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Abstract

Our ability to learn a wide range of behavioral tasks is essential for responding appropriately to
sensory stimuli according to behavioral demands, but the underlying neural mechanism has been
rarely examined by neurophysiological recordings in the same subjects across learning. To
understand how learning new behavioral tasks impacts underlying neuronal representations, we
recorded from posterior parietal cortex (PPC) before and after training on a visual motion
categorization task. Here we show that categorization training influenced cognitive encoding in
PPC, with a marked enhancement of memory-related delay-period encoding during the
categorization task which was absent during a motion discrimination task prior to categorization
training. In contrast, the prefrontal cortex (PFC) exhibited strong delay-period encoding during
both discrimination and categorization tasks. This reveals a dissociation between PFC’s and PPC’s
roles in working memory, with general engagement of PFC across multiple tasks, in contrast with
more task-specific mnemonic encoding in PPC.

Introduction

Humans and other advanced animals have a remarkable ability to perform a wide array of
complex behavioral tasks, and to acquire new tasks and skills as a result of learning. Our
wide cognitive and behavioral repertoire is essential for making effective decisions, and for
adapting to changing behavioral contexts. For example, when interacting with a large group
of people, we might need to discriminate between specific individuals in one moment, while
the next moment might require categorizing individuals according to their family
membership. Neuronal recordings during visual discrimination and categorization tasks have
identified encoding of task-related variables across a hierarchy of cortical areas, including
task-relevant features in visual cortex, and cognitive factors such as working memory,
categorization, and response selection in downstream cortical areas. However, the impact of
learning to perform new behavioral tasks on underlying neuronal representations remains
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unclear, as few studies have directly compared neuronal encoding in the same animals
before and after learning. This kind of information is crucial for understanding the
mechanism by which new task-related representations are learned?.

We examined the role of the posterior parietal cortex (PPC) in mediating visual
discrimination and categorization tasks by examining PPC activity before and after
categorization task training, and compared visual and mnemonic encoding in PPC with the
prefrontal cortex (PFC). The PPC and PFC are both implicated in transforming visual
feature encoding in sensory areas into learning-dependent abstract category representations.
Previous work showed that both PPC and PFC can encode learned visual motion, spatial and
shape categories?~?, and maintain task-relevant category encoding during delay periods
requiring short term memory. In contrast, activity in upstream visual areas such as middle
temporal (MT) and inferior temporal cortex (ITC) primarily encodes visual stimulus
features, rather than abstract information about their category membership34:10-13,

We recorded from a PPC subregion, the lateral intraparietal (LIP) area, in the same animals
before and after learning to perform a visual categorization task. Before categorization
training, monkeys were extensively trained on a delayed match to sample (DMS) task in
which they had to decide whether a test stimulus was the same direction as a previously
presented sample. A second recording stage followed long-term training on a delayed match
to category (DMC) task in which they indicated whether sample and test stimuli were in the
same category, defined by a learned category boundary. As expected, categorization training
resulted in an emergence of visual category encoding in LIP, consistent with previous
studies'*. However, learning the categorization task also resulted in a striking change in the
temporal dynamics of encoding in LIP. During the categorization task, LIP activity showed
strong encoding of task-relevant category information during the short-term memory period
of the DMC task. In contrast, we did not observe significant delay-period direction encoding
in LIP during the DMS task prior to categorization training, even though direction
information was task-relevant in that.

Visual working memory is a core executive function, and thought to depend on interactions
among a network of cortical and subcortical areas including between parietal and prefrontal
cortices>-18, A key correlate of working memory in those areas is persistent neuronal
activity which selectively encodes task-relevant information®-21, The presence of selective
delay activity in the DMC but not DMS task suggests that the PPC’s role in working
memory is highly task-dependent, and raises a question about how remembered motion
information was encoded during the DMS task. To address this, we conducted a second
study in which we simultaneously recorded from neuronal populations in PPC (including
LIP) and PFC during the DMS task. This revealed a sharp contrast in delay activity across
parietal and frontal areas, with strong delay-period direction encoding evident only in PFC.
This dissociation suggests that PPC plays a limited and task-dependent role in visual
working memory, while PFC plays a more generalized role in mnemonic encoding of task
relevant information.
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Results

Behavioral Tasks: Direction Matching and Categorization

To directly compare neuronal encoding in LIP before and after categorization training, we
employed nearly identical behavioral tasks in each recording stage in an effort to equate
their behavioral and cognitive demands. The DMS (before categorization training) and DMC
(after categorization training) tasks both required monkeys to indicate whether a test
stimulus was a “match” to a previous sample by releasing a manual touch-bar. Both tasks
used the same timings of task events, and the same eight motion directions were shown as
sample stimuli (Fig. 1a). The central difference was that during the DMS task, sample and
test stimuli “matched” if they were exactly the same direction (Fig. 1b). In the DMC task
(Fig. 1c), sample and test stimuli “matched” if they belonged to the same category, which
often meant that matching sample and test stimuli had dissimilar motion directions.

In both tasks, a sample stimulus was followed by a one-second delay and then a test
stimulus. If the test matched the sample, the monkey had to release a touch-bar to receive a
reward. If the test was a non-match, it was followed by a brief delay and then a matching test
stimulus (which required a manual response). The same eight directions were shown as
sample stimuli in both tasks, though many more directions were shown during training (see
Methods and Supplementary Fig. 1). Both monkeys were extensively trained on the DMS
task (328 and 243 daily training sessions in monkeys D and H, respectively; see Methods
and Supplementary Table 1) prior to the start of DMS task neuronal recordings until their
discrimination performance reached a stable asymptotic level (Supplementary Fig. 2).
During DMS recordings, behavioral performance was greater than chance (50%) when
sample and test stimuli were 45° apart, and greater than 85% correct on all other non-match
and match conditions (Fig. 2a and Supplementary Fig. 1). During DMC recordings,
categorization performance was >85% correct for the four sample directions that were 22.5°
from the category boundary, and >90% correct for the four directions that were 67.5° from
the boundary (Fig. 2b and Supplementary Fig. 1).

LIP Recordings Before and After Categorization Training

Neuronal recordings were conducted from the same two monkeys during the DMS and
DMC recording stages, and targeted overlapping LIP locations in the same hemispheres in
each stage. We recorded from 184 LIP neurons (monkey D, N = 92; monkey H, N = 92)
during the DMS task, and 270 LIP neurons (monkey D, N = 146; monkey H, N = 124) after
training on the DMC task.

During the DMS task, a large fraction of LIP neurons were direction selective (one-way
ANOVA on 8 sample directions, P < 0.01) during the sample period of the task (N = 115/184
or 62.5%), such as the single neuron examples in Figures 3a—c. During the delay period of
the task (excluding the initial 380 ms of the delay; see Methods), the monkeys had to
maintain information about the sample direction in short term memory. However, fewer
neurons were direction selective during the delay period (N = 21/184 or 11.4%), and those
neurons that were direction selective during the delay tended not to show large firing rate
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differences between preferred and non-preferred directions, such as the example in Figure 3b
(ANOVA, P=0.005).

Following categorization training, we again observed a substantial fraction of direction
selective LIP neurons during the sample period of the DMC task (one-way ANOVA, P<0.01,
N=182/270 or 67.4%). Interestingly, we found a significantly greater fraction of direction
selective neurons during the delay period of the DMC task (N=90/270 or 33.3%) than during
the DMS recording stage (chi square test, P<0.01). Notably, among neurons showing delay-
period selectivity during the DMC task, most showed selectivity that mirrored the learned
categories (e.g. the examples in Figure 3d—f). We examined whether sample-period direction
tuning was predictive of delay-period category preferences (i.e. whether the preferred
sample direction fell within the preferred category during the delay). Among the population
of neurons in the DMC task that were direction selective in the sample period (according to
a one-way ANOVA, P<0.01) and category-selective in the delay period (one-way ANOVA,
P<0.01), 40/67 LIP neurons (59.7%) of LIP neurons showed corresponding sample-direction
and delay-category selectivity.

Temporal Dynamics of Direction and Category Selectivity in LIP

We measured direction and category selectivity at the neuronal population levels using
support vector machine (SVM) classifiers applied to pseudopopulations of LIP neurons
recorded during each task (see Methods). As in a previous study, we employed two
specialized SVM classifiers?? designed to independently assess direction and category
selectivity (see Methods and Fig. 4a,b). The direction classifier quantified direction
selectivity that was independent of category selectivity by examining population activity to
the four directions within each category. The category classifier measured category
selectivity independent from direction selectivity by training and testing the classifier on
pairs of directions in each category with equivalent angular distances. The classifiers were
applied in four fixed temporal windows (333 ms width) during the early/late sample and
middle/late delay periods. The early delay was not included in order to exclude transient
neuronal activity related to sample offset.

The direction classifier revealed direction selectivity in LIP during both the DMS and DMC
tasks that was well above chance levels during both early and late sample epochs (Fig. 4c;
P<1074, bootstrap, see Methods), and did not vary significantly between the two tasks
(P>0.05, bootstrap, see Methods). However during the delay period, the direction classifier
was unable to robustly decode direction information during the DMS task, even though the
monkeys had to remember the sample direction during the delay period. For example, we
did not observe direction classification that was significantly above chance levels in the
middle delay epoch (Fig. 4c; P=0.16, bootstrap), although it did reach significance in the late
delay (P=0.006, bootstrap). During the DMC task, middle and late delay period direction
decoding performance was modestly elevated above the chance (0.25) level, and reached
significance in both delay epochs (Fig. 4c; middle: P=0.004, late: P=0.01). However, it was
still considerably weaker than during the sample epochs.

In contrast to the direction classifier results, the category classifier showed significant
category decoding during both middle and late delay epochs of the DMC task (Fig. 4d;
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middle: P<1074, late: P<1074, bootstrap), which was also evident during the late (but not
early) sample (Fig. 4d; P=0.001). We did not expect to observe category selectivity during
the DMS task, prior to categorization training. This was confirmed, as significant category
selectivity was not observed during the DMS task during the sample (Fig. 4d; early: P=0.72,
late: P=0.53) or delay (Fig. 4d; middle: P=0.60, late: P=0.94). These results suggest that
categorization training had a marked impact on the time-course of neuronal encoding in LIP,
with a training related enhancement of selectivity during the delay period.

To characterize the time-course of direction and category encoding in LIP in more detail, we
applied both classifiers using a sliding window (width=200 ms, step size=10 ms) in which
the classifiers were trained and tested at each time step (Fig. 5a,b). Statistical significance
was assessed at each time point, and significant time bins are indicated by the light (P<0.05)
or dark (P<0.01) colored tick marks at the top or bottom of each plot (see Methods). For
direction selectivity, we found a striking similarity in the strength and time-course of
selectivity in the DMS and DMC tasks, with strong direction decoding during the sample
period which returned to near-chance levels during the delay period (Fig. 5a). The category
classifier showed an emergence of category selectivity during the late sample period of the
DMC task which was maintained through the delay (Fig. 5b). As expected, category
selectivity during the DMS task remained at near-chance levels throughout the trial (Fig.
5b).

The observed patterns of direction and category selectivity during the DMS and DMC tasks
did not depend on this specific analysis approach (SVM classification) used. For example,
we found qualitatively similar results regarding the relative strength and time-course of
selectivity when examining direction and category selectivity using selectivity indices
applied to individual LIP neurons (Supplementary Fig. 3, and Methods).

A number of individual LIP neurons exhibited stable category selectivity throughout the
delay period of the DMC task (Fig. 3d-f), similar to that observed at the population level
(Fig. 5b). We assessed the stability of neuronal category selectivity during the DMC task at
the LIP population level by training and testing the category classifier at different time
points in the trial. For example, if a classifier trained using neuronal data from the beginning
of the trial shows high decoding performance when tested at later time points, this indicates
stable patterns of neuronal encoding across the population between those time points. This
revealed a large and stable period of high category classification accuracy spanning the
entire delay period, as shown by the uniform regions of high accuracy in Figure 5c (right
panel). As expected, when applied to LIP data from the DMS task prior to categorization
training, the category classifier produced near-chance decoding accuracies for all
combinations of training and testing times during the delay (Fig. 5c, left panel). We used the
same approach to examine the temporal stability of LIP direction selectivity in the DMS and
DMC tasks. This revealed strong and relatively stable direction selectivity during sample
presentation, but little direction selectivity (neither stable nor dynamic) during the delay
(Supplementary Fig. 4).

An important issue is to understand whether delay-period encoding in LIP in the DMC but
not DMS tasks was due to the difference between the tasks themselves, or rather to
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differences in the duration of behavioral training leading up to recordings in each tasks. We
addressed this concern in several ways, and found that the appearance of delay-period
encoding in the DMC task was not a result of training duration, suggesting that delay-period
encoding was instead task dependent. First, the monkeys were trained extensively on the
DMS task prior to DMS-task recordings (for ~1 year of daily training sessions;
Supplementary Table 1) until they reached a stable level of task performance
(Supplementary Fig. 2). The monkeys’ extensive training and apparent plateau in their level
of task-performance makes it is unlikely that further DMS training would have markedly
affected their behavioral performance or underlying neuronal encoding.

We also addressed this concern by examining additional LIP data from 184 neurons
(monkey D, N = 70; monkey H, N = 114) collected at an intermediate training stage between
the DMS and fully-trained DMC tasks (104 and 70 DMC training sessions in monkeys D
and H, respectively, following DMS recordings; see Methods). At the mid-training DMC
stage, the monkeys performed the DMC task at greater than chance levels, though below the
level of performance in the fully-trained DMC task (Supplementary Fig. 5a). Furthermore,
their behavioral performance indicates that they were at least partially using a similarity
strategy (based on the difference between sample and test directions) and had not learned the
abstract groupings between directions in each category (Supplementary Figs. 5b—e). During
the mid-training DMC stage, category and direction encoding were both evident during the
sample period. Importantly, LIP activity in this stage showed a lack of significant delay-
period category or direction encoding (Supplementary Fig. 6). This confirms that the
emergence of LIP delay-period encoding in the final DMC stage is not due to training
duration, as we would instead have expected a gradual emergence of delay encoding
throughout training rather than an abrupt emergence at the final training stage.

Comparison of Visual and Mnemonic Encoding in PPC and PFC

The observed lack of strong delay period direction selectivity in LIP during the DMS task
raises questions about how direction information was stored in short-term memory, and
whether other cortical areas such as the PFC play a more general role in visual working
memory. To address this, we simultaneously recorded from ensembles of neurons in the PPC
(including LIP; monkey Q, N = 62; monkey W, N = 93) and lateral PFC (monkey Q, N =
127; monkey W, N = 131) of two monkeys (different animals than in previous studies)
during the direction DMS task. The DMS task was nearly identical to that in Figure 1a,b,
except that a different set of sample and test directions were used (see Methods). The
monkeys performed the DMS task with high average accuracy during neuronal recordings
(monkey Q: 91.5% correct; monkey W: 89.1% correct; Supplementary Fig. 7).

Similar to our previous LIP results, many PPC neurons were direction selective (one-way
ANOVA on 8 sample directions, P < 0.01) for at least one out of two receptive field (RF)
placements (see Methods) during the sample period (76/155 neurons), but many fewer
neurons were selective during the delay period (26/155), such as the example PPC neuron
shown in Figure 6a. In contrast, many PFC neurons, such as the example shown in Figure
6b, were direction selective during both the sample (83/258) and delay (75/258) periods.
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To compare direction selectivity in PPC and PFC, we applied the same direction classifier
(as above) to the PPC and PFC data during the DMS task. The observed results in PPC
replicated our findings in LIP described above—a lack of significant delay-period direction
selectivity, but significant direction selectivity during the sample period. In contrast to the
lack of strong delay period selectivity in PPC, the direction classifier revealed significant
direction selectivity in PFC during the delay as well as the sample (bootstrap, P<0.01). Thus
PFC showed a preferential delay-period encoding of task-relevant direction information
compared to PPC during the DMS task, suggesting that it plays a more generalized role in
visual working memory than PPC. We note that direction decoding accuracy in PPC (Fig.
7a) is weaker than that observed in the LIP study described above (Fig. 5a). This difference
is likely due to the broader sampling of PPC in these experiments (which likely included
both LIP and neighboring parietal areas such as the medial intraparietal area and 7a), or the
inability to place the stimulus in the RF of all recorded neurons when using multielectrode
arrays (compared to a single electrode in the earlier studies; see Methods).

We repeated the classifier approach used above to assess stable vs. dynamic direction
encoding in PPC and PFC by training and testing the classifier at different time points. In
PPC this revealed strong direction selectivity in the sample period and neither stable nor
dynamic selectivity in the delay (Supplementary Fig. 8). PFC showed an apparent mixture of
stable and dynamic direction selectivity in both the sample and delay, indicated by the
appearance of rectangular regions of elevated classification accuracy (i.e. stable encoding)
during both time periods, with a superimposed diagonal zone of highest classification values
(i.e. dynamic encoding) corresponding to when the classifier was trained and tested at the
same time points (Fig. 7b). This is consistent with previous studies which found stable16:19
and/or dynamic?3-2° delay period selectivity in PFC. A final note is that, although we do not
have PPC and PFC data from these two animals during the fully-trained DMC task, a
previous study from our group examining PFC during the fully trained DMC task found
strong and temporally stable category selectivity®.

Discussion

Taken together, these results give insight into the task dependence and plasticity of visual
and mnemonic encoding in PPC, and reveal distinct roles of PPC and PFC in visual working
memory. First, long-term categorization training produced striking changes in the type of
information encoded in PPC, and in the time-course of that encoding. Before categorization
training, PPC showed robust direction tuning only during stimulus presentation, but not
during the delay period when direction information had to be maintained in short term
memory. In contrast, PPC recordings after categorization training revealed strong and stable
category encoding throughout the memory delay period. Second, the comparison of PPC and
PFC during the DMS task reveals that PFC plays a more generalized role in working
memory than PPC. During the DMS and DMC tasks, delay period activity in PFC encodes
task-relevant direction or category information during the DMS or DMC tasks, respectively.
This contrasted with task-specific delay activity in PPC, which showed working memory
encoding only during the categorization task.

Nat Neurosci. Author manuscript; available in PMC 2016 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sarma et al.

Page 8

The observation that visual categorization training affected visual feature encoding in LIP is
consistent with previous work showing that PPC activity can reflect learned
categories32:6:89.14.20 and stimulus-stimulus associations8, while MT encoding appears not
to be significantly influenced by long-term categorization training3-26. Categorization
training also had a marked and unexpected impact on the time-course of selectivity in LIP
throughout the trial, with the appearance of stable delay period selectivity during the DMC
but not DMS task. The two tasks used identical sample stimuli, timings of task events, motor
responses, and requirement to remember sample information during the delay. Thus, the
presence of delay encoding in the categorization task arose as a result of learning the DMC
task and its specific task demands, such as the requirement to convert encoding of stimulus
direction into an abstract categorical variable. This is also consistent with LIP playing a
more direct role in mediating performance of the DMC than DMS task®14.27.28,

The comparison of PFC and PPC during the DMS task revealed that PFC, but not PPC,
robustly encoded task-relevant direction information during the memory delay period.
Furthermore, previous work from our group and others found that PFC also shows delay
period encoding of task-relevant information during visual categorization tasks?=9, in
addition to a variety of other working memory tasks819, This supports a generalized role
for PFC in working memory both during tasks which require mnemonic encoding of
stimulus features (as in the motion DMS task)2® or more abstract cognitive variables, such as
a categorical decision. This contrasts with the lack of significant delay-period encoding in
PPC during the DMS task, suggesting that PPC is selectively engaged by non-spatial
working memory tasks with greater cognitive demands or abstraction39:3L, Interestingly,
strong delay period encoding is evident in both PPC and PFC during relatively simple spatial
delayed response tasks32, suggesting that non-spatial and spatial working memory rely on
distinct underlying mechanisms. Furthermore, we previously found that both PFC and LIP
showed strong delay-period category encoding during the DMC task®, suggesting that the
two areas are more coordinated during categorization than discrimination tasks.

In contrast to the task-dependence of LIP delay encoding, sample period activity was
strongly direction selective both before and after categorization training. This is consistent
with previous reports of LIP direction tuning during both passive viewing and complex
tasks33:34, and likely reflects LIP’s interconnection with upstream motion processing areas
such as MT, the medial superior temporal (MST)3, and the ventral intraparietal36-38,
Interestingly a recent study using a variant of a motion direction DMS task found delay-
period direction encoding in MST but not MT3°. The observation of direction selective delay
activity in both MST and PFC raises the possibility that interactions between these two areas
(but not MT or LIP) may underlie working memory for direction. An additional open
question is whether the strong sample-period direction encoding in LIP during both DMS
and DMC tasks is related to the monkeys’ extensive motion discrimination training prior
recordings in the DMS task. This difference in training history might also account for the
apparently stronger direction relative to category encoding2? as well as the more gradual
emergence of neuronal category encoding® during the sample period in this compared to
previous reports from our group,.
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It will be important to extend this work to examine the real-time impact of categorization
training during the learning process itself. Neuronal correlates of rapid within-session
associative or category learning have been demonstrated in PFC, striatum, and inferior
temporal cortex#9-43 and recordings during long term training on a perceptual decision task
revealed learning-related enhancement of motion encoding in LIP but not MT28. A related
issue is to understand neuronal mechanisms underlying the ability to rapidly switch between
tasks. Previous work found that PFC activity can reflect rapidly changing category
rules*:45, although it remains to be seen whether DMS-DMC task switching is accompanied
by rapid changes in delay-period encoding. Alternatively changes in the dynamics of delay-
period encoding may have developed gradually during categorization training.

Online Methods

The detailed methods used in this study have been described in previously?228, and are
briefly described below.

Behavioral Tasks and Stimulus Display

Monkeys performed delayed match-to-sample (DMS) and delayed-match-to-category
(DMC) tasks using 360° of motion directions as sample and test stimuli. Monkeys released a
manual lever to indicate whether a test stimulus was the same direction (DMS) or same
category (DMC) as a previously presented sample. Monkeys were required to maintain
fixation within 2.0°-2.5° of a 0.2° fixation point throughout the entire trial, and stimuli were
always presented in LIP neurons’ RFs. For the monkeys D and H in the first experiment
(Figs. 1-5), sample and test stimuli were 9.0° diameter circular patches of high-contrast,
100% coherent random dots. Dots moved at 12°s~1 and were displayed at a frame rate of 75
Hz. For monkeys Q and W in the second experiment (Figs. 6 and 7), stimuli had a diameter
of 6.0° and moved at 12°s71. Identical task timings and rewards were using during all tasks.
During DMS-task recordings, we used 8 evenly-spaced sample directions were used as
sample stimuli. During DMS task recordings, sample and non-matching test stimuli were
separated by either 45°, 60°, or 75° in order to keep monkeys’ performance on the task
above chance but below complete certainty. The sets of test stimulus directions in the DMS
and DMC tasks differed slightly, as the DMS set included additional motion directions (Fig.
1a and Methods). During DMC-task recordings, test stimuli were chosen randomly from the
same directions as the sample stimuli. However, this study focuses on encoding related to
sample stimuli and does not focus on the test-period.

Stimulus presentation, task events, rewards, and behavioral data acquisition were
accomplished using an Intel-based PC equipped with MonkeyL ogic software running in
MATLAB%6. Gaze positions were measured and recorded at a sampling rate of 1.0 kHz
using an EyeLink 1000 optical eye tracker (SR Research). Visual stimuli were presented on
a 21” color CRT monitor (1,280 x 1,024 resolution, 75 Hz refresh rate, 47-cm viewing
distance).
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Behavioral Training

Monkeys D and H (experiment 1) were each trained on the motion DMS task for
approximately one year (~1400 correct trials/session; Supplementary Table 1 and
Supplementary Fig. 2) prior to DMS recordings. Monkeys were trained each day on 12
unique sample directions, and test directions were chosen to include a wide range of angular
differences between non-matching sample and test directions. Early DMS training sessions
focused on large angular differences between sample and test directions (e.g. 90°-180°) until
monkeys’ accuracy reached a high level. Middle to late stage training sessions focused on
more challenging sample-test differences (e.g.5°-30°), and DMS training continued until the
monkeys’ performance improved and stabilized. Monkeys Q and W (experiment 2) were
trained on the DMS task with 6 evenly-spaced sample directions for >150 training sessions.
These same directions were used for recording in experiment 2. Test stimuli were either an
identical direction match, or were 180° from the sample direction.

DMC task training of Monkeys D and H was conducted in two stages. The first was the mid-
training DMC stage (104 and 70 sessions in monkeys D and H, respectively; Supplementary
Table 1) in which the category boundary was introduced and the monkeys were rewarded for
indicating (with a lever release) whether the test stimulus was in the same category as the
sample. In this training stage, the 12 sample directions used for training were shown with
equal frequency during each session, and a wide range of sample-test differences were used.
At the end of this training stage (defined by the monkeys reaching stable level of
performance), the mid-training DMC recordings were conducted from LIP. In the second
DMC training stage (78 and 65 sessions in monkeys D and H; Supplementary Table 1), we
over-emphasized near-boundary (i.e. 15° from boundary) sample stimuli for which the
monkeys had shown lower performance in the middle training stage. This training stage
continued until the monkeys’ performance for near-boundary stimuli improved and
stabilized (Fig. 2b and Supplementary Fig. 5).

Electrophysiological Recording

Recording chambers and headposts were implanted on all four male monkeys (Macaca
mulatta, 9.0-12.0 kg, 7-9 years old). For monkeys D and H, chambers were placed over the
intraparietal sulcus (IPS) as determined by stereotaxic coordinates obtained from MRI scans
prior to implantation of the headpost and recording chamber. Recording chambers were
centered ~1.0 mm posterior to the intra-aural line and ~13.0 mm lateral from the midline.
Recordings were conducted using single 75 pm tungsten microelectrodes (FHC), a dura
piercing guide tube, and a motorized microdrive system (NAN instruments).

For monkeys Q and W, two 32-channel semi-chronic recording systems (Gray Matter
Research, Bozeman, MT) were used to record from PPC and PFC. MRI scans were used to
guide chamber placement. For PPC recordings, chambers were placed over the IPS, ~2.0
mm posterior to the intra-aural line and ~14.0 mm lateral from the midline for monkey Q,
and ~2.0 mm anterior to the intra-aural line and ~13.0 mm lateral from the midline for
monkey W. We advanced all PPC electrodes until their estimated positions were below the
IPS, guided by its known anatomical depth. Additional evidence for electrode depth on
many recording channels was the marked reduction in spiking activity as electrodes entered
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the sulcus. For PFC recordings, chambers were placed over the principal sulcus, ~29.0 mm
anterior to the intra-aural line and ~20.0 mm lateral from the midline for monkey Q, and
~33.0 mm anterior to the intra-aural line and ~22.0 mm lateral from the midline for monkey
W. Each microdrive system contained 32, 125 um tungsten microelectrodes (Alpha-Omega).
Before each session, we lowered electrodes between 0 and 1 mm in order to optimally
record the spiking activity of well isolated neurons.

All surgical and experimental procedures followed the University of Chicago’s Animal Care
and Use Committee and US National Institutes of Health guidelines. Monkeys were housed
in individual cages under a 12-hour light/dark cycle. Behavioral training and experimental
recordings were conducted during the light portion of the cycle. Neurophysiological signals
were amplified, digitized, and stored for offline spike sorting (Plexon Inc.) to verify the
quality and stability of neuronal isolations.

Receptive Field Mapping and Stimulus Placement

For monkeys D and H, neurons were tested with a memory-saccade task prior to DMS or
DMC recordings in order to identify area LIP and determine neurons’ RF locations. Neurons
were considered to be in LIP if they showed spatially selective visual, delay, and/or
presaccadic activity during the memory-saccade task or were located between such neurons.
LIP neurons were not pre-screened for direction or category selectivity or responsiveness to
visual mation stimuli. The range of eccentricity for saccade amplitudes tested and stimulus
placement ranged from 7.0°-10.0°. Neuronal responses during the memory-saccade task
were analyzed in real time by automated MATLAB scripts that displayed neuronal spatial
selectivity. Sample and test stimuli during the DMS and DMC tasks were placed within LIP
RFs.

For monkeys Q and W, we recorded from all neurons with well isolated action potentials. In
the PFC-PPC simultaneous recordings, we could not place stimuli within the RFs of all
recorded neurons. To increase the chances that stimuli were in or near neuronal RFs, we ran
the experiment in alternating 10-trial blocks in which stimulus position was varied between
two non-overlapping positions (7.0° eccentricity; +45° relative to horizontal meridian) in the
visual field that was contralateral to the hemisphere targeted for neuronal recordings.
Analysis of neuronal data revealed qualitatively similar results (in both cortical areas) for
each of the two stimulus locations considered separately, or when trials from the two
locations were combined. Thus we combined trials for both stimulus locations in the
manuscript.

Data Analysis

All analyses were conducted on correct trials. The patterns of behavioral and neuronal
results were similar, and all main effects were observed in both monkeys. Thus, the two
datasets from each animal in each study were combined for all population analyses.

Whole-epoch based analyses were computed for each neuron in two epochs. The sample
period was a 667 ms epoch beginning 80 ms after sample stimulus onset (to account for
neuronal response latency). The delay period was a 713 ms epoch beginning 380 ms after
stimulus offset (to exclude firing rates shortly after stimulus offset). Split epoch analyses
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were computed on four epochs, each 333 ms long. Early and late sample periods were
consecutive 333 ms epochs beginning 80 ms after stimulus onset. Middle and late delay
periods were consecutive 333 ms epochs beginning 427 ms after stimulus offset.

A population decoding approach was used to quantify direction and category information at
the population level. We trained and tested linear classifiers on surrogate populations of
neurons constructed from the individual neuron recordings2247. When we compared
classification accuracy between two populations, we always made sure to use an equal
number of neurons when classifying each population. Specifically, if the population count of
the two populations was n1 and n2, where n1<=n2, we would bootstrap n1 neurons from
each population to use for the classifier. We would select a different set of neurons for each
of the 10,000 iterations for the partial-epoch, or for each of the 100 iterations for the sliding
window analysis. During each of the 10,000 repeats, we selected a different set of neurons
(using the procedure described above), and a different set of 20 trials for each sample
direction (new page 13). Since classification scores will depend both on which neurons and
which trials are included, randomly selecting both fully captures the variance in our model.
It should be noted that randomly selecting neurons and trials on each iteration makes it more
difficult to obtain significance, compared to selecting trials or neurons alone.

In order to measure category selectivity separately from direction selectivity, different
classifiers were constructed for each set of two adjacent directions within a category and
their diametrically (and hence categorically) opposite sample directions. These classifiers
were trained on the pool of trials from the remaining two sample directions in each category,
which (on average) have the same distance from the directions in the testing set, and then
tested on the two sets of opposing directions in the test set. Training and testing sets were
constructed by randomly sampling 20 trials for each sample direction. Neurons were
randomly sampled from the total population of neurons in each task in order to compare
accuracy between surrogate neuronal populations of the same size. During partial-epoch
analyses, this was repeated 10,000 times for each epoch. During sliding window analyses,
this was repeated 100 times for each 10 ms time point. Overall performance was found by
averaging performance across the two classifiers at each time point. By training and testing
on separate sample directions, this classifier indicates, at a population level, whether firing
rates tend to be similar within a category and different between categories. Therefore, a
population of Gaussian-tuned neurons with uniformly distributed preferred directions would
produce chance performance on this classifier (which we confirmed using simulated data).

Similarly, we quantified direction selectivity separately from category selectivity by
constructing separate classifiers for trials with directions within each category. For the
directions within each category, we randomly sampled 20 trials for each sample direction.
Neurons were randomly sampled from the total population in each task in order to compare
accuracy between surrogate neuronal populations of the same size. 75% of these trials were
used for training the classifier, and 25% were used for testing using a 4-fold cross-validation
approach. During partial-epoch analyses, this was repeated 10,000 times for each epoch.
During sliding window analyses, this was repeated 100 times for each 10 ms time point.
Overall performance was found by averaging performance between the two classifiers at
each time point. A neuron with identical firing rates within each category would not
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contribute to the performance of this classifier. Both direction and category classifiers were
trained using a support vector machine. The direction classifier was trained using multi-class
SVM#8, Spike counts were normalized between -1 and +1.

The stability of direction and category selectivity was quantified by extending the population
decoding approach to compare patterns of information coding throughout the trial. Rather
than training and testing the classifiers using data from the same time point in the trial, the
stability of encoding was assessed by training at one time point and then testing on data
from every time point in the trial. Since the training and testing directions are not
independent for the direction classifier, one potential concern with this analysis was
overlapping training and testing sets of trials between time points. Accordingly, for each
repetition of training the classifier at a given time point, every testing time point used the
same, separate set of testing trials (with firing rates at different times). Importantly, these
testing trials were always different from the training trials used, and hence there was no
overlap in spikes between training and testing sets. This was not a concern for the category
classifier, since training and testing directions were independent. In both cases, high
classifier accuracy at different training and testing times indicates that stimulus information
can be decoded using the same pattern of firing rates at both times, while chance or below
chance accuracy indicate otherwise. Thus, contiguous blocks of high classifier accuracy
across time suggest that stable representations of stimulus information are being used for the
population code.

Category selectivity was quantified for individual neurons using a receiver operating
characteristic (ROC)-based category tuning index (rCTI) that compared differences in the
distributions of firing rates across trials within and between categories2228, We defined the
between-category discrimination (BCD) as the average absolute value of the area under the
ROC curve subtracted by 0.5 for the distributions of firing rates for all pairs of sample
directions where directions were in different categories. This meant that, for example, the
ROC values for pairs of directions which were 45° apart were weighted three times as
heavily as pairs of directions that were 135° apart, since there were three times as many
pairs of directions that were separated by 135°. The within-category discrimination (WCD)
was defined similarly, but using pairs of directions within the same category. Since pairs of
directions separated by 180° only existed between categories, these pairs were not included
in the rCTI computation. The rCTI was then defined as rCTl = BCD — WCD. Values of the
rCTI can range from +0.5 (perfect discrimination between categories, identical firing rates
within categories) to —0.5 (large differences in firing rates within categories, no differences
between categories). Values of zero indicated equal discriminability for firing rates within
and between categories.

Direction selectivity was quantified for individual neurons using an ROC-based direction
selectivity index (rDSI) which measured the maximum discriminability of firing rates
between pairs of sample directions within the same category. This calculation involved 100
repetitions, in which we randomly selected with replacement 20 trials per motion direction
for each repetition. For each repetition, the absolute value of the area under the ROC curve
subtracted by 0.5 was computed for the firing rates from the sets of trials for each pair of
sample directions within the same category. The maximum value was chosen for each
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repetition. The rectification of ROC values around 0.5 meant that all variability contributed
positively to ROC values, and hence values were positively biased. We subtracted this bias
per repetition by performing the same computation for trials with sample direction labels
shuffled and subtracting the shuffled value from the correctly labeled value. The final rDSI
value was the average of these shuffle-corrected values over all repetitions. Values of the
rDSI could theoretically range from —0.5 (large differences in firing for shuffled label trials,
no difference in firing for correctly labeled trials) to +0.5 (large differences in firing for
correctly labeled trials, no difference in firing for shuffled labeled trials), although in
practice the lower bound was close to zero since shuffled label trials had minimal differences
in firing rates.

No statistical methods were used to pre-determine sample sizes but our sample sizes are
similar to those generally employed in the field. The criteria used to select neurons for
recording in LIP (spatially-selective activity on the memory-saccade task) and PPC/PFC (all
neurons with well isolated action potentials) necessarily meant that sample selection was not
randomized or blinded.

For the purpose of comparing whole-epoch direction selectivity between DMS and DMC
tasks, direction selectivity was determined for individual neurons via significance on one-
way ANOVA (eight sample directions, P < 0.01). The statistical significance of the
difference in proportions of direction selective neurons between DMS and DMC tasks was
computed using a chi square test. Data distribution was assumed to be normal but this was
not formally tested.

The statistical significance of classification accuracies above chance were calculated using a
shuffle analysis. A null distribution was produced by training and testing the classifiers
described above on the same population of data with trial sample direction labels shuffled.
Average classification accuracy was considered significantly greater than chance if the value
was greater than 95% (p<0.05) or 99% (p<0.01) of the values from the null distribution.
Since we only tested for classification accuracies significantly greater than the shuffled null
distribution, this was equivalent to a one-tailed test.

The statistical significance of differences in classification accuracy between the DMS and
DMC tasks was calculated using a bootstrap analysis. The classification accuracy values
from each repetition of the classifier at each epoch or time point were compared between
DMS and DMC populations. For partial epoch-based analyses, this totaled 10,000x10,000 =
1x108 comparisons per epoch; for sliding window analyses, this totaled 100x100 = 10,000
comparisons per time point. Average classification accuracy was deemed to be significantly
different between the DMS and DMC tasks if 97.5% (p<0.05) or 99.5% (p<0.01) of the
values from one task were greater than those from the other. Since we were testing for
positive or negative classification accuracy differences between tasks, this was equivalent to
a two-tailed test.
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The statistical significance of differences in category selectivity (rCTI) and direction
selectivity (rDSI) between the populations of neurons recorded during the DMS and DMC
tasks was computed using a two-sided Wilcoxon rank-sum test.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. DMS and DMC tasks
(a) Monkeys performed a delayed matching task and indicated (by releasing a lever) whether

sample and test stimuli, separated by a memory delay, were identical (DMS) or category
(DMC) matches. If the sample and test stimuli weren’t matches, the monkey was required to
continue holding the lever throughout the test period and a second delay period until a
second, matching test stimulus appeared. Stimuli were shown in a neuron’s RF. (b) Monkeys
viewed eight motion directions as sample stimuli during DMS task recordings (left). Test
stimuli were either identical matches or 45°, 60°, or 75° from the sample stimulus. As an
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example, the possible non-matching test directions are shown for the sample direction
indicated by the magenta star. (c) Monkeys grouped the same eight motion directions used
as sample directions during the DMS task into two categories (corresponding to the red and
blue arrows) separated by a learned category boundary (dashed green line). Test and sample
stimuli sets were identical.

Nat Neurosci. Author manuscript; available in PMC 2016 July 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Sarma et al. Page 20

d DMS task performance b DMC task performance

17 : :
5 : ;
§ 0.8f i i
05 5 :
? ®0.6 E :
O . -
§ 804 i i
© : :
S 0.2 : :
. H s
0% 45 60 75 22 67 112 157 202 247 292 337
Sample-test difference (deg) Sample direction (deq)

Figure 2. Behavioral performance
(a) The monkeys’ average DMS performance (proportion reported as nonmatch) is shown as

a function of sample-test difference. The gray line is a sigmoid curve fit to the behavioral
data. The dashed black line indicates chance performance. Error bars indicate standard error
of mean (SEM). (b) The monkeys’ average DMC performance is shown as a function of
sample direction. Colors correspond to the two categories and the green dashed lines
correspond to the category boundary. Dashed black line indicates chance performance. Error
bars indicate SEM.
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Figure 3. Example LIP neurons during the DMS and DMC tasks
Average activity evoked by 8 sample directions for three LIP neurons from the DMS (a—c)

and DMC (d-f) tasks. Different traces indicate different sample directions and are colored
according to their direction (and category membership for the DMC task). The three dashed,
vertical lines represent the start of the sample epoch, the end of the sample epoch, and the
end of the delay epoch, respectively. Polar plots are shown for average firing rates by sample
direction during sample (black) and delay (gray) periods. In (d—f) dark blue and dark red
traces indicate sample directions near the middle of categories 1 and 2, respectively, while
light blue and light red traces indicate sample directions near the category boundary. All
cells shown were direction selective during the sample period (one-way ANOVA, P<0.01).
All cells except for (a) were also direction selective during the delay period. The dashed
green lines on the polar plots indicate the position of the category boundary.
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Figure 4. Population-level direction and category classification in LIP
(a) Diagram depicting how motion direction was classified independently of category. As an

example, only neural responses to motion directions from category 1 (yellow arrows) are
used to train the classifier. This classifier is then used to test which of the four motion
directions (same yellow arrows) neural responses from these trials belong to. A second
classifier was constructed using the four directions from the other category, and performance
between these classifiers was averaged. (b) Diagram depicting how motion category was
classified independently of direction. As an example, neural responses to two directions
from category 1 (blue arrows) and two directions from category 2 (red arrows) are used to
train the classifier. The classifier is then used to test which category neural responses to the
four test directions (yellow arrows) belong to. A second classifier was constructed by
switching the training and testing directions shown, and performance between these
classifiers was averaged. (c,d) Stimulus selectivity during task epochs. (c) Performance of
the direction classifier during the DMS (pink) and DMC (green) tasks. Chance accuracy is
0.25. (d) Performance of the category classifier during the DMS and DMC tasks. Chance
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accuracy is 0.5. All epochs were 333 ms long. Error bars indicate SEM. *P<=0.05,
**P<=0.01, ***P<=0.001, bootstrap.
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Figure 5. Time-course of direction and category classification in LIP
(a,b) The time course of direction and category selectivity in LIP during the two tasks was

determined by computing classification accuracy as a function of time relative to sample
onset using the (a) sample direction classifier and (b) sample category classifier. The three
dashed, vertical lines represent the start of the sample epoch, the end of the sample epoch,
and the end of the delay epoch, respectively. Error bars indicate SEM. The light and dark
colored bars at the top of the figure indicate times at which classification accuracy during the
DMS (pink) or DMC (green) task was significantly above chance (light, P<0.05, dark,
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P<0.01, bootstrap). Sample direction classification accuracy was not significantly different
between tasks at any point in the trial (P>0.05, bootstrap). (c) The stability of category
encoding in LIP neurons was determined by training the classifier at one time point (y axis)
and testing at a second time point (x axis). Classification accuracy is indicated by the color
at each x-y coordinate. In the left panel, category classification accuracy during the DMS
task remained at or near chance (0.5) for all training and testing time combinations. In the
right panel, contiguous blocks of high category classification accuracy during the DMC task
indicate temporally stable category decoding during the delay period—evident by the wide
range of classifier training and testing times which yielded high category classification
accuracy.
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Figure 6. Example PPC and PFC neurons during the DMS task
Average activity evoked by 6 sample directions during the DMS task for a PPC neuron from

monkey Q (a) and one PFC neuron from monkey W (b). Different traces indicate different
sample directions and are colored according to their direction. The three dashed, vertical
lines represent the start of the sample epoch, the end of the sample epoch, and the end of the
delay epoch, respectively. Polar plots are shown for average firing rates by sample direction
during sample (black) and delay (gray) periods. Dashed lines indicate SEM.
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Figure 7. Time-course of direction classification in PPC and PFC
(a) Sample motion direction classification accuracy for Monkeys Q and W. Similar to Figure

5a, direction was decoded independent of category. The classification accuracy is shown for
the PPC (blue curve) and the PFC (red curve). The three dashed, vertical lines represent the
start of the sample epoch, the end of the sample epoch, and the end of the delay epoch,
respectively. Error bars indicate SEM. The light and dark colored bars at the top of the panel
indicate times at which classification accuracy for PPC (blue) and PFC (red) was
significantly above chance (light, P<0.05, dark, P<0.01, bootstrap). (b) Similar to Figure 5c,
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the stability of direction encoding in PFC was determined by training the classifier at one
time point (y axis) and testing at a second time point (x axis). Classification accuracy is
indicated by color at each x—y coordinate. Direction classification accuracy in PFC was
above chance during both the sample and delay epochs, with stronger values near the
diagonal, suggesting a combination of stable and dynamic direction encoding.
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