how similar they were to the sample. If so, this
could explain the modulation of the nonmatch responsesby the
memory of the sample. Unfortunately, the stimuli used were
complex and did not lend themselvesto any objective measure
of similarity to one another. Therefore, to test this hypothesis,
we usedthe cells’ relative preferencesfor the stimuli as a crude
measure of similarity.
For each cell, we rank ordered the six stimuli from “best” to

“worst” according to the magnitude of responseto the stimuli
appearingas samples.We assumedthat similar stimuli would
have similar rankings (i.e., produce similar responses),but this
assumptionwould be invalid if similarity according to a given
cell’s responsediffered from similarity according to the visual
system as a whole. For example, red and green stimuli might
have similar rankings based on the responsesof a cell nonselective for color. With this qualification in mind, we then examinedthe averageresponseof the best, second-best,and thirdbesttest stimulusfor the population of cellsthat exhibited matchnonmatch effectsbasedon the two-way ANOVA describedearlier in the Results. We examined the responsesto these test
stimuli following each of the samplestimuli. Figure 13 shows
the averageresponsesfor all comparisons.
If responsesto the nonmatch stimuli were not determined by
similarity to the sample (or if our stimulus rankings were an
inadequate measureof similarity), the average responsesto all
nonmatching stimuli should have beenthe same.However, we
found a weak tendency for responsesto be smallerwhen a nonmatch stimulus followed samplesthat were more similar to it
(i.e., closerin rank order) than when the stimuli followed samplesthat were lesssimilar to it (i.e, more distant in rank order),
although this tendency did not reach significancebasedon an
ANOVA of the population data. For example, the average responseto the third-ranked test stimulus (Fig. 13, bottom graph)
was weaker when it followed either the second- or the fourth-

ranked samplethan when it followed the sixth-ranked sample.
In all comparisons, the responsesto the match stimulus were
weakest, confirming the match-suppressioneffect. Thus, there
is suggestiveevidence that stimulussimilarity explainsthe effect
of the sampleon responsesto the nonmatching test stimuli. The
weaknessof the effect may be due to the inadequacy of our
ranking measureand, thus, the hypothesisshouldbe testedusing
ordered stimulus sets, such as stimuli varying in color, orientation, or size.
Memory versussensoryclassificationability
The suggestiveevidence that the degreeof modulation of responsesof IT neurons was related to the relative similarity
between the sampleand test stimuli raised the possibility that
there wasalsoa relationship betweena neuron’smnemonic and
sensoryabilities (e.g., between its ability to distinguish whether
test stimulus A was precededby sampleA or sampleB and its
ability to distinguish
between A and B themselves). We tested
this relationship
by computing
two discriminant
analyses for
each cell: (1) a cell’s ability to distinguish the best from worst

samplestimulus (sensoryclassification), and (2) the cell’sability
to distinguish

between

the best test stimulus

preceded

by itself

asthe samplefrom the sametest stimulusprecededby the worst
stimulus as a sample(memory classification).The discriminant
analyseswere performed on the 65 cells that exhibited both
stimulus
two-way

selectivity

and a match-nonmatch

effect based on the

ANOVA.
Figure 14 showsa plot of each neuron’ssensoryclassification
score against the memory classification score. There was no
relationship (rz = 0.038) between the mnemonic and sensory
abilities. This could be explained if either the mnemonic ability
of cells is an independent random variable, or the detection of
matching test stimuli is performed by the network in which a
given IT neuron is embeddedand not any individual cell on its
own.
The diagonal line in the graph of Figure 14 representsequal
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Figure14. Memory classification ability of IT neurons versus sensory
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equal performance.

performance on the memory and sensory classifications.The
population is clearly biasedtoward better performance on the
sensoryclassification. The sensory classification scores(mean
= 74.8% correct) were significantly better than the memory
classificationscores(mean= 62.3%correct) for the samestimuli,
according to a paired t test (t = 6.37, p < 0.0001). Thus, the
responsesof IT neurons carry more sensory than mnemonic
information. This conclusion was also reachedby Eskandar et
al. (1992).
Activity in the delay intervals
In the delay interval immediately following the sample,some
IT neuronsexhibited differential activity depending on which
samplehad appeared.We computed an ANOVA of the firing
rate in the first delay interval following the six samples.To
ensurethat this activity was not influenced by responsesto the
offset of the sample,we usedthe firing rate in the last 200 msec
of the 700 msecdelay. Basedon this ANOVA, 25% (37 of 146)
of the cellsexhibited differential firing ratesin the delay interval
dependingon which stimulushad beenusedasa sample.Sample-selectivedelay activity by IT neuronshasbeenhypothesized
to reflect retention of information about the samplestimulus
(Fuster and Jervey, 1981; Miyashita and Chang, 1988; Fuster,
1990).
If neuronal activity in the delay intervals is a retention mechanism for the samples,then this activity should not be unduly
influencedby stimuli that intervene betweenthe sampleand the
final match stimulus on each trial. To test this, we examined
the activity in the delay interval following each nonmatching
test stimulus.
Figure
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and worst samplesfor the cellsthat showedsignificantly different
delay activity according to the ANOVA. In the delay interval
immediately following the samplestimulus, the average level
of activity acrosscellsfollowing the best sampleis significantly
greater than the activity following the worst sample(t = 5.17,

2
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Figure 15. Average activity in the delay intervals when the “best”
stimulus had been used as the sample and when the “worst” stimulus
had been used as the sample. Numberof interveningstimulirefers to
the number of intervening nonmatching stimuli that had appeared before that delay. The averages are based on the 37 cells that showed
significant differences in the first delay (0 intervening stimuli), depending
on which sample had been used (ANOVA, p < 0.05).Lineabove each
bar indicates the SEM.

p < O.OOOl),confirming the resultsof prior studies(Fuster and
Jervey, 1981; Miyashita and Chang, 1988; Fuster, 1990).However, after the first intervening (nonmatch) stimulus, this differenceis no longer significant (t = 1.48,p = 0.1482). Following
the remaining intervening stimuli, the relationship is actually
reversed: the averagedelay activity following the worst sample
is greater than the average activity following the best sample,
although thesedifferencesdid not reach significance.Thus, introduction of the intervening nonmatching test stimuli appears
to have eliminated any differential delay interval activity due
to the particular sample.The reversal of the effect following two
to four intervening stimuli can be explained if the activity in
the delay is determined by the immediately precedingstimulus
rather than the memory of the sample. According to our task
design, the best stimulus could not appear as an intervening
stimulus if it had appearedas the sampleon a given trial. Consequently,the intervening nonmatch stimuli following the worst
samplesometimesincluded the beststimulus.This beststimulus
may have accounted for higher levels of activity in the delays
following the worst sample.
To determine the relative amount of information carried in
the delay intervals, we computed two discriminant analyses.
For both, the independent variable was the level of activity in
the delay following the first intervening stimulus. We usedthis
activity to predict (1) which samplestimulus had appearedat
the start of the trial, and (2) which test stimulus had appeared
immediately precedingthat delay. We examined the percentage
of correct classificationson the (cross-validated)test setfor each
analysisfor the cellsfor which the ANOVA on the sampledelay
was significant. The mean classification success(21.56%) was
above chance (16.7%) in predicting the immediately preceding
nonmatch stimulus but at chance (16.89%) in predicting the
samplestimulus. Thus, in our behavioral paradigm, the delay
activity appearsto carry information about the immediately
precedingstimulusrather than about the samplethroughout the
trial.
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Multivariate analysis of responses
Classljication of matching and nonmatching stimuli. It was recently reported that IT neurons recorded in a DMS paradigm
(without intervening stimuli between the sample and test stimuli) distinguished between matching and nonmatching stimuli
at least in part on the basis of a temporal code, as measured by
the first three PCs of the spike trains (Eskandar et al., 1992).
To test this in our task, we performed a multivariate discriminant analysis on the values of the first three PCs of the spike
trains for matching and nonmatching stimuli. For comparison,
we also performed a multivariate discriminant analysis on the
average firing rate during three successive 75 msec time intervals
beginning 75 msec following onset of the test stimulus. As in
the univariate case, the discriminant analysis was calculated
separately for each stimulus. To ensure that the comparisons
were not biased toward better performance on any type of model
(temporal or rate coding), the comparisons were made for any
response that showed a significant effect for any discriminant
analysis: a significant match-nonmatch effect on the univariate
discriminant analysis or either of the two multivariate discriminant analyses. The discriminant analysis was significant for the
responses to 172, 155, and 159 stimuli for the average firing
rate, PCs, and three intervals, respectively, resulting in a combined pool of 201 stimuli. Thus, there was a large degree of
overlap in which stimuli showed a significant effect based on
the three response measures.
The PCs of the responses to matching and nonmatching stimuli resembled those described by Richmond and Optican (1987).
The first component appeared largely to reflect the DC level, or
average firing rate over the interval. The second component
typically had one zero crossing, usually with an initial positive
period followed by a negative period. The third component
typically had two zero crossings.
The top panels of Figure 16 show the classification scores
based on the PCs plotted against the scores based on average
firing rate over the entire response interval. The diagonal lines
indicate equal performance. The top left panel shows the scores
obtained from the entire data set. The values tended to cluster
around the diagonal line, but more scores fall below the diagonal,
indicating better classification (i.e., more information) from the
PCs. Indeed, a paired t test showed that the classification scores
based on the PCs (mean = 62.03%) were significantly better
than the scores based on the average firing rate (mean = 59.28%,
p < 0.0001). However, these results do not take into account
the optimistic bias of the classification scores resulting from
small data sets, a problem known to be more severe for multivariate analyses than for univariate. The magnitude of the bias
is suggested by a comparison of univariate and multivariate
discriminant analysis applied to randomized data. For each
stimulus, we randomly reassigned both the firing rates and PC
values for matching and nonmatching stimuli. Following the
randomization, we recomputed the discriminant analysis and
applied it to the training data. The average classification success
for the randomized data across the population was 56.6% for
the PCs and 53.2% for the average firing rate, which was a
significant difference based on a paired t test (t = 20.36, p <
0.0001). Thus, the multivariate analysis apparently did better
at capitalizing on random variations in the responses. Performing the cross validation test on the randomized data completely
eliminated the difference in performance. When the discriminant analysis was calculated on half of the randomized data and
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Figure 16. Performance of discriminant analysis applied to classitication of stimuli as match or nonmatch, based on either average firing
rate over the entire response interval, three PCs, or average firing rate
during three subintervals of the response. Each point on each plot represents the performance on one stimulus for one neuron. Plots on the
kft were derived from applying the discriminant analysis to the entire
data set for each stimulus. Plots on the right are derived from computing
the discriminant analysis on half the data and applying it to the other
half (test set). Diagonal line in each graph represents equal performance.

usedto classify the other half, performancefor the multivariate
PCs and the univariate firing rate was equal, at 50%.
The top right panelof Figure 16showsthe resultsof the crossvalidation test of the discriminant analysis applied to actual
(nonrandomized) PC and average firing rate values. The discriminant analysiswascalculatedon half of the data (randomly
selected)and used to classify the other half. The mean classification successbased on PCs (58.5%) was no different from
that based on the average firing rate (58.8%), according to a
paired t test (p = 0.6314).
For comparison,we alsocalculatedthe multivariate discriminant analysis on the three firing rate intervals. The bottom
panels of Figure 16 show the comparison between the multivariate spike rate classifications and the classificationsbasedon
PCs. The classificationsbasedon multivariate spike rates on
the entire data set (mean = 62.73%) were slightly, but significantly, better than the PC classificationscores(mean= 62.03%)
according to a paired t test (p = 0.0013). On the test set, the
multivariate spike rate scores(mean = 59.64%) were slightly,
but significantly, better than the scoresbasedon the PCs(mean
= 58.5%) basedon a paired t test (p = 0.0286).
Although the discriminant analysis did not find additional
information conveyed by the PCscomparedto the averagefiring
rate, it was possiblethat the discriminant analysiswas missing
important information in the data. The discriminant model
assumesnormal distributions of responsesand, furthermore,
that the probability of membershipin a given classincreases
monotonically with the magnitude of the responsevariable.
However, it is possiblethat the relation is actually not mono-

1472

Miller

et al. * Inferior

Temporal

Neurons

and

Short-Term

Memory

tical significance,we examined the mean classification scores
(with cross-validation) for the pool of 201 stimuli that showed
significanceeffectson any discriminant analysis.The meansuccessrates of the neural network for the PCs and multivariate
spikerateswere 58.0%and 57.9%,respectively,which wasabout
the sameasthose from the discriminant analysis.The absence
of any significant temporal variation in responsedue to matchnonmatch status is consistent with our earlier analysis of the
population histogram, which showed a sustainedsuppression
of the match response.
Classification
of sample stimuli. The fact that we found no
evidence for temporal coding in the mnemonic domain in our
paradigm raisedthe question of whether there wasany evidence
for temporal coding in the sensorydomain. To investigatethis,
we applied discriminant analysisto the classificationof the six
different sample stimuli used for each cell. In this case,the
discriminant analysis was used to classify each responseinto
one of six stimulus classesrather than two.
The averagefiring rate and PCs were calculated in the same
manner asin the match-nonmatch analysis.Basedon the three
PCs, the multivariate discriminant analysiswas significant for
128 of the cells, which was almost the sameresult we found
basedon the ANOVA of the firing rates describedearlier in the
Results(124 cells). The percentageof cells showingsignificant
stimulus selectivity is therefore about the same whether one
considerstemporal variation in the responseor just the average
firing rate.
On the full data set before cross-validation, the PCs did significantly better (meanof 3 1.68%correct) than the averagefiring
rate (meanof 26.95% correct) in classifyingthe samplestimuli,
which wasexpected (paired t test, t = 26.95, p < 0.0001). How0
ever, unlike in the caseof the match-nonmatch responsedata,
0
lo20
30
40
50
60
70
an advantagewasalsomaintained in the test setdata. The mean
Classification Based On
classificationsuccessbasedon PCs was 27.17% correct, comPrincipal Components
pared to 24.63% correct with average firing rate, which was a
significant difference according to a paired t test (t = 4.60, p <
Figure 17. Performance
of discriminantanalysisappliedto classificationof the six samplestimuli.The datapointsshowtheclassification 0.0001). The relative performanceof the two methodsis plotted
in Figure 17A. Consideringthat chanceperformancewas 16.6%,
scores
for the cross-validated
testset.For conventions,seeFigure16.
another way of looking at this difference is that classifyingthe
stimuli basedon firing rate resultedin an 8%improvement over
tonic and might even be discontinuous.For example,a matching
chance,whereasclassifyingthem basedon the three PCsresulted
stimulusmight sometimescausea largeresponseand sometimes in a 10.5% improvement over chance, which was about 30%
a small responsebut never an intermediate response,whereas better performancecomparedto averagefiring rate. We checked
the opposite might be true of the nonmatching stimulus. That
theseresultswith a neuralnetwork trained to classifythe stimuli
using the PCsand found no improvement in classificationsucis, the two distributions might be nonoverlapping but have idencessof the neural network over the discriminant analysis.Thus,
tical means,which would result in poor classification by the
in usingthe neuronalresponseto distinguishamongthe samples,
discriminant analysis. The samecould be true of discriminant
analysisapplied to PC values. To control for thesepossibilities, taking temporal variation into account resultsin a modestimprovement in discriminability.
we used a three-layer neural network, trained by backpropagation, to classify the responsesas matching or nonmatching
Becausethere weresix samplestimuli, there werefive different
misclassificationerrors possiblefor each sample.If the errors
basedon the responserate in the three time intervals or PCs.
are not random, they might themselvescarry information, which
Sucha network should, in principle, find any nonlinear mapping
is taken into account by the information measureusedby Opof the stimulus to response.
For classifyingstimuli basedon firing rate in the three intertican and Richmond (1987). To test the possibility that the error
distribution basedon PCscontained moreinformation than that
vals, the network had three input units, three hidden units, and
one output unit. For classifyingstimuli basedon three PCs, the
basedon firing rate, we calculatedthe information contained in
the entire confusion matrix (six samplesby six responseclasses)
network had six input units, three for positive PC values and
three for negative PC values, five hidden units, and one output
produced by the discriminant analysisfor each cell, using the
sametransmitted information measureas Optican and Richunit.
mond (1987). We found the mean information in the matrix to
The classificationscoresfrom both networks were similar to
be the samefor both PCs and averagefiring rate, namely, 0.35
eachother and alsoto the scoresobtained from the discriminant
analysis.Becausethe neural network provides no test of statisbits per stimulus.
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We next explored the nature of the different temporal variationsin responses
that gave the PCsan advantagein classifying
the stimuli. Did the PCsextract a complex temporal code from
the spike trains, or would a simpler measureof temporal variation do as well in distinguishingamong the stimuli? To help
answerthis, we comparedthe performanceof the discriminant
analysisbased on PCs with that of an analysis based on the
samethree firing rate intervals (early, middle, and late response)
usedto study match-nonmatch differences. Figure 1lB shows
the classificationsuccessscoresbasedon three firing rate intervals compared with those basedon the PCs. The classification
successrate usingthe three rate intervals on the entire data set
(mean= 3 1.68%)were slightly, but significantly, better than the
successrates using the PCs (mean = 3 1.28%; = 2.56, p =
0.0 11).On the test set,the scoreswere not significantly different:
the meansfor the three rate intervals and the PCs were 27.25%
and 27.17%, respectively = 0.02, p = 0.9352). Thus, simply
breaking up the responseinterval into early, middle, and late
componentsseemsto capture all of the temporal information
available from the three PCs.
We next returned to the analysis of the three firing rate intervals, to seeif the canonical variables arrived at by the discriminant analysisgave any insight into the temporal variation
in responsecausedby the stimuli. The discriminant analysisfor
each cell producedthree uncorrelated canonical variables, each
of which had a different set of loadings on the three response
intervals. The relative loadingsarea measureof how much each
interval contributed to a discrimination. For 40°h (50 of 125)
of the stimulus-selectivecells, only the first canonical variable
was significant; that is, only a single set of weights applied to
the three intervals was needed. This group included, for example, cells that simply had transient responsesto all stimuli.
For such cells, weighting the early part of the responsemore
than the later part improved the discriminability of the stimuli
over that basedon average firing rate over the entire interval.
t

(t

“middle’

Intervals

two significantcanonicalvariables.

For the remainder of the cells(75 of 125), the secondcanonical
variable was also significant; that is, for thesecells it was necessary to apply two independent sets of weights to the three
intervals to achieve the best discriminability. The third canonical variable was significant for only a few cells (5 of 125, or
4%).

To determine whether there were characteristic patterns to
the relative weightingsof the three responseintervals, we performed a cluster analysison weightsfor the first canonicalvariable acrossall cells. All cells fell into one of two clusters.In the
first, which consistedof over half of the cells (75 of 125, or
60%), the early, or transient, parts of the responsewereweighted
the most. The average weightsfor the three responseintervals
were 0.619, 0.583, and 0.264, respectively. We also examined
the average weights for the secondcanonical variable for this
group and found the opposite trend. Thus, for this group, the
early and late portions of the responseappearedto carry independentinformation about the samplestimuli, with the early
portion the most important. An example of a cell from this
cluster isshownin Figure 18A.For this cell, differencesin latency
to the peak response,a property that was noted for other cells
as well, accounted for someof the early variation in response
to the different stimuli.
The secondcluster of cells (50 of 125, or 40%) showedthe
opposite trend, that is, the late portions of the responsewere
weighted the most in the discrimination. The average weights
on the responseintervals for the first canonical variable were
0.350,0.464, and 0.738, respectively, and the secondcanonical
variable tendedto showthe oppositetrend. An exampleof such
a cell is shown in Figure 18B. Thus, as for the first group of
cells,the early and late portions of the responsetendedto carry
independentinformation about the samplesbut, unlike the first
group, the late portion was more important. These early and
late components roughly correspond to a difference between
transient and sustainedresponses.
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Discussion
The responses of many IT neurons to a current stimulus are
influenced by the traces of stimuli held in memory. When the
current stimulus matches a stimulus held in memory, the response appears to be suppressed. Thus, a substantial portion of
IT neurons may function as adaptive mnemonic “filters” that
give their strongest response to stimuli with the appropriate
visual features, but which are unexpected or not recently seen.
We reached this conclusion in an earlier report (Miller et al.,
199 1b), but the analyses of the present study allow us to expand
upon the previous one. We now have evidence for the exact
time course of the suppressive effects, the role of stimulus similarity in the suppressive phenomenon, the existence of cells
that show the opposite behavior, the relationship between mnemonic and sensory discriminability, the relationship between
the magnitude of suppression and the animal’s performance in
the task, the role of delay activity, the presence of an active
reset mechanism between trials, and the role of temporal response variation in both mnemonic and sensory discriminability.
Behavioral studies in both normal and brain-damaged humans and animals have identified many different types of memory, both long and short term (Mishkin, 1978; Squire, 1982;
Malamut et al., 1984; Zola-Morgan and Squire, 1984, 1985;
Overman et al., 1990). Some studies distinguish declarative
(explicit) memory from procedural (habit) memory as well as
from the types of memory that underlie priming and simple
forms of learning such as behavioral habituation. Evidence from
lesion and cooling studies suggests that IT cortex participates
in most or all of these different memory systems. Likewise, the
ability of IT neurons to compare the current stimulus to stored
memory traces might contribute to any or all of the memory
systems defined in behavioral studies, depending on how the
memory system is implemented neurally. In the present study,
the memory traces were actively changed from trial to trial,
suggesting a role of IT neurons in working memory. Because
the neuronal response to a repeated stimulus was smaller, there
is a suggestive link to behavioral habituation. In other contexts,
the memory traces might be long-term ones. Indeed, when we
tested IT neurons with novel stimuli that were repeatedly presented until they became familiar, we found that many cells
developed stimulus-specific suppression lasting long periods
(Miller et al., 199 1b). Such a mechanism could play a role in
long-term recognition memory or, perhaps, priming.
Relationship to prior studies. A number of recent studies indicate that the anterior-ventral portion of IT cortex is particularly important for memory. Lesions or reversible cooling of
the cortex in the vicinity of the rhinal sulcus cause a devastating
impairment in a variety of memory tasks, which may be even
more severe than those caused by lesions of the remainder of
IT cortex (Horel et al., 1987; Murray et al., 1989; Zola-Morgan
et al., 1989; Meunier et al., 1990; Suzuki et al., 1991, 1993;
Gaffan and Murray, 1992; Murray, 1992; Zola-Morgan et al.,
1993). Behavioral studies that have failed to find long-lasting
impairments on DMS tasks following IT lesions have spared
the anterior-ventral portion (Dean, 1974; Gaffan and Weiskrantz, 1980). Likewise, anatomical studies have found differences in connections of the anterior-ventral region compared to
the remainder of IT cortex (Insausti et al., 1987a,b; MartinElkins and Horel, 1992). On the basis of cytoarchitecture and
anatomical connections, some studies have labeled a portion of

the cortex between the anterior middle temporal and rhinal sulci
as area 36 (Amaral et al., 1987; Suzuki et al., 1993), a portion
of which is included in our recording area. In the future, it will
be important to compare the mnemonic information communicated by individual cells in this region to that communicated
by cells in the remainder of IT cortex as well as that by cells in
adjacent areas such as area 35 in the rhinal sulcus, areas TF/
TH in the parahippocampal gyrus, and the temporal pole.
Modulation of responses in IT cortex during memory-related
tasks has been reported in several prior studies (Gross et al.,
1979; Mikami and Kubota, 1980; Fuster and Jervey, 1981;
Baylis and Rolls, 1987; Miyashita and Chang, 1988; Fuster,
1990; Vogels and Orban, 1990a; Miller et al., 199 lb; Riches et
al., 1991; Eskandar et al., 1992). Consistent with the present
study, the two studies reporting match-nonmatch differences
found, on the average, smaller responses to matching stimuli
for those cells showing a significant match-nonmatch effect
(Baylis and Rolls, 1987; Eskandar et al., 1992). Further, both
Miller et al. (1991b) and Riches et al. (1991) found that IT
neurons typically give smaller responses to recently seen stimuli.
Thus, there is additional support for the adaptive memory filter
idea. Suppression of responses to stimuli that match memory
traces is also consistent with some neural network architectures
for memory storage (Carpenter and Grossberg, 1987; Kohonen,
1988) as well as with the results of a recent positron emission
tomography study of cortical activation in humans. In the latter
study, subjects performing a visual word-stem completion task
showed less activation of temporal cortex when they had recently seen the same words than when the words had not been
seen (Squire et al., 1992).
The only other study of the effect of several intervening stimuli
on IT responses in a memory task was by Baylis and Rolls
(1987). In a running recognition task, they found that for most
cells the match-nonmatch effect was eliminated by even a single
intervening stimulus, and for all cells it was gone entirely following two intervening stimuli. On this basis, they suggested
that IT cortex was involved in memory lasting only a second
or so, that is, primary memory. By contrast, we found effects
in IT cortex that bridged at least five intervening stimuli. Further, we have previously found modulation of responses by
stimulus familiarity in IT cortex that bridges more than a hundred stimuli (Miller et al., 1991b). The results suggest that the
“memory span” of IT neurons may be equivalent to those of
the monkey.
There are at least three important differences between the
Baylis and Rolls study and ours. First, the stimuli in their study
were all initially novel and were presented only twice in a session, whereas the stimuli we used were familiar to the monkeys
and were used repeatedly. Second, the monkeys in their study
were performing a serial recognition task, in which they were
required to remember all of the stimuli in a trial, whereas ours
needed to remember only the sample. These differences in either
the stimuli or the task might account for the different results.
The most likely explanation, however, is that their recordings
in IT cortex did not include the anterior-ventral region included
in the present study, supporting the notion that this part of IT
cortex is especially important for longer-lasting memories.
Several previous studies have found stimulus-selective activity in IT cortex during the delay interval of DMS tasks, suggesting that this maintained activity mediates the memory of
the sample stimulus (Fuster and Jervey, 198 1; Miyashita and
Chang, 1988; Fuster, 1990). About a quarter of the cells we
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recorded showed stimulus-selective activity in the delay interval
following the sample, supporting the findings of these studies.
However, because this activity was eliminated by intervening
stimuli, it seems unlikely that delay-interval activity in IT cortex
contributed to the performance of this particular version of
delayed matching to sample.
Responses of neurons in area V4, which provides a major
input to IT, are also modulated by the memory of a sample
stimulus (Haenny et al., 1988; Maunsell et al., 1991). Using a
task similar to ours but with a fixed set of four oriented gratings
as stimuli, Maunsell et al. (1991) found that a given sample
stimulus affected the responses to all subsequent test stimuli in
a trial, that is, that the responses to test stimuli were “tuned”
to the sample. There was no tendency for the responses to matching stimuli to be either enhanced or suppressed. Further, the
modulation of responses did not appear to be related to any
interaction between particular test stimulus representations and
the sample memory trace; rather, a given sample caused a nonspecific suppression or enhancement of all test stimuli responses
on that trial. Although these V4 effects might be caused by
feedback from IT, they are so different from those in IT that
they may be independent, for example, reflecting mechanisms
that come into play only after extensive training on a small set
of stimuli.
Active or passive processes in memory. The suppression to
matching test stimuli might have been caused, in principle, by
either a strictly passive (or automatic) mechanism sensitive to
stimulus recency or repetition, or an active (or voluntary) mechanism that restricted the comparison of the test stimulus to just
the actively held memory of the sample, or by some combination of active and passive processes. Stimulus repetition alone
cannot explain our results in the DMS task, because sample
responses were not suppressed when a sample on one trial was
identical to the final (matching) stimulus on the previous trial.
However, in a different control condition, we did observe suppressive effects that appeared to be caused just by stimulus
repetition. In this condition, a test stimulus matching the sample
was simply presented within a trial while the monkey was maintaining fixation, and the response to this match stimulus was
suppressed.
Taking the results of these two conditions together, it seems
likely that both a passive process related to stimulus recency
and an active process related to the memory trace of the sample
play a role in the mnemonic modulation of IT responses. In the
absence of the active process, stimulus repetition alone probably
leads to response suppression. This view is consistent with recent results of Miller et al. (199 1a), who found suppressed responses of IT neurons to repeated stimuli in both anesthetized
animals and passively fixating animals, and of Riches et al.
(199 l), who also found such effects in a passive viewing condition. The fact that IT cells differentiate between matching and
nonmatching stimuli within 10 msec of response onset, that is,
practically on the first action potential, suggests that the passive
recency mechanism could not be mediated by feedback to IT
cortex during the time of the match stimulus presentation. Rather, the mechanism that causes the suppression must be located
within or before IT cortex.
In addition to any passive recency mechanism, the failure of
the suppressive effects to carry across trials in the DMS task
indicates that an active process either “clears out” or “resets”
the memory traces of stimuli from one trial to the next (to avoid
cross-trial interference) or “primes” IT cells with the memory
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of the sample so that they are prepared to detect its reoccurrence.
Such a reset signal might arise from prefrontal cortex, since
behavioral evidence suggests that prefrontal cortex is critical for
working memory tasks with short delays (Mishkin and Manning,
1978; Bachevalier and Mishkin, 1986) and Fuster et al. (1985)
has described interactions between prefrontal and IT cortex during short-term memory tasks.
Figure-ground in space and time. Many cells at all levels of
the visual system respond best to contrast of some sort. In the
retina, contrast is created by luminance differences, whereas in
the neocortex some cells can detect differences in orientation,
color, spatial frequency, and direction of motion between stimuli within their classically defined receptive field and stimuli in
broad surrounding regions. For these cells, the greater the similarity between the stimulus in the surround and the stimulus
in the receptive field, the more the response to the receptive
field stimulus is suppressed. As one advances through the visual
system, the stimulus features that are contrasted may become
more sophisticated and the spatial areas over which the interactions occur may become larger. Based on these properties, it
has been conjectured that one of the functions of the visual
system is to separate figures from background (Allman et al.,
1985; Desimone et al., 1985).
The properties of IT neurons suggest that figure-ground separation occurs in the temporal as well as in the spatial domain.
Many IT neurons respond best to stimuli that are dissimilar to
those that have been seen in the recent past. Thus, the past may
function as the surround, which is compared with the current
stimulus in the receptive field.
If the analogy with spatial receptive fields is valid, IT cortex
should not be unique in its temporal properties. Figure-ground
separation in the spatial domain appears to build incrementally
as one moves through the visual system, and there may be a
comparable buildup of temporal processing in the visual system
as well. Nelson (1991), for example, found that cells in striate
cortex of the cat show orientation-specific suppression lasting a
few hundred milliseconds. As described above, orientation-specific temporal interactions have also been found in area V4
(Haenny et al., 1988; Maunsell et al., 1991) although these
interactions did not appear to be suppressive. Presumably, the
temporal interval over which stimuli are compared is much
smaller (and less able to span intervening stimuli) in earlier
visual areas, and the features that are compared are less complex
than in IT cortex.
Pooling of IT responses. Because no individual IT neuron
distinguished between matching and nonmatching stimuli as
well as the animal as a whole, the responses of multiple IT
neurons would have to be pooled to support the behavioral level
of performance. Our discriminant analysis of neuronal performance assumes that the neural circuitry that interprets the output of IT cortex “knows”
the magnitude and variances of the
match and nonmatch responses for a given IT neuron. Performance of the decision network in this case is limited by the
distance between the means of the response distributions. This
distance can be used to estimate, in principle, how many IT
cells the decision network would need to sample to achieve a
given level of behavioral performance. The square root of the
Mahalanobis distance (Dz) is the distance between the means
of the distributions measured in units of the SD of the distributions (equivalent to d’ in signal detection theory). For an
unbiased criterion, the average error in classification is given
by the area to the left of -D/2 under the standard normal curve.
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Figure 19. Model of how sensory cells and adaptive mnemonic filter
cells in IT cortex contribute to the match-nonmatch decision. Plus and
minus indicatethat the outputsof the adaptiveandsensorycellswork
in opposition,andarenot meantto imply excitationor inhibition.

For stimuli that elicited a significant match-nonmatch difference, we found the estimatedmean D to be 0.94. This estimate is probably overly optimistic, however, as a distance of
0.94 should have resulted in a neural classification successof
68% correct, whereasthe measuredsuccessrate was only 60%
correct on average. Small discrepanciesbetween the predicted
and actual classificationsuccessrates can result from response
distributions that are not strictly normal. Basedon the measured
classificationsuccess,a more conservative estimateof D would
be 0.5. By contrast, a behavioral performance of 90% correct
correspondsto a D of 2.56, which is five times larger than that
achieved by the average IT neuron. To achieve a five-fold improvement in D would require a comparablereduction in the
SD ofthe responseclasses,which could be achievedby averaging
the responsesof 25 IT neuronsthat exhibit a match-nonmatch
effect whoseresponsesare independent, or uncorrelated. If responseswere correlated, this would increasethe minimum size
of the pool (B&ten et al., 1992).
However, it seemsunlikely that the neural circuitry that interprets the output of IT cortex would have prior knowledgeof
the distributions of match and nonmatch responses,especially
since absolute responsemagnitude might fluctuate depending
on extraneousfactors suchasarousalor the relative effectiveness
of the stimuli. A more robust mechanismwould be one that
compared inputs from two opposing classesof IT cells, an
“adaptive mnemonic filter” classand a “sensory” class(Fig.
19). The responseof the sensory classto the current stimulus
would provide a referent, not affectedby pastexperience,against
which to compare the responsesof the adaptive cells. The averagedifference in responsebetween the two classesof cells
would be a measureof similarity betweenthe current stimulus
and a stimulus held in memory. According to this model, the

sensoryclassof IT cells would play as important a role as the
adaptive class in the DMS tasks. In fact, from an efficiency
standpoint, it would be best if the two classeswere equal in
number, which fits our findings in IT. We do not yet know if
the two populations are anatomically distinguishable,but our
data from a few simultaneously recorded pairs of IT neurons
suggestthat there may be clustering of the two classes.
Such a differencing model would be analogousto one used
by Britten et al. (1992) to comparethe behavioral performance
of monkeys performing direction of motion discriminations to
the performanceof MT neuronsin the sametask. In their model,
a decision network comparesthe outputs of MT cells tuned to
opposite directions of motion. In IT, where there is no real
oppositeto the adaptive cells,the comparablecomparisonwould
be to the sensorycells that are unaffected by memory. Casting
the few adaptive cellsthat showedrelative match enhancement
as “sensory” cells would enhance the difference between the
memory and sensoryclasses.
The exact size of the IT neuronal pool necessaryto achieve
a given level of behavioral performance probably has more
statistical than biological meaning, yet the surprisingly small
size of the estimatednumberssuggeststhat information equivalent to that held by the animal asa whole is distributed down
to the level of small neuronalpopulations. The sameconclusion
wasreachedby Britten et al. (1992)basedon a study of direction
of motion in area MT. An important question is how this information is extracted from just the relevant cells in order to
guide behavior.
Temporal coding versusrate coding. Basedon both discriminant and neural network analysesof match and nonmatch responses,we found no evidence for significant temporal coding.
Rather, cellsdifferentiated betweenmatching and nonmatching
stimuli practically by the first action potential, and the suppression of the match response appeared to be sustained
throughout the responseinterval. Theseresultsstand in apparent contrast to the conclusionsof Eskandar et al. (1992) that
mnemonic information is communicated, at least in part, by
temporal coding in IT cortex.
There are at leastfour possiblereasonsfor the different findingsof the two studies,namely, differencesin the stimulus sets,
the recording areasin IT cortex, the methodsusedto compare
temporal and rate coding, and the useof intervening stimuli in
the DMS task. Of these,we believe the most important difference is the fact that we used multiple intervening stimuli between the sampleand matching test stimulusin our task, whereas Eskandar et al. (1992) did not. The delay interval in their
study was only 500 msec, and we have sometimesobserved
either postresponsesuppressionor rebound activity lasting for
that amount of time. Thus, the responseto one stimulus may
interact, temporally, with the responseto a subsequentone, but
theseeffectsmay not persistfor many secondsand acrossseveral
intervening stimuli. The only long-lastingeffect we found in our
data was a sustained suppressionof the match stimulus reUnlike the casewith the matching-nonmatchingdata, we did
find someevidence for temporal variation in responseelicited
by the sample stimuli. Using the first three PCs of the spike
train, we found a modest improvement (27.17% vs. 24.63%
classificationsuccess)in the ability to classify the samplesover
that achieved by usingjust the average firing rate, confirming
the findings of Richmond et al. (1987) that stimuli elicit temporal variation in responsesof IT neurons, as well as changes
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in the mean firing rate. From the ratio of the logs of the error
rates using the two methods, one can calculate the relative number of neurons that would be neededto classify the stimulus,
assuming

a maximum-likelihood

detector

(Optican

and Rich-

mond, 1987).The probabilities of classificationerror usingPCs
and average firing rate were 0.728 and 0.754, respectively,

and

log(O.728)/log(O.754)= 1.12. Thus, it would take about 12%
more neurons to classify a stimulus using firing rate than using
three PCs. The magnitude of the difference was smaller than
that found by Optican and Richmond (1987) and Eskandar et
al. (1992), which might be due to differences in either the stim-

ulus sets,recording sites,or methods of analysis. Other recent
studies have investigated the role of temporal coding in the
responseof IT neuronsto facesand have concluded that most
of the information

is transmitted

in the early phase of the re-

sponse(Oram and Perrett, 1992; Rolls et al., 1992), with only
modestopportunity for improvement by temporal coding(Rolls
et al., 1992).
The PCsare optimal linear featuresfor representingvariance
and, in principle, might have captured complex patterns in the
spike trains. In fact, we have found the shapes of the PCs to be
arbitrary, in the sense that they depend strongly on the interval
over which they were calculated (E. K. Miller, L. Li, and R.

Desimone,unpublishedobservations).Further, we achieved almost precisely the same classification success from using three
relatively large, successive time intervals of the response, that
is, early, middle, and late response. Thus, the underlying tem-

poral variation in responseappearsto be relatively coarse.
Our analysis of this underlying variation showed that, for
somecells, one portion of the response,either the transient or
the sustainedportion, appearedto carry most of the information
while the other portion appearedto add noise. For other cells,
the transient and sustainedportions were differentially affected
by different stimuli. For example, two stimuli might elicit a
smaller mean response but one might cause greater activity in
the early phase of the response and the other might cause greater
activity in the late phase. Different stimuli appeared to shift the
balance somewhat between the transient and sustained portions

of the response.The question is whether such temporal variations are simply a reflection

of activity

in dynamic

neural net-

works, changing state over time, or whether they are evidence
that neuronssendand decodetemporally coded messages
about
specificvisual stimuli. In either case, a full accounting of neural
properties requires that these temporal
To determine whether they represent

variations be explained.
a “code” might require

that they be tested for invariance over temporal variations in
the stimulus
manipulated

(e.g., flicker or motion) or that they be purposely
through, for example, electrical stimulation.
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