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Neurons in posterior parietal cortex (PPC) encode many aspects of the sensory world (e.g., scene structure), the posture of the body,
and plans for action. For a downstream computation, however, only some of these dimensions are relevant; the rest are “nuisance
variables” because their influence on neural activity changes with sensory and behavioral context, potentially corrupting the read-out
of relevant information. Here we show that a key postural variable for vision (eye position) is represented robustly in male macaque
PPC across a range of contexts, although the tuning of single neurons depended strongly on context. Contexts were defined by differ-
ent stages of a visually guided reaching task, including (1) a visually sparse epoch, (2) a visually rich epoch, (3) a “go” epoch in which
the reach was cued, and (4) during the reach itself. Eye position was constant within trials but varied across trials in a 33 3 grid
spanning 24° 3 24°. Using demixed principal component analysis of neural spike-counts, we found that the subspace of the popula-
tion response encoding eye position is orthogonal to that encoding task context. Accordingly, a context-naive (fixed-parameter) de-
coder was nevertheless able to estimate eye position reliably across contexts. Errors were small given the sample size (;1.78°) and
would likely be even smaller with larger populations. Moreover, they were comparable to that of decoders that were optimized for
each context. Our results suggest that population codes in PPC shield encoded signals from crosstalk to support robust sensorimotor
transformations across contexts.
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Significance Statement

Neurons in posterior parietal cortex (PPC) which are sensitive to gaze direction are thought to play a key role in spatial per-
ception and behavior (e.g., reaching, navigation), and provide a potential substrate for brain-controlled prosthetics. Many,
however, change their tuning under different sensory and behavioral contexts, raising the prospect that they provide unreli-
able representations of egocentric space. Here, we analyze the structure of encoding dimensions for gaze direction and context
in PPC during different stages of a visually guided reaching task. We use demixed dimensionality reduction and decoding
techniques to show that the coding of gaze direction in PPC is mostly invariant to context. This suggests that PPC can provide
reliable spatial information across sensory and behavioral contexts.

Introduction
To reach for an object, the brain needs to combine visual infor-
mation with internal postural signals, including the position of
the eyes and the position of the hand (Soechting and Flanders,
1992). Thus, like most brain functions, the computations for
reaching incorporate many variables that change over short time
scales and that must be estimated from internal sources of infor-
mation. This information is encoded in the rates or timing of
spiking activity across a population of neurons (i.e., as a “popula-
tion code”), and is pooled in downstream computations (Pitkow
and Angelaki, 2017).

Spiking patterns, however, are “noisy”; they change across
seemingly identical repeats of a stimulus or behavior. Some of
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this variability is stochastic, but it also includes contributions
from experimentally uncontrolled internal (e.g., thoughts, inten-
tions, arousal) and external (e.g., image background or lighting)
variables that could, in principle, be predicted (Niell and Stryker,
2010; Masquelier, 2013; Pachitariu et al., 2015). Single neurons
in area 7a of the posterior parietal cortex (PPC), for example, are
sensitive to variables, including retinal stimulus location, eye
position, spatial attention, reach trajectory, and vestibular input
(Motter and Mountcastle, 1981; Andersen et al., 1985; MacKay,
1992; Quraishi et al., 2007; Avila et al., 2019). Hence, the context
in which a downstream computation is performed consists of the
joint state of all these variables.

A key question is how computations remain robust across
contexts. Consider a population in which each neuron is sen-
sitive to three variables (a, b, and c) and a downstream area
that computes a function that incorporates estimates of only
two (e.g., f ¼ â1b̂). Here, changes in activity related to the
value of c pose a threat to the computation; it is a nuisance
variable and must be factored out. Information must therefore
be encoded in a way that provides robust access to â1b̂

regardless of context. This is not achieved in single neurons; a
scalar spike-count cannot separate these variables. Worse,
many neurons have “mixed” selectivity, in which their tuning
for one variable changes depending on the values of others
(Quraishi et al., 2007; Heider et al., 2010; Rigotti et al., 2013;
Kim et al., 2016).

We recently reported a striking example of mixed tuning in
area 7a and the dorsal prelunate area (DP) of macaque PPC dur-
ing a visually guided reaching task in which the location of a fixa-
tion point was varied across trials (Heider et al., 2010; Karkhanis
et al., 2014). Single neurons were strongly tuned to fixation posi-
tion, consistent with previous reports in PPC (Andersen et al.,
1985). This tuning, however, changed within trials as the context
changed, reversing spatial selectivity in some cases (see Figs. 1B–
D and 3). Many of the contextual nuisance variables were observ-
able (e.g., changes in the visual stimulus and the animal’s arm
position), whereas others were unobservable but presumed (e.g.,
changes in attention and motor planning) (Andersen et al., 1997,
1998; Gottlieb et al., 1998; Snyder et al., 1998; Quraishi et al.,
2007).

Figure 1. Single neurons in PPC have different tuning for eye position across behavioral and sensory contexts. A, Animals performed a visually guided reaching task that we partitioned into
four analysis epochs (i.e., contexts), indicated by the colored labels (the context-color mapping shown here is maintained throughout the paper). Animals maintained fixation throughout each
trial on a small dot at one of nine positions arranged in a 3� 3 grid (shown as plus symbols but not visible on the actual display). Shortly after the onset of fixation, a cloud of moving dots
appeared within a circular aperture (diameter = 12°) centered on the fixation point. The dots moved in a radial expansion pattern simulating optic flow. After a delay (1-2 s or 2-3 s, in separate
sessions), the dots switched from expansion to random, incoherent motion. This was the “go” cue, signaling the animal to move its hand from a resting position near the torso toward the dis-
play and touch the dot cloud. While the animal performed the task, we recorded the activity of neurons in areas 7a or DP with single electrodes. B, Peristimulus time histograms (100ms bins)
for an example neuron from area DP (MFR06102), aligned to the onset of the Optic Flow or Reach context. Each subpanel corresponds to one position, arranged to match the grid of eye posi-
tions in the task. The neuron showed strong effects of context and eye position on spike-counts. C, The data from B, plotted as a 2D spatial tuning curve (i.e., EPF), separately for two task con-
texts. The data points are the mean spike-counts (6SEM) for all 100 ms windows within each context and pooled over trials. The fitted regression surfaces (Eq. 3) provide a quantitative link
between eye position and neural activity in each context and form the basis of our probabilistic decoder (see Fig. 2). The neuron shows a striking change in spatial tuning across contexts.
Although this is an extreme case to illustrate the phenomenon (see D), all neurons that had significant spatial tuning changed the shape of their EPFs across contexts (Heider et al., 2010).
D, The scatterplot (left) shows that eye position tuning was more similar when two independent datasets from the same context were compared (within-context correlation) than when the
datasets came from different task contexts (cross-context correlation). The independent datasets were obtained by repeatedly subsampling the available spike-counts into two sets, from either
the same or different contexts, and then calculating the means for the nine eye positions and correlating the two sets. Each point in the plot is the mean correlation across 5000 resampled
sets for the Optic Flow and Fixation contexts. B, C, Amber circle represents the example neuron. Right, Ratios of cross- and within-context correlations across the population. Black triangle rep-
resents the population median. Dashed line indicates the expected value for no change in tuning across contexts. The values for five neurons (2% of total sample) were outside the plotted
range. Figure 3 shows these ratios for all combinations of cross-context pairs.
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Context-dependent tuning suggests that the population code
for eye position could be corrupted by changes in context. This
would be incompatible with the putative role of eye position sig-
nals in maintaining stable representations of visual space across
eye movements (Zipser and Andersen, 1988; Morris et al., 2013,
2016; Morris and Krekelberg, 2019). Here, however, we reana-
lyzed data reported previously (Heider et al., 2010; Karkhanis et
al., 2014) to show that eye position can be read out from PPC
neurons robustly even if the decoder is blind to context. Using
demixed dimensionality reduction (Kobak et al., 2016), we show
that this invariance arises from the geometry of how population
activity changes across contexts and eye positions. Specifically,
context shifts population vectors along axes that are orthogonal
to the subspace in which eye position is encoded, shielding the
read out of information from crosstalk. The result mirrors analo-
gous effects in other systems (Kaufman et al., 2014; Gallego et al.,
2017; Perich et al., 2018).

Materials and Methods
This study is a new analysis of data reported in two previous papers
(Heider et al., 2010; Karkhanis et al., 2014). Experimental methods are
described only briefly. The same animals and behavioral task (referred
therein as the EVAR task) were used in both studies; hence, here the
recordings were combined into a single dataset. This included 115 neu-
rons from Karkhanis et al. (2014) (80 in area 7a, 32 in DP, and 3 poten-
tially within the boundaries of either 7a or DP) and 120 neurons from
Heider et al. (2010) (67 in area 7a and 53 in DP).

Electrophysiology
Experiments were conducted in 2 male macaque monkeys (Macaca
mulatta) and conformed to the National Institutes of Health’s Guide for
the care and use of laboratory animals. Protocols were approved by the
Rutgers University Animal Care and Facilities Committee. Animals had
imaging chambers (20 mm diameter) implanted over the PPC of the
right hemisphere for previous studies (Siegel et al., 2003; Heider et al.,
2005). Electrode penetrations were guided by anatomic landmarks visi-
ble through the transparent artificial dura. Area 7a was defined as the
region between the intraparietal sulcus and the end of the superior tem-
poral sulcus, while DP identified as the region between the superior tem-
poral sulcus and the lunate sulcus (Heider et al., 2010). Extracellular
action potentials of isolated neurons were recorded using single plati-
num-iridium microelectrodes (UEPSEGSG2N5G, FHC), inserted or-
thogonal to the cortical surface (mean depth of recordings = 1140mm,
SD=565, number of penetrations/sessions = 155). Only a single penetra-
tion was made per recording session. Neural activity was amplified
(Model 1800 Microelectrode AC Amplifier; A-M. Systems), filtered
using a 50/60Hz noise eliminator Humbug (Auto-Mate Scientific) and a
bandpass filter with a bandwidth ranging from 300 to 20,000Hz, and
digitized at 40 kHz. Spike sorting was performed offline using the Plexon
Offline Sorter version 1.39 (Plexon).

Behavior
Animals were trained to perform a visually guided reaching task. The
animal was placed in a custom primate chair and faced a touch-sensitive
display (Elo TouchSystems), with the left hand resting on a touch-sensi-
tive panel (Crist Instrument) or capacitive proximity sensor (IFM
Efector) near the torso. The chair design allowed free movement of the
upper limbs, and the screen was positioned close enough to be touched
with an extended arm (30 and 35 cm for each animal, respectively).
Animals were head-fixed, allowing only changes in eye position when
performing the fixation task. Gaze direction was monitored and
recorded at 60Hz using an infra-red video-based eye tracking system
(ISCAN) and the NIMHCortex system.

A fixation point (a small red square 0.8° in width) appeared on the
screen at one of nine locations forming a 3� 3 grid (Fig. 1A), each
spaced 12° apart horizontally and vertically. The animal was required to
maintain fixation on the target for 1.5 s, after which a random dot

pattern appeared, centered on the fixation point (12° in diameter). The
dots moved in a radial expansion pattern, simulating optic flow, and
were intended to evoke visually driven activity from the recorded neu-
ron. The animal was required to maintain fixation for a random dura-
tion of 1-2 s (for neurons from Karkhanis et al., 2014) or 2-3 s (for
neurons from Heider et al., 2010). At this point, the dot pattern switched
from expansion to random motion, in which the direction of each dot
was drawn randomly from 0 to 360. This change in motion pattern sig-
naled that it was time to perform a reach toward the display at the target
location. The animal was rewarded if it touched the display within the
12° optic flow target diameter of the fixation target point and held it for
1.5 s. Target position was randomly selected within each block, and an
average of 9.37 trials (SD= 1.02) were recorded at each of the nine
potential target positions.

Data analysis
All analyses were performed using MATLAB R2017a (The MathWorks).
Each trial was separated into four contexts: Fixation, Optic Flow, Go
Cue, and Reach. Fixation was the interval between �1000 and �100ms
relative to the onset of the random dot pattern. Optic Flow was the inter-
val in which the dots moved in an expansion pattern (1000-3000ms du-
ration). Go Cue was the interval between the onset of the reach cue
(random dot motion) and the initiation of the reach (mean=438.8ms,
SD=141.2ms), and Reach was the interval between the release of the
hand from its start position and its first contact with the display
(mean= 297.9.8ms, SD=72.1ms).

Recordings that included fewer than six trials for any of the nine eye
positions were excluded. A small number of recordings (4) were also
removed because of difficulty with eye tracking calibration. In those
cases, the same experimental condition was repeated many times (201)
to collect a complete dataset; hence, the animal’s behavior was different
from other sessions. Only correctly completed trials were analyzed.
Analyses were performed using 235 neurons that satisfied these criteria
(58 from Animal MFR and 177 from Animal MJR).

Spikes were counted within nonoverlapping 100ms bins throughout
each trial. All bins that fell within the boundaries of a context were col-
lected across trials to create a pool of spike-counts for each neuron for
every combination of eye position and task context (we refer to a con-
junction of eye position and context as an “experimental condition”).
This resulted in an average number of independent spike-counts per eye
position and neuron of 76.74 (SD= 5.64) for the Fixation context, 162.97
(SD= 43.86) for the Optic Flow context, 41.02 (SD= 8.49) for the Go
Cue context, and 27.88 (SD=4.63) for the Reach context.

To allow analysis of how eye position and context affect activity at
the population level, we aggregated the spike-counts of the n neurons
(which were recorded one at a time) into n-dimensional response vectors
(i.e., pseudo-population codes). This was done by selecting a random
spike-count, ri, from each neuron (i) within a given condition and con-
catenating them into a population response vector, rpop. These popula-
tion vectors served as the test data for our decoder.

For the demixed dimensionality reduction and geometric analyses,
these vectors were averaged within each neuron and condition to yield
mean population vectors. That is, we quantified the multivariate (eye
position and context) tuning of the population. Although this pseudo-
population response approach precludes analysis of trial-by-trial vari-
ability, it is assumed to preserve the enduring tuning characteristics of
neurons and therefore allows insight into the higher-order geometry of
encoded information at the population level. For example, the collection
of vectors for one of these variables (e.g., across the nine eye positions)
traces out a surface in the population space along which that variable is
encoded, which can then be compared with that in which another vari-
able (i.e., context) is encoded. We used this approach, combined with
demixed principal component analysis (dPCA), to assess the orthogonal-
ity or collinearity of eye position and context effects on population
activity.

dPCA. Previously, we have reported context-dependent changes in
the eye position tuning of these single 7a and DP neurons (Heider et al.,
2010; Karkhanis et al., 2014). We used dPCA to determine the geometric
structure of these context effects at the population level (see Results).
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This technique produces low-dimensional representations of the popula-
tion response (“subspaces”) similar to the more familiar principal com-
ponent analysis (PCA). PCA, however, is an unsupervised technique,
blind to task variables; dPCA instead identifies components that capture
variance in the population response associated with specific task varia-
bles (here, eye position and context). It does so by marginalizing over
irrelevant task variables (e.g., context, when identifying eye position sub-
spaces) before the dimensionality reduction step, similar to the margin-
alization used in factorial ANOVA (for detailed methods, see Kobak et
al., 2016). dPCA components can thus be considered to define the low-
dimensional subspace encoding a variable of interest (though further in-
formation is usually available in other subspaces).

We ran dPCA on the full set of spiking data recorded across eye posi-
tions and contexts. As the number of output dPCA components is lim-
ited to being one less than the number of unique combinations of task
variables (here, four contexts and nine eye positions), this yielded a ma-
trix of weights that projects the 235-dimensional population responses
into a 35-dimensional subspace (if retaining all components). The 35
dimensions can be sorted into 8 principal components that define an eye
position subspace, 3 that define the context subspace, and the remaining
24 that define interaction dimensions. The technique also quantifies the
variance explained by each of these components, allowing a comparison
of relative effect size on the overall population activity (Kobak et al.,
2016).

While the components identified by dPCA within a task variable
subspace (e.g., eye position) are constrained to be orthogonal, as in tradi-
tional PCA, those from different subspaces (e.g., the first components
from the eye position and context subspaces) are not subject to this con-
straint. This means that the geometric relationship between different
subspaces is a property of the neural data (i.e., the brain), not the tech-
nique, and can be assessed analytically.

Of key interest is the extent to which the eye position and context
subspaces are orthogonal, which can be quantified using the set of prin-
cipal angles between their component dimensions. Subspaces that are
close to 90° apart can be considered orthogonal and would suggest that
an invariant, context-naive read-out of eye position should be possible,
despite changes in the tuning of single neurons across contexts. For col-
linear subspaces (i.e., principal angles closer to 0°), the effect of one vari-
able (e.g., context) changes the population response in ways that are
similar to changes caused by the other variable (e.g., eye position), con-
founding the two signals and likely leading to errors in downstream
read-out (Averbeck and Lee, 2006; Moreno-Bote et al., 2014; Pitkow et
al., 2015).

Principal angles between the eye and context subspaces were deter-
mined using the subspacea function for MATLAB (Knyazev and
Argentati, 2002; Knyazev, 2021) and then expressed in degrees. Because
the eye and context subspaces estimated by dPCA consisted of eight and
three dimensions respectively, their geometric relationship was quanti-
fied using three principal angles.

As a point of reference, we compared the observed principal angles
with null distributions; that is, with the angles expected if subspaces of
equivalent dimensionality are positioned randomly within the 35-
dimensional population subspace. We generated 1000 pairs of random
subspaces by assigning random coefficients (from �1 to 1) to each axis
to define an arbitrary vector in 35-dimensional space. The full set of
dimensions orthogonal to the randomly generated vector were found
using MATLAB’s null function, and these dimensions were randomly
sampled without replacement until the new random subspace matched
the dimensionality of the eye subspace. This process was repeated to gen-
erate a second random subspace matching the dimensionality of the con-
text subspace. We then calculated the principal angles between the pair
of subspaces, repeating this process 1000 times. The principal angles for
the subspaces produced by dPCA were then compared with the 5th per-
centile of these null distributions to determine whether they departed
significantly from that expected by chance.

Probabilistic decoding: universal decoder. If the eye position and con-
text subspaces of the population response are orthogonal, it should be
possible to find a decoding algorithm that accurately estimates eye posi-
tion from spike-counts using a fixed read-out strategy, regardless of

context and associated changes in tuning. Accordingly, we developed a
“universal decoder” that maps observed spike-counts to quasi-continu-
ous, 2D estimates of eye position in degrees of visual angle (Fig. 2).
Decoder accuracy was calculated according to the Euclidean distance of
its estimates to the true eye position.

Our decoder was based on the maximum-likelihood estimation
approach used previously in PPC and elsewhere (Morris et al., 2013;
Morris and Krekelberg, 2019). This decoder infers eye position from
spiking activity via a process of probabilistic inference and is built on a
set of generative models (one for each neuron) that capture conditional
spike likelihood functions. Given a pseudo-population response vector,
the decoder computes a probability map indicating the relative likeli-
hood of different eye positions. The most likely eye position, according
to the spike-count models, is then used as the decoder’s estimate. We
used leave-one-out cross-validation for all decoding analyses.

The generative model for each neuron represented the likelihood of
observing particular responses (e.g., r = 2) as a probability mass function
over spike-counts (R) at arbitrary positions in 2D eye position
space, pðRjex; eyÞ. Previously, we have assumed a Poisson form for
these functions (i.e., that spike-counts are random samples from a
Poisson distribution), for which the mean and variance are equal.
Here, however, our spike-count distributions consisted of samples
pooled across the four contexts, and hence had greater (super-
Poisson) variability, because the means tended to change across
contexts. Indeed, Fano factors (the ratio of the variance to the
mean) were .1 on average for the pooled dataset used for the uni-
versal decoder (mean = 1.38, SD = 0.53).

To capture this extra variability, we instead assumed a negative bino-
mial form for spike-count distributions (Goris et al., 2014). The negative
binomial distribution is defined by two parameters, a and b, which to-
gether define distributions for spike-counts in which the mean and var-
iance are dissociable (unlike Poisson) and with variance that is greater
than (but not less than) the mean [Definitions of a and b vary across
texts and software packages; the equations below (Eqs. 1, 2, 4, and 5) are
correct under the definitions and equations used in MATLAB’s nbinpdf
(version R2017a)]. a and b were estimated independently for each neu-
ron at each of the nine measured eye positions, ½ex;ey;�, using the
observed spike-count distributions and MATLAB’s mle function. To
make our decoder “universal,” these distributions consisted of spike-
count samples pooled across all four contexts.

We then extrapolated these local parameters to a global generative
model that could return spike-count probabilities at arbitrary positions
in 2D eye position space. To do so, we used a regression approach simi-
lar to that classically used to study eye position fields (EPFs, also known
as gain-fields) in PPC, in which the mean firing rate is modeled as a sec-
ond-order polynomial function of eye position (Eq. 3) (Morris et al.,
2013; Morris and Krekelberg, 2019). Here, however, our aim was to also
capture potential changes in spike-count variance across eye positions.
Accordingly, we reparameterized the fitted a and b parameters for each
eye position to the corresponding values for the negative binomial mean
(m) and variance (s2) using the following:

m ¼ að1� bÞ
b

(1)

s 2 ¼ að1� bÞ
b2

(2)

and then fitted a regression surface separately to these two moments of
the negative binomial distribution across eye positions using the same
function form but with independent parameters as follows:

v ¼ f ðex; ey; b Þ ¼ b1ex 1 b2ey 1 b3ex
2 1 b4ey

2 1 b5exey 1 b6 (3)

where ex and ey are the 2D eye positions, b 1�6 are idiosyncratic tuning
coefficients for the neuron, and v is the fitted moment (m̂ or ŝ 2). [For
our dataset, fitting Eq. 3 to means and variances provided better and
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more robust solutions than fitting to a and b
directly. It is also more consistent with traditional
approaches to modeling EPFs].

The generative model built from Equations
1–3 and the negative binomial assumption fully
specify a neuron’s spiking statistics across a con-
tinuous 2D eye position space and is referred to as
a probabilistic EPF (pEPF) (Morris et al., 2013;
Morris and Krekelberg, 2019). To compute the like-
lihood function at a given eye position, pðRjex; eyÞ,
we evaluated Equation 3 and converted the mean
(l̂) and variance (ŝ 2) values back to the corre-
sponding native parameters of the negative bino-
mial as follows:

b̂ ¼ l̂

ŝ 2 (4)

â ¼ l̂b̂

ð1� b̂Þ (5)

The obtained values were then used to com-
pute the spike-count likelihood function for this
eye position as follows:

p̂ðRj ex; eyÞ ¼ Neg:Binomial½â; b̂� (6)

The process described above (Eqs. 1-6)
was done separately for each neuron. In some
cases, however, some care was required to tame
the values of a and b. The negative binomial var-
iance is always greater than the mean, and hence
leads to fit errors for samples in which the variance
is too low (which we defined as ,1.0001 � r).
Accordingly, in those cases, instead of Equations 1
and 2, the mean spike-count, r, was estimated
directly from the spike-counts and the variance was
set to 1.0001� r.

To decode eye position, given a pseudo-
population response vector, rpop, we first
calculated the likelihood of the given spike-
counts at each eye position, p̂ðrjex; eyÞ for
each neuron, and then converted those values
into an a posteriori density across eye posi-
tion space, pðEx; Eyjrpop). This was done using
Bayes’ rule (assuming a uniform prior across
eye positions) to get pðEx;EyjrÞ for each

Figure 2. A maximum likelihood decoding approach for testing the robustness of eye position coding across task con-
texts. A. Spiking data for each context, depicted here as 3D matrices, were separated into a training set (consisting of
spike-counts for each neuron collected during every eye position and context) and a testing set (consisting of only one set
of spike-counts per neuron and eye position, collected from a single nominated context). Context names are abbreviated
as Fix (Fixation), OF (Optic Flow), Go (Go Cue), and R (Reach). Training and testing sets were independent. Bi, “Training”
the decoder was achieved by estimating a probabilistic generative model for spike-counts, separately for each neuron (e.g.,
using the colored slice of the “train” matrix for the i-th unit). Bii, As a first step, we fitted an EPF (Eq. 3) to the nine mean
spike-counts (one for each eye position). The plot shows an EPF for a hypothetical neuron and for only a single dimension
of eye position (in practice, EPF surfaces were 2D). A corresponding EPF was also fitted to the spike-count variance values

/

(not shown). Biii, Assuming a negative binomial form for
spike-count distributions, the mean and variance EPFs parame-
terized an “encoder” model linking eye positions to conditional
spike-count probabilities. C, Testing the decoder. Ci, We
sampled a vector of spike-counts (one for each unit in the pop-
ulation) for a given eye position from the test data (e.g., blue-
shaded segment of “test” matrix). Cii, We then calculated the
probability of this observation at each eye position in a 2D
quasi-continuous grid under the assumed encoder models. The
position with the highest probability was chosen as the
decoder’s estimate of eye position for that observation (e.g.,
the red dot shown in the diagram in Ciii). Ciii, Performance
across trials was quantified by the bias (absolute distance of
the centroid [median] estimate to the true position) and preci-
sion (span of the central 50% of estimates), averaged over the
nine eye positions (diagram represents hypothetical estimates
for a single eye position).
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neuron, taking the log of those values, and then summing them
pointwise across neurons (an operation that assumes independence
across neurons).

Finally, the eye position associated with the maximum a posteriori
probability (MAP) was used as the decoder’s final estimate of eye posi-
tion as follows:

MAP êx ; êy
� � ¼ argmax

ex ;ey

pðEx;EyjrpopÞ (7)

Although the pEPFs are continuous, in practice, these calculations were
performed over a 2D grid of eye positions from�20° to 20° along horizon-
tal and vertical dimensions with a resolution of 1°. This process was
repeated 500 times for each of the nine experimental eye positions, using
independent samples (spike-counts) to estimate the pEPFs of each neuron
(i.e., train the decoder) and to test its performance by decoding via the
MAP êx ; êy

� �
). This yielded 500 decoded (predicted) eye positions for each

of the nine true eye positions and for each of the four tested task contexts.
The Euclidean distance between the 2D centroid (median) of these

predictions and the true position was used as a measure of decoder bias
(accuracy) for each condition. The scatter of the predictions, defined as
the span of the central 50%, was used as a measure of precision.
Performance of the decoder was then assessed by comparing decoder
biases across the different tested contexts.

Within-context decoder. The universal decoder is trained on data
from all contexts and so is unlikely to embody the best possible read-out
strategy for samples from any given context, even if it performs well. We
therefore compared the universal decoder with decoders trained and
tested on the same context. MLE is an optimal decoding approach pro-
vided that the assumed generative model matches the true data-generating
mechanism. This should be approximately true when data from the same
context are used for both training and testing, save for errors introduced
by simplifying assumptions in our analysis (e.g., negative binomial statis-
tics, the simple model form in Eq. 3, or nonstationarities within a context)
or sampling error (i.e., limited spike-counts per neuron). To obtain this
approximate upper bound, we trained and tested a decoder within each
context, again using leave-one-out cross validation. That is, all but one
spike-count from each eye position was used to estimate a pEPF for each
neuron and then held-out population response vectors were decoded.
This was repeated 500 times for each eye position.

Cross-context decoder. Although the universal decoder is likely not
the optimal decoder for any particular context, it is perhaps closer to
that of some contexts than others. If the aim was to rapidly acquire a
dataset to find the universal decoder (e.g., for a brain–machine inter-
face), which behavioral context would most efficiently get you there? To
address this question, we trained a new series of decoders on spike-
counts from one context and tested them on data from each of the other
three contexts (using all 12 unique train-test permutations of the four
task contexts). As it was not necessary to hold out samples for cross-vali-
dation, all spike-counts in the training context were used to estimate the
pEPF of each neuron. Again, this was performed using 500 unique
pseudo-population responses to produce 500 estimates for each of the
nine true eye positions.

Decoding significance. To compare performance across decoding
paradigms, we assessed significance by bootstrapping the spike-count
samples recorded for each neuron. Each decoding analysis (universal,
within-context, and cross context) was repeated 100 times, with each
repeat using an identical bootstrapped sample across decoding para-
digms. The same number of spike-counts per eye position and context
condition was maintained throughout for each neuron. The universal
and within-context decoders were trained and tested on every context,
whereas the cross-context decoder was trained on either Fixation or
Optic Flow for each analysis and tested using all available contexts. The
Fixation and Optic Flow decoders were selected as they represented the
worst and best performing cross-context decoders, respectively. Two
measures of bias were considered significantly different if there was no
overlap between the central 95% of their bootstrapped distributions.

Decoder performance with varying population sizes. If eye position
and context were truly encoded orthogonally, any observed bias in the

universal decoder would represent only sampling error, and hence
would in principle reduce to zero as the population size increases.
Although our sample is tiny compared with that of the brain, we esti-
mated the effects of sample size on decoder performance by subsampling
our data. This allows us to estimate an asymptotic value for bias with
large populations.

By resampling our neurons with replacement, we ran the universal
decoder using only n neurons, where values for n were 20, 40, 80, 120,
160, 200, or 235 neurons, for all four task contexts. These analyses were
repeated 100 times, each time using a new random set of sampled neu-
rons. We calculated the mean bias across eye positions for each decoder
and then averaged those values across the 100 repeats for each popula-
tion size, resulting in seven values of mean decoder performance. These
values were fitted with a power function as follows:

f n; w ;v ; cð Þ ¼ wnv1c (8)

The fitting process was weighted to evenly prioritize fitting the bias
of the resampled data at n= 235 (a suboptimal estimate of the true value
because of a reduction of diversity across neurons) and the observed
value for our original sample of 235 unique neurons (our best estimate
of the true value for this population size). The fitted function was subse-
quently evaluated at an n of 10,000 to predict the bias of our decoder
given a much larger recorded sample.

Quantification of context effects on eye position tuning. Changes in
eye position tuning across contexts for these PPC neurons were analyzed
in detail in our previous report (Heider et al., 2010). Here we also quan-
tified the changes in tuning of individual neurons using correlation anal-
ysis (see Figs. 1D and 3). The mean spike-count in each context was
calculated for each of the nine eye positions for each neuron. For neu-
rons with EPFs, these mean values should show reliable variation across
eye positions and hence replicate across independent datasets. We used
subsampling to measure the correlation in tuning between independent
sets of spike-counts taken from within the same context (within-context
correlation). The spike-counts for each eye position were randomly split
into two sets and averaged. Tuning similarity was measured using
Pearson correlation between the two sets of averaged values. This was
repeated 5000 times to yield a mean within-context correlation.

The same approach was used to compare tuning across contexts by
correlating a set from one context with that of another. However,
because the four contexts had different numbers of spike-counts (i.e.,
time points), and sample size itself impacts on absolute correlation meas-
ures, it was necessary to match sample size for a given within- versus
cross-comparison. Sample size (per neuron, per eye position) was thus
set to half of the number of samples available in the context with the few-
est samples, to allow multiple, independent datasets for both within- and
cross-context comparisons.

The ratio of cross- to within-correlations was used as a scale-invari-
ant, model-free metric of how much tuning changed across contexts.

Results
We (re)analyzed the extracellular spiking activity of 235 neurons
in areas 7a and DP of macaque PPC during a visually guided
reaching task (Fig. 1A). The task spanned four experimentally
defined epochs (“contexts”), and the direction of gaze was con-
stant within each trial but varied across trials. For the results
reported here, spikes were counted in 100-ms-wide bins across
each trial, separately for each neuron, and pooled into separate
datasets for each context.

We showed previously that the tuning of these neurons to eye
position changed across the different contexts of the task (Heider
et al., 2010; Karkhanis et al., 2014). Figure 1B, C shows an exam-
ple of this context effect for a neuron in which the change in tun-
ing was large. When the animal fixated a point on an otherwise
blank display, the neuron responded maximally when the eyes
were directed downward; in contrast, when driven by a visual
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motion stimulus, the neuron responded maxi-
mally when the eyes were directed leftward. The
spatial tuning for eye position was thus condi-
tional on task context, as reported in our earlier
work.

Although the focus of this work is on how
these context effects are structured in population
codes, we first summarize these context effects in
single neurons. We compared the similarity of spa-
tial tuning between contexts (“cross-context”) with
that of a baseline in which independent samples
were selected from within the same context
(“within-context”). To do so, we calculated the cor-
relation between two independent samples of nine
mean spike-counts (one for each eye position in
the 3� 3 grid) and expressed the context effect as
the ratio between cross- and within-context corre-
lations. A value of 1 thus indicates no context effect
and values ,1 indicate different tuning across
contexts.

Figures 1D and 3 show the distributions of
context effects across the sample of neurons
and across all pairs of contexts. Most pairs of
contexts showed large changes in tuning on
average, particularly those that included the
Fixation context (mean of 0.49 across pairs,
indicating a halving of correlation compared
with within-context). More detailed analysis
of single neuron tuning is provided in our pre-
vious reports (Heider et al., 2010; Karkhanis et
al., 2014).

Robust population coding of eye position
At first glance, these population-wide changes in tuning might
appear to compromise downstream computations that incorpo-
rate this representation of eye position. A naive read-out, blind
to these changes, would have to adopt a fixed mapping of spike-
counts onto eye positions and hence could make large estimation
errors. For example, a decoder that relied only on the example
neuron in Figure 1C to infer eye position would confuse the hor-
izontal and vertical meridian as context changes because of the
rotated axis of maximal modulation. If all neurons changed in
that same way, they would be of no benefit to such a decoder and
it would be doomed to fail. If instead different neurons contrib-
ute different errors (in direction and magnitude), and the errors
are uncorrelated, they increasingly cancel out as the population
size gets larger (much like an SEM reduces with

ffiffiffiffi
N

p
for a

Gaussian random variable) (Kim et al., 2016; Roth and Rust,
2019). That is, the tuning changes act as a source of noise
(albeit one that is reproducible) and, like trial-by-trial vari-
ability, can be overcome through population coding as long
they are structured in a way that is not information-limiting
(Averbeck and Lee, 2006; Moreno-Bote et al., 2014; Pitkow et
al., 2015).

To illustrate how context effects might alter the representa-
tion of eye position at the population level, it is useful to consider
the instantaneous population activity for N neurons as a vector
in an N-dimensional space. As eye position changes, and context
is held fixed, the spatial tuning of single neurons gives rise to a
high-dimensional population tuning surface (or manifold).
Similarly, as context changes, and eye position is held fixed, the
context effects shift the population vector along another surface.
The geometry of these two coding subspaces determines whether

context effects are tolerable or catastrophic for the downstream
readout of eye position. If these subspaces are collinear, changes
in context cannot be easily discriminated from changes in eye
position. Alternatively, if these subspaces are orthogonal, eye
position and context could be interpreted accurately by fixed, in-
dependent read-outs.

Figure 4 shows a diagram example for a minimal population
of three hypothetical neurons. Here, context changes tuning in a
way that, when viewed at the population level, nevertheless pro-
vides access to an accurate linear read-out of eye position (shown
as a projection onto a downstream readout dimension). Context
thus changes population activity in a way that is orthogonal to
the effects of eye position.

Demixed principal component analysis
To assess whether this might be the case in parietal cortex neu-
rons, we investigated the population-level activity of the 235 neu-
rons recorded in areas 7a and DP of macaque PPC using dPCA
(Fig. 5A). This analysis provides a low-dimensional view of pop-
ulation tuning properties and operates on mean spike-counts
rather than individual spikes. Accordingly, the focus here is on
“signal” variability associated with experimental variables and
not “noise” variability observed trial-by-trial (Averbeck and Lee,
2006; Moreno-Bote et al., 2014; Pitkow et al., 2015). Indeed, these
neurons were not recorded simultaneously, so our analysis
assumes that tuning remains stable over time (Clopath et al.,
2017; Dhawale et al., 2017).

dPCA decomposed the population responses across condi-
tions into 35 linear components that captured variability related
to the eye (8 components), context (3 components), or their

Figure 3. Eye position tuning of single neurons changes across different sensory and behavioral contexts. Each
panel is plotted in the same format as in Figure 1D. All pairs of contexts are compared. Inverted triangle markers
represent the median of each distribution. Dotted lines indicate a ratio of 1 for clarity. A small number of values
(,6% across all cases) fell outside the plotted range of the histograms.
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interaction (24 components). Considered together as groups, the
eye position subspace accounted for ;35% of the total variance
in the population response captured by dPCA, with the remain-
der split between the context (;40%) and interaction (;25%)
subspaces. Before assessing the orthogonality of these subspaces,
we first provide insight into the tuning properties captured in
these population-wide components.

Figure 5B, C shows the population state (i.e., mean response
vector) for each eye position and context projected onto individ-
ual dPCA components. The context components (Fig. 5B)
accounted for some well-established properties of single PPC
neurons, but here, they are viewed as population-level phenom-
ena. The first (capturing 26.8% of the variance) accounted for
increases in spiking in the presence of strong visual stimulation
(i.e., comparing Fixation and Optic Flow) and during reach
preparation and execution (i.e., during Go and Reach contexts).
The second and third context components (7.6% and 3.6% of
the total variance) further shaped tuning across the four
contexts.

Critically, eye position had almost no effect on popula-
tion activity when projected onto these context compo-
nents. As dPCA does not constrain context and eye
components to be orthogonal (unlike traditional PCA), this
is not a necessary outcome of the dPCA analysis and would
not be the case if context and eye position had similar
effects on population activity, that is, if context and eye
position subspaces were collinear.

This apparent orthogonality is revealed further when the data
are projected onto the eye position subspace (Fig. 5C). Again, a
classic property of PPC neurons is demonstrated (spatial tuning
for eye position), but here as population-wide components. The
first and second eye position components (containing 13.6% and

5.7% of the total variance) captured sensi-
tivity to changes in eye elevation and
azimuth, respectively. Both showed mono-
tonic effects of eye position on spiking ac-
tivity and little effect of context. This again
suggests that information about eye posi-
tion is encoded in the population in a way
that is orthogonal to the bulk of the con-
text effects. As for the context subspace,
further components shaped the population
tuning to eye position, including nonmo-
notonic effects (not shown).

Finally, Figure 5D shows the contribu-
tions of the first two interaction (context-
eye) components (2.8% and 1.7%) on pop-
ulation activity. The first represents a
change in population eye position tuning
that occurs in the presence of strong visual
stimulation (i.e., from Fixation to Optic
Flow contexts), as in the example neuron
shown in Figure 1C. The second describes
further interactions between eye position
and context during reach planning and
execution.

The geometry of eye position and
context subspaces
The central question of our dPCA analy-
sis is whether the eye and context linear
subspaces are oriented orthogonally. To
quantify orthogonality, we calculated the
principal angles between the eye and

context subspaces (see Materials and Methods). These angles
have a possible range of 0 (fully colinear) to 90 (orthogonal).
To assess statistical significance, we compared the observed
angles to a null distribution of angles expected by chance
(by sampling random pairs of comparable subspaces, see
Materials and Methods).

Figure 6 shows the principal angles between the empirically
derived eye and context subspaces. All observed angles were
close to the maximum possible value of 90. Comparing observed
angles with the range of angles expected by chance (see Materials
and Methods) revealed that none significantly departed from
orthogonality (p. 0.05).

Together, the dPCA and principal angle analyses suggest that
7a and DP neurons support a population-level subspace in which
eye position is encoded orthogonally to the effects of changes in
task context. In turn, this suggests that a decoder with a fixed
interpretation of population activity might be able to estimate
eye position reliably despite the effects of context on the spatial
tuning of single neurons.

Decoding eye position from neurons in PPC
We assessed whether a statistical decoder with a fixed read-out
strategy (i.e., a “universal decoder”) is capable of estimating eye
position from PPC activity accurately across experimental con-
texts. The maximum-likelihood decoder transformed a popula-
tion vector of spike-counts into a 2D estimate of the eye’s
azimuth and elevation. The decoded spike-counts were individ-
ual observations (not averaged over trials) and collected over a
biologically relevant timescale (100ms windows). We used three
variants of this approach that differed solely in the data used to
train and test the decoder. The “universal decoder” was trained

Figure 4. Robust decoding of eye position from a hypothetical population with orthogonal influences of eye position and
context. A-C, Multivariate tuning curves for three neurons (N1, N2, and N3), each with eye position tuning that is context-
dependent in different ways. D, The data from A-C plotted as 3D “population response vectors” (only vector endpoints shown).
The response vectors can be projected onto a fixed axis, d, to read out eye position in a way that is robust to changes in context.
Each colored band represents a position along the horizontal eye position axis. Context shifts response vectors in ways that are
orthogonal (invisible) to the read-out axis, and so this “nuisance variability” is filtered out during the projection.
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Figure 5. dPCA was used to identify encoding subspaces for eye position, context, and their interaction. A, Variance associated with changes in eye position, context, or their interaction cap-
tured by each of the first 15 dimensions identified by dPCA (components). Components are generally well separated; however, the first context component (dPC #1) also captures a small
amount of eye position- and interaction-related variance (evident also in B). The percentages of the total variance explained by all the components associated with eye position, context, or
interactions are expressed in the inset pie chart. B, The three context components explaining the most variance, plotted as individual traces for each eye position. Components are labeled with
percentages of the total variance explained. dPC #1 shows increased activity approaching the reach context, with a concurrent divergence in the responses for each eye position. The other con-
text components do not share a similar divergence across eye positions. C, The dPCs explaining the greatest proportion of variance for the eye marginalizations. Each is represented as a flat
EPF plotted individually for each context to display any interaction effects. Black crosses represent the eye positions used in the behavioral task. Both eye position components remain
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on data from all contexts and then used to decode samples from
each of the four contexts separately (Fig. 2A). The “within-con-
text” decoder was trained and tested using independent datasets
from within the same context (see Fig. 9A). Finally, the “cross-
context” decoder was trained on one context and then tested on
each of the remaining three contexts (see Fig. 10A). Respectively,
these decoder variants allowed us to address three specific ques-
tions: First, is there a universal, fixed read-out strategy that
can accurately estimate eye position from spiking activity
regardless of context? If so, how much worse (if at all) is
this universal decoder compared with the optimal read-out
for each context individually? Last, which of the context-
optimized decoders performs best as an approximation to
the universal decoder?

Universal decoding
We used the universal decoder to estimate eye position from test-
ing data from each of the four contexts. Figure 7 shows the me-
dian estimated eye position (accuracy) and scatter (precision) for
each of the nine eye positions, plotted separately for each task
context. In all cases, the decoded eye position closely matched
the true eye position. A global measure of bias was calculated as
the mean distance of the nine points to their respective true eye
positions. The universal decoder achieved biases of 1.89°, 1.68°,
1.43°, and 2.11° when tested on the Fixation, Optic Flow, Go
Cue, and Reach contexts, respectively, an average bias of 1.78°.
As a point of comparison, the bias expected from simply guess-
ing the central eye position every time (the optimal a priori strat-
egy) is 12.88°. Bias scores for all decoding methods used in this
study are shown in Figure 11. As an alternative measure of accu-
racy, the “grid” of the median estimates produced by the univer-
sal decoder accounted for .97% of the variance in eye position
for all tested contexts.

The accurate performance of the universal decoder for all
tested contexts shows that eye position information can be

accurately interpreted from any of the tested sensory or behav-
ioral contexts, overcoming large changes in the tuning of single
neurons. There remained, however, a small amount of bias in the
estimates produced by the universal decoder. With these results
alone, it is unclear whether these biases were the result of a mis-
match between the assumed generative models in the decoder
and the true data-generating mechanism because of the effects of
context, or if they result from inevitable sampling errors that
arise with small experimental datasets. To disambiguate these
possibilities, we assessed the effect of varying the population size
to infer how bias would diminish with the larger populations
available to the brain.

Decoding with different population sizes
If the universal read-out for eye position were truly orthogonal
to the effects of context, it would be expected that any observed
bias would simply be resolved by the inclusion of more neurons
in our decoding analyses. On the other hand, if the bias arose
from a systematic collinearity in the tuning changes, no
amount of population pooling would eliminate the bias
completely (according to the same computational principles
as so-called “information-limiting” correlations in trial-by-
trial variability) (Averbeck and Lee, 2006; Moreno-Bote et
al., 2014; Pitkow et al., 2015; Roth and Rust, 2019). To
assess asymptotic bias levels, we repeated the universal
decoding analyses for subsampled populations of different
sizes (from 20 to 235 neurons) and fitted the observed bias
values for each context with power functions (R2 of the fits
exceeded 0.99 for all cases; Fig. 8).

Using the fitted functions, we evaluated the bias expected for
a population of 10,000 neurons. The predicted bias (averaged
over contexts) was 0.75, equivalent to a 56% reduction in the bias
observed with our original sample of 235 neurons. The Optic
Flow context benefitted least from increased population sizes,
showing a 39% reduction in bias to 0.65° (38.91%), while the
Reach context benefitted most with a reduction of 70.6%.

The performance of the universal decoder for the original
sample was consistently better than the mean of the resampled
distributions of equal population size (235 neurons). This is
expected because sampling with replacement means that many
of the neurons are included more than once in each resampled
set and the overall diversity of population is reduced; in other
words, their individual contribution to bias is magnified rather
than nulled by a statistically independent counterpart (i.e., con-
text and eye position subspaces become more collinear) (Kim et
al., 2016; Roth and Rust, 2019). In this way, it is clear that context
effects are tantamount to a source of noise (albeit reproducible
for a given context) that may be overcome through pooling or
averaging.

Within-context decoding
Given the large effects of context on eye position tuning in single
neurons, the universal decoder is unlikely to be statistically opti-
mal for any given context. Intuitively, a decoder that is trained
and tested within each context alone should outperform the uni-
versal decoder because the assumed generative models should
better match the true data-generating mechanisms (i.e., the true
tuning and variance of neurons). Within-context decoding thus
provides a useful estimate of the expected upper bound of de-
coder performance and was performed for each of the four con-
texts in our experiment.

Figure 9B shows the accuracy and precision of estimates for
each of the nine true eye positions, formatted as in Figure 7. Like

/

unchanged across contexts. The first eye component reflects tuning to changes in eye eleva-
tion, the second to changes in eye azimuth. D, The first interaction component reveals a
change in neural responsiveness that occurs at the onset of the optic flow stimulus, that sta-
bilizes during reach planning. The second interaction component reveals a change in
response that occurs during reach planning and continues to change until reach execution.

Figure 6. The observed eye and context dPCA subspaces are near-orthogonal. Principal
angles between the eye and context subspaces (red lines) compared with a null distribution
(box plots with the box spanning the central 50% and whiskers to the 5th and 95th percen-
tiles). The eye subspace consisted of dPCA components 2, 4, 6, 9, 10, 11, 15, and 17. The
context subspace consisted of components 1, 3, and 5. Horizontal black lines indicate the me-
dian of the distribution (this is obscured by the red marker for principal angle 2 and is com-
pressed at the top of the distribution for principal angle 3). Because the context subspace
contains three dimensions, its alignment relative to the eight-dimensional eye position
encoding subspace can be captured using three principal angles. Magnitudes of all three
angles revealed a high level of orthogonality between the two subspaces (76.05°, 82.89°,
and 83.41°).
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the universal decoder, decoded eye positions closely matched the
true eye position for all contexts. The within-context decoder,
however, showed larger biases than the universal decoder, with
values of 2.12°, 1.66°, 2.31°, and 2.84° for the Fixation, Optic
Flow, Go Cue, and Reach contexts, respectively. The median eye
position estimates accounted for .96% of the variance in eye
position in all cases.

This potentially counterintuitive finding is likely explained by
the effects of sampling error; within-context decoding meant
fewer spike-count samples were available during training to infer
the generative model for each neuron compared with the univer-
sal decoder that pooled over all contexts. The decoder parame-
ters were thus more likely to be mis-estimated, even if in the
limit within-context decoding would yield an optimal decoder.

Cross-context decoding
Finally, we used a “cross-context” variant of our approach to es-
tablish whether a decoder trained on any one context might
effectively approximate the universal decoder and perform well
when tested on the other contexts. This would be useful for
future potential applications of such a decoder, such as a brain–
machine interface, where data acquisition is challenging to
obtain and efficient estimation of decoder parameters is para-
mount. We evaluated performance of cross-context decoders
across all train-test pairwise combinations of the four contexts
(Fig. 10B).

Cross-context decoding performance was measured in two
ways: first by taking the average of the biases found for each of
the three tested contexts, and second by considering the worst

performing test context. The average biases achieved across con-
texts was 5.54°, 3.42°, 4.48°, and 6.96° for decoders trained on the
Fixation, Optic Flow, Go Cue, and Reach contexts, respectively.
All were less accurate than the universal decoder’s average per-
formance of 1.78° across contexts and the within-context average
of 2.23° (Fig. 11).

Considering the worst performing test context of each cross-
context decoder, we again found that no single context contains
a representation of eye position that supports estimation of a de-
coder that approximates the performance of the universal de-
coder. The decoder that was trained on the visually sparse
Fixation context performed worst overall, and particularly when
tested on the Go Cue context with a bias of 6.04° (4.61° greater
than the equivalent universal decoder result).

Figure 11 summarizes and compares the performance of the
three decoder variants used in this study. The universal decoder
showed the most accurate performance, significantly improving
on the within-context decoder for the Go Cue and Reach con-
texts (showing equivalent performance for the others) and signif-
icantly improving on the results of the best cross-context
decoder (Optic Flow-trained; Fig. 11). Together, the results show
that eye position can be interpreted from the activity of neurons

Figure 7. An accurate representation of eye position is available via a fixed read-out of
population activity in PPC, regardless of context. The universal decoding approach shown in
Figure 2 was used to generate metric estimates of eye position in 2D oculomotor space. Each
plot represent the median decoded position (black circles) for each target fixation position
(crosses) for a decoder that was trained on spike-counts from all contexts and tested on
spike-counts from the labeled context. Error bars capture the precision of decoder estimates
from sample to sample, defined as the range of the central 50% of the distribution across
500 pseudo-population responses. In all contexts, the “grid” of decoded positions accounted
for.97% of the variance in the true grid of fixation positions.

Figure 8. Mis-estimation of eye position reduces with increased population size because
of increasingly diverse effects of context on eye position tuning. Universal decoding was per-
formed using subsampled population sizes from 20 to 235 neurons, sampled with replace-
ment from the total 235 recorded neurons. Resampling was repeated 100 times for each
data point in the plot. The means of the resulting bias distributions (black circles) were fit by
a power function (dashed lines; Eq. 8), which was evaluated to predict the bias anticipated if
the decoder had access to 10,000 neurons. Error bars indicate 2.5th to 97.5th percentile
ranges. Colored points represent the true universal decoding result. In all cases, the bias of
the true universal decoder was less than the mean of the resampled distribution at 235 neu-
rons. The power function was weighted to equally account for both the resampled and origi-
nal data point.
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in areas 7a and DP using a fixed, context-invariant read-out
strategy.

Discussion
Our results show that metric, 2D estimates of eye position can be
decoded accurately from neural activity in PPC (areas 7a and
DP) throughout four different contexts of a visually guided
reaching task. This was achieved using a fixed, context-invariant
readout of spike-counts by a probabilistic “universal decoder.”
The task contexts included changes in the visual stimulus, a delay
epoch that required vigilance, an emerging intention to move the
arm toward the target, and movement of the arm. These task var-
iables not only influence neural responses in these cortical areas
but also cause widespread changes in the tuning of neurons for
eye position (Heider et al., 2010). Thus, it is perhaps surprising
that the information represented at the population level is so ro-
bust, even when extracted by a naive, fixed decoder.

Using a supervised dimensionality reduction approach
(dPCA), however, we demonstrated that the result can be under-
stood by the geometry of the subspaces of the population
response in which eye position and context are (respectively)
encoded. We showed that context shifts the population response
vectors along axes that are approximately orthogonal to those
that encode eye position. This allows the universal decoder to
“view” the population activity in a way that retains variability
because of changes in eye position but is blind to variability

arising from changes in context (Churchland et al., 2012;
Kaufman et al., 2014; Elsayed et al., 2016; Gallego et al., 2017;
Roth and Rust, 2019). In this sense, the effects of the irrelevant
“nuisance variable” (context) act as a source of noise that can be
filtered out given a sufficiently large population.

The most accurate estimates of eye position were produced
using our universal decoder, which was trained on spiking data
from all experimental contexts. With an average bias of 1.78°,
performance was similar to, or better than, those produced using
decoders that were optimized for each context independently,
despite the large qualitative differences in single neuron tuning.
Although we expect that context-optimized decoders would, by
definition, outperform the universal decoder in the limit, for
real-world experiments like ours, the universal decoder has the
advantage of having a larger training set on which to estimate its
internal parameters (i.e., the parameters of the negative binomial
distributions and regression equations used to quantify and
extrapolate the effect of eye position on single neuron spiking
behavior).

We consider the observed bias of the universal decoder low
given our small sample size (235 neurons) and expect it to be

Figure 10. No single sensory or behavioral context can be used to yield an accurate uni-
versal decoder. A, Eye position was estimated using a “cross-context” variant of our approach
in which the decoder was trained on spike-counts from one context and then tested on
spike-counts from each of the other three contexts (in the example, Fixation and Optic Flow
data were used for training and testing, respectively). B, Bias (mean constant error) scores
for all combinations of train and test datasets. Pixels along the leading diagonal correspond
to the within-context decoders shown in Figure 9. The discontinuous column (ALL) corre-
sponds to the universal decoder performance shown in Figure 7. Off-diagonal pixels show
the performance of suboptimal, cross-context decoders. Breakout panels show the full “grid”
of decoded eye positions for the tested contexts that showed the greatest bias for three of
the different cross-context decoders, plotted as in Figure 7.

Figure 9. Performance of decoders that were optimized for each experimental context. A,
Eye position was estimated using a “within-context” variant of our approach in which the de-
coder was trained and tested on spike-counts from within the same experimental context
(Fixation is shown as an example). B, Performance of the within-context decoders, plotted
as in Figure 7.
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even lower for larger population sizes. Our analysis of varying
population size through subsampling our data suggests that as-
ymptotic accuracy is likely well below 1°, although additional
experiments with larger samples are needed to confirm this pre-
diction. Just as noise can be averaged out through pooling large
populations, adding neurons increases the diversity of the popu-
lation; and if encoding subspaces are orthogonal, as our dPCA
analysis suggests, errors should approach zero.

The results suggest that PPC is home to a representation of
eye position that is robust to changes in task context and likely of
sufficient accuracy to support goal-directed behaviors (reaching,
navigation, etc.) and stable spatial vision across changes in eye
position (White and Snyder, 2007; Morris et al., 2012, 2013,
2016; Graf and Andersen, 2014; Bremmer et al., 2016; Morris
and Krekelberg, 2019). This supports the purported functional
roles of EPFs (or “gain-fields”) in perception and behavior
(Andersen et al., 1985, 1993; Zipser and Andersen, 1988; Salinas
and Abbott, 1996, 2001; Pouget et al., 2002). It also suggests that
areas DP and 7a could be suitable targets for a brain–machine
interface for spatial vision and assisted behavior (Aflalo et al.,
2015; Bremmer et al., 2016; Filippini et al., 2020).

This result was far from guaranteed. If eye position tuning
changed across contexts in different, systematic ways, the univer-
sal decoder would fail. For example, if a change in context tended
to rotate or invert the EPFs in a common direction (e.g., clock-
wise) or along a common axis (e.g., flipping horizontally), the
change in population response would resemble a true shift in eye
position and the decoder would consistently make the same
types of error. In the geometric framework, such changes in ac-
tivity because of context would work along an axis that is collin-
ear with those that encode eye position and would thus bias the
decoder. In this sense, changes in tuning can affect computations
in similar ways to the effects of “information-limiting” correla-
tions in trial-by-trial variability, which cannot be simply

averaged out through pooling larger populations (Averbeck and
Lee, 2006; Moreno-Bote et al., 2014; Pitkow et al., 2015; Roth
and Rust, 2019).

Rapid estimation of a universal decoder?
A simple algorithm that can estimate eye position or the location
of visual objects in peripersonal space robustly would be of great
value for brain–machine interfaces. A challenge in that area is to
collect enough data to estimate the parameters of the decoding
algorithm, so efficient methods are important. We assessed
whether any one of the four task contexts allowed estimation of a
decoder that performed as well as the universal decoder. In other
words, in which context does the PPC population activity most
reflect the “universal code”?

Our cross-context decoding approach, in which we trained
on one context and tested on each other context, revealed that
no single context is sufficient to yield a universal decoder: decod-
ing performance was considerably worse in all cases. This sug-
gests that the nonstationary statistical properties of neurons as
context changes need to be incorporated into the decoding
model. We achieved this in part by assuming a negative binomial
distribution of spike-counts, which captured the increased vari-
ability associated with tuning changes. Further, it suggests that
training must incorporate exposure to highly varied environ-
ments and tasks, most likely more than the four used in the pres-
ent work.

Multiplexed population codes
Our results are consistent with previous reports of invariant,
multiplexed population codes in cortex; as examples, V1 activ-
ity supports the read-out of eye position regardless of whether
the eyes are stationary, jumping from one point to another, or
pursuing a moving target (Morris and Krekelberg, 2019); PPC
activity supports the read-out of past, current, and future eye
positions simultaneously (i.e., time-lagged variants of the same
signal) (Morris et al., 2016); MSTd activity supports the read-
out of heading direction and object motion (Kim et al., 2016;
Sasaki et al., 2017); and M1 and PMd neurons encode prepara-
tory motor signals in a way that prevents premature motor exe-
cution (Churchland et al., 2012; Kaufman et al., 2014; Elsayed
et al., 2016; Gallego et al., 2017, 2020).

A stable representation of egocentric space
Eye position information is central to how the brain constructs
an internal model of the outside world for perception and action.
For vision, it is needed to map the positions of objects in the reti-
nal image, which change with every eye movement, onto their
true positions in the world and relative to the body. Thus, visual
information only really becomes useful for guiding actions (e.g.,
reaching, locomotion) when it is combined with information
about the direction of gaze (i.e., head and eye position).

For audition, eye position information is needed to shift gaze
toward a target that is heard but currently out of view (or to use
auditory information to improve localization) (Witten and
Knudsen, 2005). Sound locations are encoded relative to the
head initially, but eye movements require their locations relative
to the fovea (i.e., eye-centered coordinates). Eye position neces-
sarily provides the mapping between these two spatial frames of
reference (Soechting and Flanders, 1992). Some neurons in PPC
(e.g., the lateral intraparietal area) are sensitive to auditory targets
in eye-centered coordinates, evidencing a coordinate transforma-
tion built from eye position signals (Mullette-Gillman et al.,
2005).

Figure 11. The universal decoder outperforms within- and cross-context decoders and has
good absolute accuracy. The plot shows the average bias for the universal, within-context, and
cross-context decoders. Only cross-context decoders trained on the Fixation (worst-performing)
and Optic Flow (best-performing) contexts are shown. Error bars indicate the 2.5th to 97.5th per-
centile range of 100 bootstrapped datasets (see Materials and Methods). The universal decoder
performed better than other decoders for all test contexts, except for the within-context decoder
when tested on Fixation and Optic Flow, with which it was comparable.
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Our results suggest a computational basis for the robustness
of these fundamental sensorimotor transformations to changing
sensory and behavioral contexts in everyday life: eye position is
encoded along dimensions of PPC population responses (at least
in areas 7a and DP) that are orthogonal to those that encode
other latent variables (e.g., reach plans, changes in visual
input, hand/arm posture). This is analogous to findings in
premotor and primary motor cortices, where signals for
motor preparation and execution are represented through a
common population of neurons but encoded orthogonally
(Churchland et al., 2012; Kaufman et al., 2014; Gallego et al.,
2017; Perich et al., 2018).

Orthogonal encoding thus appears to be a general strategy
for multiplexing sensorimotor signals in neural population
codes. This would support invariant read-out of information
downstream for action and perception through a fixed pat-
tern of synaptic weights. Similarly, it would allow targeted
feedback (e.g., attention, efference copy, etc.) through com-
parable incoming projections that selectively modulate indi-
vidual signals. In sum, our results point to a stable and
context-invariant representation of eye position in primate
PPC and provide a striking example of the robustness of pop-
ulation codes, even when single neurons provide highly
unreliable information.
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