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eLife Assessment

This important study reports a reanalysis of one experiment of a previously-
published report to characterize the dynamics of neural population codes during
visual working memory in the presence of distracting information. This paper
presents solid evidence that working memory representations are dynamic and
distinct from sensory representations of intervening distractions. This research will
be of interest to cognitive neuroscientists working on the neural bases of visual
perception and memory.

https://doi.org/10.7554/eLife.99290.3.sa2

Abstract

Recent studies have provided evidence for the concurrent encoding of sensory percepts and
visual working memory contents (VWM) across visual areas; however, it has remained
unclear how these two types of representations are concurrently present. Here, we
reanalyzed an open-access fMRI dataset where participants memorized a sensory stimulus
while simultaneously being presented with sensory distractors. First, we found that the VWM
code in several visual regions did not fully generalize between different time points,
suggesting a dynamic code. A more detailed analysis revealed that this was due to shifts in
coding spaces across time. Second, we collapsed neural signals across time to assess the
degree of interference between VWM contents and sensory distractors, specifically by testing
the alignment of their encoding spaces. We find that VWM and feature-matching sensory
distractors are encoded in coding spaces that do not fully overlap, but the separation
decreases when distractors negatively impact behavioral performance in recalling the target.
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Together, these results indicate a role of dynamic coding and temporally stable coding spaces
in helping multiplex perception and VWM within visual areas.

Introduction

To successfully achieve behavioral goals, humans rely on the ability to remember, update, and
ignore information. Visual working memory (VWM) allows for a brief maintenance of visual
stimuli that are no longer present within the environment (12 -3(2). Previous studies have
revealed that the contents of VWM are present throughout multiple visual areas, starting from V1
(42-8(4,8(4-12(%). These findings raised the question of how areas that are primarily involved
in visual perception can also maintain VWM information without interference between the two
contents. Recent studies that had participants remember a stimulus while simultaneously being
presented with sensory stimuli during the delay period have found supporting evidence that both
VWM contents and sensory percepts are multiplexed in occipital and parietal regions
(82,13,14@). However, the mechanism employed in order to segregate bottom-up visual input

from VWM contents remains poorly understood.

One proposed mechanism to achieve the separation between sensory and memory
representations is dynamic coding (15@-172): the change of the population code encoding VWM

However, it is not yet clear whether dynamic coding of VWM might help evade sensory distraction
in human visual areas.

Another line of evidence suggests that perception could potentially be segregated from VWM
neuroanatomy indicates that the sensory bottom-up visual pathway primarily projects to the
cytoarchitectonic Layer 4 in V1, while feedback projections culminate in superficial and deep
layers of the cortex (28%). Functional results are in line with neuroanatomy by showing that

In addition to laminar separation, regional multiplexing of multiple items could potentially rely on
rotated representations, as seen in memory and sensory representations orthogonally coded in the
auditory cortex (32@) and in the storage of a sequence of multiple spatial locations in the

in both humans and trained recurrent neural networks as a way of segregating attended and
unattended VWM representations (34 5-36 ().

Here we investigated whether the concurrent presence of VWM and sensory information is
compatible with predictions offered by dynamic coding or by stable non-aligned coding spaces.
performed a delayed-estimation VWM task with and without sensory distraction. To investigate
dynamic coding we employed a temporal cross-decoding analysis that assessed how well the
multivariate code encoding VWM generalizes from one time point to another (224,37 -39%),
and a temporal neural subspace analysis that examined a sensitive way of looking at alignment of
neural populations coding for VWM at different time points. To assess the non-overlapping coding
hypothesis, we used neural subspaces (212,26 (2,32 (%) to see whether temporally stable
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representations of the VWM target and the sensory distractor are coded in separable neural
populations. Finally, we examined the multivariate VWM code changes during distractor trials
when compared to the no-distractor VWM format.

Results

Temporal cross-decoding in distractor and no-distractor trials
In the previously published study (8 2 ) two groups of participants completed two VWM

experiments where on a given trial they were asked to remember an orientation of a grating,
which they had to then recall at the end of the trial. In the first experiment the delay period was
either left blank (no-distractor) or a noise or randomly oriented grating distractor was presented
(Fig. 1a®). To investigate the dynamics of the VWM code, we examined how the multivariate
pattern of activity encoding VWM memoranda changed across the duration of the delay period. To
do so, we ran a temporal cross-decoding analysis where we trained a decoder (periodic support
on all time points in turn in a cross-validated fashion. If the information encoding VWM
memoranda were to have the same code, the trained decoder would generalize to other time
points, indicated by similar decoding accuracies on the diagonal and off-diagonal elements of the
matrix. However, if the code exhibited dynamic properties, despite information about the
memonda being present (above-chance decoding on the diagonal of the matrix), both off-diagonal
elements corresponding to a given on-diagonal element would have lower decoding accuracies
(Fig. 1b @). Such off-diagonal elements are considered an indication of a dynamic code.

We ran the temporal cross-decoding analysis in the first of two experiments for the three VWM
delay conditions: no-distractor, noise distractor and orientation distractor (feature-matching
distractor). First, we examined each element of the cross-decoding matrix to test whether decoding
accuracies were above chance. In all three conditions and throughout all ROIs, we found clusters
where decoding was above chance (Fig. 1c-e 2, black outline; nonparametric cluster-permutation
test against null; all clusters p < 0.05) from as early as 4 s after the onset of the delay period. We
found that decoding on the diagonal was highest during no-distractor compared to noise and
orientation distractor trials in most regions of interest (RO Fig. 4a ().

Second, we examined off-diagonal elements to assess whether there was any indication that they
reflected a non-generalizing dynamic code (see Methods for full details). Despite a high degree of
temporal generalization, we found dynamic coding clusters in all three conditions. Some degree of
dynamic coding was observed in all ROIs but LO2 in the noise distractor and no-distractor trials,
while it was only present in V1, V2, V3, V4, and IPS in the orientation distractor condition (Fig. 1c-
e[, blue outline). The difference between noise and orientation distractor conditions could not be
explained by the amount of information present in each ROI, as the decoding accuracy of the
diagonal was similar across all ROIs in both the noise and orientation distractor conditions (Fig.
4a(@). We saw a nominally larger number of dynamic coding elements in V1, V2 and V3AB during
the noise distractor condition and in V3 during the no-distractor condition (Fig. 1d &2).

To qualitatively compare the amount of dynamic coding in the three conditions across the delay
multivariate code’s uniqueness at each time point; more precisely, the proportion of dynamic
elements corresponding to each diagonal element. High values indicate dynamic code and low
values indicate a generalizing code. Across all conditions, most dynamic elements occurred
between the encoding and early delay periods (4-8 s), and the late delay and retrieval (14.4-16.8 s).
Interestingly, during the noise distractor trials in V1 we also saw dynamic coding during the
middle of the delay period; the multivariate code not only changed during the onset and offset of
the noise stimulus, but also during its presentation and throughout the extent of the delay.
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Figure 1.

Task and temporal cross-decoding.

a) On each trial an oriented grating was presented for the 0.5 s followed by a delay period of 13 s (8C2 ). In a third of the trials
a noise distractor was presented for 11 s during the middle of the delay; in another third another orientation grating was
presented; one third of trials had no-distractor during the delay. b) Illustration of dynamic coding elements. An off-diagonal
element had to have a lower decoding accuracy compared to both corresponding diagonal elements (see Methods for
details). c) Temporal generalization of the multivariate code encoding VWM representations in three conditions across
occipital and parietal regions. Across-participant mean temporal cross-decoding of no-distractor trials. Black outlines: matrix
elements showing above-chance decoding (cluster-based permutation test; p < 0.05). Blue outlines with dots: dynamic coding
elements; parts of the cross-decoding matrix where the multivariate code fails to generalize (off-diagonal elements having
lower decoding accuracy than their corresponding two diagonal elements; conjunction between two cluster-based
permutation tests; p < 0.05). d) Same as c), but noise distractor trials. €) Same as c), but orientation distractor trials. f)
Dynamicism index; the proportion of dynamic coding elements across time. High values indicate a dynamic non-generalizing
code, while low values indicate a generalizing code. Time indicates the time elapsed since the onset of the delay period.
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Participants performed the same type of VWM task with three conditions: a blank delay (no-
distractor), a naturalistic distractor, and a flickering orientation distractor (Fig. S1a@). The
decoding accuracies across all conditions, including the no-distractor condition, were nominally
lower in the second experiment compared to the first. In some ROIs the information about the
target was not present during the delay period (chance decoding on the diagonal; Fig. S1b-d @).
Similarly to the first experiment’s orientation trials, the flickering orientation condition did not
exhibit high levels of dynamic coding of the target (Fig. S1b-d ). Due to the decreased amount of
target information present across timepoints in the two distractor conditions (Fig. S1e @), we do
not further investigate the temporal dynamics of VWM storage in the second experiment.

We conducted several simulations to investigate whether changes in signal-to-noise ratio (SNR)
could lead to dynamic coding clusters in our temporal cross-decoding analyses. This could occur if
a decoder trained at one SNR fails to generalize to another, because each may rely on different
features within the data. Specifically, we varied the added noise level in either a simulated dataset
of voxel responses or the empirical results from V1 in the no-distractor or noise distractor trials in
the first experiment. We then trained on a given noise level and tested on all other noise levels,
corresponding to the temporal cross-decoding analysis. We see an absence of dynamic elements in
the SNR cross-decoding matrix, as the decoding accuracy more strongly depends on the training
data rather than test data. This results in some off-diagonal values in the decoding matrix that are
higher, rather than smaller, than corresponding on-diagonal elements (Fig. S9a®). In the second
and third simulations, we used empirical data. To follow the initial decrease and subsequent
increase in decoding accuracy found in most ROIs (Fig. 4a @), we initially decreased and then
increased the SNR in the train and test axes of the matrix (Fig. S9b-c ). Similarly to the first
simulation, the cross-decoding matrix lacked dynamic elements, with the decoding accuracy of
most off-diagonal elements exceeding their corresponding on-diagonal elements (Fig. S9b-c(?).
These simulations indicate that SNR differences are unlikely to give rise to dynamic coding
clusters.

Dynamics of VWM neural subspaces across time

The temporal cross-decoding analysis of the first experiment revealed more dynamic coding in the
early visual cortex primarily during the early and late delay phase and a more generalized coding
throughout the delay in higher-order regions. In order to understand the nature of these effects in
more detail, we conducted a separate series of analyses that directly assessed the neural subspaces
in which the orientations were encoded and how these potentially changed across time.
Specifically, we followed a previous methodological framework (26 (3) and applied a principal

component analysis (PCA) to the high-dimensional activity patterns at each time point to identify
the two axes that explained maximal variance across orientations (see Fig. 2 and Methods).

First, we visualized the consistency of the neural subspaces across time. For this, we computed
low-dimensional 2D neural subspaces for a given time point and projected left-out data from six
time points during the delay onto this subspace (26 3,32 %). A projection of data from a single
time point resulted in four orientation bin values placed within the subspace (Fig. 2a(Z, colored
circles indicate orientation). Taking into account projected data from all timepoints, if the VWM
code were generalizing, we would see a clustering of orientation points in a subspace; however, if
orientation points were scattered around the neural subspace, this would show a non-generalizing

code.

We examined the projections in a combined ROI spanning V1-V3AB aggregated across
participants. We projected left-out data from all six time point bins onto subspaces generated from
the early (7.2 s), middle (12 s), and late (16.8 s) time point data for each of the three conditions.
Overall, the results showed generalization across time with some exceptions (Fig. 2c(%, Fig. S2([@).
The clustering of orientation bins in the no-distractor condition was most pronounced (Fig. 4a(®@).
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Figure 2.

Assessing the dynamics of neural subspaces in V1-V3AB.

a) Schematic illustration of the neural subspace analysis. A given data matrix (voxels x orientation bins) was subjected to a
principal components analysis and the first two dimensions were used to define a neural subspace onto which a left-out test
data matrix was projected. This resulted in a matrix of two coordinates for each orientation bin and was visualized (see right).
The x and y axes indicate the first two principal components. Each color depicts an angular bin. b) Schematic illustration of
the calculation of an above-baseline principal angle (aPA). A principal angle (PA) is the angle between the 2D PCA-based
neural subspaces (as in a) for two different time points t4, t,. A small angle would indicate alignment of coding spaces; an
angle of above-baseline would indicate a shift in the coding space. The aPA is the angle for a comparison between two time
points (t, t,) minus the angle between cross-validated pairs of the same time points. c) Each row shows a projection that was
estimated for one of two time ranges (middle and late delay) and then applied to all time points (using independent, split-
half cross-validated data). Opacity increases from early to late time points. For visualization purposes the subspaces were
estimated on a participant-aggregated ROI (26C% ). The axes represent the first two principal components, with labels
indicating the percent of total explained variance. (Fig. S22 depicts the same projections as neural trajectories. d) aPA

between all pairwise time point comparisons (nonparametric permutation test against null; FDR-corrected p < 0.05) averaged
across 1,000 split-half iterations. Corresponding p-values found in Supplementary Table 12 .
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In contrast, the noise distractor trials showed a resemblance of some degree of dynamic coding, as
seen by less variance explained by early time points projected onto the middle subspace and the
early and middle time points projected onto late subspace (Fig. 2c @, Fig. S2@).

To quantify the visualized changes, we measured the alignment between each pair of subspaces by
calculating the above-baseline principal angle (Fig. 2b @) within the combined V1-V3AB ROL The
above-baseline principal angle (aPA) measures the alignment between the 2D subspaces encoding
the VWM representations: the higher the angle, the smaller the alignment between two subspaces
and an indication of a changed neural coding space. Unlike in the projection of data from time
points, the aPA was calculated participant-wise. Using a split-half approach, we measured the aPA
between each split-pair of subspaces and subtracted the angles measured within each of the
subspaces with the latter acting as a null baseline.

All three conditions showed significant aPAs (Fig, 2d (¥ ; cyan stars; permutation test; p < 0.05, FDR-
corrected). Corresponding to the results from the cross-decoding analysis, the early (4.8s) and late
(16.8) delay subspaces showed the highest number of significant pairwise aPAs in all conditions,
with noise distractor trials having all pairwise aPAs including the early and late subspaces being
significant. The three conditions each had two significant aPAs between timepoints in the middle
of the delay period.

Alignment between distractor and target

subspaces in orientation distractor trials

Next, we assessed any similarity in encoding between the memorized orientation targets and the
orientation distractors by focusing on those trials where both occurred. First, we examined
whether the encoding of the sensory distractor in the first experiment is stable across its entire
presentation duration (1.5 s - 12.5 s after target onset) using the same approach as for the VWM
target (Fig. 1e @2). We found stable coding of the distractor in all ROIs with only a few dynamic
elements in V2 and V3 (Fig. S32). We then assessed whether the sensory distractor had a similar
code to the VWM target by examining whether the multivariate code across time generalizes from
the target to the distractor and vice versa. When cross-decoded, the sensory distractor (Fig. S3c (%)
and target orientation (Fig. S3b ™) had lower decoding accuracies in the early visual cortex
compared to when trained and tested on the same label-type, indicative of a non-generalizing
code. Such a difference was not seen in higher-order visual regions, as the decoding of the sensory
distractor was low to begin with (Fig. S3a-c@).

Since we found minimal dynamics in the encoding of the distractor (Fig. S3a 2) and target (Fig.

1e @) in the first experiment, we focused on temporally stable neural subspaces that encoded the
target and sensory distractor. We computed stable neural subspaces where we disregarded the
temporal variance by averaging across the whole delay period and binned the trials either based
on the target orientation (Fig. 3a (@, left subpanel) or the distractor orientation (Fig. 3a ™, right
subpanel). We then projected left-out data binned based on the target (Fig. 3a (2, green
quadrilateral) or the distractor (Fig. 3a 3, gray quadrilateral). This projection provided us with
both a baseline (as when training and testing on the same label) and a cross-generalization.
Unsurprisingly, the target subspace explained the left-out target data well (Fig. 3a @, left subpanel,
green quadrilateral); however, the target subspace explained less variance of the left-out
distractor data (Fig. 3a (2, left subpanel, gray quadrilateral), as qualitatively seen from the smaller
spread of the sensory distractor orientations. A similar but less pronounced dissociation between
projections was seen in the distractor subspace (Fig. 3a 2, left, quadrilateral in green) with the
distractor subspace better explaining the left-out distractor data. We quantified the difference
between the target and distractor subspaces and found a significant aPA between them (p = 0.0297,
one-tailed nonparametric permutation test; Fig. 3b(2).
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Figure 3.

Generalization between target and distractor codes
in orientation distractor VWM trials in V1-V3AB.
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a) Left: projection of left-out target (green) and sensory distractor (gray) onto an orientation VWM target neural subspace.
Right: same as left, but the projections are onto the sensory distractor subspace. The axes represent the first two principal
components, with labels indicating the percent of total explained variance. b) Principal angle between the sensory distractor
and orientation VWM target subspaces (p = 0.0297, one-tailed permutation test of sample mean), averaged across 1,000 split-
half iterations. Errorbars indicate SEM across participants. c) Same as a), but for flickering orientation distractor trials in the
second experiment. d) Same as b), but for flickering orientation distractor trials in the second experiment (p < 0.001, one-
tailed permutation test of sample mean). The same figure for individual ROIs can be seen in Fig. S5 .
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Figure 4.

Cross-decoding between distractor and no-distractor conditions in Experiment 1.

a) Decoding accuracy (feature continuous accuracy; FCA) across time for train and test on no-distractor trials (purple), train
and test on noise distractor trials (dark green) and train and test on orientation distractor trials (light green). Horizontal lines
indicate clusters where there is a difference between two time courses (all clusters p < 0.05; nonparametric cluster
permutation test, see color code on the right). b) Decoding accuracy as a proportion of no-distractor decoding estimated on
the averaged delay period (4-16.8s). Nonparametric permutation tests compared the decoding accuracy of each analysis to
the no-distractor decoding baseline (indicated as a dashed line) and between a decoder trained and tested on distractor trials
(noise- or orientation-within) and a decoder trained on no-distractor trials and tested on distractor trials (noise or
orientation-cross). FDR-corrected across ROIs. * p < 0.05, *** p < 0.001. Corresponding p-values found in Supplementary

Table 2(2.
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We ran the same analyses on the flickering orientation distractor trials in the second experiment,
in which the flickering distractor trials negatively impacted target recall compared to the no-
distractor trials (8 @2). Similarly to the first experiment, we find reliable temporal cross-decoding
of the distractor (Fig. S4a) and a non-generalizing code when trained and tested on the target
and distractor, respectively, and vice versa (Fig. S4b-c(@). As the target (Fig. S1c@) and distractor
(Fig. S4a @) displayed limited coding dynamics, we also computed stable neural subspaces of the
target and distractor. As in the first experiment, the target subspace explained the left-out target
data well (Fig. 3b@, left subpanel, green quadrilateral); however, the same subspace explained
the left-out distractor better than in the first experiment (Fig. 3a 2, left subpanel, gray
quadrilateral), as seen from the larger overlap between the projected distractor and target
quadrilaterals. Similarly, there was a large overlap between the projections in the distractor
subspace (Fig. 3b(Z, right subpanel). The aPA was significant (p < 0.001, one-tailed nonparametric
permutation test; Fig. 3d @), but nominally smaller than in the first experiment. These results
from the first and second experiments provide evidence for the presence of separable stable
neural subspaces that might enable the multiplexing of VWM and perception across the extent of
the delay period and the separation of these subspaces is impacted by behavioral performance.

Impact of distractors on VWM multivariate code

To further assess the impact of distractors on the available VWM information, we examined the
decoding accuracies of distractor and no-distractor trials across time in the first experiment.
Decoding accuracy was higher in the no-distractor trials compared to both orientation and noise
distractor trials across all ROIs, but IPS (Fig. 4a, red @ and blue lines, p < 0.05, cluster permutation
test) across several stages of the delay period. To further assess how distractors affected the delay
period information, we increased sensitivity by collapsing across it, because time courses were
comparable in all conditions (Fig. 4a ). To assess to which degree VWM encoding generalized
from no-distractor to distractor trials, we trained a decoder on no-distractor trials and tested it on
both types of distractor trials (Fig. 4b ™ noise- and orientation-cross). We expressed the decoding
accuracy of each distractor condition as a proportion of the decoding accuracy in the no-distractor
condition. Values close to one indicate comparable information, while values below one mean the
decoder does not generalize well. We found that the cross-decoding accuracies were significantly
lower than the no-distractor in all ROIs but V4 (in both noise and orientation) and LO2 (only
noise). Thus, in most areas the decoder did not generalize well from the no-distractor to distractor
conditions. However, the total amount of information in distractor trials was generally slightly
lower (Fig. 4a@). Thus, we also compared the generalization to a decoder trained and tested on
the same distractor condition (Fig. 4b 2 noise- and orientation-within), which might thus be able
to extract more information. We found that indeed information recovered in areas V2 and V3AB in
the noise distractor condition

(Fig. 4b @, pairwise permutation test). Thus, there was more information in the noise distractor
condition, but it was not accessible to a decoder trained only on no-distractor trials. Additionally, a
temporal cross-decoding analysis where all training time points were no-distractor trials had less
dynamic coding in early visual regions (Fig. S7 @) when compared to the temporal cross-decoding
matrix when trained and tested on noise distractor trials (Fig. 1d 2). These results indicate a
change in the VWM format between the noise distractor and no-distractor trials.

We find a similar pattern of results in the second experiment’s naturalistic distractor condition
where there is a recovery of information in V3 and LO2 and LO1 in the flickering orientation
distractor condition (Fig. S6 %).
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Discussion

We examined the dynamics of visual working memory (VWM) with and without distractors and
explored the impact of sensory distractors on the coding spaces of VWM contents in visual areas
by reanalyzing previously published data (8 3). In two experiments, participants completed a task
during which they had to maintain an orientation stimulus in VWM. In the first experiment the
delay period either had no-distractor, an orientation distractor, or a noise distractor were
presented. The second experiment had either no-distractor, flickering orientation distractor or
naturalistic distractor trials. We assessed two potential mechanisms that could help concurrently
maintain the superimposed sensory and memory representations. First, we examined whether
changes were observable in the multivariate code for memory contents across time, which we
term dynamic coding. For this we used two different analyses: temporal cross-classification and a
direct assessment of angles between coding spaces. We found evidence for dynamic coding in all
conditions of the first experiment, but there were differences in these dynamics between
conditions and regions. Dynamic coding was most pronounced during the noise distractor trials in
early visual regions. Second, we assessed the complementary question of temporally stable coding
spaces. We computed the stable neural subspaces by averaging across the delay period and saw
that coding of the VWM target and concurrent sensory distractors occurred in different stable
neural subspaces. This overlap was less pronounced in the second experiment where the
flickering orientation distractor impacted behavioral performance when recalling the memory
target (8 @). Finally, we observed that the format of the multivariate VWM code during the noise

distraction differs from the VWM code when distractors were not present.

Dynamic encoding of VWM contents has been previously repeatedly examined. Temporal cross-
decoding analyses have been used in a number of non-human primate electrophysiology and

coding in the non-human primate PFC during a spatial VWM task. They observed a change in the
multivariate code between different stages; specifically a first shift between the encoding and
maintenance periods, and also a second shift between the maintenance and retrieval periods. The
initial transformation between the encoding and maintenance periods might recode the percept of
the target into a stable VWM representation, whereas the second might transform the stable
memoranda into a representation suited for initiation of motor output. A similar dynamic coding
pattern was also observed in human visual regions using neuroimaging (26 ). In this study, in all

three conditions we find a comparable pattern of results, where the multivariate code changes
between the early delay and middle delay, and middle delay and late delay periods.

When noise distractors are added to the delay period we find evidence of additional coding shifts
in V1 during the middle of the delay. Previous research in non-human primates has shown that the
presentation of a distractor induces a change in multivariate encoding for VWM in lateral PFC
(IPFC) (232). More precisely, a lack of generalization was observed between the population code
encoding VWM before the presentation of a distractor (first half of the delay) and after its
presentation (the second half). Additionally, continuous shifts in encoding have been observed in
the extrastriate cortex throughout the extent of the delay period when decoding multiple
multiplexing of representations when the visual cortex is overloaded by the maintenance of
multiple stimuli at once. Future research could examine how properties of the distractor and of
the target stimulus could interact to lead to dynamic coding. One intriguing hypothesis is that
distractors that perturb the activity of feature channels that are used to encode VWM
representations induce changes in its coding space over time. It is important to note that in the
first experiment, the activation of the encoded target features was highest for the noise stimulus.
Thus the shared spatial frequencies between noise distractor and the VWM contents potentially
contribute to a more pronounced dynamic coding effect.
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In a complementary analysis we directly assessed subspaces in which orientations were encoded
in VWM. We defined the subspaces for three different time windows, early, middle and late. We
find no evidence that the identity of orientations is confusable across time, e.g. we do not observe
45° at one given time point being recoded as 90° from a different time point. Such dynamics have
been previously observed in the rotation of projected angles within a fixed neural subspace

(32 @,342). Rather, we find a decreased generalization between neural subspaces at different

temporal dynamics across the VWM trial periods are driven by changes in the coding subspace of
VWM. We do observe a preservation of the topology of the projected angles, as more similar angles
remained closer together (e.g. the bin containing 45° was always closer to the bin containing 0°

We also find evidence that the VWM contents are encoded in a different way depending on
whether a noise distractor is presented or not. The decoder trained on no-distractor trials does not
generalize well, presumably because it fails to fully access all the information present in noise
distractor trials. If the decoders are trained directly on the distractor conditions the VWM related
information is much higher. Additionally, we see that the code generalizes better across time when
training on no-distractor trial time points and testing on noise distractor trials. This may imply
that by training our decoder on the no-distractor trials we are able to uncover an underlying
stable population code encoding VWM in noise distractor trials. Consistent with this finding,
Murray et al. (21 &) demonstrated that subspaces derived on the delay period could still

generalize to the more dynamic encoding and retrieval periods, albeit not perfectly.

Interestingly, we found limited dynamic coding in the orientation distractor condition; primarily a
change in the code between the early delay and middle delay periods was observed. Nonetheless,
we find distinct temporally stable coding spaces in which sensory distractors and memory targets
are encoded. These results correspond to prior research demonstrating a rotated format between
perception and memory representations (32(2), attended and unattended VWM representations

consistency of these results across different paradigms, we speculate that separate coding spaces
might be a general mechanism of how feature-matching items can be concurrently multiplexed
within visual regions. With growing evidence of the relationship between VWM capacity and
neural resources available within the visual cortex (44 (% -46 (), further research could examine

the number of feature-matching items that can be stored in non-aligned coding spaces.

In this study, the first experiment did not yield a behavioral deficit in the feature-matching
orientation distractor trials, while the second experiment impacted target recall in the feature-
matching flickering orientation trials (8 %). There is evidence from behavioral and neural studies

that show interactions between perception and VWM: feature-matching distractors behaviorally
bias retrieved VWM contents (47 (2,482 ); VWM representations influence perception (49 & -

VWM target, VWM and the sensory distractor neural subspaces might overlap more, as we see in
the second experiment. However, it remains to be seen whether the degree of change or rotation
between subspaces correlates with trial-to-trial behavior.

To our surprise, we did not observe a significant difference in the coding format of VWM between
orientation distractor and no-distractor trials. Our initial expectation was that the VWM coding
might undergo changes due to the target representation avoiding the distractor stimulus.
However, the presence of a generalizing code between no-distractor and orientation distractor
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trials both in the first and second experiments, along with the non-aligned coding spaces between
the target and distractor in both orientation trials, suggests an alternative explanation. We suggest
that the sensory distractor stimulus occupies a distinct coding space throughout its presentation
during the delay, while the coding space of the target remains the same in both orientation and no-
distractor trials. Layer-specific coding differences in perception and VWM might explain these
predominantly reside in the bottom-up middle layers of early visual cortices, while the neural
subspace encoding VWM might primarily occupy the superficial and deep layers.

We provide evidence for two types of mechanisms found in visual areas during the presence of
both VWM and sensory distractors. First, our findings show dynamic coding of VWM within the
human visual cortex during sensory distraction and indicate that such activity is not only present
within the IPFC. Second, we find that VWM and feature-matching sensory distractors are encoded
in shifted coding spaces, but the overlap between these subspaces increases in trials that
negatively affect recall fidelity. Taking into account previous findings, we posit that different
coding spaces within the same region might be a more general mechanism of segregating feature-
matching stimuli. In sum, these results provide possible mechanisms of how VWM and perception
are concurrently present within visual areas.

Methods

Participants, stimuli, procedure, and preprocessing

The following section is a brief explanation of parts of the methods covered in Rademaker et al.
(8%). Readers may refer to that paper for details. We reanalyzed data from Experiment 1 and 2.
In Experiment 1 six participants performed two tasks while in the scanner: a VWM task and a
perceptual localizer task. In the perceptual localizer task, either a donut-shaped or a circle-shaped
grating was presented in 9 second blocks. The participants had to respond whenever the grating
dimmed. There were a total of 20 donut-shaped and 20 circle-shaped gratings in one run.
Participants completed a total of 15-17 runs.

The visual VWM task began with the presentation of a colored 100% valid cue which indicated the
type of trial: no-distractor, orientation distractor, or noise distractor. Following the cue, the target
orientation grating was presented centrally for 500 ms, followed by a 13 s delay period. In the
trials with the distractor, a stimulus of the same shape and size as the target grating was presented
centrally for 11 s in the middle of the delay period (Fig. 1a(@). The orientation and noise
distractors reversed contrast at 4 Hz. At the end of the delay, a probe stimulus bar appeared at a
random orientation. The participants had to align the bar to the target orientation and had to
respond in 3 s. The orientations for the VWM sample were pseudo-randomly chosen from six
orientation bins each consisting of 30 orientations. The orientation distractor and sample were
counterbalanced in order not to have the same orientation presented as a distractor. Each run
consisted of four trials of each condition. Across three sessions participants completed 27 runs of
the task resulting in a total of 108 trials per condition.

In Experiment 2, seven participants performed the same type of VWM task with three trial types:
no-distractor, flickering orientation distractor, and a naturalistic (gazebo or face) distractor (Fig.
S1a®@). The memory target presentation was the same as in Experiment 1. However, unlike
Experiment 1, where distractors exhibited contrast reversals, the distractors in Experiment 2
alternated between being displayed on and off at 4 Hz. In the naturalistic distractor condition, a
full set of 22 unique face images or 22 unique gazebo images was presented in a randomly
shuffled sequence. In the flickering grating distractor condition, 22 gratings were shown, each
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sharing the same orientation but with a randomly assigned phase. As in Experiment 1, the
orientations of both the target and distractor gratings were pseudo-randomly drawn from six
predefined orientation bins.

The data were acquired using a simultaneous multi-slice EPI sequence with a TR of 800 ms, TE of
35 ms, flip angle of 52°, and isotropic voxels of 2 mm. The data were preprocessed using
FreeSurfer and FSL and time-series were z-scored across time for each voxel.

Voxel selection
We used the same regions of interest (ROI) as in Rademaker et al. (8 @), which were derived using

retinotopic mapping. In contrast to the original study, we reduced the size of our ROIs by selecting
voxels that reliably responded to both the donut-shaped orientation perception task and the no-
distractor VWM task. In order to select reliably activating voxels, we calculated four tuning
functions for each voxel: two from the perceptual localizer and two from the no-distractor VWM
task. The tuning functions spanned the continuous feature space in bins of 30°. Thus, to calculate
the tuning functions, we ran a split-half analysis using stratified sampling where we binned all
trials into six bins (of 30°). For both halves, tuning functions were estimated using a GLM that
included six orientation regressors (one for each bin) and assumed an additive noise component
independent and identically distributed across trials. We calculated Pearson correlations between
the no-distractor memory and the perception tuning functions across the six parameter estimates
extracted from the GLM, thus generating one memory-memory and one perception-perception
correlation coefficient for each voxel.

The same analysis was additionally performed 1,000 times on randomly permuted orientation
labels to generate a null distribution for each participant and each ROI These distributions were
used to check for the reliability of voxel activation to perception and no-distractor VWM. After
performing Fisher z-transformation on the correlations, we selected voxels that had a value above
the 75th percentile of the null distributions in both the memory-memory and perception-
perception correlations. This population of voxels was then used for all subsequent analyses. IPS
included reliable voxels from retinotopically derived IPSO, IPS1, and IPS2. The number and
proportion of voxels selected for each experiment is seen in Fig. S8 2.

Periodic support vector regression

We used periodic support vector regression (pSVR) to predict the target orientation from the
multivariate BOLD activity (40 (). PSVR uses a regression approach to estimate the sine and
cosine components of a given orientation independently and therefore accounts for the circular
nature of stimuli. In order to have a proper periodic function, orientation labels from the range

[0°, 180°) were projected into the range [0, 2m).

We used the support vector regression algorithm using a non-linear radial basis function (RBF)
kernel implemented in LIBSVM (56 &) for orientation decoding. Specifically, sine and cosine
components of the presented orientations were predicted based on multivariate fMRI signals from
a set of voxels at specific time points within a trial (see Temporal Generalization). In each cross-
validation fold, we rescaled the training data voxel activation into the range [0, 1] and applied the
training data parameters to rescale the test data. For each participant we had a total of three
iterations in our cross-validation, where we trained on two thirds (i.e. two sessions) and tested on
one third of the data (i.e. the left-out session). We selected three iterations in order to mitigate
training and test data leakage (see Temporal Generalization).

After pSVR-based analysis, reconstructed orientations were obtained by plugging the predicted
sine and cosine components into the four-quadrant inverse tangent:

0, = atan2(xp, yp)
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where xp and yp are pSVR outputs in the test set. Prediction accuracy was measured as the trial-
wise absolute angular deviation between predicted orientation and actual orientation:
Az = ‘(9 B 9p)circ’

where 6 is the labeled orientation and 6 is the predicted orientation. This measure was then
transformed into a trial-wise feature continuous accuracy (FCA) (57 @) as follows:

FCA = W_—Ax.lgg
™

The final across-trial accuracy was the mean of the trial-wise FCAs. Mean FCA was calculated
across predicted orientations from all test sets after cross-validation was complete. The FCA is an
equivalent measurement to standard accuracy measured in decoding analyses falling into the
range between 0 and 100%, but extended to the continuous domain. In the case of random
guessing, the expected angular deviation is 7/2, resulting in chance-level FCA at 50%.

Temporal cross-decoding

To determine the underlying stability of the VWM code, we ran a temporal cross-decoding analysis
using pSVR (Fig. 1 @). We trained on data from a given time point and then predicted orientations
for all time points, using the presented targets as labels. We trained on two-thirds of the trials per
iteration and tested on the left-out third. Training and test data were never taken from the same
trials, both when testing on the same and different time points.

We used a cluster-based approach to test for significance for above-chance decoding clusters
(58 @). To determine whether the size of the cluster of the above-chace values was significantly
larger than chance, we calculated a summed t-value for each cluster. We then generated a null
distribution by randomly permuting the sign of the estimated above-chance accuracy (each FCA
value was subtracted by 50%, such that 0 corresponds to chance level) of all components within
the temporal cross-decoding matrix. We calculated the summed t-value for the largest randomly
occurring above-chance cluster. This procedure was repeated 1000 times to estimate a null
distribution. The empirical summed t-value of each cluster was then compared to the null

distribution to determine significance (p < 0.05; without control of multiple cluster comparisons).

Dynamic coding clusters were defined as elements within the temporal cross-decoding matrix
where the multivariate code at a given time point did not fully generalize to another time point; in
other words, an off-diagonal element was significantly smaller in accuracy compared to its two
corresponding on-diagonal elements (a;; < a;; and a;; < a;;, Fig. 1b(2). In order to test for
significance of these clusters, we ran two cluster-permutation tests as done in previous studies to
define dynamic clusters (222,26 (23). In each test, we subtracted one or the other corresponding
diagonal elements from the off-diagonal elements (a;; - a; and a;; — a;). We then ran the same sign
permutation test as for the above-chance decoding cluster for both comparisons. An off-diagonal
element was deemed dynamic, if both tests were significant (p < 0.05) and both corresponding

diagonal elements were part of the above-chance decoding cluster.

that were dynamic. Specifically, we calculated the proportion of (off-diagonal) dynamic elements
corresponding to a diagonal time point in both columns (corresponding to the test time points) and
rows (corresponding to the train time points) of the temporal cross-decoding matrix.

Temporal cross-decoding simulations

To address the possibility that the dynamic clusters in the temporal cross-decoding analysis might
arise as a result of the decoder picking up on different features within the signal as a function of
the signal-to-noise ratio (SNR), we ran three temporal cross-decoding simulations where the train
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and test data had varying levels of SNR.

In the first simulation, we created a dataset of 200 voxels that had a sine or cosine response
function to orientations between 1° to 180°, the same orientations as the remembered target. A
circular shift was applied to each voxel to vary preferred (or maximal) responses of each
simulated voxel. This resulted in a dataset that captured the neural population’s response to all
orientations. We then assessed the decoding performance under different SNR conditions during
training and testing. In total, we ran seven iterations of the simulation, which correspond to the
number of subjects in the second experiment. For each iteration, we randomly selected 108
responses from the full set of 180 for training, and then independently sampled another 108 from
the same full set for testing. This ensured that the same orientation could appear in both sets,
consistent with the structure of the original experiment. To increase variability, the selected trials
differed in each iteration. Random white noise was applied to the data and thus the SNR was
independently scaled according to the specified levels for train and test data. We then use the
same pSVR decoder as in the temporal cross-decoding analysis to train and test. We plot the SNR
cross-decoding matrix as temporal decoding matrices (Fig. S9a ().

The second and third simulations were conducted to investigate whether increased noise levels
would induce the decoder to rely on different features of the no-distractor and noise distractor
data from the first experiment. We used empirical data from the primary visual cortex (V1) under
the no-distractor and noise distractor condition for the second and third simulations, respectively.
Data from time points 5.6-8.8 seconds after stimulus onset (Fig. 1c (@, V1) were averaged across
five TRs. As in the first simulation, SNR was systematically manipulated by added white noise.
Additionally, to see whether the initial decrease in SNR and subsequent increase (as seen first
during the delay and and increase during the response period) would result in dynamic coding
clusters, we initially increased and subsequently decreased the amplitude of added noise. The
same pSVR decoder was used to train and test on the data in a cross-validated fashion with
different levels of added noise. We plot the cross-decoding matrix as in the first simulation (Fig.
S9b-c @).

Neural subspaces
We adapted the method from (26 @) to calculate two-dimensional neural subspaces encoding

VWM information at a given time point. To do so, we used principal component analysis (PCA). To
maximize power, we binned trial-wise fMRI activations into four equidistant bins of 45 degrees
and averaged the signal across all trials within a bin (Fig. 2a ). The data matrix X was defined as
a p x v matrix where p = 4 was the four orientation bins, and v was the number of voxels. We

mean-centered the columns (i.e. each voxel) of the data matrix.

This analysis focused on the time points from 4 s to 17.6 s after delay onset. The first TRs were not
used since the temporal cross-decoding results showed no above-chance decoding. We averaged
across every three TRs leading to six non-overlapping temporal bins resulting in six X matrices.
We calculated the principal components (PCs) using eigendecomposition of the covariance matrix
for each X and defined the matrix V using the two largest eigenvalues as a v x 2 matrix, resulting
in six neural subspaces, one for each non-overlapping temporal bin.

Neural subspaces across time

For visualization purposes, we used three out of the total of six neural subspaces from the
following time points: early (7.2 s), middle (12 s), and late (16.8 s). Following the aforementioned
procedure, these subspaces were calculated on half of the trials, as we projected the left-out data
onto the subspaces. The left-out data were binned into six temporal bins between 4 s and 17.6 s
after target onset with no overlap just like in the calculation of the six subspaces. The projection
resulted in a p x 2 matrix P for each projected time bin (resulting in a total of six P matrices). We
use distinct colors to plot the temporal trajectories of each orientation bin across time in a 2D
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subspace flattened (Fig. 2c@) and not flattened (Fig. S22) across the time dimension.
Importantly, the visualization analysis was done on a combined participant-aggregated V1-V3AB
region, which included all reliable voxels across the four regions and all six participants (see Voxel
Selection).

To measure the alignment between coding spaces at different times, we calculated an above-
baseline principal angle (aPA) between all subspaces (Fig. 2c 2 ). We used the MATLAB function
subspace for an implementation of the method proposed by (59 ) to measure the angle between
two V matrices. This provided us with a possible principal angle between 0-90°; the higher the
angle, the larger the difference between the two subspaces. In order to avoid overfitting and as in
the visualization analysis, we used a split-half approach to compute the aPA between subspaces.
Half of the binned trials were used to calculate V; 5 and V; 4 and half for V; g Vj g, where A and B
refer to the two halves of the split and and i and j refer to the two time bins compared. For
significance testing, the within-subspace angle (the angle between two splits of the data within a
given temporal bin (i.e. Vj 4 and V; g)) was subtracted from the between-subspace PA (the angle
between two different temporal bins (e.g. Vj 5 and V; p)). Unlike the visualization analysis, the PA
was calculated per participant 1,000 times using different splits of the data on a combined V1-
V3AB region that included the reliable voxels across the four regions (see Voxel Selection). The
final aPA value was an average across all iterations for each participant.

Sensory distractor and orientation VWM target neural subspaces

For the orientation VWM target and sensory distractor neural subspace, we followed the
aforementioned subspace analysis, but instead of calculating subspaces on six temporal bins, we
averaged across the 4-17.6 s delay period and calculated a single subspace. As in the previous
analysis, we split the orientation VWM trials in half. We then binned the trials either based on the
target orientation or the sensory distractor. For visualization purposes, we projected the left-out
data averaged based on the sensory distractor and the target onto subspaces derived from both
the sensory distractor and target subspaces. As in the previous visualization, the analysis was run
on a participant-aggregated V1-V3AB region.

To calculate the aPA we had the following subspaces: Vyarget,a> Vpist,A> VTarget,8 a1d Vpist,B:
where the subspaces were calculated on trials binned either based on the target orientation or the
sensory distractor. The aPA was calculated by subtracting the within-subspace angle (Varget,a and
VTarget,B> VDist,A aNd Vpjg p) from the sensory distractor and working memory angle (Varget,a
and Vpjs¢ B, Vrarget,B aNd Vpjst,a)- The split-half aPA analysis was performed 1,000 times and the
final value was an average across these iterations for each participant.

Supplementary Figures
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Supplementary Figure 1.

Task and temporal cross-decoding of Experiment 2.

a) On each trial an oriented grating was presented for the 0.5 s followed by a delay period of 13 s. In a third of the trials a
naturalistic distractor was presented for 11 s during the middle of the delay; in another third another a flickering orientation
grating was presented; one third of trials had no-distractor during the delay. b) Temporal generalization of the multivariate
code encoding VWM representations in three conditions across occipital and parietal regions. Across-participant mean
temporal cross-decoding of no-distractor trials. Black outlines: matrix elements showing above-chance decoding (cluster-
based permutation test; p < 0.05). Blue outlines with dots: dynamic coding elements; parts of the cross-decoding matrix
where the multivariate code fails to generalize (off-diagonal elements having lower decoding accuracy than their
corresponding two diagonal elements; conjunction between two cluster-based permutation tests; p < 0.05). ¢) Same as b),
but noise distractor trials. Dynamic coding elements depicted in red. d) Same as c), but orientation distractor trials. e).
Decoding accuracy (feature continuous accuracy; FCA) across time for train and test on no-distractor trials (purple), train and
test on naturalistic distractor trials (dark green) and train and test on flickering orientation distractor trials (light green).
Horizontal lines indicate clusters where there is a difference between two time courses (all clusters p < 0.05; nonparametric
cluster permutation test, see color code on the right).
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Neural trajectories across time.

Same as Figure 2c @), but the time dimension is on the z-axis.
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a) Sensory distractor trained on sensory distractor
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Supplementary Figure 3.

Temporal cross-decoding of distactor and memory
target in orientation distractor trials in Experiment 1.

a) Across-participant mean temporal cross-decoding of the sensory distractor. Black outlines: matrix elements showing
above-chance decoding (cluster-based permutation test; p < 0.05). Blue outlines with dots: dynamic coding element
(conjunction between two cluster-based permutation tests; p < 0.05). b) Same as a), but the decoder was trained on the
target and tested on the sensory distractor in orientation VWM trials. ¢) Same as a), but trained on the sensory distractor and
tested on the target.
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Supplementary Figure 4.

Temporal cross-decoding of distactor and memory target
in flickering orientation distractor trials in Experiment 2.

a) Across-participant mean temporal cross-decoding of the sensory distractor. Black outlines: matrix elements showing
above-chance decoding (cluster-based permutation test; p < 0.05). Red outlines with dots: dynamic coding element
(conjunction between two cluster-based permutation tests; p < 0.05). b) Same as a), but the decoder was trained on the
target and tested on the sensory distractor in orientation VWM trials. ¢) Same as a), but trained on the sensory distractor and
tested on the target.
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Supplementary Figure 5.

Stable coding spaces of memory target and distractor in each ROI.

a) Experiment 1. Left: projection of left-out target (green) and sensory distractor (gray) onto an orientation VWM target

neural subspace. Right: same as left, but the projections are onto the sensory distractor subspace. b) Experiment 2. Same as

a), but for flickering orientation distractor trials. ) Experiment 1. Principal angle between the sensory distractor and

orientation VWM target subspaces in each ROI (from V1 to LO2: p = 0.019, 0.045, 0.034, 0.034, 0.109, 0.045, 0, 0.034; one-tailed
permutation test of sample mean, FDR-corrected), averaged across 1,000 split-half iterations. Errorbars indicate SEM across
participants. d) Experiment 2. Same as c) but for flickering orientation distractor trial (from V1 to LO2: p = 0.078, 0, 0, 0.078,

0.263, 0.214, 0.177, 0.263; one-tailed permutation test of sample mean, FDR-corrected).
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Supplementary Figure 6.

Cross-decoding between distractor and no-distractor conditions in Experiment 2.

Decoding accuracy as a proportion of no-distractor decoding estimated on the averaged delay period (4-16.8s).

Nonparametric permutation tests compared the decoding accuracy of each analysis to the no-distractor decoding baseline

(indicated as a dashed line) and between a decoder trained and tested on distractor trials (noise- or orientation-within) and a

decoder trained on no-distractor trials and tested on distractor trials (noise or orientation-cross). FDR-corrected across ROIs.

* p <0.05, ** p <0.01, *** p < 0.001. Corresponding p-values found in Supplementary Table 3(2.
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Supplementary Figure 7.

Temporal cross-decoding generalization between distractor and no-distractor VWM trials.

a) Across-participant mean temporal cross-decoding of noise distractor trials when trained on no-distractor trials. b) Same as

a), but orientation distractor trials trained on no-distractor trials.
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Supplementary Figure 8.

Selected voxels.

Top: Experiment 1. Number of voxels (left) and proportion of voxels selected in an ROI (right). Errorbars indicate SEM across
participants. Bottom: same as top, but for Experiment 2.
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Supplementary Figure 9.

Simulations.
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a) SNR-dependent decoding accuracy, obtained from simulated voxel responses. SNR decreases from left to right (training
axis) and bottom to top (testing axis). b) SNR-dependent decoding accuracy, obtained from no-distractor data from
Experiment 1. SNR first decreases and then increases in both training and test axes. c¢) SNR-dependent decoding accuracy,

obtained from noise distractor data from Experiment 1. SNR first decreases and then increases in both training and test axes.
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Supplementary Table 1.

FDR-corrected p-values corresponding to

Figure 2d @.

Time points | No-distractor Noise distractor Orientation distractor
48-7.2s 0 0.032 0.031
4.8 -9.6s 0.081 0 0.052
4.8-12s 0.092 0 0.052

4.8-14.4s 0.081 0 0

4.8 -16.8s 0.031 0 0
7.2-9.6s 0.078 0.523 0.375
7.2-12s 0.031 0.067 0.2004
7.2-14.4s 0 0.031 0.081
7.2-16.8s 0.031 0 0.092
9.6-12s 0.289 0.0667 0
9.6-14.4s 0.158 0.067 0.031
9.6 - 16.8s 0.031 0 0.081
12-144 0.289 0 0.648
12-16.8s 0.031 0 0.067

14.4s - 16.8 0 0 0

Supplementary Table 2.

FDR-corrected p-values corresponding to

Figure 4b @,
Test VA V2 V3 V3AB V4 IPS LO1 LO2
Neiss-hetwen 0 0 0 0 0.167 0 0 0.085
baseline
Noise-within
s 0 0.388 0.139 0337 | 02001 | 0.027 | o0.079 0
baseline
Orientation-betwer ] 5 0 0 0 0.0598 0 0.0258 | 0.0454
en baseline
Crientation-within 0 0.176 0.2002 0084 | 00258 0 0 0
baseline
Noise 0.092 0 0.092 0 0454 | 0246 | 0107 | 0378
generalization
Orientation 0246 | 0.092 0.0896 o118 | 0763 | 0246 | 0551 | 0.251
generalization
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generalization

Test VA1 V2 V3 V3AB V4 IPS LO1 LO2
Natu rallstlc—petwe 0 0 0 0 0 0 0 0
en baseline
Naturallstlf:-wnhln 0 0 0 0 0 0 0 0
baseline
Orlentatlon-petwe 0 0 0 0 0 0.010 0 0
en baseline
Ornentatuov-wuthm 0031 0.033 0 0.0010 0 0.142 0.018 0
baseline
Naturalistic {368 | 0.100 0 0.109 | o0o72 | 0100 | 0.109 | 0.037
generalization
Orientation {4 351 | 0109 | 0109 0273 | o948 | 0220 | o | 0274

Supplementary Table 3.

FDR-corrected p-values corresponding to Supplementary Figure 6.
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Reviewer #1 (Public review):
Summary:

In this study, the authors re-analyzed a public dataset (Rademaker et al, 2019, Nature
Neuroscience) which includes fMRI and behavioral data recorded while participants held an
oriented grating in visual working memory (WM) and performed a delayed recall task at the
end of an extended delay period. In that experiment, participants were pre-cued on each trial
as to whether there would be a distracting visual stimulus presented during the delay period
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(filtered noise or randomly-oriented grating). In this manuscript, the authors focused on
identifying whether the neural code in retinotopic cortex for remembered orientation was
'stable’ over the delay period, such that the format of the code remained the same, or whether
the code was dynamic, such that information was present, but encoded in an alternative
format. They identify some timepoints - especially towards the beginning/end of the delay -
where the multivariate activation pattern fails to generalize to other timepoints, and
interpret this as evidence for a dynamic code. Additionally, the authors compare the
representational format of remembered orientation in the presence vs absence of a
distracting stimulus, averaged over the delay period. This analysis suggested a 'rotation' of the
representational subspace between distracting orientations and remembered orientations,
which may help preserve simultaneous representations of both remembered and viewed
stimuli. Intriguingly, this rotation was a bit smaller for Expt 2, in which the orientation
distractor had a greater behavioral impact on the participants' behavioral working memory
recall performance, suggesting that more separation between subspaces is critical for
preserving intact working memory representations.

Strengths:

(1) Direct comparisons of coding subspaces/manifolds between timepoints, task conditions,
and experiments is an innovative and useful approach for understanding how neural
representations are transformed to support cognition

(2) Re-use of existing dataset substantially goes beyond the authors' previous findings by
comparing geometry of representational spaces between conditions and timepoints, and by
looking explicitly for dynamic neural representations

(3) Simulations testing whether dynamic codes can be explained purely by changes in data
SNR are an important contribution, as this rules out a category of explanations for the
dynamic coding results observed

Weaknesses:

(1) Primary evidence for 'dynamic coding', especially in early visual cortex, appears to be
related to the transition between encoding/maintenance and maintenance/recall, but the
delay period representations seem overall stable, consistent with some previous findings.
However, given the simulation results, the general result that representations may change in
their format appears solid, though the contribution of different trial phases remains
important for considering the overall result.

(2) Converting a continuous decoding metric (angular error) to "% decoding accuracy" serves
to obfuscate the units of the actual results. Decoding precision (e.g., sd of decoding error
histogram) would be more interpretable and better related to both the previous study and
behavioral measures of WM performance.

Comments on revised version:
The authors have addressed all my previous concerns.
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Author response:

The following is the authors’ response to the previous reviews

Reviewer #1:
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Reviewer #1 (Recommendations For The Authors):

(1) At several places in the reply to reviewers and the manuscript, when discussing the
new simulations conducted, the authors mention they break the 180 trials into a
train/test split of 108/108 - is this value correct? If so, how? (pg 19 of updated
manuscript)

Thank you for pointing this out; it was not clearly explained. We have now added the
explanation to the Methods section:

“For each iteration, we randomly selected 108 responses from the full set of 180 for training,
and then independently sampled another 108 from the same full set for testing. This ensured
that the same orientation could appear in both sets, consistent with the structure of the
original experiment.”

(2) I appreciate the authors have added the variance explained of principal components
to the axes of Fig. 3, though it took me a while to notice this, and this isn't described in
the figure caption at all. It would likely help readers to directly explain what the % means
on each axis of Fig. 3.

Thank you, we have now added a description in both Fig. 2 and 3:

“The axes represent the first two principal components, with labels indicating the percent of
total explained variance.”

(3) I believe there is a typo/missing word in the new paragraph on pg 15: "neural visual
WM representations in the early visual cortices are [[biased]] towards distractors" (I think

the bracketed word may be omitted as a typo)

Thank you - fixed.
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