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Abstract
The lateral prefrontal cortex (lPFC) is reliably active during working memory (WM) across
human and animal models, but the role of lPFC in successful WM is under debate. For instance,
non-human primate (NHP) electrophysiology research finds that lPFC circuitry stores WM
representations. Human neuroimaging instead suggests that lPFC plays a control function over
WM content that is stored in sensory cortices. These seemingly incompatible WM accounts are
often confounded by differences in the amount of task training and stimulus exposure across
studies (i.e., NHPs tend to be trained extensively). Here, we test the possibility that such
long-term training may alter the role of lPFC in WM maintenance. We densely sampled
WM-related activity across learning, in three human participants, using a longitudinal functional
MRI (fMRI) protocol. Over three months, participants trained on (1) a serial reaction time (SRT)
task, wherein complex fractal stimuli were embedded within probabilistic sequences, and (2) a
delayed recognition task probing WM for trained or novel stimuli. Participants were scanned
frequently throughout training, to track how WM activity patterns change with repeated stimulus
exposure and long-term associative learning. WM task performance improved for trained (but
not novel) fractals and, neurally, delay activity significantly increased in distributed lPFC voxels
across learning. Pattern similarity analyses also found that item-level WM representations
emerged within lPFC, but not in sensory cortices, and lPFC delay activity increasingly reflected
sequence relationships from the SRT task, even though that information was task-irrelevant for
WM. These findings demonstrate that human lPFC develops stimulus-selective WM responses
with learning and WM representations are shaped by long-term experience. Influences from
training and long-term memory may reconcile competing accounts of lPFC function during WM.
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Introduction
The lateral prefrontal cortex (lPFC) is considered critical for working memory (WM)
across human and animal models (Funahashi et al., 1989; Goldman-Rakic, 1995; Leavitt et al.,
2017; E. K. Miller et al., 2018; Sreenivasan et al., 2014). However, there is ongoing debate
regarding the specific role that lPFC activity plays in successful WM (Christophel et al., 2017;
Curtis & Sprague, 2021; Lara & Wallis, 2015; Mackey et al., 2016). Non-human primate (NHP)
electrophysiology research typically finds that lPFC maintains feature-specific WM content
(Constantinidis et al., 2018; Funahashi et al., 1989; Fuster & Alexander, 1971; Goldman-Rakic,
1995; E. K. Miller et al., 2018; Romo et al., 1999). Human neuroimaging suggests lPFC activity
serves control functions over WM while feature-specific content is stored in sensory cortices
instead (D’Esposito & Postle, 2015; Eriksson et al., 2015; Harrison & Tong, 2009; Riggall &
Postle, 2012; Serences, 2016). However, these seemingly incompatible accounts are confounded
by differences in species, measurement granularity, and the amount of task training typically
performed across studies.
One possibility is that different indices of neural activity, across measurement scales, may
support distinct conclusions about the cortical substrates for WM. That is, NHP studies typically
record finer resolution single-unit neuronal activity compared to the millimeter scale of Blood
Oxygen Level Dependent functional MRI (BOLD fMRI) (Mukamel et al., 2005; Park et al.,
2017). Discrepancies between study findings may emerge if stimulus-specific WM content is
represented in human lPFC via spiking patterns across populations of neurons that are spatially
intermixed and thus undetectable at the coarser resolution of BOLD fMRI. The organization and
spread of activity in sensory areas better matches the spatial resolution of BOLD fMRI, which
may also reflect local field potentials from top-down modulation, in the absence of local spiking
(Leavitt et al., 2017; Lorenc & Sreenivasan, 2021; Mendoza-Halliday et al., 2014; Serences,
2016). However, in some cases, stimulus-specific WM delay activity has been detected in human
frontal cortex (Ester et al., 2015; Lee et al., 2013) or NHP sensory regions (Mendoza-Halliday et
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al., 2014; Supèr et al., 2001), highlighting the need to identify which factors truly drive observed
differences in findings across studies.
In addition to differences in recording techniques between human and NHP studies,
NHPs typically undergo months of training and perform orders of magnitude more task trials
before the critical neural recordings occur (Berger et al., 2018; Birman & Gardner, 2016; Sarma
et al., 2016). Humans typically complete only a few minutes of task practice prior to fMRI
scanning. Differences observed in neural WM substrates across species may therefore be driven
by long-term learning influences from extensive task and stimulus experience. In fact, the few
studies that recorded from NHPs before and after WM training found plasticity in the form of
increases in the magnitude of WM delay activity and in the strength of item-level stimulus
representations in anterior lPFC (Dang et al., 2021; Meyer et al., 2011; Qi et al., 2019; Riley et
al., 2018; Sarma et al., 2016). Human lPFC may likewise represent item-level information in
WM depending on the level of prior training. However, the typical timeline of fMRI research has
limited our ability to directly test this hypothesis that WM representations change with long-term
learning.
The brain regions and neural mechanisms for WM are classically considered separate
from long-term memory (LTM) systems (Squire & Zola-Morgan, 1991; Warrington & Shallice,
1969; Wickelgren, 1969). However, some WM theories predict that learned associations or
semantic links between items should be reflected during WM maintenance (LaRocque et al.,
2014; Oberauer, 2009), and growing evidence suggests a common neural machinery between
WM and LTM (Beukers et al., 2021; Borders et al., 2021; Fukuda & Woodman, 2017; Hoskin et
al., 2019; Lewis-Peacock & Norman, 2014; Nee & Jonides, 2011; Ranganath et al., 2003;
Ranganath & Blumenfeld, 2005; Yonelinas, 2013). In some cases WM capacity is also greater
for stimuli with extensive exposure and familiarity (Asp et al., 2021; Brady et al., 2016; Jackson
& Raymond, 2008; Xie & Zhang, 2017), suggesting that WM and supporting neural mechanisms
may change with stimulus experience.
Here, we examined the possibility that long-term learning transforms human lPFC WM
activity. We asked whether stimulus selectivity emerges in human lPFC as a function of training,
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akin to the stimulus-specific WM activity patterns typically found in NHP studies. To do so,
three human participants each completed over 20 sessions of whole-brain fMRI along with
extensive at-home training across three months. During this time, participants continually
performed a delayed recognition WM task and a sequence learning task, which both employed a
set of 18 novel fractal stimuli that were unique to each participant. First, we asked whether lPFC
delay period WM activity changed in magnitude across learning. Widespread decreases in lPFC
activity could suggest more automatic task processing with training. Activity increases, however,
could suggest greater selectivity for the repeated task structure or individual WM stimuli, as
persistent activity in WM is associated with stimulus-selective patterns (Constantinidis et al.,
2018; Curtis & Sprague, 2021; Murray et al., 2017). We then tested whether representations of
individual stimuli or associative structures emerged in multivariate WM activity patterns over the
course of learning. If item-level lPFC activity patterns develop over time, it would suggest that
differences in participant training may explain discrepant accounts of lPFC as either a source of
control over WM (from human studies) versus the storage site for WM content (from single-unit
NHP studies). Alternatively, long-term learning may enhance sensory cortex representations of
WM content but induce no changes in lPFC, suggesting that differences in lPFC vs
sensory-based WM storage models are driven by other factors than long-term learning. Finally,
to understand how WM representations are shaped by associative learning, we asked if
representations of associations between stimuli in shared temporal sequences (learned outside of
the WM task) were reflected within WM activity patterns. To preview the results, long-term
learning changed the distribution and selectivity of lPFC WM delay activity, indicating that WM
maintenance mechanisms may be flexible to the extent and nature of prior experience with the
WM information. These results suggest that differences in the extent of training across species
may masquerade as differences in lPFC function.
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Results
Intensive training improves WM performance for trained, but not novel, stimuli
To determine how long-term learning influences cortical activity patterns underlying WM
maintenance, we trained three human participants on a set of fractal stimuli that was unique to
each participant (Figure 1a) over three months. These stimuli had no pre-existing meaning and
have been used to characterize the influence of long-term associative learning on neural
selectivity (Ghazizadeh et al., 2018; Kim et al., 2015; Sakai & Miyashita, 1991). These complex
stimuli were chosen to extend the timecourse of learning, and to necessitate a detailed item
representation for successful task performance. During the study period, each participant
completed approximately 24 scanning (fMRI) sessions along with at-home behavioral training
sessions multiple times per week (Figure 1b). Here we analyze the first 17 fMRI sessions (~13
weeks), after which point new fractals were added into the stimulus set for a second phase of the
study. During each fMRI session, participants performed two primary tasks, a serial reaction time
(SRT) task followed by a WM task (Figure 1c-d). The WM task entailed a single-item delayed
recognition test wherein the WM sample was either a fractal stimulus from the training set or a
novel fractal that appeared only during that session. Before the study began, participants
completed one block (24 trials) of WM task practice with pilot stimuli that never appeared in the
main experiment. The first time each participant saw their unique set of 18 training stimuli was
during the first scanning session. The SRT task used the same 18 trained fractal stimuli, for
which 12 of the stimuli were embedded in high probability sequences (Figure 1c). The
sequences were not directly related to the goals of the WM task (which was always to remember
a single item), but we took advantage of the sequence structure to analyze whether item-level
WM representations reflected associations (sequence-level and categorical) from the SRT task.
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Figure 1. Longitudinal training across three months within individuals.
(a) Example set of 18 unique fractal stimuli assigned to a single participant for the in-scanner and at-home
behavioral tasks. (b) Calendar of all of the MRI (purple) and at-home sessions (SRT - dark green, WM - light green)
for each of the three participants over the four months of the study. During each MRI session, participants completed
both the sequence learning and WM tasks. The at-home training sessions consisted of modified versions of each task
(Methods). The present study analyzes the first 17 sessions, as afterwards new stimuli were added into the training
set for each participant. (c) The serial reaction time (SRT) task, in which each of the 18 trained stimuli was
associated with one of four button responses. Of the 18 trained stimuli, 12 were part of 4 sequences that occurred
with high probability (75%) in the SRT task, and participants learned the sequences over time (SI Figure 1). (d) The
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delayed three-alternative forced choice WM task, in which one fractal (trained or novel) was presented on each trial.
After a jittered delay, participants indicated which occluded image matched the original sample. (e) WM task
accuracy (top) and response time (bottom) improved across training (sessions 1-17) for trials with one of the 18
trained stimuli (blue), but not for trials with novel fractal stimuli (orange).

Across the course of training, behavior in the WM task improved for trained stimuli, but
not for novel stimuli (Figure 1e). Mean WM probe accuracy (% correct) for trials with trained
stimuli improved by 23% across the 17 sessions, whereas accuracy increased by 4% for novel
stimuli. To characterize the change in WM performance over time, we used mixed nonlinear
models with session number (1 → 17; mean-centered) and stimulus category (trained vs. novel) as
predictors, and WM probe accuracy as the outcome variable, focusing on the linear term (b, see
Methods: Statistical methods). There was a significant interaction between session number and
stimulus category for the linear term in the model, b·category = 0.01, t(94) = 2.95, p = 0.004. This
interaction was driven by an increase in accuracy for trained stimuli over time (main effect of
session number: b = 0.01, t(46) = 3.86, p < 0.001), with no reliable change for novel stimuli (b =
0.003, p = 0.35).

A complementary pattern emerged when modeling WM probe response time (RT). For
RT, there was also a significant interaction between session number and stimulus category (b·
category = -22.5, t(4805) = -8.01, p < 0.001), and this was driven by faster responses for trained

stimuli over time (main effect of session number: b = -15.9, t(3612) = -2.84, p = 0.005), with no
reliable change for novel stimuli (b = -6.7, p = 0.27). When considering WM task accuracy and
response time for the trained stimuli, nonlinear mixed models slightly outperformed linear
models (accuracy: nonlinear Akaike information criterion [AIC] = -143.5, linear AIC = -127.5; response
time: nonlinear AIC = 53857, linear AIC = 53906). The subsequent analyses focus on nonlinear

models, because they allow for changes to occur at different rates across the 17 sessions, but all
results generalize to a linear framework.
In parallel to the WM task, participants also learned associations between individual
stimuli as part of regularly occurring sequences in the SRT task. Reliable associative learning
across training was shown by reduced response times for intact sequences in the SRT task for all
participants (SI Figure 1).
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Divergent changes in mean WM delay activity within dorsal PFC
To determine if lPFC functioning changes across learning, we split the lPFC into six
regions of interest (ROIs) along rostral-caudal (from the frontal pole to precentral gyrus) and
dorsal-ventral (from the superior frontal gyrus to inferior frontal gyrus) axes (Figure 2a). This
six-region parcellation was chosen to be homologous to a recent NHP study that recorded from
multiple lPFC areas before and after WM training (Riley et al., 2018). We first tested for
evidence of broad changes in WM delay activity over time. To test for changes in mean activity
across entire ROIs, we considered two groups of voxels within each ROI. First, we examined
whether peak activation in the WM delay period changes across sessions, which may reflect
classical persistent activity during WM (Curtis & Sprague, 2021). To do this, we thresholded
WM delay activity maps (collapsed across all delay lengths) for each participant and session at t
> 2.5 and determined whether peak activation changes over training (Figure 2b, top). Second,
we analyzed the mean activity of all voxels across each ROI, without any thresholding, to ask
whether there are changes across an entire cortical region (including voxels with lower WM
activity).
The magnitude of WM delay activity changed across training in two lPFC areas. First, the
peak WM delay period activity in dorsal rostral PFC decreased across sessions (main effect of
session number, mixed nonlinear model: b = -0.031, t(45) = 2.71, p = 0.009; Figure 2b, top), whereas

the mean activity for all voxels in this area did not change over sessions (b = 0.023, t(45) = 1.27, p
= 0.21; Figure 2b, bottom). Dorsal mid-lateral PFC showed the opposite pattern, with an increase

in the mean activity across all voxels (main effect of session number across training, b = 0.043, t(45) =
2.85, p = 0.006; Figure 2b, bottom), but no change for peak activation (b = -0.002, t(45) = 0.13, p =
0.89; Figure 2b, bottom). No other ROIs showed training-related changes in either the peak WM

delay activity or mean across all voxels (p-values > 0.1; SI Figure 2). However, this approach may
obscure divergent changes that occur within specific populations of voxels with learning. We
next used a voxelwise regression approach to directly test whether individual voxels increased or
decreased their activity over time.
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Figure 2. Mean WM delay activity changes in PFC across the course of learning.
(a) Six-region parcellation of the lateral PFC in an example participant’s inflated left hemisphere. The lPFC was
divided along a rostral-caudal and dorsal-ventral axis by combining smaller parcels from a multi-modal atlas of the
cerebral cortex (Glasser et al., 2016). The parcellation was designed to be homologous to NHP electrophysiology
studies (Riley et al., 2018), and guided by functional subdivisions of human lPFC (Badre & D’Esposito, 2009). (b)
Top: Mean activity for each fMRI session during the WM delay period for reliably active voxels (within each
session), thresholded at t > 2.5. The dorsal rostral PFC ROI (green), showed a mean decrease in WM delay activity
across sessions. Bottom: Mean activity for all voxels in an ROI (unthresholded). The dorsal mid-lateral PFC ROI
(orange) showed a mean increase in WM delay activity across sessions. For visualization, all ROIs with significant
b parameters from nonlinear mixed models are indicated with a bolded plot border, along with the fitted nonlinear
mixed model curve across sessions. No other ROIs showed a mean change in WM delay activity over the course of
training.

More cortical territory in PFC is recruited for WM delay activity across learning
Populations of voxels involved in WM maintenance may change their activity over
training, as the stimuli and task become increasingly well-learned. For example, WM processing
could become more “efficient” by recruiting less cortical territory. Or, more cortical territory
could be engaged in representing and processing newly learned stimuli and task dimensions. To
test these different predictions, for each voxel, we assessed the relationship between WM delay
activity and training time with nonlinear regressions (Figure 3a). We tested whether a
meaningful proportion of individual voxels within each frontal ROI show systematic changes in
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activity over training compared to chance (permutation testing, see Methods). A schematic of
this voxelwise approach is shown in Figure 3a, allowing us to test whether populations of voxels
in each ROI show divergent increases or decreases in WM delay activity with
training—information that would be lost when averaging across voxels.
For all lPFC ROIs, a distributed group of voxels increased in WM delay activity with
training. That is, in every ROI, a significant percentage of voxels showed increased WM delay
activity across the 17 sessions compared to chance (Figure 3b; dorsal rostral: p < 0.001, dorsal
mid-lateral: p < 0.001, dorsal caudal: p = 0.01, ventral rostral: p = 0.007, ventral mid-lateral: p = 0.03,
ventral caudal: p = 0.002; permutation tests). The dorsal mid-lateral and ventral caudal PFC showed

the largest percentage of voxels with increasing WM delay activity over months of training
(~25% of voxels). In only the dorsal caudal PFC ROI, one group of voxels exhibited increased

activity over time (p = 0.01), whereas a distinct group of voxels exhibited decreased activity (p =
0.032). These observed changes across all of lPFC were specific to the WM delay period, as the

encoding (sample) period instead showed widespread decreases in activity with training across
all ROIs (SI Figure 3).
In summary, repeated task and stimulus exposure was most commonly associated with
increased WM delay period activity in a distributed group of voxels across lPFC, suggesting that
these areas are more involved in WM maintenance over training. However, this increased
activity may stem from the development of selectivity for individual stimuli over time, or a
non-specific WM maintenance process that conveys no item-level information content.
Therefore, we next tested whether frontal voxels with increases in WM delay activity show a
corresponding differentiation in activity between individual trained stimuli.
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Figure 3. Distribution of WM delay activity patterns in PFC across the course of learning.
(a) Schematic of the linear term from the voxelwise regression approach, in which the mean WM delay activity from
each voxel was regressed against a session number regressor in a nonlinear model (Methods). (b) Example
b-parameter map (thresholded at p < 0.05) for one participant, the result of the linear term from the voxelwise
nonlinear regression. Increases in activity across training are in red, with decreases in blue. (c) Percentage of voxels
with increases (red; b > 0) or decreases (blue; b < 0) in activity across training (schematic). Significant changes over
time are indicated by bolded vertical lines. Null distributions (created by permuting session number in the voxelwise
regressions) are shown in light red and blue. (d) The percentage of voxels with significant changes in activity levels
across training within each of the six lPFC ROIs. All ROIs show a significant proportion of voxels with an increase
in activity, while only the dorsal caudal PFC also shows a significant proportion of activity decreases.
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Changes in WM delay activity in ventral mid-lateral PFC correspond to increases in stimulus
selectivity
What underlies the observed increase in WM delay activity with extensive training? We
examined whether these changes (Figure 3) are associated with a corresponding increase in
selectivity among the trained stimuli. We focused on the lPFC voxels that increased in WM delay
activity across training for each participant. We generated a voxelwise selectivity index by
analyzing single-trial WM delay activity profiles for each voxel across each participant’s 18
trained stimuli. Two example voxels are highlighted in Figure 4a to show levels of WM delay
activity for each of the trained stimuli early (session 2) versus late (session 16) in the 3-month
training period. For each ROI, we tested whether the stimulus selectivity index (F-value)
increased as a function of training when considering all voxels. Specifically, we used the
voxelwise selectivity data in nested, nonlinear mixed models (Figure 4b). To test whether any
selectivity changes are above and beyond what would be randomly expected over time, we
created a distribution of null models (Methods). The nonlinear models show an increase in
stimulus selectivity for the ventral mid-lateral PFC region (p = 0.021; Figure 4b, right insets), with
no other ROIs showing a significant linear change over time (different b-parameter value from
chance, p-values > 0.05).
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Figure 4. Increases in WM delay activity correspond to increases in stimulus selectivity across training among
individual voxels in lPFC. (a) The mean WM delay activity of two example lPFC voxels for each of the 18 trained
stimuli early (left, session 2) and late (right, session 16) into training, highlighting an increase in selectivity values
(F-statistic) across the course of learning. (b) For each ROI, the left panel shows the mean selectivity index for each
session, among all voxels that showed increasing WM delay activity. Shaded area represents a bootstrapped 68% CI.
The right panel shows any significant selectivity increases across sessions (bold vertical line), as measured by the
b-parameter of the nonlinear model. Null distributions of b-parameter values (histogram) from models with session
number shuffled are shown in lighter colors. For visualization, all ROIs with significant b parameters compared to
null distribution are indicated with a bolded plot border and bold vertical line.
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Representational similarity patterns emerge for stimulus category, individual items, and
sequence category in WM delay activity
After probing changes in activity at the single voxel level, we next tested whether the
multivariate activity patterns across populations of voxels develop stimulus specificity over time.
. We employed a pattern similarity analysis framework (Methods) to test whether item-specific
representations also appear in multi-voxel patterns of WM delay activity across the course of
training. We estimated the similarity of representations across individual stimuli (matrices shown
in Figure 5; Methods) by computing correlations between the WM delay period activity patterns
for each stimulus. We then created several models to capture hypothesized levels of
representational information (e.g., item or category level) and tested how well the observed
similarity patterns matched the idealized models, producing a measure of representational
“pattern strength” for each ROI in each session (Methods; Figure 5a). To determine if any
pattern similarity effects were specific to the lPFC or would also be reflected in sensory areas,
we examined patterns from early visual cortex (V1-V4) and the lateral occipital complex (LOC),
a higher-order visual region (Methods).
First, we tested whether distinct representations of individual items in WM in lPFC or
visual ROIs would emerge across training. We operationalized an item-level model for individual
stimulus representations by testing for greater within-item pattern similarity (maintenance of the
same trained stimulus across different trials, on-diagonal values in correlation matrix) compared
to between-item similarity (maintenance of different trained stimuli, off-diagonal correlations),
as schematized in Figure 5b (left). We focused on the six stimuli for each participant that were
not part of regularly occurring sequences, in order to avoid capturing the possible restructuring
of items in temporal sequences that may develop more integrated or differentiated
representations over time (Sakai & Miyashita, 1991; Schapiro et al., 2012; Schlichting et al.,
2015).
Pattern strength for the item-level model showed a significant increase over time in
mid-lateral lPFC (dorsal mid-lateral: b = 0.0004, t(46) = 2.34, p = 0.024; ventral mid-lateral: b =
0.0004, t(46) = 2.57, p = 0.014; Figure 5b, right) and not in visual areas. That is, patterns of WM
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delay activity for individual trained items became more robust (reliable across trials) and
differentiated from other trained stimuli across learning. To further test this effect, we also used a
mixed linear model to compare the pattern strength for item-level selectivity in the first versus
second half of sessions. When including all ROIs as levels of a categorical predictor in the
model, mid-lateral PFC areas showed an interaction with learning time (first vs second half of
sessions): dorsal mid-lateral: β = 0.0056, t(45) = 2.66, p = 0.008; ventral mid-lateral: β = 0.0047, t(45) =
2.24, p = 0.026. This analysis provides evidence for stronger item-specificity in patterns of lPFC

delay activity across the course of training.
We next asked whether WM representations of all items show evidence of neural
differentiation over time, or whether this is specific to trained stimuli. If the emergence of
item-specific representations in lPFC is specific to trained stimuli, then activation patterns
between trained stimuli should become less similar (as the items become more identifiable from
each other) while those between novel stimuli should not reliably change. We operationalized
this comparison with a category-level model which tested for an interaction with a decrease in
pattern similarity between trained stimuli (that were not part of sequences) and no change in
similarity between novel stimuli (off-diagonal correlations) as schematized in Figure 5c (left).
There was a significant increase in pattern strength for the category-level model across sessions
in dorsal caudal lPFC (dorsal caudal: b = 0.0006, t(46) = 2.57, p = 0.013; Figure 5c, right). This effect
was driven by a decrease in the similarity between trained stimuli over time (dorsal caudal: b =
-0.001, t(46) = -3.62, p < 0.0017) which was not observed between novel stimuli (dorsal caudal: p =
0.74). These pattern similarity analyses show a difference in representations of trained and novel

stimuli across learning, such that distinct representations of trained, but not novel, WM stimuli
emerge with learning.
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Figure 5. Emergence of representational similarity patterns for trained items in WM delay activity.
(a) Left: Schematic of a WM delay activity pattern similarity matrix across different stimuli. Right: Calculation of
the pattern strength metric for each ROI and session by regressing a pattern model against the empirical pattern
similarity data. (b) Left: Schematic of pattern similarity framework for the item-level model, where an interaction
between on- (dark blue, positive values) versus off-diagonal (light blue, negative values) correlations among
non-sequence trained stimuli serves as a measure of item-level representation. Right: Plots of the pattern strength
across sessions for each ROI, as assessed by the model fit for the on- versus off-diagonal interaction. For
visualization, all ROIs with significant changes in pattern strength across sessions are indicated with a p-value and
bolded plot border, and pattern strength is plotted as a change from initial (session 1) baseline values. Each line
represents one of the three individual participants. (c) Same as in (b), but instead testing the category-level model
for an interaction between trained (light blue, negative values) versus novel (dark blue, positive values) off-diagonal
stimulus correlations.

Finally, we tested whether associations learned in a distinct task context may influence
WM maintenance processes, even when they are not task-relevant. In parallel to the WM task,
participants learned that a subset of trained stimuli formed high-probability temporal sequences
in the SRT task (SI Figure 1). Based on classic studies of paired associate learning (Chen &
Naya, 2020; Sakai & Miyashita, 1991) and multivariate representations that are altered by
learning (Schapiro et al., 2012; Schlichting et al., 2015), we tested for shared representational
structures across items in the same temporal sequence (higher similarity across items within the
same sequence vs. between sequences, SI Figure 4) but found no effects for shared
sequence-level patterns in any ROIs during WM maintenance (p-values > 0.05).
We then tested whether the organization of stimuli into temporal sequences in the SRT
task may have resulted in a shared representation between stimuli that belonged to any sequence
(regardless of sequence identity) which is distinct from items that were not part of a reliable
temporal structure (non-sequence items). This coarse-level representation of sequence structure
was operationalized with a sequence category model (Figure 6a, left). Pattern strength for this
sequence category model showed a significant increase across sessions in caudal lPFC regions
(dorsal caudal: b = 0.0002, t(46) = 2.99, p = 0.004; ventral caudal: b = 0.0002, t(46) = 2.44, p = 0.019;
Figure 6a, right). This interaction was driven by a decrease in pattern similarity between sequence

and non-sequence stimuli across sessions (dorsal caudal: b = -0.0007, t(46) = -2.76, p = 0.008;
ventral caudal: b =- 0.0008, t(46) = -4.01, p = 0.002). Across these analyses that consider

associations in the SRT task, stimuli from learned sequences become more similar to each other
over training, relative to stimuli not in sequences, specifically in caudal lPFC regions. These
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pattern similarity results suggest that learned associations from LTM are reflected in WM delay
activity, even when those associations are irrelevant to the WM task goals.

Figure 6. Emergence of pattern similarity for a categorical sequence representation in WM delay activity.
Left: Schematic of the model matrix for pattern similarity between items within trained sequences (dark blue,
positive values) compared to trained items not in sequences (light blue, negative values). Right: Plots of the pattern
strength for each ROI, at each session, as assessed by the model fit for the sequence category model on the left. For
visualization, all ROIs with significant changes in pattern strength across sessions are indicated with a p-value and
bolded plot border, and pattern strength is plotted as a change from initial (session 1) baseline values. Each line
represents one of the three individual participants.
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Discussion
Here, we examined how long-term learning influences lPFC neural representations for
WM. Over three months, we extensively trained three human participants on a WM task and a
sequence learning (SRT) task, which both employed a unique set of complex, fractal stimuli. We
sampled fMRI activity and behavioral performance repeatedly across learning, and found that the
distribution and selectivity of lPFC WM delay activity changed with training: more cortical
territory was recruited during the WM delay period with learning, and these activity changes
coincided with increases in stimulus selectivity at the level of both individual voxels and
multivariate patterns (Figure 7). Associations between stimuli learned in another task context,
although task-irrrelevant for WM, also shaped neural representations in lPFC during WM
maintenance. In sum, long-term learning changed the selectivity of lPFC WM delay activity,
indicating that the neural mechanisms for WM are influenced by prior experience.

Figure 7. Summary of results.
Left: Each lPFC region, with icons depicting which WM delay activity metrics showed training-related changes.
Right: Legend for the symbols depicting significant changes in WM delay activity magnitude, voxelwise selectivity
of the activity levels across stimuli, or multivariate representations (from pattern similarity analyses) for sequences
and items in WM.
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lPFC - representations or processes?
Early NHP electrophysiological recordings from lPFC revealed neurons that respond to
all phases of WM tasks: cue, delay, and response periods (Funahashi et al., 1990). Since then,
neurons in NHP lPFC have been shown to encode both stimulus representations (Funahashi et
al., 1989; Murray et al., 2017) and cognitive processes, including motor responses, rule learning,
and executive control signals (Rigotti et al., 2013; Vallentin et al., 2012; Wallis & Miller, 2003).
In contrast, human lPFC shows a relative absence of stimulus specific representations during
WM (D’Esposito & Postle, 2015; Harrison & Tong, 2009; Leavitt et al., 2017; Serences, 2016)
and human neuroimaging and lesion studies consistently point to lPFC mainly as a source of
cognitive control signals (Chatham et al., 2014; Gazzaley & Nobre, 2012; Szczepanski &
Knight, 2014). Thus, the role of lPFC function during WM has been unclear across studies.
However, NHP and human studies are characterized by stark differences in training regimes
before neural recordings take place (Berger et al., 2018; Birman & Gardner, 2016; Sarma et al.,
2016). Therefore, we reasoned that differences in task and stimulus experience may underlie the
discrepant conclusions about lPFC function.
To directly test the influence of training on WM and lPFC function, we scanned
participants across three months of repeated WM task and stimulus exposure. As training
progressed, we found that stimulus specific information was increasingly represented in human
lPFC delay activity, analogous to patterns more commonly found in NHP studies. Across human
studies, WM content is typically more difficult to detect in lPFC relative to visual areas
(Bhandari et al., 2018; D’Esposito & Postle, 2015; Serences, 2016). However, a few prior studies
also detect stimulus representations in human lPFC, for instance, in retinotopically organized
areas with visual orientation stimuli (Christophel et al., 2012; Ester et al., 2015). Others decode
object category information, but not fine-grained feature information, from PFC (Lee et al.,
2013). Therefore, it may be that orientation stimuli or object categories are supported by a
distributed, large-scale cortical organization that enables some information to be decoded at the
coarse level of BOLD fMRI, even without extensive training. Here, we show that individual
representations for visually similar, complex images become increasingly detectable in human
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lPFC through long-term learning. Altogether, our results suggest that the debate over the role of
lPFC in WM may hinge on training. That is, delay period signals reflecting general WM
maintenance (processes) are present without extensive training, while responses to individual
stimuli (representations) emerge in lPFC after long-term learning.

Implications for models of functional organization of lPFC
The lPFC is organized in a macroscale gradient along the rostral-caudal axis, both
functionally (Badre & Nee, 2018; Koechlin et al., 2003) and anatomically (Goulas et al., 2014; J.
A. Miller et al., 2021; Wagstyl et al., 2020). More abstract representations are generally encoded
more rostrally along the lPFC (Badre & D’Esposito, 2009), with middle frontal areas posited to
sit “atop” the hierarchy and provide top-down control signals during complex cognitive tasks
(Badre & Nee, 2018; Duverne & Koechlin, 2017; Ito et al., 2017). Here, our data also support a
rostral-caudal organization of WM along lPFC: after training, stimulus-specific representational
information emerged in only mid-lateral lPFC areas and categorical representational information
in only caudal lPFC areas (Figure 7). While stimulus categories are often more abstract than
individual stimuli – and might therefore be expected to engage more rostral regions – the
‘categorical’ model here may instead capture associations with motor planning for item
sequences learned in the SRT task. This caudal lPFC sequence-level representation is also
consistent with NHP electrophysiology studies finding categorical task and rule representations
in anatomically homologous premotor areas (Muhammad et al., 2006; Vallentin et al., 2012;
Wallis & Miller, 2003). Distinct representations of learned stimuli during WM may be scaffolded
onto an existing lPFC functional organization.
Despite the similarity of human lPFC function in the present results to NHP studies, the
exact areas of functional homology are often observed to be anatomically distinct across NHP
and human lPFC. For example, lesions of caudal precentral areas in human lPFC cause deficits
in spatial WM that mirror the effects in NHPs of damage to more anterior, mid-dorsal lPFC areas
(Mackey et al., 2016). Here, we show WM stimulus patterns emerge in micro-anatomically
similar areas to where NHP recordings also detect WM stimulus information (e.g., Brodmann’s
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areas 9/46d, 9/46v; (Petrides, 2005)). Long-term learning drives mid-lateral lPFC regions -- that
are most often described as a “controller” of task activity in humans -- to represent
stimulus-specific WM information. This suggests the intriguing possibility that the storage
location of WM representations and site of top-down control signals can occur in the same area
depending on learning and task demands. Future work using longitudinal paradigms in NHP
studies might also clarify the importance of training, spatial scale, and species differences on
WM maintenance processes (Badre et al., 2015; Milham et al., 2018; Song et al., 2021).

Plasticity of the PFC
The lPFC is critical for flexible cognition. Multiple theories consider the lPFC to have
high plasticity, with activity patterns and representations that change based on task demands
(Duncan, 2001; E. K. Miller & Cohen, 2001; Woolgar et al., 2011). However, these patterns of
adaptation have not been systematically tracked over time in human lPFC. Some human
neuroimaging studies have employed forms of WM training as a route to improve WM and
cognition more broadly, but the direction of lPFC change has been inconsistent across studies.
Early studies found activation increases in frontal and parietal cortex after WM training
(Klingberg, 2010; Olesen et al., 2004), but recent aggregations of WM training studies roughly
show activation decreases for studies with shorter training times (~minutes-hours) and increases
for longer training (~days-weeks) (Buschkuehl et al., 2012, 2014). These studies only sparsely
sample neuroimaging data, and have thus been unable to track learning across time, or to
examine the effects of stimulus experience and context on the neural mechanisms of WM
maintenance. Here we densely sampled neuroimaging and behavioral data to show progressive
increases in lPFC activity and stimulus selectivity across training.
Recently, NHP electrophysiology studies have observed changes after training in the
selectivity and magnitude of both single-unit and population spiking during WM (Dang et al.,
2021; Meyer et al., 2011; Qi et al., 2019). Changes in dopaminergic signaling and receptor

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.22.481537; this version posted February 23, 2022. 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 aCC-BY-NC-ND 4.0 International license.

24

sensitivity, along with correlated firing across neurons, may all play a mechanistic role in the
activation and selectivity increases of lPFC neuronal populations with training (Constantinidis &
Klingberg, 2016; Riley et al., 2018; Vijayraghavan et al., 2007). These previous effects were
greatest in mid- and anterior dorsal areas of lPFC, mirroring the organization of emerging
stimulus-selective activity patterns that we observed here in mid-lateral lPFC. This lPFC
plasticity likely arises from several factors that give the region a high propensity for flexible
representations: long-range anatomical connections (Chaudhuri et al., 2015; Y. Wang et al.,
2021), status as a hub between cortical networks (Bertolero et al., 2018; Fornito et al., 2019), and
a late anatomical development (Garcia et al., 2018; Garcia-Cabezas et al., 2019). Complementing
the literature on flexible lPFC activity patterns based on task demands, here we show lPFC
plasticity from experience and learning across months.
Influence of LTM on WM
According to foundational theories, WM and LTM are thought to rely on both different
brain areas and neuronal mechanisms for memory storage (Squire & Zola-Morgan, 1991;
Warrington & Shallice, 1969; Wickelgren, 1969). Thus, the neural circuitry supporting WM has
most often been studied without considering longer term learning and memory effects. However,
when WM behavior has been considered in relation to stimulus experience, better WM is
observed for familiar, complex stimuli such as Pokémon (Xie & Zhang, 2017), meaningful
human faces (Asp et al., 2021; Jackson & Raymond, 2008), and trained geometric shapes
(Blalock, 2015). Our findings suggest that these experience-dependent WM behavioral effects
are underpinned by malleability of the cortical representations that support WM across learning.
In addition to item-specific patterns, we also found shared WM representations
developing for stimuli that were part of temporal sequences in the SRT task, consistent with a
“categorical” representation grouping items based on their properties within learned knowledge
structures. Long-term memory consolidation is thought to promote the extraction of common
features across experiences (McClelland et al., 1995; Winocur & Moscovitch, 2011); thus it is
likely that the shared categorical structure emerged as a function of memory consolidation,
facilitated by repeated exposure to sequences over time (Antony et al., 2017). This process may
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have created a semantic-like code for stimuli occupying the same class of patterns over time
(sequence stimuli) versus a distinct class of non-sequence stimuli (Binder & Desai, 2011;
Eichenbaum, 2017; Nadel & Moscovitch, 1997; Sommer, 2017; Winocur & Moscovitch, 2011).
Item-level vs. categorical representations also emerged in different areas of lPFC, suggesting that
the activity changes induced by long-term learning obeyed functional axes of lPFC organization
(Figure 7). Altogether, the results indicate not only that LTM can share representational formats
with WM (Beukers et al., 2021; Lewis-Peacock & Norman, 2014; Nee & Jonides, 2011;
Oberauer, 2009), but that long-term learning changes how information is represented in WM,
even when learned associations are not behaviorally relevant for WM.

Future considerations
Here we show that human lPFC activity patterns gradually change over long-term
learning, suggesting that the role of lPFC in WM may shift as stimuli become well-learned and
embedded in

associative structures. These findings highlight important considerations for

conducting and interpreting investigations into WM function. If the neural circuitry for WM is
shaped by prior experience, drastically different conclusions can be reached depending on when
brain recordings take place relative to training. The timeline of learning is especially important to
consider because neuronal ensembles in lPFC demonstrate a remarkable flexibility in activity
patterns (e.g., magnitude, timing, and dimensionality) based on behavioral demands across
different tasks (Dang et al., 2021; E. K. Miller & Cohen, 2001; E. K. Miller & Fusi, 2013; Stokes
et al., 2013; Wasmuht et al., 2018). By implementing a protracted training and recording regime
in humans, our data show that long-term learning sculpts neural representations during WM.
These data offer a bridge between seemingly incompatible accounts from NHP electrophysiology
and human fMRI studies. Moving forward, an accurate understanding of PFC and WM
functioning should consider training effects, species effects, and how or whether LTM is
involved.
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Methods

Data and Code Availability
All neuroimaging data will be openly available in the Brain Imaging Data Structure format
((Gorgolewski et al., 2016); https://bids.neuroimaging.io/) on the OpenNeuro platform upon
publication (openneuro.org). Analysis and processing code to reproduce the present results,
along with the stimuli, presentation code, and behavioral data may be found on Open Science
Framework (OSF) : https://osf.io/

Human participants
The three study participants were all healthy, adult volunteers. Because of the large amount of
MRI data collected and intensive nature of the behavioral training involved, all participants were
members of the research team who completed the study over the same time period. One
participant was a 34-year-old female (sub-001), one was a 25-year-old male (sub-002), and one
was a 37-year-old female (sub-003). The University of California, Berkeley Committee for the
Protection of Human Subjects (CPHS) approved the study protocol and no participants reported
any contraindications for MRI.

Study design and stimuli
The study was designed to investigate WM behavior and neural representations across a large
amount of training on a specific set of stimuli and tasks. To accomplish this, we assigned each
participant a unique set of 18 fractal images as their set of trained stimuli. Each image was an
algorithmically-generated fractal consisting of multiple colors, and the 18 images for each
participant were balanced according to the primary color group of each image (determined using
a k-means clustering algorithm on each fractal image in the sklearn Python package:
https://scikit-learn.org/). These fractals were chosen because they are visually complex,
approximately uniform in size, cannot be easily verbalized, have no pre-existing meaning, and
similar stimuli have been used in NHP electrophysiology studies of the neural basis of learning

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.22.481537; this version posted February 23, 2022. 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 aCC-BY-NC-ND 4.0 International license.

27

(Ghazizadeh et al., 2018; Kim et al., 2015; Sakai & Miyashita, 1991). Because the study
participants were also on the research team, we avoided participants gaining any foreknowledge
of their training set by generating thousands of initial images and randomly selecting each
training set from among these images. Thus, each participants’ first exposure to their training set
occurred during the first scanning session. The unique 18 stimuli for each participant were then
used for all of the following fMRI and behavioral training sessions, with additional novel stimuli
randomly selected each session from the broader set of fractals. Of the 18 fractal stimuli in each
participant’s training set, 12 were randomly assigned to be part of four sequences in the SRT
task, with each sequence consisting of three fractals and an object image. The sequences were
learned over time as part of a serial reaction time (SRT) task. Although sequences were not
explicitly instructed,

all participants had knowledge of the sequence manipulation; thus,

reductions in response time in this task likely reflect both explicit and implicit learning. All tasks
were programmed using Psychtoolbox functions (Brainard, 1997; http://psychtoolbox.org/) in
Matlab (https://www.mathworks.com/), and stimuli were presented on a plain white background
[RGB = 255,255,255].

Longitudinal training
Across the course of 15 weeks, each participant underwent 24-25 total sessions of fMRI
scanning. In the present work, we analyze the first 17 of these fMRI sessions (Phase 1) for each
participant which took place over ~3 months (13 weeks) of training. In a second study phase
(Phase 2)of ~3 additional weeks, more fractal stimuli were added into the training set (Figure
1c), but the results from this phase of the experiment are not reported here. Over the first week,
four scans were conducted to ensure that the initial exposure to the tasks and stimuli would be
highly sampled. fMRI scanning during subsequent weeks occurred at a rate of approximately
1-2x per week (depending on participant and scanner availability).

To facilitate learning, at-home behavioral training was implemented multiple times per week
across the course of the study (Figure 1c), where Participants completed versions of the WM and
sequence learning tasks on home laptop testing setups. Most sessions were completed at the
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same location for each subject, with a small number completed elsewhere (when traveling, for
example). The at-home WM task training data can be found on Open Science Framework.

Working memory task
Participants completed a three-alternative forced choice delayed recognition task in each
scanning and at-home WM training session (Figure 1a). Stimuli included the 18 fractals from
the participant’s training set, along with 6 novel fractal images, which were randomly selected
each session. On each trial, a single WM sample stimulus (600 x 600 pixels) was presented in the
center of a screen for a 0.5 s encoding period. A fixation cross was then presented for a jittered
delay period of 4, 8, or 12 s, with the goal of facilitating WM maintenance processes. A probe
display then appeared for a response window of 2 s. The probe display comprised three occluded
sections of fractal images (⅙ area of each image) at an equal distance from the center of the
screen. Each probe image was masked within a gaussian window of FWHM at ~⅙ the image size.
Participants responded via one of three button presses to indicate which probe image segment
matched the stimulus from the beginning of the trial. A fourth button could be used to indicate a
response of “I don’t know.”. A sample-matching fractal image was always present in the probe
display. One of the other probe stimuli was always a novel (untrained) fractal image randomly
selected from the same color group as the sample fractal image. The third probe image was either
a novel fractal (50% of trials) or a lure from the set of trained fractal images (50% of trials). The
masked section of the fractal images was in the same location for each probe image and
randomly chosen from nine different areas on each trial, and the probe position was
counterbalanced across trials within a block (Figure 1a). After each trial, there was a jittered
intertrial interval (ITI) sampled from an exponential distribution (mean = 4 s, range = 1 - 9 s).

In the scanning sessions, participants completed four blocks of 24 trials, with each trained and
novel fractal image presented as the WM sample stimulus once per block, in random order. Each
delay length occurred in random order and equally often within a block. For the at-home WM
training sessions, participants completed two blocks of 24 trials (Figure 1c). The in-scanner
display was a back-projected 24 in. screen (1024 x 768) for an approximate ~47 cm viewing
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distance, while for at-home training sessions participants used laptop screens of sizes 13.3 in.
(1440 x 900) [sub-001], 13.3 in. (2560 x 1600) [sub-002], and 12.5 in. (1920 x 1080) [sub-003].

Serial reaction time task
In addition to the WM task, participants completed a serial reaction time (SRT) task before the
WM task in each scanning session and during at-home training sessions. This task served to
repeatedly expose participants to statistical regularities amongst the trained stimuli, in the form
of temporal stimulus sequences. During this task, participants made button presses in response to
each stimulus. The stimulus set consisted of the same 18 fractal stimuli shown in the WM task as
well as six objects (three animals and three tools) for a total of 24 stimuli. The SRT task
consisted of two phases: an initial phase in which stimulus-response mappings were learned),
followed by a second phase during which stimulus sequences were present.

The first section of SRT task was implemented in the first two sessions of the study (one fMRI
session followed by an at-home behavioral session) during which participants were trained to
criterion to associate each of the stimuli with one of four button press responses. Participants
were first exposed to their stimulus set during their first scanning session. During every block,
each of the 24 stimuli were shown once in a randomized order, with no explicit sequence
information present (during the first two sessions). Each stimulus was presented on the screen for
2.3 seconds (followed by a blank screen of .7 s between stimuli) with four response options
shown as black squares below the stimulus (corresponding to the middle finger of the left hand,
ring finger of the left hand, ring finger of the right hand, and middle finger of the right hand).
During the first two blocks of the first scanning session, the correct response was highlighted
(square corresponding to the response was shown in red instead of black) to allow participants to
view the correct response and facilitate learning. Thereafter, participants completed 10 more
blocks during which the correct response was not shown but feedback was provided (when a
correct response was made the square turned blue and incorrect responses were indicated by the
selected option turning red with feedback lasting for 200 ms). After the first scanning session,
participants performed an at-home session to ensure the learning of stimulus-response mappings.
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Participants completed a minimum of five blocks of the task, and continued until a criterion of
80% accuracy at the item-level was reached (>=80% of correct first responses for all stimuli
across all blocks; 7 - 15 blocks of training were required to reach criterion). The
stimulus-response mappings remained constant throughout the study.

After the completion of training to criterion, temporal sequences of stimuli were embedded in the
SRT task, beginning in the second fMRI session. Of the 24 trained stimuli (18 fractals and six
objects), 16 stimuli were assigned to form four distinct sequences, with each sequence containing
three fractals followed by an object (Figure 1b). As in the initial section of this task, each
stimulus was shown once during each block (set of 24 trials) and the four response options were
indicated below the stimulus as four black squares. Participants were instructed to press the
appropriate button for each stimulus. Each stimulus was shown for 1.95 s (fMRI sessions) or 1.8
s (behavioral sessions) followed by a blank screen for 400 ms. Sequences were presented in a
probabilistic manner, such that three of the four sequences were presented in an intact fashion in
each block and each sequence was intact on 75% of blocks in each session (i.e. in 12/16 blocks
during fMRI sessions). In each block, the order of the presentation of stimuli was randomized
with the exception of the presentation of the three intact sequences. Stimuli from the non-intact
sequence (one sequence per block) were presented in a random order with the stipulation that at
least two stimuli separated the non-intact sequence stimuli. Feedback was provided throughout
the experiment as described above in the training to criterion phase. The fMRI sessions
contained 18 blocks of the SRT task and the at-home behavioral sessions consisted of 26 blocks.
Stimuli were presented in a randomized order (no sequence information was present) during the
first two blocks of each session which served to acclimate participants to the task.

Object-selective functional localizer task

Functional localizer scans were collected during two separate fMRI sessions for each participant,
which occurred after sessions 1 and 5 for sub-001, sessions 1 and 15 for sub-002, and sessions 5
and 14 for sub-003. Participants performed a one-back task while viewing blocks of animals,
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tools, objects, faces, scenes, and scrambled images. All images were presented on phase
scrambled backgrounds. Each block lasted for 16 s and contained 20 stimuli per block (300 ms
stimulus presentation followed by a blank 500 ms inter-stimulus interval). Two stimuli were
repeated in each block and participants were instructed to respond to stimulus repetitions via
button press. Each scan (three scans per session) contained four blocks of each stimulus class,
which were interleaved with five blocks of passive fixation.

fMRI acquisition
All neuroimaging data were collected on a 3 Tesla Siemens MRI scanner at the UC Berkeley
Henry H. Wheeler Jr. Brain Imaging Center (BIC). Whole-brain Blood Oxygen Level-Dependent
(BOLD) fMRI (T2*-weighted) scans were acquired with a 32-channel RF head coil using a 2x
accelerated multiband echo-planar imaging (EPI) sequence [repetition time (TR) = 2 s, echo time
= 30.2 ms, flip angle (FA) = 80°, 2.5 mm isotropic voxels, 52 slices, matrix size = 84 x 84].
Anatomical MRI scans were collected at two timepoints across the study and registered and
averaged together before further preprocessing. Each T1-weighted anatomical MRI was collected
with a 32-channel head coil using an MPRAGE gradient-echo sequence [repetition time (TR) =
2.3 s, echo time = 3 ms, 1 mm isotropic voxels]. For each scan, participants wore custom-fitted
headcases (caseforge.com) to facilitate a consistent imaging slice prescription across sessions
and to minimize head motion during data acquisition.

In each 2-hr scanning session, participants completed the following BOLD fMRI scans: (1) 9
min eyes-closed rest run, (2) three 9 min runs of a 1-back stimulus localizer, (3) three 6 min runs
of the SRT task, (4) 9 min eyes-closed rest block, (5) 9-min stimulus localizer block, (6) four 6
min runs of the WM task. The present work focuses on the WM task. In the stimulus localizer
scans, participants completed a 1-back task with a slow, event-related design optimized for
obtaining single-trial multivariate representations (Zeithamova et al., 2017) (results not reported
here).
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fMRI preprocessing
Preprocessing of the neuroimaging data was performed using fMRIPrep version 1.4.0 (Esteban et
al., 2018), a Nipype (Gorgolewski et al., 2017) based tool. Each T1w (T1-weighted) volume was
corrected for INU (intensity non-uniformity) using N4BiasFieldCorrection v2.1.0 (Tustison et
al., 2010) and skull-stripped using antsBrainExtraction.sh v2.1.0 (using the OASIS template).
Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-matter
(GM) was performed on the brain-extracted T1w using fast (Zhang et al., 2001) (FSL v5.0.9).
Functional data was slice time corrected using 3dTshift from AFNI v16.2.07 (Cox, 1996) and
motion corrected using mcflirt (Jenkinson et al., 2002) (FSL v5.0.9). This was followed by
co-registration to the corresponding T1w using boundary-based registration (Greve & Fischl,
2009) with 9 degrees of freedom, using flirt (FSL). Motion correcting transformations and
BOLD-to-T1w transformation were concatenated and applied in a single step using
antsApplyTransforms (ANTs v2.1.0) using Lanczos interpolation. Many internal operations of
FMRIPREP use Nilearn (Abraham et al., 2014), principally within the BOLD-processing
workflow.

For

more

details

of

the

pipeline

see

https://fmriprep.readthedocs.io/en/latest/workflows.html. Finally, spatial smoothing was only
performed

in

a

4mm

FWHM

kernel

along

the

cortical

surface

(https://github.com/mwaskom/lyman/tree/v2.0.0) for the mean univariate activity analysis
(Figure 2), while all other analyses used unsmoothed data.

Region-of-Interest (ROI) selection
To generate cortical surface reconstructions, the T1-weighted anatomical MRIs were processed
through the FreeSurfer (https://surfer.nmr.mgh.harvard.edu/) recon-all pipeline for gray and
white matter segmentation (Dale et al., 1999; Fischl, Sereno, & Dale, 1999). To construct the
lPFC ROIs, we sampled a recent multimodal areal parcellation of the human cerebral cortex
(Glasser et al., 2016) onto each participant’s native anatomical surface via cortex-based
alignment (Fischl, Sereno, Tootell, et al., 1999). We combined these smaller parcels on the
surface into six different lPFC ROIs, with two splits along the rostral-caudal axis and one split
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along the dorsal-ventral axis (Figure 2b). The caudal lPFC ROIs fall along the precentral sulcus
and gyrus, with the most rostral ROIs ending in frontopolar cortex around the anterior ends of
the inferior and superior frontal sulci. The split between dorsal-ventral ROIs roughly falls along
the posterior middle frontal sulci, analogous microstructurally to the principal sulcus of
macaques (J. A. Miller et al., 2021; Petrides, 2019), and the ROIs are bounded dorsally by the
superior frontal gyrus and ventrally by the inferior frontal gyrus. This lPFC division into six
areas was designed to align with NHP electrophysiology studies recording from multiple frontal
cortex regions (Riley et al., 2018).

We also constructed two visual ROIs in order to determine if effects were specific to lPFC or
also generalized to lower and higher-order visual areas. An early visual cortex ROI combined
visual cortical areas V1-V4 for each participant, defined from aligning a probabilistic visual
region atlas (L. Wang et al., 2015) onto each subject’s native cortical surface using cortex-based
alignment (Figure 5a). A higher-order visual ROI for the lateral occipital complex (LOC) was
defined from a separate category localizer scanning session [block-level general linear model
(GLM) with a contrast of responses of objects > scrambled objects]. Voxel responses were
thresholded at p < .0001 and the ROI was restricted to voxels reaching this statistical threshold
on the lateral surface of the occipital cortex and the posterior portion of the fusiform gyrus
(Schwarzlose et al., 2008) .

Mean WM delay activity across training
We constructed a separate event-related GLM in SPM12 (https://www.fil.ion.ucl.ac.uk/spm/) for
each participant and session in order to compare activity levels for each voxel across training.
Separate boxcar regressors were constructed for the encoding (0.5 s), delay (4, 8, or 12 s), and
probe (2 s) periods of the WM task, and all regressors were convolved with a standard
double-gamma hemodynamic response function (HRF). Separate task event regressors were
created for trained and novel fractals. For the session-level GLMs, all four WM task runs in each
session were concatenated with the spm_fmri_concatenate function. Six rigid-body motion
parameters were included as nuisance regressors, along with high-pass filtering (HPF) of 128s to
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capture low-frequency trends as implemented in SPM12 (https://www.fil.ion.ucl.ac.uk/spm/).
Voxelwise t-statistic maps were then calculated for WM delay (delay > fixation) periods,
selecting regressors for trials across all three delay lengths. We analyzed changes in mean WM
delay activity over learning with nonlinear mixed models using mean activity in each ROI as the
outcome variable and session number as the predictor (Statistical methods). These analyses were
performed in two broad groups of voxels: (1) for the mean activity of voxels within the peak
activation for each ROI (thresholding the maps for each participant and session at t > 2.5) and (2)
for the mean activity of all voxels across each ROI without any thresholding.

Voxelwise regression analysis (recruitment of voxels across training)
To ask whether voxels showed changes in activity across training, we performed voxelwise
nonlinear regressions on the t-statistic values from the above GLMs (Mean WM delay activity
across training) across sessions (Figure 3a-c). Separate voxelwise models were run on WM
encoding and delay period activation to characterize changes in each phase of the WM task
separately. For each participant and lPFC region, this regression generated a voxelwise b-statistic
(linear term of quadratic model, see Statistical methods), with positive values indicating an
increase in activity across sessions and negative values a decrease in activity across sessions.
After thresholding the voxelwise b-statistic maps at p < 0.05, we then calculated the proportion
of voxels in each ROI showing an increase or decrease in activity across sessions and averaged
this value across participants. This generated a measure of how many voxels in an ROI change
their activity over time, without requiring precise overlap of the specific voxels showing changes
across participants. To determine if the proportion of voxels showing an increase or decrease in
activity across sessions was different than chance (p < 0.05 / 2 = 2.5% false-alarm rate for
increases or decreases), we constructed permuted null distributions of the proportion of
increasing and decreasing voxels in each ROI. In each of 1,000 permutations, session number
was randomly shuffled, the regression onto activity across sessions was re-computed, and the
proportion of voxels showing increases and decreases in activity (mean across participants) was
stored to create null distributions. P-values were then derived by comparing the actual proportion
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of increasing and decreasing voxels across participants (dark lines in Figure 3d) to the permuted
null distributions.

Stimulus selectivity metric and analyses
In order to determine if WM delay activity showed preferences for any specific fractal stimuli we
obtained single-trial level voxelwise activity maps by constructing separate least-squares-all
(LSA) GLM for each run, session, and participant (Mumford et al., 2012). Here, GLMs were
constructed separately for each run in order to estimate pattern similarity between different runs,
so that correlation measures aren't confounded by temporal autocorrelation within each
functional scan (Mumford et al., 2014; Zeithamova et al., 2017). In each run-level GLM, the
WM delay period events for each of the 24 unique stimuli were modeled as separate boxcar
regressors (collapsed across delay lengths) and convolved with a HRF. The combined WM
encoding (0.5 s) and probe (2 s) events were included as nuisance regressors, again split by
trained and novel stimuli. Six rigid-body motion parameters were also included as nuisance
regressors, along with high-pass filtering (HPF) of 128s to capture low-frequency
trends.Voxelwise beta-statistic maps from each trial were then used in the selectivity and pattern
similarity analyses.

To determine if changes in lPFC activity show selectivity for the trained stimuli across training,
we calculated a voxelwise selectivity index (among voxels that increased in WM activity across
training) of WM delay activity for every session, lPFC region, and participant. Analogous to
stimulus selectivity measures from electrophysiology studies (Naya et al., 2001; Wirth et al.,
2003), an F-statistic was calculated for each voxel using WM delay activity levels (beta
estimates) across the 18 unique trained stimuli in a repeated-measures ANOVA (with each of the
four runs in the WM task as the repeated measure, Figure 4a). To determine if lPFC regions
showed changes in selectivity across training, we implemented nested mixed nonlinear models
(see Statistical methods) with selectivity as the outcome variable and session number as the
predictor. Separate models were constructed for each ROI and data from every voxel was
included as a nested variable within the participant (subject-level) variable. We used every voxel
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from the ROI to be more sensitive to detect changes across training than by using the mean
alone, noting that the degrees-of-freedom were inflated because of correlations between voxels.
Accordingly, we assessed the significance of an effect of session number (training) on selectivity
using permutation testing. A null distribution of the relationship between session number and
selectivity was created by shuffling the session number regressor in each of 1,000 permutations
and re-computing the relationship between selectivity and session number. The b-statistic from
the actual model was then compared to the null distribution of b-values for each ROI (Figure
4b).

Representational similarity analyses
To obtain measures of pattern similarity of the fMRI responses in each ROI across conditions,
we applied a multivariate noise decomposition algorithm to the single-trial WM delay period
responses (Walther et al., 2016). This process used the time-series of residuals from the LSA
GLM for each run to account for noise variance within each ROI. Then, for each session, we
calculated cross-validated (between-run) correlations between the trials for all stimuli (18
trained, 6 novel fractals). Correlation values were Fisher-z transformed, and then the mean of the
between-run correlations generated a representational similarity or correlation matrix (Figure
5a). One total run across all sessions and participants was removed from calculation of
between-run correlations because of a visual MR artifact. To test for distinct representational
structures in WM delay period patterns, we operationalized each of four potential representations
as specific predictors of pattern similarity and then analyzed how the strength of each model
changed across training. Each representational structure was coded using values of (1, -1) for
specific stimulus pairs, with negative values weighted such that the regressor values summed to
zero. After constructing, these values were then used as predictors of the similarity values (Fisher
z-transformed pearson correlation), resulting in a model fit (“pattern strength”) for each
representational structure. This procedure was performed for each session, participant, and ROI.
First, we constructed an item-level model for individual stimulus representations by comparing
the on-diagonal correlations (between trials featuring the same stimulus) and off-diagonal
correlations for the six trained stimuli not included in any of the learned sequences (Figure 5c).
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Second, we operationalized a category-level model

by testing for an interaction in the

off-diagonal correlations among all pairs of 18 trained (Figure 5b, dark blue) stimuli and the six
novel (Figure 5b, light blue) stimuli within each session. Finally, we constructed two separate
models to test for representations of stimulus sequences from the SRT task. The first sequence
representational structure was a within-sequence model in which off-diagonal correlations of
trained stimuli within the same sequence were compared to the correlations between stimuli in
sequences to the trained stimuli not in sequences (Figure 6a). Next, we constructed a
between-sequence model to test for an interaction in the similarity of stimuli between different
sequences (Figure 6b,), again compared to a baseline of correlations to trained stimuli not in
sequences. A final follow-up model directly tested the within versus between-sequence stimulus
correlations, with no differences found across conditions. For the analysis of off-diagonal
correlations among trained stimuli in Figure 5a, we excluded the correlations between stimulus
pairs within the same sequence from the SRT task. To determine if there were changes in pattern
similarity across training, we used mixed nonlinear models with the beta values from the toy
matrix regressor (“pattern strength” values) values as the outcome variable and session number
(mean-centered) as predictors. For all models, ROIs with a significant change in the pattern
strength across training (significant value of the linear b parameter, see Statistical methods) are
bolded in Figure 5 and Figure 6. We also included early visual and lateral occipital ROIs in the
pattern similarity analyses to determine what representational changes are specific to the PFC
versus early and higher-order sensory areas.

Statistical methods
All changes across training were analyzed using mixed nonlinear models, implemented in the
nlme library in R (https://cran.r-project.org/web/packages/nlme/index.html). For the nonlinear
2

models, we implemented a second-order polynomial function (𝑦 = 𝑎 · 𝑥 + 𝑏 · 𝑥 + 𝑐) with
all three parameters (a, b, c) in the function used as both fixed and random effects (random
effects: 𝑎 + 𝑏 + 𝑐 ~ 1 | 𝑠𝑢𝑏𝑗𝑒𝑐𝑡). The linear term of the model (b) was used to test for
significance of increases or decreases in outcome variables across sessions. For all models, the
session number (predictor) variable was mean-centered in order to facilitate interpretation of the
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direction of change of the nonlinear models (b > 0: increasing, b < 0: decreasing). Starting values
for the nonlinear model fitting were obtained using the selected data averaged across conditions
and groups, implemented in the polyfit function for R. If nonlinear models failed to converge
with full random effects, the nonlinear term (a) was removed as a random effect and the model
was run again (random effects: 𝑏 + 𝑐 ~ 1 | 𝑠𝑢𝑏𝑗𝑒𝑐𝑡). For all results, changes over time and
conditional interactions also replicated when using mixed linear models. Voxel-wise regression
models

and

selectivity

F-test

measures

were

also

calculated

using

statsmodels

(https://www.statsmodels.org/stable/index.html) and Scipy (https://www.scipy.org/) functions in
Python. Neuroimaging files were loaded and operated on using the Nilearn package
(https://nilearn.github.io/).
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Supplemental Information

SI Figure 1. Sequence learning in the Serial Reaction Time (SRT) task.
Top: Mean response time (s) for correct trials is plotted for each participant across sequence position (1-4) for intact
sequences (blue), compared to when the same stimuli were shown out of order (shuffled, red), and relative to
non-sequence stimuli for reference (gray). All three participants showed significantly speeded responses across
stimuli in intact sequences during fMRI sessions (sub-001, Position 2: t(15) = -5.50, p = 6.1 x 10-5; Position 3: t(15)
= -6.29, p = 1.4 x 10-5; Position 4: t(15) = -8.58, p = 3.6 x 10-7; ; sub-002, Position 2: t(15) = -7.90, p = 1.0 x 10-6;
Position 3: t(15) = -7.5, p = 1.8 x 10-6; Position 4: t(15) = -9.4, p = 1.1 x 10-7; sub-003, Position 2: t(15) = -7.80, p =
1.2 x 10-6; Position 3: t(15) = -8.6, p = 3.2 x 10-7; Position 4: t(15) = -8.6, p = 3.3 x 10-7). Bottom: Examples of an
intact, left, or shuffled, right, sequence in the SRT task. Intact sequences occurred with higher probability (75%)
than shuffled sequences (25%). Error bars represent 68% CI (S.E.M.).
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SI Figure 2. Mean WM delay activity in all lPFC regions across training.
Top: Mean activity for each fMRI session during the WM delay period for highly active voxels in each lPFC ROI,
thresholded at t > 2.5. Specific to dorsal rostral PFC (green), there was a mean decrease in WM delay activity in the
ROI across sessions. Bottom: For all voxels (unthresholded) in an ROI, there was only an increase in WM delay
activity specific to dorsal mid-lateral PFC (orange).
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SI Figure 3. Distribution of activity for the WM encoding epoch in PFC across the course of learning.
Significant increases (red) or decreases (blue) in the percentage of voxels changing activity across training are
indicated by bolded vertical lines. Null distributions were created exactly as in Figure 3, but instead using the WM
encoding period activity across sessions. All ROIs show a significant proportion of voxels with a decrease in
activity, with no ROIs showing an increase in WM encoding activity across training.
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SI Figure 4. Analysis of individual sequence representation in WM delay activity.
(a) Left: Schematic of the model matrix for the analysis of correlations for items within the same trained sequences
(dark blue, positive values) compared to correlations of items between different sequences (light blue, negative
values). Right: Plots of the pattern strength across sessions for each ROI, as assessed by the model fit for the
individual sequence-level model on the left. For visualization, all ROIs with significant changes in pattern strength
across sessions are indicated with a p-value and bolded plot border, and pattern strength is plotted as a change from
initial (session 1) baseline values. Change in pattern strength: dorsal rostral: t(46) = -0.13, p = 0.9; dorsal
mid-lateral: t(46) = -0.07, p = 0.94; dorsal caudal: t(46) = 0.55, p = 0.59; early visual: t(46) = -1.93, p = 0.06;
ventral rostral: t(46) = -0.24, p = 0.8; ventral mid-lateral: t(46) = -0.78, p = 0.44; LOC: t(46) = -1.23, p = 0.22.
Each color shade represents one of the three individual participants.
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