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Abstract

Neural correlates of visuospatial working memory (WM) information have been found in frontal,
parietal, and early visual areas, but the principles by which distributed WM storage is
topographically organised remain subject to debate. Here, we used functional magnetic resonance
imaging, representational geometry analysis, and vision models to examine the extent to which
WM representations across the cortical hierarchy may differ in terms of visuospatial abstraction.
During retro-cued WM maintenance of rotated real-world objects, we found robust encoding of
the objects’ orientation in both parietal and occipital visual areas. The representational format of
this encoding was independent of the objects’ physical appearance and was surprisingly invariant
across areas, indicating a high level of visuospatial abstraction even in the early visual cortex.
Interestingly, we also found evidence for an orthogonal, object-specific orientation representation
within the same areas, likely reflecting the sample stimuli’s concrete visual appearance. The
latter—but not the former—type of distributed representation emerged also in a contemporary
vision model. Together, the findings indicate the widespread co-existence of abstract (generalised)
and concrete-visual representations multiplexed within the same brain areas. In contrast,
prototypical orientation biases emerged only in the parietal cortex, suggesting a distinction

between generalisation and categorisation in WM abstraction.
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Introduction

The ability to temporarily hold and manipulate information for upcoming tasks, known as working
memory (WM), is essential for virtually every form of higher cognition. WM function has
traditionally been attributed to the prefrontal cortex' but is also assumed to recruit distributed
brain areas’, including parietal and sensory cortices*®. Multivariate pattern analysis of human

neuroimaging data has routinely read out visual WM contents from the early visual cortex’”~!°

, as
well as from extrastriate!"'? and parietal areas'> 1. The distinct roles of these brain areas in WM
p

storage and the principles that govern them remain a matter of debate.

According to one view, distributed WM storage is topographically organised according to the
information’s levels of abstraction, where early sensory areas hold concrete (e.g., visual) details,
whereas more anterior areas retain more generalised or categorical representations'®!?. In line with
this view, the EVC was found to encode memorised stimulus features such as grating orientations
in activity patterns similar to those observed during perception’-10:19-20-23 (bt see 2428 for evidence
that mnemonic and perceptual neural formats may differ), whilst extrastriate and parietal areas
appear to encode visual WM information in a more categorical fashion!”2%3°, Most anteriorly, the

33-35

refrontal cortex maintains task rules?'32, abstract magnitude and semantic categories*®. Goal-
p g g

directed abstraction in higher-level areas may reduce the amount of information to be stored and

render mnemonic representations more resistant to perceptual interference!?!3-37-38,
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Recently, however, evidence has emerged that even early sensory areas might maintain WM
information in more abstract formats than previously thought®?*%. For instance, a fMRI study by
Kwak and Curtis (2022) showed that WM representations of grating orientation in EVC shared
neural formats with those of motion direction in the same area, indicating a degree of generalisation
or abstraction from visually dissimilar inputs. Specifically, the results indicated that during WM
processing, EVC may represent a surrogate imagery stimulus, a “line” oriented in 180° space,
which might support later reporting of grating orientation and motion direction alike. However,
the findings could not explain how a line-like representation (which is invariant to a 180° rotation)
would differentiate between opposite motion directions (e.g., up vs down), which was essential for
the task at hand. Moreover, if WM representations are abstract and generalised in early sensory

areas, where and how would concrete sensory-perceptual detail be retained in the brain, if at all?

An underexplored possibility is that WM representations at different levels of abstraction may
coexist within a given area. For instance, EVC can retain visual WM information while
concurrently processing perceptual input’, suggesting a capacity to multiplex representations with
little interference between them (see also*, for a similar finding in auditory cortex). Within areas,
WM representations were found to undergo substantial transformations over time, indicating that
local neural populations can encode retrospective stimulus information and prospective, action-

26,41,42

oriented transformations alike Individual areas may further hold concurrent WM

representations in orthogonal neural formats shaped by priority** 6

, extending the idea that single
neurons can encode a multitude of stimulus- and task variables simultaneously (“mixed

selectivity™7#%). This raises the possibility that individual areas may hold multilayered WM

representations of both abstract and concrete stimulus information. However, many previous
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studies of visual WM have examined neural representation of a single feature, such as orientation
or colour®*=? without systematically assessing the representations’ level of abstraction or

generality.

Here, we used oriented object stimuli to examine the level of visuospatial abstraction of WM
information across the visual cortical hierarchy. Specifically, we asked to what extent orientation
representations were object-specific or generalised across visually dissimilar objects, the latter
reflecting visuospatial abstraction. We found surprisingly little evidence for a posterior-to-anterior
gradient of representational formats from concrete to abstract. Instead, concrete (object-specific)
and abstract (object-independent) formats appeared to coexist with orthogonal representational
geometries in early visual and higher-level areas alike. Across brain areas, the WM information’s
homogeneous level of visuospatial abstraction was topographically dissociable from the

emergence of categorical biases, which we observed only in the parietal cortex.

Results

During fMRI scanning, participants (n = 40) were asked to remember oriented real-world objects
in a retro-cued WM task (Figure 1a). On each trial, two sample objects were successively
presented in random orientations (Figure 1b), after which an auditory retro-cue ("one" or "two")
informed participants which sample they should remember. After a 12-second delay period,
participants were asked to identify the cued object (by toggling between three probe options; see

Methods) and freely rotate it to report its orientation (continuous report). Behaviourally,
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Fig. 1 | Experimental paradigm and fMRI orientation encoding. a, Each trial began with two randomly
oriented sample objects presented sequentially at off-centre screen positions, followed by an auditory retro-
cue (“one” or “two) indicating which of the two samples was to be remembered. At the test, participants
were asked to remember both the identity and orientation of the cued object (see Methods). b, Left: across
trials, each object appeared in 16 evenly spaced orientations. Middle: representational dissimilarity matrix
(RDM) of the pairwise angular distances between the 16 possible object orientations (360° model). Right:
orientations with opposite directions are maximally distant. ¢, Group behavioural performance. Left: object
identification (mean percentage correct), right: orientation report (mean absolute error in degrees). Error
bars indicate s.e.m. d, Time course of RSA orientation encoding in early visual cortex (V1-3). Vertical
shadings indicate the time at which the retro-cue and the recall probe were presented, respectively. During
the delay period, the encoding of the to-be-remembered orientation was significantly above zero and
significantly stronger than the encoding of the to-be-forgotten orientation. Error shadings show s.e.m., and
dots at the bottom indicate time points of significant orientation encoding of the cued object orientation
compared to zero (coloured) and compared to the uncued object orientation (black) (p < 0.05, FDR
corrected). e, Orientation encoding during the delay (4-12 seconds after the retro-cue) in the different ROIs
(see also Supplementary Figure S1). Significant encoding of the cued orientation was evident in all ROIs
(see Methods). Error bars show s.e.m.; coloured asterisks indicate significance compared to zero, and black
asterisks indicate the difference between cued and uncued samples (*p < 0.05, **p < 0.01, ***p < 0.001,
FDR corrected), n = 40 participants. LOC: Lateral Occipital Complex; pIPS: posterior intraparietal sulcus

; alPS: anterior intraparietal sulcus.



https://doi.org/10.64898/2026.05.23.727368
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.23.727368; this version posted May 26, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

participants almost always identified the correct stimulus object [mean percentage correct =
98.2%, s.e.m. = 0.29%; compared to 33.3% chance-level: t(39) = 225.37, p < 0.001, d = 35.63]
and reported its orientation with a mean absolute error of 15.9° [s.e.m. = 1.04°; compared to 90°

chance-level: 1(39) =-70.94, p <0.001, d = 11.22].

Orientation Encoding

We analysed fMRI data from regions of interest (ROIs) that were found to be involved in WM
processing of visual orientation information in previous work (V1-V3781039° T QC!737:51-53,
pIPS39:37:39:34 "and alPS!337%5%), To examine orientation encoding in these regions, we used an
approach based on Representational Similarity Analysis (RSA). Specifically, we compared the
pairwise dissimilarity structure of neural activity patterns associated with the 16 sample
orientations to that predicted by the angular distances between the samples’ physical orientations
(Fig. 1b). We will later refer to this basic orientation model as our “360°” model. The analysis was
performed separately for each time point in the WM delay, yielding a time course of orientation
encoding (Fig. 1d). For statistical analysis, we focused on the last 8 seconds of the WM delay (i.e.,
the average dissimilarity pattern between 4 and 12 s after the retro-cue), consistent with previous

fMRI studies of WM8:17:37,

In the early visual cortex (V1-V3), we observed significant encoding of the cued sample
orientation [t(39) = 4.14, p < 0.001, d = 0.66], starting approximately 5s after presentation of the
retro-cue (Fig. 1d). The encoding of the cued orientation was significantly stronger than that of the
uncued sample [t(39) = 4.55, p < 0.001, d = 0.86, two-tailed], which itself was not significantly

above zero [t(39) = -1.02, p = 0.863, d = 0.16]. A qualitatively similar pattern was evident in all
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ROIs (Fig. le and Fig. S1), even though the encoding strength in higher cortical areas (e.g., IPS)
appeared somewhat weaker. These results complement previous findings of cue-dependent WM

representations in early visual areas’-!

and support the idea that WM storage is distributed across
the visual cortical hierarchy®!6>>6, An analysis of complementary eye-tracking data recorded in
a separate experiment outside the scanner (n = 37) showed that orientation encoding in gaze
patterns (cf. Linde > was minimal with our present task setup (see Supplementary Fig. S5 for

details), rendering it unlikely that the robust fMRI encoding was only driven by eye movements

(see Discussion).

We then turned to our main analysis question, namely the extent to which the different ROIs
encoded the cued stimulus orientation in an object-specific (‘concrete’) or object-independent
(generalised or ‘abstract’) format. The stimulus objects used in our experiment differed strongly
in visual appearance, but their orientation could be easily transformed into shared rotational
coordinates (relative to the object’s real-world upright position; Figure 2a, leff). This allowed us
to infer the visual WM representations’ level of abstraction by comparing the orientation encoding
within vs between the different objects (Figure 2a, right). Stronger within- than between-object
encoding would indicate a more concrete, object-specific representation, while the relative strength
of between-objects encoding reflects the extent to which the orientation information was object-
independent (i.e., ‘abstracted’ from the physical stimulus). Note that in our behavioural paradigm,
either type of WM representation — concrete or abstract — could in principle be sufficient to

successfully perform the task.

As expected, orientation encoding within-objects was significant in V1-V3 [t(39) =3.66, p <0.001,
d = 0.58]. Interestingly, these early visual areas also showed substantial orientation encoding

between objects [t(39) = 3.10, p = 0.005, d = 0.49], which was statistically indistinguishable from
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Fig. 2 | Object-independent orientation encoding. a, Left: Examples of stimuli used in the experiment.
The stimulus objects differed strongly in visual appearance, allowing us to test the extent to which neural
representations of their memorised orientation were generalised (abstracted from visual input). Middle and
right: model RDMs of orientation encoding within and between objects. Darkened cells denote distances
excluded from each model. b, Orientation encoding within and between objects in early visual cortex (V1-
V3). The two time courses were nearly identical, indicating that the underlying orientation representation
was object-independent. Coloured and grey dots at the bottom indicate time points of significant orientation
encoding (p < 0.05, FDR corrected); otherwise, same conventions as Fig. 1d. ¢, Within- and between-
objects orientation encoding in the different ROIs. All ROIs showed significant orientation encoding
between objects (except alPS, but see Supplementary Figure S1b), and no difference vs within-objects,
indicating object independence (see Results and Supplementary Table S1). Error bars show s.e.m.; coloured
and grey asterisks indicate significance compared to zero (*p < 0.05, **p < 0.01, ***p < 0.001, FDR

corrected), n = 40 participants.

within-objects encoding [t(39) = 0.15, p = 0.978, d = 0.03]. A Bayes-factor (BF) analysis yielded
moderate evidence that within- and between-objects encoding were equally strong (BFio = 0.17),

indicating that early visual cortices represented the orientation information in an abstract (object-
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independent) format. Similarly high levels of abstraction were evident in all ROIs (Figure 2c¢),
[LOC: t(39) = -0.24, p = 0.978, d = 0.05, BF19 = 0.17; pIPS: t(39) = -0.17, p = 0.978, d = 0.04,
BF10 = 0.17; aIPS: t(39) = 0.03, p = 0.978, d = 0.01, BFio = 0.17]. Consistently, we found no
significant differences in the level of abstraction across ROIs (within/between x ROI interaction;

all F(1,39) <0.25, all p > 0.5; see Supplementary Table S2).

Line-like (180°) Orientation Encoding

The results thus far suggest that visual areas including V1-V3 encoded the cued WM orientation
in an object-independent (“abstract®) format, which does not retain object-specific (“concrete’)
visual markers of orientation such as the relative position of the radio’s carry handle, or of the
lighthouse’s entrance door (Fig. la). However, another form of concrete visual orientation
information is how the objects’ overall aspect ratio (as defined by its coarse shape or silhouette)
was oriented in space — where the concrete visual memory of a sample’s orientation would
resemble that of an oriented “line” (see also ¥) or “bar” along the object’s physical main axis. If
this were the case, the four cardinal axes of our 360° orientation space (up, down, left, right, see
Fig. 1b) would collapse into two (vertical, horizontal, Fig. 3a), resulting in a 180° orientation space.
Since 180° and 360° circular spaces are orthogonal to each other, a potential line-like (180°)
representation may have gone undetected in our above (360°) analysis. Critically, if a line-like
(180°) representation reflects concrete visual information, we would expect it to be aligned
differently with different objects (e.g., along the height of the lighthouse, but along the width of
the radio, reflecting the individual stimuli’s principal axis). Thus, when replacing our previous

(360°) analysis model (Fig. 1b) with a 180° model (Fig. 3a), we again compared orientation
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encoding within vs between objects to infer the level of concreteness (vs abstraction) of the

orientation information.

Repeating the analysis with a 180° (“line”) version of our orientation model (Fig. 3a) revealed
significant within-object encoding of the cued orientation in all ROIs [e.g., V1-V3: t(39) =2.46, p
=0.009, d = 0.39], whereas between-object encoding was insignificant [V1-V3: t(39) = 1.40, p =
0.265, d = 0.22; see Fig. 3b and Supplementary Table S3 for the remaining ROIs]. While this
pattern was evident in all ROIs (Fig. 3b), direct comparison of within- vs between-objects
encoding reached statistical significance only in the aIPS [t(39) = 2.32, p = 0.046, d = 0.48; see
Supplementary Table S2 for details]. Importantly, the within-object encoding disclosed by our
180° model was also cue-dependent: none of the ROIs showed such encoding for the uncued
orientation (all p > 0.05, corrected), and the direct comparison of cued vs uncued orientations was
significant in early visual cortex [t(39) = 3.09, p = 0.015, d = 0.63] and LOC [t(39) = 2.54, p =
0.030,d =0.59]. These results suggest the co-existence of a ‘concrete’ (object-specific) visual WM
representation of the physical sample stimuli (in terms of their oriented outline or shape) alongside
the ‘abstract’ 360° representation identified in the previous section — intriguingly, within the same

set of brain areas.

Orientation Encoding in an Artificial Neural Network Model

What kind(s) of orientation representation of our stimuli could have been expected to arise in a
bottom-up fashion, independent of the specific requirements of our WM tasks? To explore this,
we examined the extent to which 360° and/or 180° representations of our stimulus materials

emerge in CORnet-S, a hierarchical convolutional neural network (CNN) model of visual object
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recognition®®. For each CNN layer, we extracted the activity vectors associated with the different
object orientations and compared their representational dissimilarity structure to the predictions of
our 360° and 180° models within and between objects (see Methods). Unlike in the human fMRI
data (cf. Fig. 2b-c), we found no evidence for generalised (between-objects) 360° orientation
encoding in any of the four CNN output layers (Fig. 3d, leff). Additionally, within-object
orientation encoding was only evident in the last layer (IV; mean = 0.608, p < 0.001, see
Supplementary Table S4). In contrast, repeating the analysis with our 180° (“line”) orientation
model showed robust orientation encoding in all four CNN layers (I-IV; Fig. 3d, right).
Specifically, the 180°-orientation encoding was strongly positive within objects, but negative
between objects, as expected if the CNN encoded the orientation of the stimuli’s main visual axis,
which systematically differed between objects (see Methods and Fig. S3b). In this respect, the
CNN patterns resembled our findings with the 180° model in the human fMRI data (cf. Fig. 3b),

which likewise encoded the stimuli’s orientation in an object-dependent 180° space.

An important aspect of these observations is that they show 360°- and 180°-orientation encodings
to be dissociable in principle, both within and across the different layers of a hierarchical neural
network. Furthermore, the CNN findings render it unlikely that the generalised, object-
independent (360°) orientation representation we observed in early visual areas (Fig. 2b) was
driven in a bottom-up fashion by properties of our specific stimulus materials. While the neural
network model did extract object-specific 180° orientation information similar to human visual
areas, it failed to produce the generalised 360° orientation information we found multiplexed in

those same visual areas during human WM processing.
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Fig. 3 | Line-like (180°) orientation encoding and comparison with a deep neural network (CORnet-
S). a, [llustration of a hypothetical “line-like” (180°) representation of our stimulus orientations (illustrated
by coloured lines) and associated model RDM. The model would ignore whether objects are upside-down,
but preserve the orientation of their coarse visual shape, or outline. b, Neural encoding of 180° orientation
during the WM delay. Left, model RDMs. Right, all ROIs showed significant 180° orientation encoding
within objects but not between objects (see Supplementary Table S3 for details). Error bars show s.e.m.;
coloured and grey asterisks indicate significance compared to zero (*p < 0.05, **p < 0.01, ***p < 0.001,
FDR corrected), n = 40 participants. ¢, CNN analysis approach. We performed RSA analogous to the fMRI
analysis on layer activations of a CNN (CORnet-S; see Methods). Top, CORnet-S architecture. Bottom,
layer-specific orientation RDMs within and between objects. d, Orientation encoding results for each CNN
layer. Left: 360° orientation encoding was not generalised (between-objects, grey) in any layer, in contrast
to the RSA results in fMRI (cf. Fig. 2c). Right: 180° orientation encoding within-objects was evident in all
model layers. Between-objects encoding was expectedly negative, indicating that the DNN encoded the
orientation of the individual objects’ visual main axis (which was perpendicular between, e.g., the radio

and the lighthouse, see top left in c; see Results).
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Categorial Orientation Biases

Previous studies of visual WM have shown that participants tend to systematically distort
memorised orientations away from the cardinal axes (vertical and horizontal), a phenomenon
known as ‘cardinal bias’. Repulsive cardinal bias is commonly observed with artificial grating or
line stimuli !7-%, but has recently been shown to also occur with real-world objects oriented in 360°
space . In further analyses, we asked whether and how such a bias manifested in the geometry of

neural activity patterns during the delay period.

We first verified that cardinal repulsion bias was evident in the behavioural data. The participants’
mean signed response errors indeed showed a typical pattern of cardinal repulsion (Figure 4a), in
which the orientations were remembered as further away from the cardinal axes than they actually
were. Fitting a parameterised geometric model (Linde-Domingo & Spitzer, 2024, see Methods),
we observed significantly positive values of bias parameter b [mean + s.e.m. =0.363 +0.017, t(39)
=20.93,p<0.001, d = 3.31], indicating a significant repulsion bias. We then examined the degree
to which such a bias also appeared in the delay-period neural representations of 360° orientation
in our ROIs. Fitting the bias model to the neural representational geometries (via the associated
RDMs, see Methods) showed a significantly positive estimate of b in alPS [Figure 4c; mean +
s.em. = 0.40 £0.13, t(39) = 3.15, p = 0.008, d = 0.50], the most anterior of our ROI. In contrast,
b was near-zero in the posterior ROIs [V1-V3: mean + s.e.m. = 0.01 £ 0.13; LOC: mean + s.e.m.
=0.03 £0.13; pIPS: mean £ s.e.m. = 0.09 + 0.14, all t(39) < 1; all p > 0.5]. These results replicate

17

and extend recent fMRI findings with oriented grating stimuli '/, corroborating that cardinal

repulsion bias emerges only at higher levels of the cortical hierarchy. For completeness, we also
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Repulsion (0<b<1)

Behaviour V1-v3 LoC pIPS alPS
B Attraction Repulsion Attraction (-1 <b <0) 360° model == 180° model

Fig. 4 | Cardinal repulsion bias. a, Behavioural response bias (mean signed response error in radians)
for each of the cued target orientations. Dark and light areas indicate whether responses were biased
towards (attraction, dark) or away from (repulsion, /ight) the nearest cardinal axis. The data showed a clear
pattern of repulsion. b, We parameterised our orientation models to reflect the level of attractive (b < 0)
or repulsive bias (b > 0) in the model-predicted RDM (see Methods and Results). ¢, Gold: estimates of b
from fitting the parameterised 360° model to the behavioural and neural data. A significant repulsion bias
was evident in behaviour and in the aIPS. Purple: estimates of » from the 180° model showed no significant
bias (see Supplementary Fig. S3). Error bars show s.e.m.; coloured asterisks indicate significant

differences from zero (*p <0.05, **p <0.01, ***p <0.001, two-tailed, FDR corrected), n =40 participants.
p p p

performed bias analysis with a 180° version (cf. Fig. 3) of the model, which showed no significant

effects in any of the ROIs [Figure 4d; all |b| <0.15; all |t(39)|<1.15; all p > 0.5].

Encoding of object identity and spatial location

While the primary focus of our study was on the WM encoding of orientation, we also explored
whether the ROIs retained information about the sample object’s identity (e.g., lighthouse, table,

or radio) and/or their spatial location on screen (Fig. la), independent of orientation. Using
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multiclass decoding (see Methods) we found information about the cued object’s identity in all
four ROIs [Supplementary Fig. S4a and Table S7; e.g., V1-V3: t(39) = 3.68, p < 0.001], whereas
the classification accuracy for the uncued object was not significantly above chance level [e.g.,
V1-V3:1(39) =-0.59, p = 0.758]. Direct comparison between the cued and uncued objects showed
significant differences in all regions except the alPS [VI-V3: t(39) = 3.11, p = 0.005; see
Supplementary Fig. S4a and Table S7 for the remaining ROIs]. Thus, in addition to multilayered
orientation information, these regions also held information about the to-be-reported stimulus

object?’.

Lastly, again using RSA, we found that the spatial location of the cued sample (Fig. 1a, left) was
encoded during the WM delay in all ROIs except alPS [Supplementary Figure S4b and Table S8;
e.g., VI-V3: t(39) = 3.73, p < 0.001, d = 0.59], and its encoding was significantly stronger than
that of the uncued sample in V1-V3 [t(39) = 2.55, p = 0.03, d = 0.53] and LOC [t(39) =3.40,p =
0.008, d = 0.70; see Supplementary Fig. S4b and Table S8 for the remaining ROIs]. Thus, these
early areas also retained information about the cued stimulus’s spatial location on screen even

though participants were never asked to report it, extending previous findings in other WM tasks®®~

62
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Discussion

To summarise our main findings, representational geometry analysis during cued WM
maintenance showed evidence for visuospatial abstraction of orientation information not only in
parietal and extrastriate areas, but also in early visual cortex (V1-V3). In addition, within the very
same areas, an orthogonal, line-like representation of the WM sample’s concrete visual shape (or
outline) was evident. Together, the results suggest the widespread coexistence of abstract and
concrete visual WM information in distributed WM storage, with surprisingly little variation

between areas.

Since the seminal discovery of visual WM information in primary visual cortex”-!?, the precise
nature and role of mnemonic representation in early sensory areas have remained subject to
debate!6-63-66, While it has been implied that early sensory areas may retain concrete sensory detail,
e.g., in terms of sustained perceptual patterns'® or through top-down driven reconstruction of a
high-dimensional representation®’, evidence has emerged that visual WM information in early
visual cortex can be more abstract and low-dimensional than previously thought®232%3° Our
finding of object-independent orientation information in V1-V3 supports the latter view. Rather
than a pictorial representation of the just-seen visual image, V1-V3 appeared to maintain a
visuospatial abstraction, potentially reflecting a generic direction for turning the probe object at
test. This high level of visuospatial abstraction was evident even though our task required
remembering both the cued object’s orientation and its identity, which might have been expected

to promote a concrete-visual memory of the rotated sample image.

The generalised encoding of object orientation in V1-V3 coexisted with an orthogonal, ‘line-like’
representation of the sample image’s orientation in a 180°-rotational space. With our selection of

object stimuli, the 180° encoding may be interpreted as a blurred visual representation of the
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concrete image’s oriented outline or shape, which does not retain perceptual or semantic
information that would distinguish between the object’s top or bottom. The coexistence of the two
orthogonal formats (360° and 180°) was not limited to V1-V3 but was topographically widespread,
including in LOC and IPS. Importantly, unlike the object-independent 360° encoding, the 180°
encoding showed little generalisation across objects, consistent with an interpretation as concrete-
visual information about the sample image. Together, the results suggest that during cued WM
maintenance, areas from early visual to parietal cortex retained both a goal-oriented visuospatial

EAN1Y

abstraction of the objects’ “semantic” orientation (relative to their real-world upright position)
alongside coarse information about the sample image’s concrete visual appearance, with
surprisingly little variation across the visual cortical hierarchy. A potential explanation for these
findings is multiplexing, where different aspects are encoded simultaneously within separable
subspaces of neural activity*. Multiplexing could be maintained by different neuronal
subpopulations or by overlapping populations that encode multiple features in orthogonal activity

47,48

patterns Alternatively, or additionally, the different aspects of a multilayered WM

representation might be multiplexed in time, by intermittent or rhythmically alternating population

68-70

codes While such mechanisms have been primarily characterised in the prefrontal

cortex*7#871 they may extend to sensory regions, including the early visual cortex®’2,

Examining our oriented object stimuli with an artificial neural network model of visual processing
(CORnet-S), we observed encoding of object orientation in a 180° space. This encoding was
object-specific and distributed across all network layers, similar to our human fMRI finding of
180°-orientation information during WM processing. However, in clear distinction from the fMRI
results, the CNN showed no indication of abstract-generalised orientation encoding in 360° space.
While CORnet-S was not trained on orientation processing®®, we derive two implications from
these complementary modelling results: (i) encoding our stimuli’s orientations in an object-
specific 180° space appears as a plausible visual coding scheme, and (ii) 180° and 360° encoding
of our stimuli are dissociable in principle (i.e. one can occur without the other) in a hierarchical

neural network. At the same time, the findings corroborate that during WM processing, human
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visual areas can host information in abstract-generalised formats that do not trivially emerge from

a basic (mostly feed-forward) architecture of visual processing.

While the orientation representations’ level(s) of generalisation, as well as the coexistence of
object-specific and object-independent formats, were remarkably homogenous across our ROIs,
we observed regional differences in the extent to which the representations were categorically
biased. Recent work using visual gratings or colour patches showed that categorical bias is absent

1730 as well as in the precentral sulcus®.

in EVC but emerges in extrastriate and parietal areas
Broadly consistent with this, we found categorical bias (cardinal repulsion) only in the most
anterior of our ROIs, the alPS. The relatively late processing stage might reflect that with our real-
world object stimuli, cardinal orientation bias in 360° space might be driven by relatively high-

level concepts®’73:74

, such as upright vs upside down, which rely on a semantic notion of the object
and its natural upright position 7. Interestingly, we found no evidence for bias in the concurrent
‘line-like’ (180°) orientation representation, potentially indicating that categorical distortions only
affect aspects that are directly relevant for the task at hand (here, orientation in 360° space; cf.

findings in 180° orientation tasks !7-2-3),

It is increasingly recognised that visuospatial WM processing can be accompanied by miniature
eye movements>”>”77, In particular, with central stimulus presentation at fixation, the to-be-
maintained orientation of a WM sample was found to induce small but systematic gaze deflections
throughout sustained WM delays®”7¢. Our complementary eye-tracking results showed that with
off-centre sample presentation at varying screen locations (Fig. 1a, /eft), orientation encoding in
gaze was largely absent (see Supplementary Fig. S5 for details), rendering it unlikely that our
robust fMRI findings could be explained solely by systematic eye movements. Consistently,
supplementary fMRI analysis showed no 360° or 180° orientation encoding in the Frontal Eye
Fields (FEF; Supplementary Fig. S6), which would be associated with spatial attention and saccade
planning’®. A cautionary note remains that even with off-centre presentation, we could still detect

residual orientation encoding in our dedicated eye-tracking recordings outside the scanner, but
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only when aggregating a manifold more task trials than were recorded in the fMRI experiment (see
Supplementary Fig. S5 for details). As such, orientation encoding in gaze appeared too weak to be

considered a primary explanation for our fMRI results.

In addition to the multiplexing of object-independent and object-specific orientation information
across the visual cortical hierarchy, the same areas also retained information about the cued
object’s identity (e.g., lighthouse vs table vs radio), which was also to be reported at the WM test.
While this additional finding adds to the notion of multilayered WM representation within areas,
we prefer not to interpret it in terms of levels of abstraction; the object’s identities could have been
distinguished by low-level perceptual (e.g., colour) or semantic features (e.g., building vs
furniture) or both. Finally, consistent with prior EEG work%7-8%, we found sustained encoding of
the cued sample’s physical location on screen (Supplementary Fig. S4b), even though the location
was task-irrelevant (i.e., not to be reported at the WM test). Interestingly, unlike the task-relevant
WM information, sample location was only reflected in early ROIs (V1-V3 and LOC), which may
suggest that the task-irrelevant information was not fed into higher-order (e.g., parietal) decision

circuits.

Why would distributed WM maintain such multilayered representation(s) of concrete and abstract
formats alongside task-irrelevant information? WM has been characterised as the goal-directed
transformation of retrospective stimulus information into a task-appropriate prospective
response!'®8!, Sustained WM representations in visual cortices are thought to rely on top-down

13.18.28 and to involve formats distinct from those used in

feedback from fronto-parietal regions
perception®**-°, The widespread coexistence of concrete-retrospective and abstract, task-oriented
formats may support WM’s flexibility in providing memoranda at the level of abstraction that best
fits the current task®’, even when task requirements inadvertently change®?. Future studies using

recordings with higher temporal precision may help understand the fine-grained dynamics

underlying such representational flexibility.
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Methods

Participants. We recruited n = 46 participants (42 right-hand dominant, 24 female, 22 male, mean
age: 25.3 £+ 4.8 years) through the Max Planck Institute for Human Development’s participant
database. We excluded three participants who did not complete the experiment and an additional
three due to excessive head movement, leaving n = 40 participants for analysis (37 right-hand
dominant, 21 female, 19 male, mean age: 25.7 & 4.6 years). All participants met the following
criteria: normal or corrected-to-normal vision, age 18-35 years, fluency in English or German, no
known psychiatric disorders or use of centrally active drugs, and no prior knowledge of the
research questions. The study was approved by the ethics committee of the German Psychological
Society (DGPs). Participants provided written informed consent and were reimbursed with €12
per hour, with an additional €5 bonus upon completion. The experiment used German or English

for visual and audio instructions, depending on the participant's preference (35 chose German).

Stimuli. We selected nine colour images of everyday objects from the BOSS (Birmingham Object
Recognition Battery) database 8. Specifically, the selection included three objects taller than wide,
three wider than tall, and three with approximately equal height and width. We then divided these
into three sets, each containing three objects with distinct aspect ratios (Fig. S3a). We assigned
one set to each participant, balancing set frequency across the group. The images were cropped
and resized to approximately 3° visual angle, based on in-scanner screen measurements of the

distance from the screen to the participant's eyes (approx. 96.5 cm).
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Instructions and training. After providing informed consent and before starting the scan,
participants received a briefing about magnetic resonance imaging and an introduction to the
experimental tasks. They then had a short training inside the MRI scanner without image
acquisition, which included five instruction trials (with shorter retention intervals and response
feedback) and five practice trials with the same specifications as the experiment's trials (without

feedback).

Task and Procedure. The experiment comprised eight functional runs, each containing 24 trials
(192 trials in total). Each trial began with a fixation dot (0.6° diameter) displayed centrally for
1000 ms. Two sample objects appeared sequentially, each in a random orientation drawn from 16
equidistant angles (11.25° to 348.75°), which excluded the cardinal axes (0°, 90°, 180°, 270°, see
Fig. 1b). To minimise orientation-dependent eye movements in the scanner, we presented the
sample stimuli at four off-centre locations, each 3° distant from the fixation point (Supplementary
Fig. S3b). Throughout the experiment, each sample object appeared four times in each orientation,
once in each location, resulting in a full counter-balancing of the screen locations.

Each object appeared for 500 ms, followed by a 500 ms blank screen. The two objects on each
trial were chosen pseudorandomly without replacement. An auditory retro-cue ("one" or "two")
indicated which object participants should remember, followed by a 12-second delay period. After
the delay, a probe object (randomly drawn from the participant’s stimulus set) appeared at the
centre of the screen in a random orientation. Participants were asked to select the correct object by
toggling between the three possible objects, then rotated the selected object to match its memorised
orientation using MR-compatible response buttons. Trials in which participants failed to respond

within 4500 ms were excluded from the behavioural analysis (0.42% of trials on average). After
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participants submitted their response, a variable inter-trial interval ensued (2500-4500 ms,
uniformly randomly varied). We instructed participants to maintain their gaze on a centrally
presented fixation dot throughout the trial periods. The experiment was run using PsychoPy-3 in
MATLAB 2017a (MathWorks). The visual stimuli were displayed in-scanner on a 48x34 cm
screen (1920x1080 px resolution, 60 Hz frame rate), and the auditory cues were played through

OptoACTIVE Earphones (Optoacoustics).

Neuroimaging data acquisition. We acquired anatomical and functional brain imaging data using

a 3T Siemens Magnetom Tim Trio MRI scanner with a 32-channel Head Matrix Coil at the Max
Planck Institute for Human Development, Berlin, Germany. Functional data. We collected
functional scans using a multi-band (MB) imaging protocol (factor of 3) with the following
parameters: TR = 1000ms, TE = 27ms, FA = 61°, 66 x 66 imaging matrix, field of view (FOV) =
192 mm?, in-plane resolution = 3 mm?. We acquired 45 axial slices (3 mm thickness, 0 mm gap)
for full cortex coverage. Each run included 567 functional volumes, with a total run time of 9
minutes and 34 seconds. We also collected two field map scans (Spin Echo images with anterior-
posterior and posterior-anterior phase-encoding directions) to measure signal homogeneity.
Anatomical data. We collected High-resolution T1-weighted anatomical images using an MP-
RAGE sequence with the following parameters: FOV = 256 mm?, 192 axial slices, with an in-

plane resolution of 1 mm?, 9° flip angle (FA), and 900 msec Inversion time (TI).

Preprocessing. Preprocessing was performed using fMRIPrep 23.0.284, which is based on Nipype
1.8.6%>86 Preprocessing of By inhomogeneity mappings. A Bj-nonuniformity map (or fieldmap)

was estimated based on two echo-planar imaging (EPI) references with topup®’. Anatomical data
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preprocessing. The T1-weighted (T1w) image was corrected for intensity non-uniformity using
ANTs 2.3.3%889 and was used as a Tlw-reference throughout the workflow. The T1w reference
was skull-stripped with a Nipype implementation of ANT. Brain tissue segmentation of
cerebrospinal fluid (CSF), white matter (WM), and grey matter (GM) was performed on the brain-
extracted TIw". Volume-based spatial normalisation to one standard space
(MNI152NLin2009cAsym) was performed through nonlinear registration using brain-extracted
versions of both the T1w reference and the T 1w template. The ICBM 152 Nonlinear Asymmetrical
template version 2009c template was used for spatial normalisation and accessed with
TemplateFlow 23.0.0°!. Functional data preprocessing. First, a reference volume and its skull-
stripped version were generated using a custom methodology of fMRIPrep. Head-motion
parameters concerning the blood-oxygen-level-dependent (BOLD) reference are estimated before
any spatiotemporal filtering using FSL2. The estimated fieldmap was then aligned with rigid
registration to the target EPI (echo-planar imaging) reference run. The field coefficients were
mapped onto the reference EPI using the transform. BOLD runs were slice-time corrected using
AFNI”. The BOLD reference was then co-registered to the T1w reference using bbregister
(FreeSurfer), which implements boundary-based registration®®. Co-registration was configured
with six degrees of freedom. Confounds for framewise displacement and three region-wise global
signals time-series were calculated on the preprocessed BOLD. Framewise displacement was

computed for each functional run using two formulations®**>

, and the three global signals were
extracted within the CSF, the WM, and the whole-brain masks. The confounds’ time series derived
from head motion estimates and global signals were expanded with the inclusion of temporal

derivatives and quadratic terms for each?®. The BOLD time series were resampled into standard

space, generating a preprocessed BOLD run in MNI152NLin2009cAsym space. All resamplings
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were performed with a single interpolation step by composing all the pertinent transformations. In
contrast, Gridded (volumetric) resamplings used Lanczos interpolation to minimise the smoothing
effects of other kernels”’. Head-Movement exclusion criteria. We excluded participants with
excessive head movement based on the following thresholds: maximum translation/rotation
exceeding 3°/3 mm, mean translation/rotation exceeding 1.5°/1.5 mm, and mean framewise

displacement exceeding 0.25°/0.25 mm.

Regions of Interest (ROI) selection. We used the Julich-Brain probabilistic cytoarchitectural
map’®, a 3d atlas of the human brain’s cytoarchitecture, to precisely identify areas commonly
associated with WM maintenance in humans’®!317:54 Based on this atlas, we parcellated four
regions of interest: Early visual cortex (V1-V3); Lateral Occipital Complex (LOC); posterior
intraparietal sulcus (pIPS); anterior intraparietal sulcus (alPS) (see supplementary table for area
names and their corresponding Julich atlas sub-regions). For our General Linear Model (GLM)
analysis, we selected voxels from each ROI by combining the Julich atlas with individual
probabilistic grey matter masks generated by the fMRIPrep preprocessing pipeline. First, we
masked the functional images (in MNI space) using the ROI parcellation from the Julich atlas,
with a threshold of 0.1. For each participant, we masked the resulting image with their

corresponding grey-matter mask calculated during preprocessing (using a similar threshold).

fMRI GLM specification. The preprocessed functional data were initially z-transformed (signals
and confounds) on a per-voxel and per-run basis. To obtain the neural response time series for
each trial, we estimated the BOLD response at every time point from the first stimulus's onset to

the end of the probe period (19 time points in total). The univariate estimation was performed
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using GLM with a Finite Impulse Response (FIR), which models the time series with a set of time-
shifted regressors. The FIR method is particularly well-suited for examining fMRI signals during
delay periods as it does not impose constraints on the shape of the hemodynamic response.
Additionally, we included confound regressors for motion (six regressors), CSF, WM, global
signals, their temporal derivatives, quadratic terms, and squares of derivatives”, as well as six
discrete cosine-basis regressors for low-frequency physiological and scanner noise. The GLM was
estimated separately for each functional run, and residuals were recovered for subsequent noise
normalisation. We performed no additional standardisation, signal scaling, or detrending of the
data. The GLM analysis was carried out using a combination of custom-made functions and the

built-in pipeline in Nilearn 0.11.11%

Multivariate Representational Similarity Analysis (RSA). RSA of the fMRI data was
performed separately for each participant using cross-validation'®!. First, we applied univariate
noise normalisation to the data using the standard deviation of the GLM residuals!®2, Next, at each
time point, we calculated the pairwise Euclidean distances between the activity patterns for each
stimulus condition (16 orientations x 3 objects). Specifically, we estimated the squared Euclidean
distance d between activity patterns (}) for stimulus conditions x and y (x # y) over M data

partitions as follows:
1
dx,y = M Zn(/ll (vx - vy)a(vx - vy)za

1
(vx — vy)~a = m I\I/JI;ta (vx — vy)b

Where the pattern difference from run a is multiplied by the pattern difference averaged over all

runs except a (~a)'%. Applied to all stimulus conditions and averaged across folds, the procedure
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yields a 48 x 48 Representational Dissimilarity Matrix (RDM) for each participant at each time
point!®!, To obtain a bilateral estimate, we calculated the RDMs for each ROI in the left and right

102

hemispheres separately, then averaged the results for homologous regions'®>. The procedures

above were performed separately for the cued and the uncued WM sample (cf. Fig. 1).

To examine orientation encoding during the WM delay, we computed the whitened cosine
similarity between the participant-specific neural data RDM and a model RDM!'%. Our basic
orientation model was a simple circle geometry, with the model RDM consisting of the pairwise
angular distances between 16 evenly spaced angles around the circle (‘360 model’). For analysis
of cued vs uncued orientation encoding (Fig. 1), the data RDM (48 x 48, comprising distances
within and between objects) was averaged across objects into a 16 x 16 RDM. For subsequent
analyses (Fig. 2), we averaged the distances within and between objects to obtain separate RDMs.
RSA was performed at each time point, yielding a time course of orientation encoding (e.g. Fig.
1d). For statistical analysis, the data RDMs were first averaged across time points between 4 and
12 seconds after the retro-cue. This time window aligns with previous fMRI studies of visual WM
and accounts for delays in hemodynamic responses®®!737:195 The RSA analyses were performed

in Python using RSAtoolbox 0.2.0'%,

Statistics. We used one-tailed t-tests to test whether group means were greater than zero and paired
two-tailed t-tests when comparing submodels (e.g., within- vs between-object models). To correct
for the number of statistical tests performed across the four ROIs, we used the False Discovery

Rate (FDR)!%7,
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Orientation encoding in CNN. When examining orientation encoding in CORnet-S, we used the
same object images and orientations that were shown to participants in the fMRI experiment. We
followed standard image preprocessing for CORnet-S*®, resizing images to 256x256 pixels,
applying centre cropping to 224x224 pixels, and converting them into tensors. Each image was
normalised using ImageNet mean values [0.485, 0.456, 0.406] and standard deviations [0.229,
0.224, 0.225]. We then extracted activations from four output layers (V1, V2, V4, IT) and analysed
the activation patterns using RSA. To do so in a manner similar to the fMRI data (where
participants were assigned to different stimulus sets), we performed RSA for each of the three
stimulus subsets separately and averaged the results. Unlike in the fMRI analysis, we did not
perform cross-validation because CORnet-S activations lack measurement variance. For the same
reason, we used whitened Pearson correlation (rather than cosine similarity) to quantify the

similarity between layer RDMs and model RDMs!%1:108

. Model similarity was quantified for each
object pairing, then averaged. To assess the statistical significance of the CNN results, we used a
percentile test with bootstrapping!®. For each statistical inference, we created 20,000 random
permutations of the model RDM (i.e., with shuffled conditions) and evaluated their Pearson
correlation with the data RDM. We then compared the result obtained with the original model
RDM against the bootstrapped distribution. The p-value indicates the percentile of bootstrap
results that are smaller and/or larger than the correlation between the data RDM and the

unpermuted model. We corrected the resulting p-values for multiple comparisons across the four

network layers using FDR.

Bias modelling. To examine whether behavioural responses and neural activity patterns for

orientations exhibited a bias towards or away from the cardinal axes, we adopted a modelling


https://doi.org/10.64898/2026.05.23.727368
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.23.727368; this version posted May 26, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

approach similar to Linde-Domingo and Spitzer®’. First, we defined two extreme scenarios where
each of the 16 orientations was shifted to the nearest cardinal (0°, 90°, 180°, or 270°; Maitract) OF
diagonal (45°, 135°, 225° or 315° Miepuise). We then parametrically distorted the original
orientations (Mo) towards either Mattract Or Mrepuise by weighted summation:

fOT' b < 0: M S (_b)Mattract + (1 + b)MO
forb>0: M = bM,epyse + (1 —b)M,

Where the weight parameter b (ranging from -1 to 1) reflects the strength of attraction (b < 0) or
repulsion (b > 0). Figure 4b illustrates the model RDMs (pairwise angular distances) resulting from
exemplary values of b. Note that b = 0 equals the base model (Mo, i.e. no bias). To estimate bias
in behaviour, the parameterised model RDM was fitted to the behavioural data RDM derived from
the participant’s mean orientation reports. For the neural data, the model RDM was fitted to the
neural data RDMs in the different ROIs. In both cases, the model was fitted using exhaustive
search (-1 to 1, with a step size of 0.01) to identify the value of b that maximised the cosine

similarity between the model and data RDMs (one behavioural and four brain ROIs; see Fig. 4c¢).

Object identity decoding. To decode the sample objects’ identities (e.g., table, lighthouse, or
radio, see Supplementary Fig. S3) independent of their orientation, we used a regularised logistic
regression classifier implemented in Scikit-learn!!?. Since each participant’s stimulus set contained
three possible images, we carried out a three-way multiclass classification using a one-vs-all
strategy. Decoding was performed for cued and uncued objects separately using leave-one-run-out
cross-validation. At each fold, the decoder was trained on data from seven of the eight runs and

tested on the remaining run. The data for each ROI were obtained using the FIR-GLM (see above)
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and averaged over the period from 4 to 12 seconds after the retrocue. Classification accuracy was

evaluated at the group level against a chance level of 33.33% (three possible objects).

Supplementary eye-tracking data. For technical reasons, no eye-tracking data were recorded
during the experiment in the scanner. However, to examine the possibility that fMRI activity
patterns in our task might have been confounded by orientation-dependent eye movements®”-!!!,
we analysed eye-tracking data from a separate WM experiment performed outside the scanner
(Supplementary Figure S5). For this experiment, we recruited a separate sample of 40 participants
(23 female, 16 male, 1 diverse, mean age = 26.2 + 3.8 years), of whom n =3 (1 female and 2 male)
were excluded (2 due to incomplete data files and 1 due to insufficient data quality). All
participants provided written informed consent, and the experiment was approved by the ethics
committee of the German Psychological Society (DGPs). The task design and procedure closely
resembled the fMRI experiment, but with a shorter delay period (3600 ms), and each participant
performed a substantially larger number of trials (576). Throughout the experiment, monocular
gaze position was recorded using a desktop-mounted EyeLink 1000 eye tracker (SR Research) at
a 500 Hz sampling rate. Preprocessing of the eye-tracking data closely followed the procedures
described in Linde-Domingo & Spitzer (2024), except we used a more lenient artefact threshold
(500 px) to account for possible orientation encoding in larger eye movements. For comparability
with the fMRI experiment, we subsampled 192 trials from each participant (the first 4 occurrences

of each unique combination of orientation and object identity for both the cued and uncued items)

to match the trial numbers and stimulus conditions used in fMRI.
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Data availability

The processed fMRI data generated in this study are publicly shared at

https://osf.io/nu2ex/overview?view_only=adelcf4d74c44dbda6bob8c3a7c89bbd.  The  data

include the beta coefficients (effect sizes) for each voxel within an ROI at each time point in each

trial.

Code availability

The code required to replicate all figures and results from the data is available at https://arc-

git.mpib-berlin.mpg.de/yizhar/memfmri_analysis/. The code and stimuli used for the experiment

are available at https://arc-git.mpib-berlin.mpg.de/yizhar/memorfmri.
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