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Abstract

Learning leads to changes in population patterns of neural activity. In this study we wanted
to examine how these changes in patterns of activity affect the dimensionality of neural
responses and information about choices. We addressed these questions by carrying out
high channel count recordings in dorsal-lateral prefrontal cortex (dIPFC; 768 electrodes)
while monkeys performed a two-armed bandit reinforcement learning task. The high chan-
nel count recordings allowed us to study population coding while monkeys learned choices
between actions or objects. We found that the dimensionality of neural population activity
was higher across blocks in which animals learned the values of novel pairs of objects, than
across blocks in which they learned the values of actions. The increase in dimensionality
with learning in object blocks was related to less shared information across blocks, and
therefore patterns of neural activity that were less similar, when compared to learning in
action blocks. Furthermore, these differences emerged with learning, and were not a simple
function of the choice of a visual image or action. Therefore, learning the values of novel
objects increases the dimensionality of neural representations in dIPFC.

Author summary

In this study we found that learning to choose rewarding objects increased the diversity of
patterns of activity, measured as the dimensionality of the response, observed in dorsal-
lateral prefrontal cortex. The dimensionality increase for learning to choose rewarding
objects was larger than the dimensionality increase for learning to choose rewarding
actions. The dimensionality increase was not a simple function of the diverse set of images
used, as the patterns of activity only appeared after learning.

Introduction

Behavior is driven by activity in populations of neurons [1]. The neural activity patterns in
populations are high dimensional measurements. However, in some cases, high dimensional
population activity may reside on a lower-dimensional manifold and therefore activity can be
described well after projection into a low-dimensional subspace [2, 3]. When neural activity is
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low dimensional, the population only explores a subset of the dimensions that it theoretically
could, given the number of neurons in the population. The relevant dimensions can be
assessed by finding a set of basis vectors, or population activity patterns, that can be used to
accurately reconstruct population activity.

The dimensionality of neural responses is often assessed by first computing the average
response of each neuron, in each task condition, and then characterizing the dimensionality of
these average responses [4, 5]. Because dimensionality is usually characterized on the mean
activity of the population across different task conditions, it is a function of the single neuron
tuning functions across time and across task variables [6]. If single neurons have strong tem-
poral autocorrelations during tasks, the neural activity of the population does not change
quickly over time, and therefore the population does not explore multiple dimensions in time,
within a condition. Similarly, if neurons are broadly tuned to the task parameters being stud-
ied, population activity will change slowly as visual inputs or motor responses vary.
Dimensionality, therefore, characterizes the diversity of activity patterns, generated in a popu-
lation of neurons, across task conditions.

Information, like dimensionality, also characterizes activity patterns across task conditions.
Linear information in a population of neurons, including linear Fisher Information, is a mea-
sure of the signal to noise ratio 7, 8]. The signal is a measure of the difference between patterns
of activity between conditions. If mean population patterns of activity are similar for two dif-
ferent task conditions, the population will have minimal information about those conditions.
The noise is a measure of the variability in the population, within a condition. The noise that is
relevant to linear information is the noise in the dimensions that differ across conditions [9,
10]. If there is minimal information, the conditions cannot be reliably decoded. Information,
therefore, is also a measure of differences in activity patterns across conditions. Information,
however, unlike most dimensionality measures, also takes into account the amount of noise in
the task dimensions.

During learning, behavior and patterns of activity in the brain change [11-16]. Because
both dimensionality and information depend on patterns of activity, this raises the question of
how learning affects these measures, and how the effects may be related. To address these ques-
tions, as well as the question of how neural coding may underlie important learning related
behaviors, we trained animals on a two-armed bandit RL task, in which animals learned to
associate rewards with choices of visual stimuli or choices of actions [17]. While the animals
carried out the task we recorded population activity using 8 Utah arrays implanted bilaterally
in area 46 of dorsal-lateral prefrontal cortex (dIPFC)[18]. We found that learning to associate
novel pairs of objects with rewards expanded the dimensionality of population representations
in dIPFC and therefore drove activity into novel regions of population coding space. However,
learning to associate the same actions with rewards, in different blocks of trials, occurred in
mostly overlapping dimensions of population activity.

Results
Task and behavior

We trained two macaques on a two-armed bandit reinforcement learning task (Fig 1A). The
task was run in 80 trial blocks, and at the beginning of each block two new images were intro-
duced that the animal had never seen before. In addition, the task had two conditions (Fig 1B).
In the What condition the animals had to learn which of the two images, randomly presented
left and right of fixation, was more frequently rewarded (reward probability = 0.7 vs 0.3), inde-
pendent of its location. In the Where condition they had to learn which of two saccade direc-
tions was more frequently rewarded, independent of the image that was chosen. The condition
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Fig 1. Two-armed bandit reinforcement learning task, behavior and recording locations. A. The task was carried
out in 80 trial blocks. At the beginning of each block of trials, 2 new images were introduced that the animal had not
seen before. In each trial the animals fixated, and then two images were presented. The images were randomly
presented left and right of fixation. Monkeys made a saccade to indicate their choice and then they were stochastically
rewarded. B. There were two conditions. In the What condition one of the images was more frequently rewarded

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007514  April 24, 2020

3/26


https://doi.org/10.1371/journal.pcbi.1007514

PLOS COMPUTATIONAL BIOLOGY Dimensionality, information and learning

(p = 0.7) independent of which side it appeared on, and one of the images was less frequently rewarded (p = 0.3). In the
Where condition one of the saccade directions was more frequently rewarded (p = 0.7) and one was less frequently
rewarded (p = 0.3) independent of which image was at the chosen location. The condition remained fixed for the entire
block. However, on a randomly chosen trial between 30 and 50, the reward mapping was reversed and the less
frequently chosen object or location became more frequently rewarded, and vis-versa. C. Choice behavior across
sessions. Animals quickly learned the more frequently rewarded image (left panel) or direction (right panel), and
reversed their preferences when the choice-outcome mapping reversed. Because the number of trials in the acquisition
and reversal phase differed across blocks, the trials were interpolated in each block to make all phases of equal length
before averaging. The choice data was also smoothed using Gaussian kernel regression (kernel width sd = 1 trial). Thin
lines indicate s.e.m. across sessions (n = 6 of each condition). D. Schematic shows locations of recording arrays, 4 in
each hemisphere. Array locations were highly similar across animals.

https://doi.org/10.1371/journal.pchi.1007514.9001

remained fixed within a block and blocks of each condition were randomly interleaved. The
learning condition was not cued and had to be inferred from the rewarded outcomes. In both
conditions the choice-outcome mapping within a block was reversed on a randomly chosen
trial between 30 and 50, such that the more frequently rewarded choice became less frequently
rewarded, and vice-versa, always staying within the same condition. The animals were able to
quickly identify the condition, as well as the more frequently rewarded image or direction, and
reverse their preferences when the choice-outcome mapping reversed (Fig 1C). Because each
block began with new images, we could study the learning process repeatedly. While animals
carried out the task, we recorded neural activity using 8 Utah arrays implanted bilaterally in
dorsal and ventral area 46 (dIPFC; Fig 1D). The arrays allowed us to record up to 1000 neurons
simultaneously (N = 585, 747, 677, 1026, 877, 598 in 6 analyzed sessions, 3 from each
monkey).

Single neuron analyses

Previous work has shown that single neurons in dIPFC represent important aspects of learning
and choice behavior [13, 15, 19-22]. Consistent with this, we found single neurons that
responded to chosen objects and chosen directions (e.g. Fig 2A-2F). When trials of specific
conditions were aligned for single cells, the task features to which the neurons were responsive
were often clear. For example, neurons often fired more strongly during the selection of one
object vs. the other in each block (Fig 2E and 2F) and also fired more strongly to the choice of
one direction vs. the other (Fig 2E and 2F). Across the population, the information relevant to
the task was well-represented at the single neuron level (Fig 2G and 2H). The animals learned
the best objects and values in each block, and therefore the representation of the chosen object,
chosen direction and their values were elevated during the I'TT and baseline fixation. This
reflects the learning. The reward outcome, however, could not be predicted until it was deliv-
ered, and therefore it was at chance levels until delivery. This analysis shows that the task
engaged a large fraction of the population of neurons from which we recorded.

Population dimensionality

The activity of a population of neurons, in a single trial within a time window, can be thought
of as a high dimensional vector (Fig 3A and 3B). Although measured neural responses in a
population are high dimensional, recent work, has shown that task related neural activity is
often low dimensional [2, 23, 24]. In other words, neural activity often exists in a small number
of dimensions, relative to the size of the recorded population. Therefore, we sought to charac-
terize dimensionality in our data and relate dimensionality to information about choices in
single trials.

To characterize dimensionality in our data we calculated the mean activity vector, y, for
each choice (i.e. object 1 vs. object 2 in What blocks, left vs. right in Where blocks). We did
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Fig 2. Single cell example and single cell population statistics. Time 0 is cue onset. Rasters and spike density functions for the example neuron are in panels A-F. A.
Responses to choosing Object 1 in the What condition. B. Responses to direction/location 1 in the Where condition. C. Responses to choosing Object 2 in the What
condition. D. Responses to choosing direction/location 2 in the Where condition. E. Average responses for the single neuron shown in A-D in the What condition.
Average of the spike density functions for the preferred (Obj 1) vs. non-preferred (Obj 2) objects, or direction 1 or 2. F. Same as E for the Where condition. G. Fraction of
neurons across the population significant in an ANOVA for each factor indicated, in the What condition. H. Same as G for the Where condition. Solid lines are averages
across sessions (N = 6, 3 from each animal) and error bars are s.e.m. across sessions.

https://doi.org/10.1371/journal.pcbi.1007514.g002

this in each block, separately for the acquisition and reversal phases. The length of this vector
was equal to the size of the simultaneously recorded population. The mean activity (i.e. trial
averaged spike count) was further estimated in two, 250 ms bins, time locked to cue onset (Fig
3A; x; = 1-250 ms and x, = 251-500 ms) for each neuron. We collected these mean estimates
for all neurons into vectors, y, and collected the vectors into a matrix, U = [p1,1,1,1- - -Uimn,

o- - -H2.2.2.24]. The matrix U had 192 columns because each column of this matrix was one mean
response vector y (where the indices take on values / = 2 time bins x m = 2 choices x n =2
phases x 0 = 24 blocks; see methods). The number of rows in U was given by the number of
neurons simultaneously recorded. The maximum dimensionality in our data was, therefore,
192, because of the number of conditions analyzed. This dimensionality is the same if one
extracts eigenvectors from the Neuron x Neuron covariance matrix or the Conditions x Condi-
tions covariance matrix [6]. We then asked whether the activity from all the blocks could be
spanned by a smaller set of vectors [2]. If the mean activity vectors lie in a low dimensional
space, information about choices in our task would lie in this low dimensional space. We
examined this by carrying out singular value decomposition on the matrix U. We found that
we needed 25 dimensions to account for 80% of the variance and 52 dimensions to account for
90% of the variance in the activity (Fig 3C). Therefore, the activity across the blocks did not lie
in a space spanned by a few dimensions. Dimensionality was not, however, maximal, where
the maximum dimensionality would be 192.

Next, we examined dimensionality in What and Where blocks separately (Fig 3E). When
we did this we found that there was considerable overlap, but dimensionality was higher in
What blocks than in Where blocks (F(1, 5) = 55.3, p < 0.001). We also estimated the number
of dimensions required to account for 80% of the variance as a function of the number of
blocks included in the analysis, by randomly combining subsets of blocks. We found that the
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Fig 3. Single trial representations. A. Raster showing the response of a population of simultaneously recorded neurons from a single trial when the animal chose Direction
1 in a trial from the Where condition. Outline boxes show time windows, x; and x,, used to define activity vectors in analyses. B. Same as A for choice of Direction 2. C.
Cumulative fraction of variance explained in trial-averaged responses (i.e. the vectors y; from each block and phase) across all blocks of both conditions. Note that the matrix
only has 192 independent dimensions, so the cumulative variance saturates at 1 in dimension 192. D. Same as C for information dimensions, w = ¢, - 1. This matrix has 96
dimensions, so cumulative variance saturates in dimension 96. E. Cumulative fraction of variance explained in trial-averaged responses (i.e. the vectors y; from each block
and phase). Data is split out by What (Blue) and Where (Green) blocks. F. Same as E for informative dimensions, w. In addition, we also plot the dimensionality of a matrix
with the same dimensionality, but with vectors chosen to have random directions, and also the unity line which has a constant increase in variance. G. Dimensionality of trial
averaged responses as a function of number of blocks included in analysis. As we accumulate blocks in the analysis the dimensionality increases, also showing that the means
do not all lie in the same subspace. The y-axis was estimated by calculating the number of dimensions required to account for 80% of the variance in the PSTHs as we
aggregated randomly selected blocks. Note that the more independent (orthogonal) are the PSTHs in different blocks, the more dimensions will be required to span them as
we aggregate across blocks. H. Same as G for the informative dimensions. I. Cumulative variance accounted for in informative dimensions, w, after removing the first
principal component from both What and Where conditions. J. Cumulative variance accounted for with cross validation.

https://doi.org/10.1371/journal.pcbi.1007514.9003

dimensionality expanded in both What and Where conditions as we included more blocks,
but did so more quickly for What blocks than Where blocks (Fig 3G; F(1, 5) = 59.4, p < 0.001).

The previous analyses characterized the dimensionality in the mean responses for each
choice, y;. We next examined the dimensionality of the informative dimensions. For large pop-
ulations, ignoring noise correlations (see methods), the informative linear dimension in a sin-
gle block is given by w = y,,, - ,—f,,, = 1, i.€. the difference in the mean response vectors for the
two choices [25]. Therefore, we calculated the informative dimension for each block and
phase, by taking the difference between the mean response vectors. Then we collected the w’s
from each block, phase and time bin into a large matrix W= [w; 1 1.. . Wy, 0. . W22 24], as we
had done for the mean responses. This matrix had 96 columns because we have collapsed the
two choice vectors y; and p, into a single difference vector, w and therefore we halved the
number of dimensions. When we carried out SVD on this matrix we found that we needed 28
dimensions to capture 80% of the variance (Fig 3D). When we examined the task conditions
separately, we found that dimensionality was higher in What blocks than in Where blocks (Fig
3F; F(1, 5) = 54.82, p < 0.001) and the dimensionality grew more quickly in What blocks than
Where blocks (Fig 3H; F(1, 5) = 21.4, p = 0.006). In What blocks we needed 20 dimensions to
account for at least 80% of the variance in the informative dimensions and in Where blocks we
needed 14. Most of the difference between conditions, however, was driven by the first princi-
pal component. When this was removed in both conditions, there was no difference between
conditions (Fig 31; F(1, 5) = 4.33, p = 0.092).

We also examined the variance accounted for in cross validated data. We removed one trial
of each choice (e.g. one trial of choosing object 1 and one trial of choosing object 2), estimated
the SVD using the remaining trials, and then projected the held-out trial onto the eigen
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dimensions (Fig 3]). Note that the eigen-dimensions in these analyses (Fig 3) were computed
on the mean activity vectors from each block and phase, and when we cross-validate we are
computing the variance accounted for in a single trial, as opposed to the mean across trials.
Therefore, much of the variance of the single trial will be due to noise. Thus, the cross-valida-
tion analysis only captured a small amount of the variance in the held-out data. However, the
What condition was still higher dimensional than the Where condition (F(1, 5) = 15.2,

p =0.012).

The difference between conditions was more pronounced in the informative dimensions
(Fig 3F; w = pp—4) than it was in the mean activity (Fig 3E, y;). The reason is that the vector w
removes any components that are common to y; and p,. Specifically, if y; = x;+c, where x; is
specific to choice i and ¢ is common to both choices, the difference will only depend on x;: w =
x,—x1. The similarity in dimensionality between the two conditions seen in the mean activity
(Fig 3E) followed from the presence of common components, ¢, that had high variance. These
components reflect aspects of behavior that are common to all task conditions. (Note that if we
subtract the average activity across the two choices ¢ = (4,+4;)/2 from the mean activity in
each block, x; = y;—c, and examine the dimensionality of the x;, it is identical to the dimension-
ality of the w’s.) The subsequent analyses will be based upon the w’s as these reflect the
dimensionality relevant to the chosen options in each block. They can also be linked directly to
population information.

The previous studies that found low-dimensional representations used overlearned tasks
with few conditions. Although our task had only a few conditions, our conditions were not
conditions under which choices were made, they were conditions under which the animals
learned to make choices between objects or directions that differed in value. This learning may
have led to the dimensionality expansion across blocks we found in our task. More specifically,
the dimensionality in our task might be driven by learning preferences over new sets of objects
or direction in each block. This learning might drive representations into new, independent
regions or subspaces, in dIPFC. The learned representation in a single block might be low
dimensional, but every time choices were learned in a new block, activity was driven into a
new region of coding space, and correspondingly a new low dimensional subspace in dIPFC.
Therefore, across the experiment, the dimensionality was not low because every time a new
pair of images was learned, the dimensionality expanded. Every time the values of a new pair
of objects were learned the brain generated new patterns of activity. In the next analyses we
further explored this hypothesis.

Information and decoding

The dimensionality of the matrix W is a measure of the extent to which the informative dimen-
sions, w, from all blocks can be spanned by a smaller number of dimensions. This is a measure
of how orthogonal (or not) the w’s are. To further characterize this, we examined the extent to
which the informative dimensions were shared or similar across blocks of trials. If the informa-
tive dimensions from two blocks, A and B, are similar (i.e. the angle between them is small),
they can be used interchangeably for decoding. However, if they are close to orthogonal, there
will be little information about choices in block A, when the w from block B is used for
decoding.

For an arbitrary discriminant line, w,, the information about choices in a block of trials,

T — 2 . .
where the means for the two options are given by p,u, is: I = W This equation shows

s

that the angle between w, and w = Ay = p,—;, in the numerator, strongly affects the informa-
tion. If w, and Ay are orthogonal, information will be zero. If w; is the discriminant line from a
different block of trials, then the shared information across blocks will be a measure of the
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Fig 4. Information in subspace defined in various ways. Error bars in bar plots are s.e.m. and n = 6 (i.e. sessions) in all cases. Diagram at
the top shows example of how comparisons are defined. A. Relation between predicted and measured decoding performance for What
condition. Units are fraction correct. B. Information in the What condition in subspaces defined for the current block and phase (within),
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for other blocks of the other type (x-cond). C. Same as B for the Where condition. D. Relation between predicted and measured decoding
performance for Where condition. Units are fraction correct. E. Decoding performance shown as fraction correct for the What condition. F.
Same as E for the Where condition.

https://doi.org/10.1371/journal.pcbi.1007514.9g004

angle between w; and the w from the current block, since w = p,—u;. Although w is 2xN
dimensional for each block and phase, because of the two time windows, it can be vectorized
for calculations (see methods).

To examine this, we calculated information about choices in a block using various sub-
spaces (i.e. w’s from different phases or different blocks) identified in 4 ways (Fig 4 top). First,
we used the w that corresponded to the informative dimensions from the corresponding block
and phase (within). Second, we used the w for the opposite phase (i.e. acquisition to reversal
and vis-versa) from the same block (x-phase) to calculate information about activity in the cur-
rent phase. Third, we used w’s identified for the other blocks of the same condition and phase
(x-block). Fourth, we used w’s identified for the same phase of the blocks of the other condi-
tion (x-cond). If dIPFC used a (relatively) independent representation for each pair of objects
learned, there should be (significantly) less information about choices, when w’s from other
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blocks of either the same or opposite condition were used. If learning the values of a new pair
of objects drove activity into new dimensions in dIPFC, then there should be relatively little
information about choices shared across the relevant dimensions from different blocks. In
contrast to this, choices may be represented relative to value, in which case they may re-use the
same subspace, similar to what has been seen for BCI learning on short [26], but not long time
scales [27]. Furthermore, by comparing information between the acquisition and reversal
phases, we could see if changing choice-outcome associations drove activity into new dimen-
sions, when both the visual input and motor output remained constant, but the values
reversed. In addition, our design allowed us to compare the change across blocks of the What
and Where conditions. Because the saccade directions to be learned were preserved across
blocks, the Where condition controlled for confounding factors like time within a recording
session and potential non-stationarity in neural responses. If information was reduced across
blocks because of drifting neural activity, it should be present in Where blocks as well as What
blocks.

We first characterized similarity between w’s after learning, during the performance phase.
We did this by computing both information and decoding performance (see methods), in the
trials after learning (i.e. > trial 5 in each block) using leave 3 out cross-validation, where we
left out the trial to be tested as well as the preceding and following trials (Fig 4). For all analy-
ses, we projected the single-trial data from a given block (and phase) into one of the subspaces,
and then re-estimated the decoding boundary after the projection. Therefore, if the neural
activity only re-organized within the same dimensions, we would not lose information. How-
ever, if the neural activity re-oriented into different dimensions, it would no longer be
discriminable.

For the What condition, information and fraction correct varied depending on which sub-
space (i.e. w) was used (Fig 4B and 4E, Information: F(3, 15) = 18.3, p < 0.001; Decoding: F(3,
16) = 66.9, p < 0.001). Information and accuracy were higher, within than across phases
(Information F(1, 5) = 17.3, p = 0.012; Decoding: F(1, 2) = 88.6, p = 0.009), between blocks of
the same condition (Information: F(1, 15) = 14.9, p = 0.013; Decoding: F(1, 15) = 52.7,

p = 0.001) and were lowest in subspaces identified for the Where condition when they were
used on activity from the What condition (Information: F(1, 15) = 16.9, p = 0.010; Decoding: F
(1,16) = 208.9, p < 0.001). Therefore, learning values associated with new pairs of objects
occurred in relatively independent subspaces. Furthermore, reversing the stimulus-outcome
mapping also drove activity into a new subspace, and the largest difference in subspaces was
across conditions. There was, however, also some shared information across subspaces. Nei-
ther information nor decoding performance were driven to 0 or chance levels respectively.

Our primary focus, however, was on differences across conditions. Therefore, we next
examined decoding accuracy and information in the Where condition. We found that there
was a difference across the 4 subspaces (Fig 4C and 4F: Information: F(3, 15) = 32.9, p < 0.001;
Decoding: F(3, 15) = 32.9, p < 0.001). However, there was no difference between phases in
decoding (F(1, 4) = 0.1, p = 0.744) but there was in information (F(1,4) = 25.7, p = 0.006).
There was also no difference in decoding between blocks of the same condition (F(1, 4) = 6.0,
p = 0.068) but there was in information (F(1, 5) = 11.6, p = 0.022). There was lower decoding
performance and information in subspaces identified for What blocks when they were used on
activity from Where blocks (Information: F(1, 5) = 75.9, p < 0.001; Decoding: F(1, 5) = 30.0,

p = 0.003). Therefore, decoding of the chosen direction tended to be preserved across blocks of
the same condition and phases within blocks. However, there was a decrease in information.
When we directly compared conditions, we found that different blocks of the What condition
were more independent than blocks of the Where condition, because information dropped
more between the Within subspace and the other conditions for What blocks than Where
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blocks (Blocktype x Subspace, Information: F(3, 536) = 21.6, p < 0.001; Decoding: F(3, 507) =
18.3,p < 0.001).

On average, decoding and information were correlated (Fig 4A and 4D, What: r = 0.837,

p < 0.001; Where: r = 0.865, p < 0.001), although, measured decoding tended to be below pre-
dicted decoding, particularly for the x-cond comparison. To some extent the over-estimation
of actual decoding is due to cross validation and the limited number for trials. Decoding and
information can also diverge, particularly with limited trials, if population responses remain
separated in the subspace, but move closer together (e.g. see below Fig 6). Decoding and infor-
mation are a function of signal and noise in the relevant dimensions. Therefore, we also exam-
ined these separately, and found that the difference in decoding performance between the
What and Where conditions was due to a change in signal (Fig 5A and 5B; Comparison
between the “within” measure across conditions, t(10) = 2.6, p = 0.026), not a change in noise
(Fig 5C and 5D; t(10) = 0.6, p = 0.554). In an additional analysis we also characterized the prin-
cipal angle between subspaces, to characterize shared information across blocks. We found
that the angle between subspaces was larger for What blocks than Where blocks (Fig 5E and
5F; t-test between x-block of What and Where; t(10) = 5.9, p < 0.001).

These results support a consistent conclusion. Dimensionality is higher across blocks of the
What condition than the Where condition (Fig 3F). There is less shared information (although
not 0), and lower shared decoding (although not chance), across phases and blocks of the
What condition than the Where condition (Fig 4), which is consistent with the subspaces, w,
for different blocks being closer to orthogonal for the What condition. And, finally, direct
measures of the principal angle between subspaces for blocks of the What condition are higher
than between blocks of the Where condition (Fig 5E and 5F). Therefore, dimensionality was
higher across blocks of the What condition than across blocks of the Where condition. It is
important to note, however, that in neither condition were the dimensions completely orthog-
onal, and there was some shared information. Therefore, there are some dimensions that carry
information about choices across blocks in both the What and Where conditions. Further, we
have carried out the information analyses using the discriminant lines and one might wonder
what can be inferred about changes in activity, when there are changes in informative dimen-
sions. For example, one might think that the activity was discriminable along discriminant line
1 in block A, and becomes discriminable along discriminant line 2 in block B (as we have
shown). And that it is the case that the activity was already present along discriminant line 2 in
block A, but not discriminable. However, because of the geometry of information, activity can
be present and not discriminable along discriminant line 2 in block A, but it must additionally
be present in other dimensions that are orthogonal to discriminant line 2, which is our main
point. There must be unique dimensions across blocks, and this is supported by our analyses.

Learning dependent changes in information

We next examined changes in these subspaces, w, with learning (Figs 6 and 7). For the What
blocks we examined the hypothesis that population activity patterns depended only on the
chosen image. This would be a visual response that did not depend on value, and therefore did
not change with learning. The x-phase analysis (Fig 4) has already characterized this in one
way. To characterize changes around the reversal period, trial-by-trial, we analyzed changes
across phases, from acquisition to reversal (Fig 6). As shown previously, acquisition choices
projected into the acquisition subspace (Fig 6A Red and Blue) and reversal choices projected
into the reversal subspace (Fig 6B Orange and Cyan), for an example What block, were well
separated in their corresponding subspaces. However, when we projected reversal trials into
the acquisition space (Fig 6A Orange and Cyan) or acquisition trials into the reversal space
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angles for the What condition. This is the angle between the subspace for the current block and the opposite phase of the
current block (x-phase), other blocks of the same type (x-block) and other blocks of the other type (x-cond). Note the
principal angle is given by the matrix norm of the matrix of dot products between all dimensions of each subspace. F.
Principal angles for the Where condition. The principal angle is larger between subspaces for different blocks of the What
condition than the where condition.
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(Fig 6B Blue and Red) they were less well separated. This could also be seen in an example
Where block (Fig 6C and 6D). In addition, it can be seen in the example Where block, that the
reversal trials remain linearly separable in the Acquisition subspace (Fig 6C, Cyan and Orange
dots), even though they move closer together. This is consistent with a decrease of information
without a decrease in decoding accuracy since information is the distance between the clouds
and accuracy is the fraction of points that can be linearly separated. Furthermore, in the rever-
sal phase, the first few trials following the reversal have activity patterns consistent with the
acquisition phase (Fig 6B and 6D, numbered points for each choice). Thus, it takes a few trials
for the animals to infer the reversal, and during this period the population activity patterns are
more consistent with the acquisition phase [15]. When we examined this effect on average, we
found, consistent with initial learning, that reversing the choice-outcome mapping drove
activity into a new subspace for What blocks (Trial x Subspace; F(58, 290) = 17.4, p < 0.001)
and Where blocks (Trial x Subspace; F(58, 290) = 16.5, p < 0.001).

We further characterized changes during initial learning. If the activity only reflected the
visual attributes of the chosen image, then the population activity during initial learning should
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be the same as the population activity after learning. The other possibility is that the subspace
changed as the values of the images were learned. In this case, population activity will initially
differ from the population activity after learning, converging to the learned distribution as val-
ues are learned. To characterize this we projected the population activity, trial-by-trial, into the
low dimensional space w specific to the current block (within) as well as other blocks of the
same condition (x-block) for comparison. We then compared the activity early in learning to
the activity later, as the choice values were learned. Activity was compared by calculating the dif-
ference in Mahalanobis distances between single trials and the centroid of the distribution for
the opposite and chosen options in each trial (see methods). As neural activity in single trials
approached the learned distribution for the chosen option and moved away from the distribu-
tion for the unchosen option this distance should increase. We found that the population activ-
ity did not distinguish the chosen options when they were initially chosen (Fig 7A and 7C).
When we projected the population activity, trial-by-trial, onto the low dimensional space rele-
vant to decoding, we could see that the activity patterns tended to be similar for choices of the
two options in the early trials (Fig 7A, Ft1 and Ft2). However, as the animals gained experience
with the options, and they learned which one was more valuable, the activity patterns became
more differentiated, and converged to the stable distribution seen following learning. When we
examined this on average, we found that the activity patterns in the first few trials were more
similar for the two choices. However, with learning the patterns became more differentiated
(Fig 7C). When we compared the relative information within the block’s subspace to the relative
information in subspace from other blocks of the same type, the distances diverged with learn-
ing (Trial x Subspace; F(24, 120) = 3.7, p < 0.001). We also found that these distances diverged
in the Where blocks with learning (Fig 7B and 7D; Trial x Subspace; F(24, 120) = 2.1, p = 0.005).
When we examined the first trials, we found that they were different in the Where blocks (F(1,
5) =534, p = 0.001), but not in the What blocks (F(1,5) = 0.0, p = 0.955). Thus, the neural sub-
spaces in dIPFC did not simply reflect choice of an object or choice of a direction. They changed
with learning and therefore reflected the learned values associated with these choices. There
was, however, more overlap in the subspace for learned directions than learned objects, again
consistent with the dimensionality of the spaces and the preserved information and decoding
performance across blocks in the Where condition, relative to the What condition.

Dimensionality of reward related activity

In a final series of analyses, we examined the dimensionality of the neural activity at the time
of reward delivery (Fig 8). We again used two 250 ms bins, but this time locked to the time of
reward (or no reward). In these analyses we defined the mean activity vector y,, for the simul-
taneously recorded population for rewarded and unrewarded trials (i.e. m = I for reward and
m = 2 for no reward), instead of direction or chosen image related activity. When we com-
pared the dimensionality of the neural responses to reward in What and Where blocks, we
found that there were no differences between conditions (Fig 8A; F(1, 6) = 2.0, p = 0.216).
When we examined the dimensionality of the difference between rewarded and non-rewarded
trials, W = f = reward—Hm = noreward» there was also no difference between the What and Where
conditions (Fig 8C; F(1, 6) = 2.7, p = 0.162). There were also no differences when we examined
the number of dimensions required to account for 80% of the variance in the average activity
(Fig 8B; F(1, 6) = 2.6, p = 0.169)) or the differences, w (Fig 8D; F(1, 6) = 1.7, p = 0.252). There-
fore, there were no differences in the dimensionality of the neural responses that encoded
reward outcome between What and Where blocks.

When we examined information and fraction correct for rewarded vs. non-rewarded out-
comes, we found that the Information did not vary across subspaces (i.e. comparing within, x-
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phase, x-block and x-cond) for the What condition (Fig 8E; F(3, 5) = 0, p = 1.000) or the
Where condition (Fig 8F; F(3, 5) = 0.8, p = 0.509). There were differences in fraction correct
across subspaces for the What condition (Fig 8G; F(3, 5) = 4.1, p = 0.026) and the Where con-
dition (Fig 8H; F(3, 5) = 4.8, p = 0.016). Thus, there tended to be no variation in information
about reward outcome across subspaces, although there was a small variation in fraction
correct.

Discussion

The neural code for the value of choices in dIPFC exists in a high dimensional space, where the
maximum number of dimensions is given by the total number of neurons. We recorded from
large populations of these neurons using 8 Utah arrays, with 4 implanted in each hemisphere.
Although the total number of possible activity patterns in our recorded populations is very
large, the number of patterns generated in any given experiment is only a small fraction of
this. When we estimated the number of dimensions visited in our experiment, which is a mea-
sure of the total diversity of population patterns, we found that the dimensionality of neural
activity across a session was higher for learning the values of novel pairs objects than it was for
learning the values across a pair of directions, in dIPFC. When we examined this block-by-
block, we found that object value, for different pairs of objects, was represented in different
dimensions or regions of dIPFC coding space. Because of the high dimensionality of prefrontal
population codes, this led to reduced interference or cross-talk about object value between
blocks. Therefore, when the values for a new pair of objects was learned, they did not interfere
with the learned values from other blocks. When values were learned for new pairs of objects,
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the brain can use new regions of coding space to segregate those value from the values of other
pairs of objects. On the other hand, when the animals learned action values, for actions that
were repeated across blocks, activity for action value in different blocks re-occurred in the
same regions of coding space. When we examined the changes of action and object representa-
tions with learning, we found that it was not only the visual image and motor kinematic prop-
erties that drove representations into novel coding regions. Prefrontal cortex population
representations did not distinguish choices of the two images when they were first chosen. The
representation began to distinguish choices of the images as their values were learned. This
was also true, although to a smaller extent, of action values. Therefore, dIPFC population rep-
resentations do not simply reflect visual stimulus or motor properties of choices, they also
reflect the values of the objects or actions.

The recent advent of technologies for very high channel count recordings (HCRs) has
driven increased interest in understanding how populations of neurons code information [10,
28]. Dimensionality reduction techniques have been used to understand HCR data [2, 5, 29].
These techniques allow one to reduce the dimensionality of datasets, such that neural activity
can be visualized in 2 or 3 dimensions instead of the 100s of dimensions present in the original
data. When the dimensionality is reduced, however, variance must be thrown away. This raises
the question of whether something is being missed when the dimensionality is reduced. Sur-
prisingly, it is often the case that relatively low dimensional approximations can capture much
of the variance in high dimensional datasets [2, 3, 23, 24, 30, 31]. This shows that neural activ-
ity in populations of neurons resides on relatively low dimensional manifolds. Stated another
way, only a subset of the possible patterns of activity that can theoretically be produced by a
population are produced.

Theoretical work has shown that the low dimensional nature of many datasets, particularly
from experiments in which animals are executing simplified tasks, arises because of the limited
number of task conditions[6]. When there are few conditions, neural activity cannot be driven
to explore high dimensional space, and therefore the responses of even a large population of
neurons can be approximated using a relatively small number of dimensions. This also
accounts for previous findings that a few neurons can account for the behavior of animals rela-
tively well [32]. Why do we need neural populations if this is the case? The answer (at least one
of the answers) is that, when tasks become more complex, the dimensionality of the neural
representation underlying the task becomes higher, and a larger number of neurons is
required to span the increased dimensionality [6, 23]. Much of the low-dimensional nature of
neural representations in laboratory experiments comes from the restricted conditions. In nat-
ural behaviors neural activity would necessarily explore higher dimensional space.

We found that dimensionality was higher across blocks of the What condition than across
blocks of the Where condition. The dimensionality is a function of both the number of condi-
tions used in the task, and, the difference in the pattern of population activity across the condi-
tions [6]. If we had used different directions across blocks, the dimensionality of the Where
condition would likely have been higher. However, there would be a limit to the dimensional-
ity increase possible with directions. This is because direction of eye movements in cortex is
encoded by relatively smooth Gaussian functions. Thus, two similar directions would lead to
similar patterns of population activity, and therefore they could be represented with similar
dimensions in coding space. Objects, on the other hand, occupy a much larger dimensional
space. Had we used, for example, oriented Gabor patches instead of images, we would likely
have found a lower-dimensional space, similar to what was seen with directions [33].

Many of the previous studies on dimensionality have focused on temporal dynamics,
whereas we have focused mostly on static population codes. However, temporal dynamics and
the complexity of the code for decisions, drive dimensionality in a related way, at least as they

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007514  April 24, 2020 16/26


https://doi.org/10.1371/journal.pcbi.1007514

PLOS COMPUTATIONAL BIOLOGY Dimensionality, information and learning

are normally analyzed [6, 34]. Temporal dynamics function as another task dimension. There-
fore, if we included temporal dynamics (beyond the two time points we used) we would have
arrived at a similar answer with respect to learning driven increases in dimensionality.
Although we explored this option, we did not have enough trials in each block to accurately
estimate both temporal dynamics and coding of object choice.

Other studies have examined neural population dimensionality in other ways. For example,
in V1, the dimensionality of neural representations is maximal when the system is driven
using white noise stimuli, which have no spatial or temporal structure [33]. In addition, Cow-
ley et al. found that gratings and natural movies drove population responses within a subset of
the dimensions driven by the white noise stimuli. Another study compared dimensionality in
V1 and motor cortex and found that the dimensionality was primarily constrained in motor
cortex by temporal correlations among neurons, which reflect the intrinsic dynamics of the
motor system [4, 35]. In visual cortex dimensionality was primarily constrained by shared tun-
ing properties of the neurons. Therefore, the way in which dimensionality of neural population
activity is constrained may reflect the underlying computational role of the population, and
likely will not be a generic property of neural populations. Our study shows that dimensional-
ity of neural activity in dIPFC is a function of the actions and objects about which the animals
is learning, and the learned values of those options.

Other work has examined learning of population patterns of activity, in the context of a
closed-loop brain machine interface experiment [36]. This study found that it was easier for
animals to learn to control a BMI cursor, when the mapping between neural activity and cur-
sor motion required the generation of population patterns of activity that were within the
manifold that characterized activity during normal behavior. When the animal was required to
generate patterns of activity off this manifold to drive the cursor, learning was more difficult.
Recent follow up analyses have further characterized this result by showing that the learning
primarily drove re-association of activity patterns present before learning to new movements
[26], although additional experiments have shown that new patterns can be generated with
additional training [27]. Thus, motor cortex can generate new patterns of activity, but only
after extensive training. This result, in combination with our result, raises the question of
whether it would be easier for some brain areas, for example dIPFC, to learn to generate novel
patterns of activity. Or, whether the dimensionality expansion we have seen in our experiment
is related to the fact that we have only explored learning of a relatively small set of objects rela-
tive to what one can learn in life. It is possible that the dimensionality would eventually satu-
rate. If we assume that Hopfield networks are an approximate model of dIPFC learning, a
capacity limit would eventually be reached [37]. Whether the dIPFC manifold is higher dimen-
sional than the motor cortical manifold remains an open question. It is also not clear from
these experiments whether we are driving neural activity into regions of coding space that
have never been previously visited. However, it is possible because the animals have never seen
these images before, and they have never learned the values of these images. Learning is likely
to be important for driving novel patterns of neural activity.

Recently it has been shown that dIPFC neurons show mixed selectivity [38], and that this
selectivity can develop with Hebbian learning[39]. Whether Hebbian mechanisms are engaged
by RL is currently unclear. Mixed selectivity gives dIPFC neural populations a flexible repre-
sentation of task relevant variables, such that they can be decoded or read out in arbitrary
ways. Thus, one can build a linear decoder to discriminate arbitrary associations between sti-
muli and actions. These arbitrary associations represent cognitive rules, for example, green
means go and red means stop, and not values. Although, if one is unable to learn the correct
cognitive rules there will be clear value implications. These flexible representations arise
because of the non-linear mixing of the representation of task variables in neural activity. The
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nonlinear mixing effects expand the dimensionality of the neural representation relative to
strictly linear encoding. However, the effects are due to fixed nonlinear interactions between
task factors within single trials, whereas our effects accumulate across blocks and do not occur
within single trials. Furthermore, mixed-selectivity addresses a different question than we are
addressing. Mixed selective representations allow for linear decoding of arbitrary combina-
tions of fixed, over-learned task conditions, which gives these codes their flexibility. Whereas
we are examining the effects of learning on increasing the dimensionality, or the number of
regions visited by neural activity, of dIPFC representations.

PFC representations and reinforcement learning

Most studies of learning have focused on how we learn a single decision between a pair of
objects in bandit tasks [40, 41], or in Pavlovian paradigms the state value of a stimulus [42]. In
real life, however, we must learn and track the values of a large number of objects and actions.
While visual cortex can generate population representations that distinguish among large sets
of objects [43], it has not been clear how values can be learned across large sets of objects. Here
we show that when values for pairs of objects are learned, these representations form in regions
of dIPFC coding spacing that are relatively independent of the regions used to represent other
pairs of objects. This provides an easy way to distinguish values for novel pairs of objects, since
the values for the different pairs can be read-out using different decoding models. This is
because of the mapping between novel regions of coding space and the corresponding decod-
ing models. Thus, dIPFC population codes make efficient representations.

The learned representations in dIPFC were not a simple consequence of the visual stimuli
used or the motor response required, as might be the case in sensory or motor areas. The rep-
resentations developed with learning, and changed when the values of the choices were
reversed [15]. Thus, learning drove neural activity into parts of population space that would
not be explored under passive visual experience or motor activity, because passive visual expe-
rience and motor activity did not change across learning, but the neural representation did.
There was also some evidence that reversing stimulus outcome or action outcome mappings
drove activity away from the subspace used for the opposite mapping for action learning. This
suggests an active process, where reversing values on actions drove activity into regions of cod-
ing space that were more different than relearning the values of actions in a different block.

The exact role of the dIPFC in learning in this task is not currently clear. We have previ-
ously shown that lesions to the ventral-striatum causes deficits specific to the What condition
in this task, with no effects on the Where condition [17]. We have also shown, in other work,
that dopamine antagonist injections into the dorsal striatum, can disrupt action learning, likely
consistent with our Where condition [44]. Because the dIPFC has strong anatomical connec-
tions with the dorsal striatum and not the ventral striatum, this would suggest that the repre-
sentations we see in dIPFC may be more critical for Where learning than What learning [45].
However, it is still unclear how cortex and striatum interact to drive learning in these para-
digms. Much work emphasizes a specific role for cortical circuits across broad classes of learn-
ing problems [46]. Additional work will be required to understand how diverse frontal-striatal
circuits, and their interaction with the thalamus, amygdala and other structures underlie dif-
ferent forms of learning.

Conclusion

Opverall, our data support the conclusion that learning to choose between good and bad objects
or actions drives dimensionality expansion in dIPFC. Although these signals exist in dIPFC,
they likely exist elsewhere too. We did find, however, that learning the values of new pairs of
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objects drives novel patterns of activity in dIPFC populations, that exist in subspaces relatively
independent of those generated for other pairs of objects. Furthermore, these subspaces
change with learning, such that passive experience with the objects or actions does not gener-
ate these patterns of activity. In addition, reversing the values of the objects also drove activity
into novel locations in dIPFC coding space. Finally, learning and relearning reward values for
a preserved set of directions reuses similar locations in dIPFC coding space. Overall, this study
shows that learning is a dynamic process, and learning the difference between good and bad
choices can drive novel patterns of neural activity in dIPFC.

Methods
Ethics statement

All experimental procedures were performed in accordance with the ILAR Guide for the Care
and Use of Laboratory Animals and were approved by the Animal Care and Use Committee of
the National Institute of Mental Health. Two male monkeys (Macaca mulatta, W—6.7kg, age
4.5y0, V—7.3kg, age 5yo) were used as subjects in this study. All analyses were performed
using custom made scripts for MATLAB (The Mathworks, Inc.).

Task

Each block consisted of 80 trials and one reversal of the stimulus based or action based reward
contingencies (Fig 1A). On each trial, monkeys had to acquire and hold a central fixation
point for a random interval (400-600 ms). After the monkeys acquired and held central fixa-
tion, two images appeared, one each to the left and right (6° visual angle from fixation) of the
central fixation point. The presentation of the two images signaled to the monkeys to make
their choice. The monkeys reported their choices by making a saccade to their option, which
could be based on the image or the direction of their saccade. After holding their choice for
500 ms, a reward was stochastically delivered. In What blocks one of the images was rewarded
70% of the time and the other 30%, and in Where blocks one of the directions was rewarded
70% of the time and the other 30%. If the monkeys failed to acquire central fixation within 5s,
hold central fixation for the required time, or make a choice within 1 s, the trial was aborted
and they repeated the trial.

Each block used two novel images. The images were randomly assigned to the left or right
of the fixation point for every trial. The images were changed across blocks but remained con-
stant within a block. What and Where blocks were randomly interleaved throughout the ses-
sion. For What blocks, reward probabilities were assigned to each image, independent of the
saccade direction necessary to select an image. Conversely, for Where blocks, reward probabil-
ities were assigned to each saccade direction, independent of the image at each location. The
block type (What or Where) was held constant for each 80-trial block. There were 12 blocks of
each condition in each recording session. The choice-outcome mapping was reversed on a
randomly chosen trial between 30 and 50, inclusive. The reversal trial was independent of the
monkey’s performance and was not signaled to the monkey. At the reversal in a What block,
the less frequently rewarded image became the more frequently rewarded image, and vice
versa. At the reversal in Where blocks, the less frequently rewarded saccade direction became
the more frequently rewarded saccade direction, and vice versa.

Images provided as choice options were normalized for luminance and spatial frequency
using the SHINE toolbox for MATLAB [47]. All images were converted to grayscale and sub-
jected to a 2-D FFT to control spatial frequency. To obtain a goal amplitude spectrum, the
amplitude at each spatial frequency was summed across the two image dimensions and then
averaged across images. Next, all images were normalized to have this amplitude spectrum.
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Using luminance histogram matching, we normalized the luminance histogram of each color
channel in each image so it matched the mean luminance histogram of the corresponding
color channel, averaged across all images. Spatial frequency normalization always preceded the
luminance histogram matching. Each day before the monkeys began the task, we manually
screened each image to verify its integrity. Any image that was unrecognizable after processing
was replaced with an image that remained recognizable.

Eye movements were monitored and the image presentation was controlled by PC comput-
ers running the MonkeyLogic (version 1.1) toolbox for MATLAB [48] and Arrington View-
point eye-tracking system (Arrington Research, Scottsdale, AZ).

Data acquisition and preprocessing

Microelectrode arrays (BlackRock Microsystems, Salt Lake City, USA) were surgically
implanted over the prefrontal cortex (PFC), surrounding the principal sulcus (Fig 1B). Four
96-electrode (10x10 layout) arrays were implanted on each hemisphere. Details of the surgery
and implant design have been described previously (Mitz et al., 2017). Briefly, a single bone flap
was temporarily removed from the skull to expose the PFC, then the dura mater was cut open
to insert the electrode arrays into the cortical parenchyma. The dura mater was then sutured
and the bone flap was placed back into place and attached with absorbable suture, thus protect-
ing the brain and the implanted arrays. In parallel, a custom designed connector holder, 3D-
printed using biocompatible material, was implanted onto the posterior portion of the skull.

Recordings were made using the Grapevine System (Ripple, Salt Lake City, USA). Two
Neural Interface Processors (NIPs) made up the recording system, one NIP (384 channels
each) was connected to the 4 multielectrode arrays of each hemisphere. Behavioral codes from
MonkeyLogic and eye tracking signals were split and sent to each NIP. The raw extracellular
signal was high-pass filtered (1kHz cutoff) and digitized (30kHz) to acquire single unit activity.
Spikes were detected online and the waveforms (snippets) were stored using the Trellis pack-
age (Grapevine). Single units were manually sorted offline. Data was collected in 6 recording
sessions (3 sessions per animal).

Subspace identification

Our analyses of population activity began by identifying informative subspaces. Informative
dimensions (equivalent to linear discriminant lines generated with Fisher Discriminant Analy-
sis) are given by

w=Q'Au

Where Q is the noise covariance matrix, and Ay = p,—p; is the vector of differences in mean
responses for the two conditions[7, 49]. The vector y; is given by the average response of the pop-
ulation for choice ie{1,2}. In What blocks the choices, i, corresponded to the two images and in
Where blocks the choices corresponded to the two directions. The elements, j, of the vector are
the average response, x, of each neuron j, where the expectation is taken across trials, k, to choice
i:p; =1K S, x; ;.- Because we did not have a large number of trials to estimate the model,
we approximated the covariance matrix, Q, by the identity matrix. We and several others have
shown in the past that diagonal approximations to Q often perform as well as the full Q, and
other groups working with very large numbers of neurons are taking the same approach[25].
Assuming an identity matrix is equivalent to carrying out nearest centroid classification[50]. As
shown in the results, decoding performance was high, so this approximation worked well. We
tried several regularized logistic regression approaches, but found that using the difference in
means to define w gave the best performance. Therefore, for our analyses we used w = Ay.
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We defined linear discriminant lines, w, for each phase (i.e. acquisition and reversal) of
each block, and we also estimated w’s for two time bins (0-250 and 251-500 ms after cue
onset) in each block and phase. Therefore, the informative subspace for a single block and
phase was two dimensional—one dimension for each time bin. These initial informative
dimensions were identified using leave-3-out cross validation. Therefore, the dimension, w
was estimated separately for each trial to be tested, by first leaving out the current trial, and the
preceding and following trial, when the averages, y; j, were calculated.

In some blocks, when the animal rapidly discovered the correct option and chose it almost
exclusively, insufficient trials were available to estimate the model, because we needed suffi-
cient trials of each choice. These blocks were not analyzed. We also removed the first 4 trials of
each block and treated these as learning trials. This was because the animals’ choice accuracy
exceeded chance (p < 0.05) on trial 4 of the What condition and on trial 6 of the Where condi-
tion. Therefore, the informative subspaces were defined on the neural activity after learning
and during performance.

Dimensionality and variance

To estimate dimensionality in each condition, we carried out singular value decomposition on
the matrix of linear discriminant lines, w accumulated across blocks and phases, or on the
matrix of means, y; as indicated in the results. For estimates of dimensionality the linear dis-
criminant lines were averaged across the cross validated trials for each block and phase. We
collected these into a matrix defined by

W= [W1,1.1 Wi W24.2,2]

Where the subscript [ indicates block (1<I<24), m indicates the acquisition or reversal phase
(1<m<2) and n indicates time bin (1<n<2). The row dimensionality of this matrix was given
by the number of neurons in each session, S, and the column dimensionality by the number of
blocks, phases and time bins (I x m x n = 96). In all analyses we had more neurons than dis-
criminant lines (96 for the whole task, 48 for each condition type), so the conditions and not
the neurons constrained the rank of the matrix. To estimate the variance accounted for as a
function of dimensions for the whole experiment, we did an eigenvector decomposition of
WWT. In a second analysis this was estimated separately for each condition. For this we split
W, putting the What blocks (n = 12) into one matrix and the Where blocks (n = 12) into the
other and carrying out the eigen decomposition on each matrix separately.

Decoding performance

When we carried out the decoding analysis, we first projected all data into the indicated sub-
space, preserving the cross validation. For example, when we carried out the decoding analysis
‘x-phase’, we projected the data from the acquisition phase of the block, trial-by-trial, into the
reversal phase subspace of the same block, or vice-versa. We therefore projected each individ-
ual trial, x;, into the indicated subspace W1 ,;:
Zy = WEmXi,k7

Where the matrix W,,,, = [Wy,,,.1,W.m2] has two columns, one for each time bin, and / and m
indicate the block and phase, as above. After projection of the data into this subspace, we car-
ried out leave-one-out cross validated linear decoding by re-estimating decision boundaries in

the new subspace. This was done by computing means within the new subspace, , * =

K'Y, z;;, and then calculating the Mahalanobis distance between each trial and the

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007514  April 24, 2020 21/26


https://doi.org/10.1371/journal.pcbi.1007514

PLOS COMPUTATIONAL BIOLOGY Dimensionality, information and learning

corresponding mean for each condition,

i i

M, = (2, — w)'Q (7, — ).

For these distance measures we used cross validated pooled covariance matrices, Q, estimated
using leave-one-block out cross validation. Therefore, these distances were calculated using
covariances estimated from all trials not including the trials from the current block. Similar
answers were obtained when Q was replaced by the identity matrix. The trial was then classi-
fied to the category, i, to which it had the smallest distance, M;. Therefore, if the neural activity
only changed location within the same subspace across conditions, classification performance
would not change.

Information measure

We computed information after projecting the data into the informative subspaces, as
described for the decoding analyses. To simplify, for the information measure, we stacked the

w(t)
relevant w’s for the two time bins into one long vector, i.e. w = , and also stacked
w(t+1)
x(t)
the activity for the two time bins into another vector e.g. x = , and then carried
x(t+1)
out the projection. After projecting onto this stacked w, information can be calculated with:
2
[= (,u2 - ,“1)
=

The means, y; and variance, o> were estimated after the data was projected into the subspace.
After projection, y; is a scalar, and o is the variance of the scalar distribution. We can estimate
the fraction of errors[7], i.e. the fraction of times the model (m) and the animal (c) did not
choose the same option,

2
plm=2lc = 1) = (20) " exp ().

We compared this estimate, based upon our information calculation, to the results of carrying
out cross validated decoding on the data after projecting onto w (Fig 4D). For an arbitrary pro-
jection, wy, the information is given by:

(WsT(:“Q B :“1))2 )

I =
W Qw,

Note that if we plug in the optimal linear estimator, w = Q™' Ay, this is the equation for Fisher
Information[7].

Mahalanobis distance for learning analyses

We also calculated the trial-by-trial Mahalanobis distance during learning, to examine the evo-
lution of neural representations. Specifically, if z; . is the population response on trial k in
which the animal chose option i, after projection into the corresponding subspace, the Mahala-
nobis distance to the distribution for option i is
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Correspondingly, the distance to the distribution for option j is

M; = (zy — ujz)TQil(Zi,k - uJZ)

The plotted values for learning in the results are Ainformation = M;—-M,;, i.e. the difference
in the distances to the distributions for the two choices. As the activity nears the learned distri-
bution for the correct response, M;—0 and M; increases. Thus, Ainformation increases with
learning, as shown.

Single neuron ANOVA

We carried out an ANOVA analysis on the responses on each single neuron, in 50 ms bins
time locked to cue onset. The data for each recording session was first split into trials of the
What and Where condition, which were analyzed separately. In each single trial, spikes were
counted in 50 ms bins. The set of bins at a fixed time relative to cue onset were then subject to
a univariate ANOVA, with fixed factors of chosen image, chosen direction, the current value
of the choice estimated with a Rescorla Wagner RL model [17], the current block, and whether
areward was delivered. Image was nested under block as they were not comparable across
blocks. Value was entered as a continuous variable. Results are reported as fraction of signifi-
cant neurons at p < 0.05. Note that larger time bins would lead to a larger fraction of the popu-
lation being significant for each factor.
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