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Dynamically shifting from compositional to
conjunctive brain representations supports
cognitive task learning

Ravi D. Mill & Michael W. Cole

During cognitive task learning, neural representations must be rapidly con-
structed for novel task performance, then optimized for robust practiced task
performance. How the geometry of neural representations changes to enable
this transition from novel to practiced performance remains unknown. We
hypothesized that practice involves a shift from compositional representa-
tions (task-general activity patterns that can be flexibly reused across tasks) to
conjunctive representations (task-specific activity patterns specialized for the
current task). Functional MRI during learning of multiple complex tasks sub-
stantiated this dynamic shift from compositional to conjunctive representa-
tions, which was associated with reduced cross-task interference (via pattern
separation) and behavioral improvement. Further, we found that conjunctions
originated in subcortex (hippocampus and cerebellum) and slowly spread to
cortex, extending multiple memory systems theories to encompass cognitive
task learning. The strengthening of conjunctive representations hence serves
as a computational signature of learning, reflecting cortical-subcortical
dynamics that optimize task representations in the human brain.

Learning cognitive tasks is a common feature of everyday life, yet the
neural basis for this essential human skill remains unknown. Studies
have consistently reported behavioral improvement as tasks are per-
formed from initial novel presentation through extensive practice,
which has been linked to a progression from controlled to automatic
processing1,2. fMRI has alluded to neural changes accompanying this
progression, in the form of widespread decreases in the magnitude
and extent of regional activations over practice, with some spatially
limited increases3–7. The activation decreases are most prominent in
cognitive control-related regions8–10. However, a precise computa-
tional account for how neural representations change over learning
remains elusive.

In the present report, we assimilated concepts from the language,
long-termmemory, context-dependent decision-making and cognitive
control neuroscientific literatures to develop hypotheses about the
neural basis of task learning. These hypotheses are elaborated below,
and summarized here: i) novel task performance is reliant on task-
general compositional brain representations, ii) practiced task

performance is reliant on task-specialized conjunctive brain repre-
sentations, iii) these representational dynamics are differentially
evoked in cortex versus subcortex (constituting a division of labor
between these systems), and iv) progressive strengthening of con-
junctions specifically in cortex associates with signatures of effective
task practice.

Our first hypothesis was informed by early language theories11,12

and ongoing research involving artificial neural networks13–15, which
position compositionality as an important representational principle.
Compositions provide a format for representing abstract information
that can be retrieved and recombined based on task context, theore-
tically allowing for flexible thought and behavior16–20. Interest in com-
positionality has been accelerated by observed shortcomings of
artificial neural network models in performing rapid instructed task
learning21 - a human ability allowing for competent task performance
with little to nopractice. Longstanding artificial neural network deficits
in transferring prior learning in “rapid” task contexts (e.g. zero-shot
transfer)22,23 have recently been ameliorated by models embedded
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with compositional principles15,24. Extending these findings to human
cognitive task learning, we predicted that compositional representa-
tions in the brain are critical in processing novel tasks. The degree to
which compositional representations are evoked in empirical brain
data (versus simulated data used for artificial neural network model-
ing), and how this might vary over the course of extended task learn-
ing, remains uncertain.

Whilst compositional representations theoretically allow for task
competency in novel contexts, compositionality alone is unlikely to
account for established effects of practice in improving behavioral
performance towards true task proficiency. This informed our second
hypothesis, which frames a complementary role for conjunctive
representations as the neural substrate of task practice. In long-term
memory research, nonlinear conjunctions of sensory features have
long been theorized as a key computation, under varying terminology:
chunking25, binding26–28, relational representation29, configural (versus
elemental) association30,31 and object-based (versus feature-based)
representation32. Extending these ideas to the domain of cognitive task
learning, we predicted that conjunctions of task rule elements would
strengthen over extended learning, and uniquely associate with sig-
natures of effective practice (reduced representational interference
and improved behavior). This would offer a contrasting trajectory to
compositional representations, which would bemore strongly evoked
early in learning, and then progressively weaken.

Finally, we also predicted that these representational dynamics
would be differentially evoked across cortical and subcortical systems.
This was founded on seminal neuropsychological studies of long-term
memory29,33–36 demonstrating that regions including but not limited to
the medial temporal lobe (MTL) subserve learning and memory. This
was formalized in many multiple memory systems frameworks31,37–42.

Critical amongst these was complementary learning systems
theory40,43–45, which posited differentiable roles for MTL and cortical
regions in learning. MTL was theorized to perform fast learning (via
fast conjunction formation) whereas cortex performs slow learning
(via slow conjunction formation). These distinct roles in the service of
a common learning function was characterized as a “division of labor”
between cortical and subcortical systems. Embedding this division of
labor in artificial neural networkmodels accurately simulatedmemory
deficits from animal lesioning studies40. Extending to cognitive task
learning, we predicted that repeated task practice is underpinned by
strengthening of conjunctive representations specifically in cortex.
This follows from the alignment of the theorized slow learning func-
tion of cortex with the slow timescale of practice-related behavioral
improvement. Critically, to our knowledge, the predictions of com-
plementary learning systems theory have not been tested in empirical
human brain data - in the domain of task learning, but also generally.

Furthermore, complementary learning systems theory places
predominant emphasis on the role of conjunctive representations in
extended learning, thereby neglecting the reciprocal importance of
compositions under task novelty. This contrasts with the inverse pat-
ternof emphasis in recent artificial neural networkmodels - promoting
the importance of compositions (as a substrate of abstraction) and
neglecting conjunctions (as a substrate of specialization). We offer an
integrative theoretical account in Fig. 1A, in which cortical-subcortical
dynamics underpin a shift from relying on compositional representa-
tions when tasks are novel, to relying on conjunctive representations
with task practice. Unlike complementary learning systems theory, we
conceptualize subcortical involvement in learning as not exclusive to
the MTL, but also strongly involving the cerebellum, given its prior
linkages with task learning46,47, behavioral automaticity3,48,49, and flex-
ibility generally50–52. Figure 1B schematizes how cortical conjunctive
strengthening might drive signatures of effective task practice -
reduced representational interference and improved behavior.

In devising an analytic framework to test the schematized learning
principles in empirical human brain data, we were inspired by recent

innovations in the context-dependent decision-making literature.
Machine learning approaches have been applied to functional brain
data to quantify the degree to which neural representations evoked
during decision-making are context-specific (conjunctive) or context-
general (compositional)53–62.Whereas these representational geometry
approaches have been primarily applied at the within-trial timescale,
herewe applied similarmethods over the longer timescaleof extended
task learning.

We tested our hypotheses using fMRI recordings in healthy adult
human participants as they performed multiple complex cognitive
tasks from initial novel presentation through repeated practice. We
developed an updated version of the concrete permuted rule opera-
tions paradigm (C-PRO2), which preserved the compositional (each
task is created by permuting sensory, logic and motor rule types) and
multi-task (allowing for more generalizable inferences than single-task
approaches) nature of previous versions9,63,64, but now with more
complex, naturalistic and diverse features (see Methods and Fig. 2A).
This combination of theoretical, analytic and task design innovations
allowed us to empirically substantiate a neurocomputational signature
of task learning (Fig. 1), in which cortical-subcortical dynamics
underpin a transition from compositional to conjunctive representa-
tions with practice.

Results
Behavioral evidence of task learning in C-PRO2 paradigm
We first verified that task learning had taken place as expected in our
updated C-PRO2 paradigm (see Methods and Fig. 2A). Figure 2B plots
the block-averaged accuracy across key conditions: practiced tasks
presented in the first Practice session (4 tasks repeated 36 blocks
each), practiced tasks in the second Test session (same 4 tasks repe-
ated for a further 15 blocks each), and novel tasks in the Test session
(60 tasks presented once). Subjects were reliably above chance accu-
racy (cross-task average=77.6%) in all three conditions (one-sample
t-tests against 50%, all p <0.001, all Cohen’s d > 1.60), confirming that
participants understood the paradigm.

The cross-condition profile demonstrated that practice improved
behavior: practiced tasks in both the Practice (mean= 79.0%) and Test
(80.3%) sessions were more accurately performed than novel (73.6%)
tasks (practiced task in Practice session > novel task in Test session,
t(43) = 2.90, p =0.006, Cohen’s d =0.44; practiced task in Test session
> novel task in Test session, t(43) = 5.14, p <0.001, Cohen’s d = 0.77).
Accuracy for practiced tasks in the Test session was numerically albeit
non-significantly higher than practiced tasks in the Practice session
(t(43) = 1.10, p =0.276, Cohen’s d =0.17), and there were no reliable
between-condition differences in RT (paired t-tests, all p >0.450).

Further evidence of learning came from timecourse analyses of
performance accuracy (Fig. 2C) and reaction time (RT; Fig. 2D) over
Practice session blocks. In both cases, behavior improved (accuracy
increased and RT quickened) with repeated practice (paired t-test for
last block > first block performance, accuracy t(41) = 6.27, p <0.001,
Cohen’s d =0.97; RT t(39) = 2.47, p =0.018, Cohen’s d =0.39). These
results confirmed that the key task learning manipulation was
successful.

Evidence of task pattern separation: neural task similarity
decreases with practice to reduce interference
Our fMRI analyses generally adopted multivariate pattern analysis
techniques. We first used a classification approach (4-way decoding of
practiced task identity) as a sanity check to verify that task information
was reliably decodable from multivariate neural activations in our
paradigm (Fig. S1).

Subsequent analyses targeted the critical question of how the
geometry of neural representations changed over learning. We tested
whether representational similarity in the brain decreased with repe-
ated task practice, consistent with pattern separation processes that
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Fig. 1 | Hypothesized cortical-subcortical dynamics underlying changes to
neural representational geometry over task learning. A Depiction in neural
space. Early in learning, compositional representations of task rules are retrieved
and reinstated in cortical networks (including cognitive control networks, CCNs,
higher sensory networks and the defaultmode network, DMN), facilitating transfer
of relevant pre-experiment knowledge to the current context (here, performance
of C-PRO2 paradigm tasks; see Fig. 2A for design). These compositional repre-
sentations are then rapidly bound by subcortex (hippocampus and cerebellum
prominently) into more specialized conjunctive representations, and over practice
propagated back to cortex, where they gradually strengthen relative to the com-
positional representations to facilitate behavioral improvement. B Depiction in
representational space: hypothesized spatial activity pattern evoked in hippo-
campus early in learning. Complementary depictions of the same representational
profile are provided: the left panel presents the hypothetical within-region activa-
tion pattern (each square representing activation of within-region voxels), and the
right panel presents hypothetical results from applying our machine learning

approach to quantify rule representation strength in this region (regression
weights fromfitting linear compositional and non-linear conjunctive rule templates
to the evoked activation pattern). Early in learning, hippocampus binds composi-
tional task rule representations into non-linear conjunctions, which promotes
encoding of a more distinct, specialized representation of the current task. One
computational benefit of such conjunctive coding is to allow for a pattern-
separated representation of the task, which is more resistant to interference from
irrelevant rules (depicted as reduced overlap of task-relevant rules with an irrele-
vant rule’s dottedpattern).C Equivalent activation (toppanel) and regression space
(bottom panel) depictions for a cortical region over learning. As tasks are repeat-
edly practiced, conjunctive codes increasingly dominate in cortical regions, with
reliance on compositional codes reduced in parallel. The computational benefit of
these representation dynamics is to promote task pattern separation, reducing
interference with neural encoding of other tasks, and with a particular impact
(compared to subcortex) in improving behavioral performance with extended
practice.
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reduce interference. This was hypothesized as a key signature of
practice (Fig. 1), which is later linked to more precise representational
dynamics. Here, our goal was to preliminarily establish pattern
separation in the domain of cognitive task learning, versus more
typically studied spatial memory and object recognition domains.

Our method of estimating neural task similarity is depicted in
Fig. 3A. We analyzed the resulting regional similarity timecourses in
two complementary ways, which, coupled with our rigorous fMRI
preprocessing steps, ruled out potential contamination by temporal
artifacts (see Methods). Firstly, we estimated the dynamic trajectory
(regression slope over time) of the practiced task similarity time-
courses in the first Practice session. Secondly, we contrasted the block-
averaged similarity of practiced versus novel tasks presented in the
second Test session. Consistent with our hypothesis that task practice
reduces neural task similarity (increases pattern separation), we pre-
dicted that i) regional similarity trajectories would generally decrease
over time forpracticed tasks in the Practice session, ii) similaritywould
be lower for practiced versus novel tasks in the Test session. The
results find support for both predictions (see SupplementaryData 1 for
a list of significant regions and accompanying statistics), with Fig. 3B
depicting the conjunction of these twoanalyses to isolate regionsmost
strongly linked to task pattern separation. These included medial
temporal lobe regions typically associated with pattern separation
(bilateral hippocampus), but also cortical and subcortical regions
(bilateral cerebellum, bilateral caudate nucleus and right amygdala)
not as conventionally linked.

The Practice session regional trajectories were averaged into
large-scale functional networks, based on the established Cole-
Anticevic Brain Network Partition (CAB-NP65; Fig. 3C). Whilst all net-
works showed a significant negative trajectory (FDR p <0.05), this was
numerically strongest in networks linked to higher cognitive functions:
default mode network (DMN, trajectory t(43) = −11.83, p <0.001,
Cohen’s d = 1.78), cognitive control networks (CON, t(43) = −9.62,
p <0.001, Cohen’s d = 1.45; DAN, t(43) = −7.84, p < 0.001, Cohen’s
d = 1.18; FPN, t(43) = −10.75, p <0.001, Cohen’s d = 1.62) and the higher-
order sensory networks (Language, t(43) = −9.77, p <0.001, Cohen’s
d = 1.47; Visual 2, t(43) = −7.71, p <0.001, Cohen’s d = 1.16). The Sup-
plement (Fig. S2) provides results at the whole-brain level, which again
revealed a negative trajectory, and further highlighted that this held
generally across all 12 task rules (3 rule types * 4 levels each = 12 rules
total; see Methods).

Reduction in neural task similarity over practice was also reliably
associated with behavioral improvement, for both accuracy (Fig. S3A)
and RT (Fig. S3B). Overall, the results reveal changes to neural repre-
sentational geometry consistent with task pattern separation, which
reduces interference with practice.

Quantifying compositional and conjunctive rule representa-
tions during task learning yields a dissociation between sub-
cortex and cortex
Preceding analyses revealed that neural task representations became
more distinct from each other over learning, but left unclear what
specifically was changing to produce this. We hypothesized that the
reduction in cross-task neural similarity over learning was driven by an
increasing reliance on conjunctive (versus compositional) repre-
sentations of the task rules (Fig. 1).

To test this, we developed a machine learning approach to
quantify the strength of compositional and conjunctive representa-
tions on a block-to-block basis (see Fig. 4A and Methods for details).
Templates for single rule types (sensory, logic and motor) and their
conjunctionwere estimated using held-out Test session data, and then
fit simultaneously via robust regression to the regional practiced task
activations, over Practice session blocks. The resulting beta coeffi-
cients quantified the strength of compositional versus conjunctive rule
representations over time.

The overall (cross-block average) strength of each rule type is
presented in Fig. 4B. Recovery of positive region peaks for the com-
positional rule types, i.e. visual and auditory regions for sensory rules,
lateral prefrontal regions for logic rules, and motor cortex for motor
rules (FDR p <0.05; see Supplementary Data 1 for accompanying sta-
tistics), was consistent with prior literature66,67 and served as analysis
sanity checks. The results also revealed stronger representation of
conjunctions in subcortex versus cortex, with compositions strongly
represented across both. This dissociable spatial profile supports our
hypothesized division of labor between subcortex and cortex in ful-
filling distinct learning computations.

Rule representation dynamics reveal a neurocomputational
signature of task practice: progressive replacement of compo-
sitional with conjunctive representations in cortex
To further examine dissociable roles for cortex and subcortex in task
learning, we conducted dynamic analyses of rule representation
strength. We hypothesized that with task practice, compositional
representations in cortex would be slowly replaced with conjunctive
representations (Fig. 1). To ensure sufficient power, these analyses
used network summaries of cortical regions (regional rule beta coef-
ficients averaged into affiliated CAB-NP networks), and 5 subcortical
regions-of-interest that showed strong pattern separation and con-
junctive representation effects (see Table S1 and Fig. S4).

The results are provided in Fig. 5, with left columns depicting rule
strength timecourses, and right columns formalizing the timecourse
trajectories. Firstly, we observed significant subcortex > cortex con-
junctive strength, and significant cortex > subcortex compositional
strength across all blocks (all paired t-tests significant in the respective
directions, for all rule types, FDR p < 0.05), confirming the separable
sensitivities suggested by the block-averaged results (Fig. 4B).

Further dissociation was revealed in the dynamic trajectories.
Whereas conjunctive codes progressively strengthened in cortex
(cortical average, trajectory t(43) = 2.70, p =0.009, Cohen’s d =0.41),
they progressively weakened in subcortex (subcortical average, tra-
jectory t(43) = −2.77, p = 0.008, Cohen’s d =0.42), and this difference
was significant (paired t-test cortex > subcortex, t(43) = 3.52, p =0.001,
Cohen’s d =0.53). Contrastingly, compositional codes progressively
weakened across cortex (mean across 3 rules, cortical network aver-
age, t(43) = −5.68, p < 0.001, Cohen’s d = 0.86) and subcortex (mean
across 3 rules, subcortical region average, t(43) = −4.62, p <0.001,
Cohen’s d = 0.70). This profile is consistent with the hypothesized
importance of strengthening conjunctive representations in cortical
networks specifically over repeated task practice (Fig. 1).

The Supplement (Fig. S5) provides an expanded statistical expla-
nation of the Fig. 5 results, with a focus on correctly interpreting the
early negative cortical conjunction estimates (Fig. 5A) as arising from
representational interference between the compositions. This refer-
ences established statistical understanding of the interaction term in
regression models, complemented by simulations with a known
ground truth, to substantiate that the brain truly exhibits an increasing
reliance on cortical conjunctions with practice.

The Supplement (Fig. S6) also reports equivalent representational
dynamics over learningwhenusing an alternative, establishedmeasure
of estimating compositional representations (cross-condition gen-
eralization performance54). As detailed in the Supplement, we were
precluded from applying an alternative method of estimating con-
junctive representations59 by inherent restrictions in our task design,
specifically the lack of novel task repetitions.

Strengthening of cortical conjunctions is uniquely associated
with behavioral improvement over practice
We hypothesized that the dynamic shift from compositional to con-
junctive representations over task practice would be associated with
behavioral improvement. We computed associations between the rule
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Blocks over time
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60 novel

A)

Task repeated for 3 trials

If the answer to “is this a YOUNG FACE?” 
is the SAME for both probes,
press your LEFT INDEX finger

Logic rules
1. Same*
2. Different
3. Either
4. Neither

Sensory rules
1. Young face (Vis)*
2. Indoor scene (Vis)
3. Female voice (Aud)
4. Word phrase (Aud)

Motor rules
1. Left middle
2. Left index*
3. Right middle
4. Right index

... *Task1 of 64

Correct response:
(TRUE=left index)

Fig. 2 | C-PRO2 task design and observed behavioral learning effects. A Format
for one block of the concrete permuted rule operations paradigm, version 2 (C-
PRO2; see Methods for details), depicting an example trial with accompanying cor-
rect response. This block format was preserved for all 64 tasks, across practiced/
novel task conditions and Practice/Test sessions. A task block began with three
instruction screens (one each for logic, sensory and motor rule types), which con-
veyed the rules to be applied for the ensuing set of three trials. Each trial con-
currently presented composite visual (dimensions: young or old face, indoor or
outdoor scene) and composite auditory (dimensions: female or male voice, word or
non-word content) stimuli over two sequential probes. Subjects were required to
integrate the task rule information to process the incoming stimulus information
across the probes, and make their true/false categorization responses. Depicted
composite face and scene stimuliwere used in the actual study, adapted fromopenly
accessible face102 and scene101 databases (see Methods for details). B Session-

averaged accuracy across key task conditions: practiced tasks in the first Practice
session (pracPrac), practiced tasks in the secondTest session (pracTest), novel tasks
in the Test session (novel Test). Subjects were reliably above chance performance
across conditions (all p <0.001), and practiced tasks were better performed than
novel ones (prac Prac > novel Test p =0.006, prac Test > novel Test p <0.001). Error
bars reflect standard error of the mean, with subject datapoints overlaid. Asterisks
denote significance of paired t-tests at p <0.05. C Accuracy over task blocks in the
Practice phase, showing expected learning effects: rise in accuracy over time (sig-
nificantly above-chance by block 5, via one-sample t-tests conducted at each block,
multiple comparison-corrected at FDR p <0.05; denoted by the gray dots) that
plateaued around 30 blocks. D Reaction time (RT) over task blocks in the Practice
phase, also showing improvement in performance over learning (quickening of RT).
Patches inC andD reflect standard error of themean. For panelsB–D, samplen= 44,
with two-sided t-tests (one-sample and paired) conducted.
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strength timecourses and block-to-block variation in reaction time
(RT). The results in Fig. 6 demonstrate that strengthened cortical
conjunctions were linked to behavioral improvement (quicker RT)
with practice, particularly in the FPN (t(43) = −4.11, p <0.001, Cohen’s
d = 0.62). Conversely, associations between compositional strength
and behavior over this extended timescale were generally in the
harmful direction (slowing RT), for both cortex and subcortex, and
especially for the sensory rule type (FPN sensory t(43) = 4.03,
p <0.001, Cohen’s d =0.61). The findings are consistent with our
hypothesis that cortical conjunctive strengthening is a key computa-
tional signature of behavioral optimization with practice.

This pattern of brain-behavior association held in the FPN even
after regressing out linear temporal effects prior to computing the
associations via partial correlation (FPN conjunctive-RT association:
t(43) = −2.16, p = 0.036, Cohen’s d =0.33; FPN sensory-RT association:
t(43) = 2.99, p = 0.005, Cohen’s d = 0.45). This was an exhaustive con-
trol for temporal confounds/artifacts, conducted in addition to
removing linear trends and expanded noise regressors during pre-
processing (see Methods). No significant associations were observed
with behavioral accuracy (all accuracy/RT analyses were FDR-
corrected for the full set of multiple comparisons across both mea-
sures; see Methods).

Our use of methods of brain-behavior association that were sen-
sitive to both linear and non-linear relationships (i.e. Spearman’s cor-
relation) was validated by stepwise regression modeling of the
behavioral RT timecourses (see Methods). This revealed significant
behavioral prediction accuracy when entering the time predictor lin-
early (β = 0.40; R2 = 0.21, p < 0.001 via two-sidedWilcoxon signed-rank
test versus 0, Z(43) = 4.91) and non-linearly (i.e. power law; β =0.39;
R2 = 0.15, p < 0.001, Z(43) = 5.06). Contrasting R2 for linear > non-linear
models via two-sided paired Wilcoxon: R2 difference = 0.056,
p <0.001, Z(43) = 3.44. Critically, the combined model in which linear
and non-linear predictors were entered simultaneously (combined
model R2 = 0.21, p <0.001, Z(43) = 4.41) yielded numerically greater
behavioral prediction accuracy than the linear only model (R2 differ-
ence =0.007, p = 0.065, paired Z(43) = 1.84), and significantly greater
accuracy than the non-linear only model (R2 difference =0.062,
p =0.004, paired Z(43) = 2.89). These results suggest that both linear
and non-linear temporal effects were present in behavior, which jus-
tified our use of Spearman’s correlation in the brain-behavior asso-
ciation analyses.

Strengthening of cortical conjunctions over practice is asso-
ciated with stronger pattern separation
We hypothesized that one advantage of strengthening conjunctive
representations with practice is to increase pattern separation, and
consequently reduce cross-task interference. We therefore inter-
rogated whether pattern separation dynamics (reduced neural task
similarity over learning) were associated with rule representation
strength. For each region, we computed the Spearman’s correlation
between the separatemeasures of neural task similarity (estimated per
Fig. 3A) and compositional/conjunctive rule strength (estimated per
Fig. 4A), across Practice session blocks. The results in Fig. 7 demon-
strate that compositional weakening over this extended timescale was
associated with improved pattern separation (reduced neural task
similarity). This held across cortex/subcortex, and across the 3 single
rule types (cross-rule cortex average, t(43) = 39.74, p < 0.001, Cohen’s
d = 5.99; cross-rule subcortex average, t(43) = 14.16, p <0.001, Cohen’s
d = 2.14). Weakening of subcortical conjunctions was also associated
with stronger pattern separation (subcortex average, t(43) = 4.62,
p <0.001, Cohen’s d =0.70). Critically, conjunctions in cortex uniquely
showed the opposite, beneficial association: stronger cortical con-
junctions related to stronger pattern separation (cortex average,
t(43) = −24.26, p <0.001, Cohen’s d = 3.66).

The results are again consistent with the hypothesized differ-
entiation in function between cortex and subcortex over task learning.
Critically, the evidenced beneficial relationship between cortical con-
junctions and pattern separation was predicted by our theoretical
framework (Fig. 1), as a signature of effective practice that reduces
representational interference.

Cortical conjunctions continue to strengthen across a second
learning session
If cortical conjunctions serve as a neural signature of the extent/
robustness of task learning (per our hypotheses), then they should
continue to strengthen with additional practice. Whereas preceding
analyses focused on the first Practice session, here we estimated the
strength of conjunctive representations for practiced tasks presented
in the second Test session (separated from the first session by 1-7 days;
see Methods).

Consistent with our predictions, the timecourses in Fig. 8A
revealed further strengthening of cortical conjunctions as practice
progressed in the Test session. This visual impression was formalized
via contrasts of rule strength over temporal epochs (averages over 6
blocks at the beginning and end of each session; see Methods). This
revealed significantly stronger (more positive) cortical conjunctions
for Test session epochs compared to Practice session epochs (early
Prac <early Test, t(43) = 3.61, p <0.001, Cohen’s d = 0.54; early Prac
<late Test, t(43) = 4.06, p < 0.001, Cohen’s d =0.61; late Prac <early
Test, t(43) = 2.99, p = 0.005, Cohen’s d = 0.45; late Prac <late Test,
t(43) = 3.15,p =0.003, Cohen’s d =0.48; all significant at FDR p <0.05).
The remaining contrastswere in the samedirectionof stronger cortical
conjunctionswith increasing practice, albeit non-significant (early Prac
<late Prac, early Test <late Test, both p >0.510, both Cohen’s d <0.10).

Subcortical conjunctions in the Test session showed the opposite
trajectory, progressively weakening as practice continued (Fig. 8A).
This was formalized in Fig. 8B as significantly weaker subcortical
conjunctions in Test compared to Practice epochs (early Prac >
early Test, t(43) = 3.11, p = 0.003, Cohen’s d =0.47; early Prac > late
Test, t(43) = 3.64, p <0.001, Cohen’s d = 0.55; late Prac > early Test,
t(43) = 2.27, p = 0.028, Cohen’s d =0.34; late Prac > late Test,
t(43) = 2.62, p =0.012, Cohen’s d =0.39; all FDR p < 0.05). The
remaining contrasts were numerically in the same direction but non-
significant (early Prac > late Prac, t(43) = 1.65, p = 0.107, Cohen’s
d = 0.25; early Test > late Test, t(43) = 1.00, p =0.322, Cohen’s d =0.15).
These findings reveal that the conjunctive dynamics observed in the
first Practice session were extended with additional practice in the
second Test session. The opposing trajectories between cortex and
subcortex further support our hypothesized division of labor between
these systems in task learning. Critically, the results substantiate cor-
tical conjunctive strength as a neural index of the extent of task
practice, even as it extends across separated learning episodes.

For completeness, the Supplement presents compositional rule
strength estimated in the Test session (Fig. S7). This revealed transient
compositional re-engagement at the start of the Test session, as a
response to increased cognitive demand following the lapse in task
performance, which was reflected in behavior (Fig. S8). The differing
dynamic profile of compositions and cortical conjunctions is again
consistent with our hypothesis that they underpin separable neural
computations, albeit suggesting that compositional engagement
occurs under general increase in cognitive demand, rather than
exclusively under novelty.

Behavioral cost of task switching is uniquely indexed by cortical
conjunction strength
We leveraged another C-PRO2 manipulation to substantiate the link
between cortical conjunction strength and the robustness of practiced
task representations. Task switching demandswere varied across the 4
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Fig. 3 | Task practice reduces neural task similarity, consistent with pattern
separation processes that reduce interference. A Schematic of analysis
approach. For each region of interest, the similarity between task activation fea-
tures (within-region vertices for cortex, andwithin-region voxels for subcortex)was
computed using Spearman’s correlation. The average across pairwise task simila-
rities was computed for each block, yielding a timecourse of neural task similarity
over repeated practice. A regression approach then formalized the positive/nega-
tive trajectory over time,with this process repeated per region.B Strongest pattern
separation regions, i.e. those showing a significant dynamic trajectory for practiced
task neural similarity in the Practice session, filtered by a significant block-averaged
practiced <novel task similarity difference in the Test session, both at FDR p <0.05.
Significant cortical regions are shown in the left panel, and significant subcortical
regions are shown in the right panel. Neural task similarity decreased (i.e. pattern
separation increased) with task practice. C Regional similarity trajectories in the
Practice session averaged into functional networks from the Cole-Anticevic

Brainwide Network Partition atlas (CAB-NP; depicted in the right panel, with the
network color index used here and in subsequent figures). Network abbreviations:
AUD (primary auditory), CON (cingulo-opercular network), DAN (dorsal attention
network), DMN (default mode network), FPN (fronto-parietal network), LANG
(language i.e. higher auditory network), MOT (motor), OA (orbito-affective), PMM
(posterior multi-modal), VIS1 (primary visual), VIS2 (higher visual), VMM (ventral
multi-modal). The violins in the figure represent the subject distribution, circles the
mean, horizontal notches the standard error of the mean, and vertical lines the
interquartile range. Asterisks denote significance via one-sample t-test against 0,
after multiple comparison correction at FDR p <0.05. Networks linked to higher
cognitive functions showed the strongest practice-induced increases in pattern
separation (VIS2, LANG, DMN, CON, FPN, DAN). For panelsB-C, sample n = 44, with
two-sided one-sample t-tests conducted. Brain underlays were generated using
Connectome Workbench138.
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practiced tasks per subject: 2 tasks were presented under high
switching (Switch condition), and the remaining 2 tasks under reduced
switching (NoSwitch condition; see Methods). We predicted that the
Switch condition would interfere with effective practice, leading to a
behavioral cost relative to the NoSwitch condition, which would be
uniquely indexed by the strength of cortical conjunctions.

We first verified that high task switching yielded the anticipated
behavioral cost. Behavioral timecourses revealed slower RT for Switch
compared to NoSwitch tasks early in the Practice session (epoch
average over blocks 1-6; Fig. 8C); Switch early epoch mean=2691.2ms,
NoSwitch early epoch mean=2609.6ms, paired t(43) = 2.40, p =0.021,
Cohen’s d =0.36. Accuracy also worsened for Switch tasks during this
period (Fig. S9A); Switch early epoch mean=66.85%, NoSwitch early
epoch mean=73.61%, paired t(43) = 2.24, p =0.030, Cohen’s d =0.34.
Late epoch Switch vs NoSwitch contrasts were non-significant (both
p >0.240, Cohen’s d < 0.18). This profile is consistent with increased
task switching disrupting effective practice.

We then assessed whether the strength of cortical conjunctions
was sensitive to this switching cost. Conjunctive representations were
estimated separately for Switch and NoSwitch conditions. The result-
ing timecourses (Fig. S9B) revealed similar dynamic trajectories across
Switch and NoSwitch, verifying that prior analyses that collapsed
across these conditions did not occlude dramatic differences. How-
ever, the intercept visibly differed between switching conditions. We
formalized these effects via a 2 (brain system: cortex, subcortex) x 2
(switch condition: Switch, NoSwitch) repeated measures ANOVA on
the session-level (block-averaged) conjunctive representation
strength. This yielded a significant main effect of system (Subcortex >
Cortex, F(1,43) = 77.0, p <0.001, η2

g = 0.413) and a non-significantmain
effect of condition (Switch > NoSwitch, F(1,43) = 2.67, p =0.109,
η2

g = 0.004). Critically, the system-by-switch condition interaction was
significant (F(1,43) = 5.97, p = 0.019, η2

g = 0.009), reflecting a reliable
reversal in the sign of the Switch vs NoSwitch effect between cortical
and subcortical conjunctions. Planned paired t-tests revealed that
cortical conjunctions were numerically stronger for NoSwitch tasks
(Switch estimate(t)=−2.59, NoSwitch estimate(t)=−1.72; Switch > NoS-
witch paired t(43) = −0.77, p =0.449, Cohen’s d =0.12), whereas sub-
cortical conjunctions were significantly stronger for Switch tasks
(Switch estimate(t)=8.07, NoSwitch estimate(t)=7.22; Switch > NoS-
witch paired t(43) = 2.48, p =0.017, Cohen’s d =0.37). This dissociable
profile again supports the division of labor between cortical and sub-
cortical systems in task learning.

We then examined whether block-to-block variation in cortical
conjunction strength was associated with block-to-block variation in
behavioral switch costs. Figure 8D plots correlations between con-
junctive rule strength differences (NoSwitch minus Switch) and beha-
vioral RT differences (NoSwitch minus Switch) across Practice session
blocks. The results in Fig. 8D reveal that conjunctive strength in the
FPN appropriately and uniquely indexed the behavioral costs of task
switching (t(43) = −3.99, p < 0.001, Cohen’s d = 0.60; only network that
survived at FDR p <0.05). No reliable associations were observed with
behavioral accuracy (all brain-behavior associationswere corrected for
the full set of multiple comparisons across RT and accuracy; see
Methods).

Follow-up analyses revealed FPN’s early conjunctive strength to
be significantly greater for NoSwitch versus Switch tasks (NoSwitch
estimate(t)=0.34, Switch estimate(t)= −2.09; paired t(43) = 2.14,
p =0.038, Cohen’s d =0.32), demonstrating sensitivity to the period of
maximal behavioral cost. FPN’s brain-behavior association index also
held when confined to this early epoch of maximal cost (Spearman’s
correlation confined to blocks 1-6; t(43) = −2.29, p = 0.027, Cohen’s
d = 0.35). This FPN index was evidenced even after regressing out the
linear temporal effect before computing the index, to rule out
potential temporal confounds/artifacts (partial t(43) = −3.45,p =0.001,

Cohen’s d = 0.52). This aligns with earlier brain-behavior associations
in the FPN that were also robust to this control analysis.

For completeness, the Supplement provides equivalent results for
compositional rule strength (Fig. S10), revealing overall modest dif-
ferences across switching conditions, andno statistically reliablebrain-
behavior association index. This further substantiates the unique link
between cortical FPN conjunctions and practice-related behavioral
improvement. The behavioral index captured more robust strength-
ening of conjunctions in the FPN under reduced task switching
demands, which associated appropriately with behavioral improve-
ment in that condition.

Cross-region association of rule representation dynamics
reveals subcortical binding of compositions into conjunctions
Preceding analyses interrogated rule representation dynamics sepa-
rately within each region and rule representation type (compositions
and conjunctions). In ensuing analyses, we examined profiles of cross-
region and cross-rule associations, to reveal insight into network
interactions underlying the observed task learning dynamics.

We used a regularized multivariate measure of cross-region
association, inspired by recent advancements in functional con-
nectivity estimation (see Methods)68. This measure was computed for
all pairwise combinations of rule strength timecourses (i.e. composi-
tional-compositional, conjunctive-conjunctive, and compositional-
conjunctive associations), across Practice session blocks. We hypo-
thesized that compositional-compositional associations would pri-
marily capture how the same kind of rule information was propagated
across the brain, and that this would prominently involve cortical
networks. Conversely, compositional-conjunctive associations would
capture the transformation of different rule representation formats,
and prominently involve subcortical regions. These predictions follow
from thedifferential sensitivities of cortex/subcortex to compositions/
conjunctions in prior analyses, andmultiple memory systems theories
linking subcortex to binding operations26,28. We did not have strong
predictions regarding the cross-region conjunctive-conjunctive asso-
ciations, but the highly specialized nature of these representations
raised potential difficulties in registering them at the spatial scale of
fMRI (versus, e.g. the scale of neural populations).

The group-averaged matrix for compositional-compositional
cross-region associations is provided in Fig. 9A. This revealed gen-
erally positive associations,whichweremore prominent in cortex than
subcortex. The visual impressions were formalized by averaging the
distal (off-diagonal) associations for each cortical network/subcortical
region (Fig. 9B), which revealed significantly greater associations for
the cortical average (t(43) = 40.4, p <0.001, Cohen’s d = 6.09) com-
pared to the subcortical average (subcortical t(43) = 16.0, p <0.001,
Cohen’s d = 2.41; cortical > subcortical, paired t(43) = 23.9, p <0.001,
Cohen’s d = 3.61). The conjunctive-conjunctive results (Fig. 9C, D)
revealed no significant cross-region association, suggesting that these
were primarily local, or that distal associations were at too fine a scale
to be registered with fMRI.

Figure 9E plots the critical compositional-conjunctive cross-
region associations, which were visibly more positive for subcortex
versus cortex. This impression was formalized by averaging the off-
diagonal elements, which revealed significantly positive associations
(at FDR p <0.05) involving a cerebellar region (cVIS2; t(43) = 3.07,
p =0.004, Cohen’s d =0.46) and the subcortical average (t(43) = 3.08,
p =0.004, Cohen’s d =0.47; hippocampus was significant at uncor-
rected p <0.05, t(43) = 2.63, p =0.012, Cohen’s d = 0.40). The sub-
cortical average was also significantly greater than the cortical average
(paired t(43) = 3.67, p <0.001, Cohen’s d = 0.55). Note that the
compositional-conjunctive analysis was the only one of the three to
estimate meaningful within-region associations (i.e. a non-zero matrix
diagonal; Fig. 9E), due to associating two different rule representation
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Fig. 4 | Cross-block rule strength analysis reveals differential sensitivity of
subcortex and cortex to conjunctive and compositional codes. A Schematic of
our machine learning approach to detecting rule representation strengths over
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block averaged) conjunctive (top left) and compositional (clockwise from top
right) rule strengths, for cortex and subcortex. To ease visualization of positive
region peaks, the compositional brain plots are thresholded as the top 5% t-stats, as
many regions survived FDR p <0.05 correction. The conjunctive plot yieldedmore
sparse significance and is hence depicted at the standard FDR p <0.05 threshold.

Conjunctive codes were strongest in subcortical regions (bilateral hippocampus,
bilateral cerebellum, bilateral diencephalon, bilateral brainstem, left thalamus),
with compositional codes detectable in cortex as well as subcortex. Within sub-
cortex, bilateral cerebellar regions were most prominent in representing compo-
sitions (surviving the top 5% thresholding here; see Supplementary Data 1 for
regional statistics). Sensible peaks were obtained for each single rule type (e.g.
bilateralmotor cortex regions for themotor rule), validating the analytic approach.
For panel B, sample n = 44, with two-sided one-sample t-tests conducted. Brain
underlays were generated using Connectome Workbench138.
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strength timeseries (compositional and conjunctive; see Methods).
This revealed general anticorrelation between the two representation
types (on-diagonal blue values in the Fig. 9Ematrix), recapitulating the
opposing within-region compositional versus conjunctive trajectories
seen in Fig. 5.

The pattern of findings was highly similar when using an alter-
native association method (cross-validated PC regression66,69),
with cortex again significantly more prominent in propagating
compositional-compositional information (cortical average
t(43) = 23.4, p < 0.001, Cohen’s d = 3.53; subcortical average
t(43) = 13.9, p < 0.001, Cohen’s d = 2.10; paired t(43) = 8.86, p < 0.001,
Cohen’s d = 1.34), and subcortex significantly more prominent in
transforming compositions into conjunctions (cortical average
t(43) = −1.45, p = 0.156, Cohen’s d = 0.22; subcortical average
t(43) = 0.94, p = 0.354, Cohen’s d = 0.14; paired t(43) = 2.47, p = 0.018,
Cohen’s d = 0.37). The findings are therefore robust to analytic var-
iation, and substantiate our prediction that subcortical regions are
critical to cross-region binding of task-general compositions into
task-specialized conjunctions. This again highlights a division of
labor between cortex (propagating the same kind of compositional
information across the brain) and subcortex (binding compositions
into conjunctions).

Discussion
We assimilated concepts from multiple separate neuroscientific sub-
fields to test a neurocomputational framework of task learning (Fig. 1).
This formalized a dynamic shift from compositional to conjunctive
representations over practice. We developedmethods to quantify this
shift in the functioning human brain as multi-task learning progressed
(Fig. 2A). The findings support our hypotheses: compositional repre-
sentations are strongly engaged early in learning to facilitate transfer
of prior knowledge to novel contexts, while progressive strengthening
of cortical conjunctions drives effective practice (behavioral optimi-
zation and reduced interference). Shifting from task-general compo-
sitional representations to task-specific conjunctive representations
hence serves as a key neural underpinning of successful practice.

We firstly demonstrated decreases in neural representational
similarity with task practice, extending pattern separation computa-
tions beyond the spatial memory and visual object recognition
domains of typical study30,70,71 to cognitive task learning. We then evi-
denced a precise computational basis for such changes: increasing
nonlinear conjunction (binding) of each task’s rule components.
Conjunctions have long been considered an important neurocompu-
tation of long-termmemory25,27,29–32, and are central to complementary
learning systems theory40. Here we used machine learning to dyna-
mically quantify the strength of conjunctive and compositional codes
in empirical data, taking inspiration from recent analytic innovations in
context-dependent decision-making54,55,59,62. Whilst this literature has
demonstrated the importance of conjunctions in within-trial dynamics
underlying behavior, here we highlight their role in optimizing human
behavior at the longer timescale (minutes/hours) of task learning.

Conversely, compositional representations, previously high-
lighted as a basis for flexible knowledge transfer13–15,18,19,21,54, were pro-
minent early in learning when tasks were novel, and weakened
thereafter. The Supplement (Fig. S7 and S8) also provides evidence for
a more general link between compositional representations and high
demand conditions (novelty and lapses in task performance). Our
findings add to emerging evidence across subfields of a fundamental
trade-off between encoding and retrieving generalities of experience
(compositional coding), and encoding and retrieving specifics of
experience (conjunctive coding17,32,40,72,73). This trade-off provides a
neurocomputational underpinning to the transition fromcontrolled to
automatic processing1,3,9,10.

We consistently observed differential involvement of cortex and
subcortex in the interplay between compositional and conjunctive

codes. In the present timeframe (minutes/hours, relatively early in
learning), cortex more strongly represented compositions, whereas
subcortexmore strongly represented conjunctions. This substantiates
the division of labor posited by complementary learning systems
theory40,44,45, whilst adding computational detail through distinguish-
ing conjunctive and compositional codes (the latter being neglected in
the original theory). Elucidating representational dynamics was key
in specifying this division of labor: compositionswere engaged early in
both cortex and subcortex and then weakened; conjunctions were
engaged early in subcortex and then marginally weakened, whilst
conjunctions in cortex slowly strengthened. The slow strengthening of
cortical conjunctions was uniquely associated with behavioral
improvement and pattern separation, highlighting it as a key signature
of effective practice. Importantly, this strengthening continued into a
second task learning episode (Fig. 8A-B), and was distinct from
dynamics of compositional representations in this period (Fig. S7).
This provides empirical support for the computational tenets of mul-
tiple memory systems theories, which were extended here to char-
acterize learning in the higher-order task rule domain.

Our findings also linked rule representation dynamics to beha-
vioral costs of task switching74–78. Increased task switching during
practice worsened behavior (Fig. 8C, Fig. S9A), and these behavioral
costs were appropriately and uniquely indexed by FPN conjunctive
strength (Fig. 8D, Fig. S10). Our findings suggest that task switching
disrupts the time-intensive (and behaviorally critical) process of
strengthening cortical conjunctions over practice, leading to increased
representational interference and behavioral costs. This contrasts with
learning under reduced task switching conditions, which allows more
uninterrupted time for cortical conjunctive strengthening. These
findings again portray cortical conjunctive strengthening as a key
neurocomputational signature of effective learning, with relevance in
explaining performance limitations arising from task switching.

Beyond the clear differentiation between cortex and subcortex
over learning, we also observed differentiable large-scale network
involvement. Network-averaged results consistently highlighted the
higher-order cortical networks (DMN, CCNs and higher-sensory net-
works) as more prominently showing the representational shift over
learning, with relatively weaker effects (more stable representations)
in primary sensory-motor networks (VIS1, AUD, MOT). Whilst the
memory function of the DMN is increasingly well-established79, a role
for CCNs and higher sensory networks in learning computations (e.g.
pattern separation) has recently been acknowledged80, building on
earlier work linking these networks to general cognitive control
functions63,66,81, and control operations impacting long-term
memory42,82–84. Future work will be necessary to elucidate the precise
nature of interactions involving the higher networks (i.e. within them
and extending to the primary networks and subcortex), which give rise
to the representational dynamics we observed85,86. The centrality of
CCNs to these interactions is supported by FPN conjunctions showing
the strongest associations with behavioral learning effects.

Here, our main aim was to capture the distinct representational
geometries of compositional and conjunctive representations, and
their differential engagement over task practice. However, although
these two formats are representationally distinct, they are computa-
tionally linked through the process by which compositional elements
are nonlinearly bound to construct specialized conjunctions (Fig. 1A).
We provided preliminary evidence for this compositional-conjunctive
binding, by examining cross-region synchronization of representa-
tional dynamics (Fig. 9). Whilst cortical networks were prominent in
propagating compositional rule information, subcortical regions were
prominent in transforming/binding compositions into conjunctions.
The Supplement (Fig. S5) presents simulations consistent with a net-
work mechanism wherein early task-general compositional engage-
ment is progressively sparsified around task-specific sub-circuits,
thereby boosting efficiency of information processing from stimulus
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Fig. 5 | Replacement of compositional with conjunctive codes in cortex is a key
computational signature of task learning. Left columns plot rule strength time-
courses (estimated per Fig. 4A) for the different rule types. To simplify visualization,
depicted timecourses are the average across higher cortical networks (black line; see
Methods) and the average across subcortical regions (gray line), with linear trend
lines overlaid. Dots denote significant rule strength (via two-sided one-sample t-tests
against 0 at each block, multiple comparison-corrected at FDR p <0.05). Right col-
umns provide the dynamic trajectory analysis results for each cortical network and
subcortical region (and their averages),which formalize the timecourse trends. Violin
plots follow previous conventions (violin=subject datapoint distribution, white cir-
cle=mean, horizontal notches=standard error of themean, vertical line=interquartile
range). Cortical networks are presented with solid violins and subcortical regions
with hollow violins. Asterisks denote significant trajectories (via two-sided one-
sample t-tests versus 0 for each region/network, at FDR p<0.05). A Dynamics of
conjunctive rule representations. Whereas conjunctions were detected early in sub-
cortex and reliably weakened over time, they were not present early in cortex but
reliably strengthened over time. The dynamic trajectory analysis revealed generally

increasing conjunctive strength in the cortical networks: 9/12 cortical networks were
numerically positive, with the CON (p =0.002) and the cortical network average
(p =0.009) reaching significance at FDR p<0.05. Conversely, the trajectory was in
the opposite direction for subcortex (4/5 regions were negative), with VMM (com-
prising perirhinal regions whose functions are intimately linked to subcortex, see
Methods) and the subcortical average significantly decreasing over time (both
p =0.008). See Figure S5 for a simulated demonstration that the observed early
negative cortical conjunctive estimates indicate dominance of compositions over
conjunctions, with increases in conjunctive estimates over time truly indicating
progressive strengthening of the conjunctions. Panels B–D provide the composi-
tional (single rule) results. Compositional codes were reliably present in cortex and
subcortex, and emerged early. However, compositional codes were significantly
stronger in cortex > subcortex (via two-sided paired t-tests conducted at each block,
FDR p<0.05). The dynamic trajectory analyses revealed a generally negative trend,
with compositional codes weakening over time in cortex and subcortex (both
p <0.001). Sample n =44 for all panels.
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to response over practice. Many questions remain over precisely how
transformation of compositional to conjunctive representations
occurs in the brain, over what timescales, and to the extent it relies on
local/distal and cortical/subcortical network interactions. Future work
seeking answers to these questions may benefit from methods that
formally target network interactions, such as recent empirical neural
network modeling approaches58,66,87,88.

Whilst we believe our approach to fMRI preprocessing and
expanded nuisance regression was rigorous enough to rule out major
artifacts (see Methods), future research seeking convergence of our
findings across different neural modalities (e.g. source EEG/MEG)
would capitalize on the unique artifacts in these data to increase
confidence. The higher temporal resolution of source EEG/MEG may
also provide insight into learning-induced changes to representational
geometry that differ across task instruction and execution phases89,90.

It will also be important to study representational dynamics
beyond the limited window of task learning studied here (minutes/
hours of practice), and towards a more extended timescale (hours/
days of practice). This is especially as we may hone our efficiency in
performing critical tasks over a lengthy timescale (days/months/years)
in daily life. Whereas the current limited timescale was appropriate in
capturing early retrieval of compositions (promoting minimal com-
petency in specific tasks) and later encoding of new cortical conjunc-
tions (promoting efficiency in specific tasks), a more extended
timescale may reveal how new compositions are encoded (providing
new building blocks for task-general transfer). Whether the con-
junctive codingmechanismpresented here (nonlinear sparsification of
pre-existing compositional representations around task-relevant sub-
circuits; Fig. 1C, Figure S5) is sufficient to give rise to this novel flex-
ibility, or whether long-term learning drives emergence of more
materially “new” representations/circuits within subcortex91 or across
cortex-subcortex92, remains unclear.

Although the present work provides important empirical sub-
stantiation of the long-theorized division of labor between cortex and
subcortex, future work seeking to separate roles amongst subcortical
regions would help advance beyond the relatively coarse “cortex ver-
sus subcortex”distinction.Whilst the involvement of thehippocampus
in learning has been widely studied, the cerebellum has received less
interest, despite being linked to relevant functions of procedural
motor skill learning46,47 and behavioral automaticity48,49. Our results
suggest a precise computational basis for cerebellar contributions to
learning, via early encoding of rule compositions and conjunctions.
These computations are supported by cerebellum’s dense bidirec-
tional connectivity withMTL and cortical regions93–95. Future work that
seeks to differentiate between subcortical regions would generally
benefit from the improved spatial resolution of high-field fMRI.

To conclude, we elucidated specific cortical and subcortical
computations underlying changes to neural representational geo-
metry over task learning. We believe the neurocomputational sig-
nature identifiedhere –progressive cortical conjunctive strengthening
that drives pattern separation and behavioral improvement – is a
general learning mechanism, with relevance to multiple neu-
roscientific subfields. Future examination of the network under-
pinnings and generality of this mechanism has potential to advance
fundamental understanding of learning in multiple contexts.

Methods
Subjects
Usable fMRI data were collected from 44 subjects (age mean=22.25
years, range=18-36; 23 self-reported female), out of a total of 46 (one
subject was excluded due to a computer malfunction, and another for
failing to use the response pad correctly). The sample was recruited
from Rutgers University-Newark and neighboring communities, with
the inclusion criteria of right-handedness, absence of current or past
psychiatric or neurological illness, and absence of standard MRI

contraindications. Prior to MRI data collection, a separate sample of
34 subjects (age mean=25.74 years, range 19-40; 18 self-reported
female) was included in a behavioral study that validated the stimuli
created for the task (see next section for details). All subjects gave
informed written consent prior to participating, following ethical
guidelines from theRutgersUniversity InstitutionalReviewBoard (IRB;
FWA number: 00003913, IORG number: IORG0000357).

C-PRO2 stimulus creation and behavioral validation study
Our aim of elucidating general neural principles of cognitive task
learning informed substantial updating of the permuted rule opera-
tions (PRO) paradigm. Whereas previous versions used abstract word
stimuli9 or concrete multi-sensory stimuli (C-PRO; visual lines and
auditory tones)64, the present concrete version (C-PRO2) used more
complex, naturalistic and variable multi-sensory stimuli. The sensory
dimensions of these stimuli (described below) were chosen based on
prior literature suggesting they would elicit strong and spatially dis-
tinct neural representations96–99.

Visual stimuli were sampled from established image databases,
and varied on the following dimensions: young versus old faces (CAL/
PAL face database)100, and indoor versus outdoor scenes (SUN
database)101. The young (18-32 years of age) and old (64+ years) faces
were taken from the Ebner102 update of the original CAL/PAL database,
which sub-sampled to emotionally neutral expressions and color
images, and additionally processed the images to remove eye-catching
non-facial features (e.g. jewelry) and standardize low-level visual fea-
tures (luminance and color, across background and clothing). To fur-
ther reduce low-level feature variability, we used Adobe Photoshop to
standardize image size and opacity (50%), for both faces and scenes.
Faces were also cropped to remove hair, which could serve as an
unwanted low-level visual cue for the young versus old face category
judgment. The final composite visual stimuli consisted of faces over-
laid centrally on scenes (Fig. 2A), capitalizing on the reducedopacity of
the constituent images.

Auditory stimuli were sampled from the ACCENT database103,
which contains audio recordings of the same 30-second short story
read by multiple human speakers of varied gender, nationalities and
accents. Our sampling was confined to US American accents to match
the location of the study, with an equal proportion of normatively
masculine (male) and normatively feminine (female) voices. The con-
tinuous speech recordings were then manually segmented into non-
overlapping 3-word phrases using the PRAAT software104. Further
processing to control for low-level auditory feature variability included
adding a 50ms fade in/out period at the start/end of each sound (to
correct for acoustic clicks), equating the duration of all sound files to
800ms (without affecting pitch, using PRAAT’s PSOLA algorithm) and
equating the intensity of all files to 75 dB. Reversed versions of each
segmented audio file were also created to serve as the alternate
response category. Hence, the final set of auditory stimuli varied
across two dimensions: male versus female speaker, and word (lexical)
vs non-word (non-lexical, i.e. reversed) content.

To ensure that stimuli were reliably discriminable across all
4 sensory dimensions, a behavioral validation study was conducted on
a preliminary set of 100 faces, 100 scenes, 100 word phrases and 100
non-word phrases (each with an equal proportion of relevant sub-
categories, e.g. 50 young and 50 old for the face condition). This study
presented composite visual or composite auditory stimuli on indivi-
dual trials, with subjects cued to categorize one dimension (e.g. “is the
face in the image old or young?”), with the secondary dimension (in
this example: scenes) randomly selected. Each stimulus was presented
twice per subject, with categorization accuracy averaged across pre-
sentations and subjects. These data were first used to eliminate non-
discriminable stimuli (any item yielding accuracy below 50% chance),
and extreme high/low accuracy items were then iteratively eliminated
from each of the 4 tasks to reduce accuracy differences between
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categories for each dimension. This procedure resulted in 78 stimuli
for eachof the 4dimensions, whichwere reliably discriminable relative
to chance (average accuracies across all stimulus categories were
>87%), anddidnot differ between categories (e.g.male voiceswerenot
significantly more discriminable than female voices; all between-
category 2-sample t-tests non-significant at p > 0.16). An additional
constraint for the final set of face stimuli was to balance the number of
normative male and female faces in each category (totaling 39 male
and 39 female face stimuli). This controlled for potential confounds

arising due to congruence between themale/female visual face stimuli
and the male/female auditory voice stimuli.

Stimuli for themain studywerecreatedbypermuting across these
78^4 possible stimulus combinations, pseudo-randomly at the group
level to maximize stimulus variety. This constitutes a highly complex
and variable stimulus set that balances the greater naturalismof recent
movie-watching studies105 with greater experimental control. Increas-
ing stimulus variability increased the likelihood of results from this
paradigm generalizing to wider contexts. These validated stimuli were
included in the full C-PRO2 task (described below).

C-PRO2 task design
The C-PRO2 paradigm presents 64 unique tasks per subject, based on
permuting 3 rule types (logic, sensory andmotor). Each rule type has 4
levels each,meaning that there are 12 rules total (see Fig. 2A for the list
of rules). Hence, each of the 64 tasks is defined by its unique combi-
nation of 3 rules, one each sampled from the rule types (one sensory,
one logic and one motor rule per task). For each subject, 4 tasks were
repeatedly presented (practiced task condition), with the remaining
60 tasks presented justonce (novel task condition). Eachof the 12 rules
were featured once across the 4 practiced tasks assigned to a given
subject, to ensure that individual rules were equally practiced overall.
Practiced tasks were counterbalanced across subjects, such that all 64
tasks were included as practiced tasks across the group. Therewere 16
practiced task combinations total (16 × 4 = 64), meaning practiced
tasks were reused every 16 subjects. Pre-scan task instructions were
kept minimal to preserve learning effects to be tracked in the scanner.

The format of an example task block is depicted in Fig. 2A. Each
block began with instruction cue screens that conveyed the rules for
the ensuing task, followed by three trials in which subjects applied
those rules. Each trial presented two multi-sensory stimulus probes,
comprising visual (young/old faces superimposed on indoor/outdoor
scenes) and auditory (vocalizations varying in lexical/non-lexical con-
tent and normative female/male speakers) stimuli, presented con-
currently. Subjects attended to the relevant stimulus dimension based
on the cued sensory rule, formed their decision based on the cued
logic rule, and responded based on the cuedmotor rule. How subjects
needed to integrate across the various rules to perform an example
task trial is detailed in the text above the Probe 1 and Probe 2 events in
Fig. 2A. To clarify the response format, for a task with the motor rule
“LEFT INDEX”, subjects would make a “TRUE” decision by pressing
their left index finger, and a “FALSE” decision by pressing their left
middle finger. That is, subjects were instructed to make TRUE/FALSE
decisions for a given task by using opposing fingers of the same hand
(as cued by the motor rule for that task).

Feedback on performance accuracy was provided at the end of
each 12-block run. The presentation order of the task rule instruction
screens was counterbalanced across subjects, with a consistent order
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Fig. 6 | Strengthening of cortical conjunctions over learning is associated with
behavioral improvement (quickening of RT). Panels display Fisher-transformed
Spearman correlations (Fisher-rho) between rule representation strength and
behavioral RT, with t-statistics for significant associations inlaid, along with aster-
isks denoting multiple comparison-corrected significance at FDR p <0.05. Violin
plots follow conventions in Fig. 5 (solid violins=cortical regions, hollow vio-
lins=subcortical regions). A Conjunctive strength was generally numerically asso-
ciated with beneficial effects on behavior, reaching significance in the FPN cortical
network and the cortical network average (both p <0.001, surviving at FDR
p <0.05). B–D Conversely, maintaining stronger rule compositions over this
timescale of extended practice generally yielded harmful behavioral associations
(slowing of RT), with this effectmost pronounced for sensory rules in the cognitive
control networks (CON, DAN, FPN; p <0.001 for all 3 networks), DMN (p =0.001)
and PMM (p <0.001). For all panels, sample n = 44, with two-sided one-sample
t-tests conducted.
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Fig. 7 | Cortical conjunctive strengthening is uniquely associatedwith stronger
pattern separation over task practice. Panels depict Fisher-transformed Spear-
man correlations between neural task similarity (our index of pattern separation,
Fig. 3A) and conjunctive (panel A) or compositional rule strength (panels B–D).
Panels plot regional results on the cortical surface (top row) and subcortical volume
(middle row; both thresholded at FDR p <0.05), as well as the average across
cortical networks and subcortical ROIs (bottom row; violin plots follow Fig. 5
conventions). Weakening of compositional rule strength over this timescale of
extended practice was generally associated with decreasing neural task similarity
(stronger pattern separation), and this association held across multiple regions in
cortex and subcortex (including bilateral hippocampus, bilateral cerebellum,

bilateral dorsal striatum, bilateral thalamus, right amygdala andbilateral brainstem;
see Supplementary Data 1 for statistics). For conjunctive representations, the
direction of association varied for cortex versus subcortex. For subcortex, weak-
ening conjunctive representations were related to decreasing neural task similarity
(stronger pattern separation; p <0.001). For cortex, strengthening conjunctive
representations were beneficially related to decreasing neural task similarity
(stronger pattern separation; p <0.001). For all panels, sample n = 44, with two-
sided one-sample t-tests conducted, and asterisks denoting significance atmultiple
comparison-corrected FDR p <0.05. Brain underlays were generated using Con-
nectome Workbench138.
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maintained for a given subject across Practice/Test sessions. Permut-
ing this general task format across practiced/novel conditions, and
across the logic/sensory/motor rule dimensions, thereby constituted a
flexible multi-task paradigm. This firstly provided the necessary com-
positional task rule structure to test our hypotheses (probing the tra-
deoff between compositional and conjunctive codes over learning),
and also allowed for more generalizable inferences on the neural basis
of task learning than standard single-task paradigms.

Experimental procedure
Subjects participated in three sessions, each separated by 1-7 days:
fMRI Practice (task fMRI during repeated presentation of the 4 prac-
ticedC-PRO2 tasks, intermixedblockwise), fMRI Test (task fMRI during
presentation of the 4 practiced tasks and the 60 novel tasks, inter-
mixed blockwise), and EEG Test (EEG acquired during an identical
repeat of the fMRI Test session). The third session involved dense-
array EEG data recordings (using the EGI HydroCel Geodesic Sensory
Net; 1000Hz sampling rate, 256 sensors, Cz reference electrode),
which were not analyzed in the present report. 15minutes of resting-
state data were also acquired in each session (pre-task for the fMRI
sessions and post-task for the EEG session). The fMRI Practice session
involved 12 runs of 12 blocks, amounting to 144 blocks total (4 prac-
ticed tasks, each repeated for 36 blocks). The fMRI Test session
involved 10 runs of 12 blocks, amounting to 120 blocks total (each
practiced task repeated for 15 × 4 = 60 practiced blocks, and each
novel task presented once = 60 novel blocks). Analyses in the present
report primarily focused on the fMRI Practice session. The fMRI Test
session was used to derive templates for the rule representation
strength analysis (see later Methods section). More extensive analysis
of the fMRI Test and EEG Test sessions is planned for future studies. All
task sessions were programmed and presented using E-Prime 2.

Note that in the Practice session, the order of presentationof the 4
practiced tasks was controlled, with 2 tasks assigned to a “Switch”
condition (~50% likelihood of switching between them within a 12-
block run) and 2 tasks assigned to a “NoSwitch” condition (no
switching within a 12-block run). To simplify the majority of our ana-
lyses, we collapsed across switch/no switch conditions when analyzing
the practiced tasks. We also conducted analyses focused on this task
switching manipulation (see later Methods section, Fig. 8C, D, Fig. S9,
Fig. S10). For the Test session, the first 12-block run always presented
the 4 practiced tasks (with the intention of reactivating the learned
representations from the Practice session), with novel tasks randomly
intermixed with the practiced tasks in subsequent runs, and the last
run always presenting novel tasks only (to ensure all were presented,
given the surplus of novel compared to practiced tasks).

fMRI acquisition
Data were acquired by the 3T Siemens TrioMRI scanner at the Rutgers
University Brain Imaging Center (RUBIC). Whilst all subjects under-
went whole-brainmultiband echo-planar imaging (EPI) sequences with
a 32-channel head coil, enforced replacement of the scanner head coil
that occurred during data collection forced us to change the fMRI
sequence parameters. Subjects 1-18 had the following sequence:
TR = 785ms, TE = 34.8ms, flip angle = 55°, Bandwidth 1924/Hz/Px, in-
plane FoV read = 208mm, 72 slices in axial orientation, 2mm isotropic
voxels, multiband factor = 8. Subjects 19-20 had the following
sequence: TR = 785ms, TE = 37.2ms, flip angle = 55°, Bandwidth
1924/Hz/Px, in-plane FoV read= 208mm, 56 slices in axial orientation,
2mm isotropic voxels with a 1mm slice gap, multiband factor = 8.
Subjects 21-46 had the following sequence: TR = 785ms, TE = 37.2
ms, flip angle = 55°, Bandwidth 1924/Hz/Px, in-plane FoV read = 224
mm, 64 slices in axial orientation, 2.2mm isotropic voxels, multiband
factor = 8. The same fMRI sequencewasmaintained across all rest/task
acquisitions and Practice/Test sessions for a given subject. Anatomical
T1 and T2MRI scans were collected during the Test session (both with

0.8mm isotropic voxels). Spin echo fieldmaps were acquired at the
beginning of Practice and Test sessions to enable correction of dis-
tortions in the functional and structural images. The acquisition order
for the Practice session was: fieldmaps, resting-state (15mins), 12 runs
of C-PRO2 (practiced tasks only, ~7mins each). The order for the Test
session was: fieldmaps, T1, T2, resting-state (15mins), 10 runs of
C-PRO2 (practiced and novel tasks, ~7mins each).

fMRI preprocessing
fMRI data were preprocessed using the Human Connectome Project
(HCP) minimal preprocessing pipeline, which has been described in
detail previously106,107. Briefly, the pipeline performs reconstruction
and segmentation of the anatomical images, followed by functional
image distortion correction (using the acquired fieldmaps), motion
realignment, volume-to-surface mapping, spatial normalization to a
standard MNI surface template and cross-subject surface alignment
using multimodal structural/functional MRI information (MSM-All)108.

The HCP pipeline outputs preprocessed fMRI timeseries data in a
combinedCIFTI grayordinate file format, comprising ~60 k 2-D cortical
surface vertices and ~30 k 3-D subcortical volume voxels, both at 2mm
resolution, in standard MNI space. The motivation behind HCP’s
separate treatment of cortex and subcortex has been described in
detail previously107, but in brief: the cortical gray matter is character-
ized by convoluted folding patterns with minimal gray matter thick-
ness variation between functionally specialized regions, favoring a 2-D
surface representation (with units of vertices). In contrast, the sub-
cortical gray matter has less convoluted folding and more prominent
variation in gray matter thickness between anatomical regions, favor-
ing a 3-D volumetric representation (with units of voxels). This sepa-
rate treatment of 2-D cortex and 3-D subcortex has been previously
demonstrated to mitigate mixing of signals (e.g. in cortex, 3-D voxels
will mix signals over opposing sulcal banks, which is avoided with 2-D
vertices)109,110, and allow for system-appropriate cross-subject align-
ment approaches that improve group-level analysis sensitivity (e.g. the
multi-modal MSM-All algorithm for cortex, and nonlinear volumetric
warping for subcortex)108,111,112.

The preprocessed CIFTI grayordinate data for each subject
(dimensions: ~90k grayordinates x timepoints) were then submitted to
general linear modeling (GLM), to clean residual noise from the data
and estimate task activations. Separate GLMs were estimated for the
fMRI Practice and fMRI Test sessions. We adapted recent best practice
recommendations for fMRI nuisance regression of resting-state data113

to optimally remove artifacts from our task data. Referencing the
resting-state literature was motivated by prior reports highlighting
greater propensity for artifact contamination in these data (versus
time-locking to manipulated task events)114,115, leading to development
ofmore rigorous artifact controls than standard task fMRI approaches.
Nuisance regressors included in the task GLM were the 6 standard
motion parameters, and physiological regressors specified per the
aCompCor procedure (first 5 principal components estimated within
whitematter and ventricularmasks)116. By sensitively estimating signals
from predominantly non-neuronal areas, the aCompCor regressors
have been shown to be effective in reducing a host of physiological
(e.g. cardiac, respiratory) and technical confounds in fMRI, when
compared to regressing out the averaged white matter/ventricular
signals, or regressing out externally recorded physiological
signals116,117. Derivatives and quadratics for the 6 motion and 10 phy-
siological regressors were also included, meaning that a total of 64
nuisance regressors were modeled. This constituted a more rigorous
and expanded approach to task fMRI nuisance regression than is
typically conducted, which aimed to maximally reduce physiological,
technical andmotion artifacts in our analyses. Critically, each acquired
fMRI run was linearly detrended before being entered into the GLM,
which removed trend/drift artifacts. We also conducted an exhaustive
partial correlation control analysis to rule out any residual temporal
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confounds in our brain-behavior association results (see laterMethods
section).

For both Practice and Test sessions, separate task regressors for
each presented block were modeled, as boxcars convolved with the
canonical hemodynamic response function, spanning the onset of the
first instruction screen to the offset of the last trial for that block. Our
decision tomodel fMRI block activations spanning instruction and trial
phases was driven by a desire to capture task set/rule representation
processes that extend across both phases, following prior
evidence118–121. We also wanted to capitalize on established benefits of
modeling extended blocks (versus shorter events) in improving fMRI
activation detection sensitivity122,123. For each vertex/voxel, this yielded
144 task beta activation estimates spanning presentation of the prac-
ticed tasks across the Practice session, and 120 task beta activation
estimates for presentation of the practiced and novel tasks in the Test
session.

Parcellation into functional regions and networks
Generally, the units of our fMRI analyses were task activations esti-
mated for cortical vertices and subcortical voxels, both at 2mm scale,
and spanning the whole brain. We used within-region vertex/voxel
activations as features in our multivariate analyses. Region boundaries
were identified from established functional atlases: 360 cortical
regions of interest from the Glasser atlas108, and 358 subcortical
regions from the related Cole-Anticevic Brain-wide Network Partition
(CAB-NP)65. The derivation of each atlas was described in detail in the
referenced papers, but in brief: the Glasser cortical regions were
defined by aggregating estimates of regional boundaries across mul-
tiple MRI-estimated brainmaps (myelin content, cortical thickness,
task fMRI activations, resting-state functional connectivity finger-
prints), using machine learning methods that were verified manually
by human expert anatomists and via cross-validation in held-out data.
This multi-modal approach increases confidence in the region
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Fig. 9 | Subcortex is critical for cross-region binding of rule information.Cross-
region associations are plotted for the various rule-to-rule combinations:
compositional-compositional (Comp-Comp, A, B) conjunctive-conjunctive (Conj-
Conj, C, D) and compositional-conjunctive (Comp-Conj, E, F). Left panel matrices
plot group-averaged associations between cortical networks and subcortical
regions. Right panel violin plots depict the averaged distal associations for each
network/region, i.e. the average of the off-diagonal elements for each matrix row.
These violin plots follow previous conventions (see Fig. 5 and Methods), with

asterisks denoting significance of two-sided one-sample t-tests against 0, multiple
comparison-corrected at FDR p <0.05. The results revealed stronger
compositional-compositional cross-region associations (red matrix values and
positive distal averages) for cortical networks, and stronger compositional-
conjunctive associations for the subcortical networks (cVIS2 p =0.004, subcortical
average p =0.004, both surviving at FDR p <0.05). The latter results highlight the
more prominent role of subcortex in binding compositions into conjunctions.
Sample n = 44 for all panels.
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definitions versus relying on any single modality. The CAB-NP atlas
extended the Glasser atlas, firstly by linking each cortical region to 12
large-scale functional networks, which was achieved by hierarchical
clustering of region-to-region resting-state functional connectivity.
The network clustering was tuned towards clear separation of the
primary sensory and motor networks, referencing established anato-
mical knowledge, and task fMRI activation data in the same subjects.
The network definitions were then used to link the ~30k subcortical
voxels to larger functional regions by first computing the resting-state
functional connectivity between each subcortical voxel and the 360
cortical regions, and assigning each voxel to the network with which it
shared the highest average connectivity. The voxel-level results were
then spatially clustered into coherent larger subcortical regions. The
CAB-NP network assignments for all 360 cortical and 358 subcortical
regions were verified via cross-validation in held-out data.

The use of these established regional atlases allowed for a prin-
cipled means to define the functional region boundaries needed for
our machine learning analyses, with greater generalizability of these
boundaries (and reduced overfitting) due to their definition in pre-
vious, held-out data. These held-out data also spanned much larger
samples than the present report, further increasing confidence. These
specific atlases also fulfilled our aims of including parcellations of both
cortex and subcortex in our analyses, which addressed general trends
in memory and decision-making subfields of excluding cortex and
subcortex respectively. TheCAB-NP’s 12 functional network affiliations
(see Fig. 3C) were also used to summarize the regional effects at the
network level and aid functional interpretations. The expanded names
of network labels provided in figures are as follows: AUD (primary
auditory), CON (cingulo-opercular network), DAN (dorsal attention
network), DMN (default mode network), FPN (fronto-parietal net-
work), LANG (language i.e. higher auditorynetwork),MOT (motor), OA
(orbito-affective), PMM (posterior multi-modal), VIS1 (primary visual),
VIS2 (higher visual), VMM (ventral multi-modal).

Estimation of neural task similarity (pattern separation
measure)
To test our pattern separation hypotheses, we used an approach
inspired by representational similarity analysis (RSA124,125)which we
termneural task similarity. The approach is schematized in Fig. 3A. For
a given region, the Spearman rank correlation was computed between
the vectorized activations of its within-region features (vertices for
cortex, voxels for subcortex), across all 4 practiced tasks. This yielded
6 pairwise rho values for each block, whichwere averaged to provide a
summary similarity value for that block. Repeating over blocks popu-
lated the neural task similarity timecourse for that region. Similarity
timecourses were estimated for practiced tasks in the first (Practice)
and second (Test) sessions. The Practice session timecourses were
used to quantify dynamic trajectories over time (Fig. 3B, C), as well as
to examine associations with task behavior (Fig. S3) and composi-
tional/conjunctive rule strength (Fig. 7, detailed below).

The Test session timecourses were averaged over blocks, and
contrasted between practiced and novel tasks (Fig. 3B). For the Test
session practiced tasks, this involved averaging neural task similarity
over all pairwise practice-to-practice task similarity values, over all 15
block presentations. For the Test session novel tasks (which were only
presented once), this involved averaging over all pairwise novel-to-
novel task similarity values, after excluding any novel-to-novel task
pairs that shared a rule. The latter step was important to ensure that
similaritywasnot spuriously inflatedby rule overlapbetween the novel
tasks, thereby maintaining parity with the practiced tasks that by
design did not share rules. For example, the similarity estimate
between the novel task “YOUNG FACE-SAME-LEFT INDEX” and another
novel task “YOUNG FACE-BOTH-LEFTMIDDLE”was excluded from the
overall novel similarity average, due to sharing the “YOUNG FACE”
sensory rule. The resulting averaged practiced task similarity and

averaged novel task similarity for each region was then contrasted via
paired t-test. Note that the number of data points for practiced and
novel tasks entering this analysis was balanced, given that both con-
ditions were presented 60 times each at Test.

For the results in Fig. 3B, an analytic conjunction approach was
used, inwhich the practiced <novel task similarity contrast (i.e. regions
showing reliably stronger pattern separation for practiced versus
novel tasks) was used to filter the Practice session trajectory analysis
(i.e. any region showing a reliable positive or negative neural similarity
trend over time). This analytic conjunction approach helped isolate
regions that showed the strongest pattern separation effects of task
learning, whilst further ruling out any contamination by temporal
artifacts.

Estimation of compositional and conjunctive rule strength
To interrogate precise changes in neural representational geometry
that occurred during task learning, we developed a machine learning
approach to quantify the relative contributions of compositional
(single-rule) versus conjunctive rule representations over time
(Fig. 4A). This took inspiration from other multivariate approaches
developed in context-dependent decision-making54,59. For a to-be-
analyzed practice task (in the Practice session), we created composi-
tional representation templates for each constituent rule (one each
from sensory, logic and motor rule types) by averaging over relevant
novel task activations in the held-out Test session. Note that avail-
ability of the novel tasks in the Test session was critical in enabling
estimation of the compositional rule templates. For example, esti-
mating the compositional representation for the “YOUNG FACE” rule
(Fig. 2A) with only access to the practiced tasks would result in a
template that confounded the rule representation with the task
representation, given that this rulewasonlypresented inonepracticed
task context in the first Practice session. With access to the novel tasks
in the secondTest session,whichpresented “YOUNGFACE” inmultiple
distinct novel tasks, a compositional template for this rule could be
created by averaging over all presentations of that rule in the novel
tasks. This allowed estimation of compositional rule templates that
were not confounded by the practiced task representations. Finally, a
conjunctive template was created by multiplying the 3 compositional
rule templates together, akin to a non-linear interaction term.We then
fit a multiple linear regressionmodel with all 4 template terms (spatial
regressors) as predictors to the regional task activation vector for a
given block:

Y t =β1X 1 +β2X2 +β3X3 +β4X 1 � X2 � X3 +C ð1Þ

where Yt is the activation vector for the practiced task on that block,
X1-3 are the single rule templates for sensory, logic and motor rules,
and X1*X2*X3 is the rule template for the conjunctive rule (non-linear
interaction term). Coefficients β1-4 therefore quantify the strength of
each rule type in the activity representation evoked in that block. Note
that we excluded practiced tasks presented in the Test session from
data that were averaged to create each rule template, so as to prevent
any unintended biases (e.g. inflating detection of the conjunctions,
which likely were more strongly evoked in those practiced tasks).

We used robust regression to estimate the beta coefficients, given
its improved resilience against outliers compared to regular least
squares regression126. This was implemented via Matlab’s “robustfit”
function, with default parameters (bisquare weight function, tuning
constant=4.69). The resulting beta coefficients captured the unique
strength of each rule representation during each block. Repeating over
blocks and practiced tasks yielded timecourses of rule representation
strength for each subject. The timecourses were averaged across the 4
practiced tasks, with the process repeated for each region to derive
subject-level rule strength estimates.
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Note that by estimating rule representation templates in held-out
data, which are then fit to first-level regional activation patterns, our
approach could be conceptualized as estimating/fitting spatial
encodingmodels86,124. Encodingmodels likelyprovide stronger tests of
representational hypotheses than decoding models or representa-
tional similarity analysis, given the specification of particular spatial
activation patterns as hypotheses rather thanmore abstract decoding
hyperplanes or representational similarity trends. Another beneficial
feature of our approach is that we estimated the representation tem-
plates using fMRI data fromanentirely different session, thereby going
beyond previous calls for “cross-run” multivariate analyses, towards
implementing a “cross-session” approach. This addresses temporal
proximity confounds that have been previously highlighted in repre-
sentational geometry analyses127,128.

For the overall rule strength results in Fig. 4B, we averaged the
subject-level estimates across time (blocks), before conducting
group-level random effects statistics. These results informed selec-
tion of subcortical regions-of-interest (ROIs) for ensuing analyses
that preserved the block-to-block dynamics (Figs. 5–9). Subcortical
ROI selection was identified a priori as an important analysis step,
following previous evidence of reduced fMRI signal-to-noise in
subcortex versus cortex129,130, with this imbalance ameliorated by an
ROI approach131. Selected ROIs were subcortical regions showing the
strongest pattern separation and conjunctive strength effects, with
regional significance >0 in both the neural task similarity (Fig. 3B)
and overall conjunctive strength (Fig. 4B) analyses (both FDR
p < 0.05). The Supplement (Table S1 and Fig. S4) details the 5 sub-
cortical ROIs selected, with accompanying network information
from the CAB-NP atlas.

In another attempt to ensure sufficient signal-to-noise, the ana-
lyses in Figs. 5–9 also averaged cortical region results into each of the
12 CAB-NP networks. These cortical network averages excluded all
subcortical regions affiliated with each network, to ensure clean
separation between cortical and subcortical contributions. The
averages across cortical networks (CortAvg) and subcortical regions
(SubAvg) were also included in Figs. 5–9 to aid results visualization
(e.g. rule strength timecourses for the cortical and subcortical avera-
ges were presented in Fig. 5, rather than presenting all 17 timecourses
in a single plot). The ventromedial multimodal (VMM) network was
included in the subcortical average, given that the bilateral perirhinal
regions within this network are intimately linked to the function of
subcortical MTL regions45,132. The cortical network average focused on
the 6 networks linked to higher cognitive functions - the cognitive
control networks (FPN, CON, DAN), default mode network (DMN) and
the higher sensory networks (VIS2, LANG) - following prior work
identifying cognitive control-related representational geometry in
these networks58,63. Multiple comparison correction of all relevant
statistics included these cortical and subcortical averages in the
adjustments.

To interrogate the association between pattern separation (neural
task similarity) and rule strength (Fig. 7), Spearman’s correlation was
computed between the block-wise neural task similarity timecourse
and the rule strength timecourses (3 compositional and 1 conjunctive,
each averaged across the 4 practiced tasks). The resulting subject-level
rho values were submitted to group random effects statistics, at both
the regional and network-averaged levels.

We also extended estimation of the compositional and con-
junctive representations into practice task blocks presented in the
second Test session. Each of the 4 practiced tasks were repeated a
further 15 times in this session. The rule templates were once again
calculated by averaging over relevant held-out novel tasks in the Test
session, to prevent circularity. Visual impressions of the resulting rule
strength timecourses were formalized by averaging the estimates over
6-block epochs spanning early Practice (blocks 1-6), late Practice
(blocks 31-36), early Test (blocks 37-42) and late Test (blocks 46-51).

We followed similar analytic conventions when estimating com-
positional and conjunctive rule strength separately for the task
switching sub-conditions of the practiced tasks (2 Switch tasks versus 2
NoSwitch tasks, see earlier Methods for design details, see Fig. 8C, D
for results). Compositional and conjunctive rule strength was esti-
mated across Practice session blocks per the approach in Fig. 4A,
separately for each of the 4 tasks, with the resulting timecourses
averaged into Switch and NoSwitch conditions before subsequent
analysis. These timecourses were presented visually in Fig. S9B, and
also summarized in the text as the epoch-averaged rule strength (early
i.e. block 1-6, or late i.e. block 31-36), as above. Construction of the
brain-behavior index linking cortical conjunctions to task switching
behavioral costs is detailed in the later “Behavioral analyses” section.

Dynamic trajectory analysis
For both the neural task similarity and rule strength analyses, trends
over time in the observed block-to-block timecourses were quantified
using a simple linear regression approach84:

Y =βX +C ð2Þ

where Y is the neural measure (neural task similarity or compositional/
conjunctive rule strength), X is time (block 1-36), C is a constant, and β
is a coefficient capturing the linear trajectory over time (positive=in-
creasing, negative=decreasing). Robust regression was again used to
ensure improved resilience of the estimated coefficients to noise/
outliers in the timecourses126. Dynamic trajectories were estimated for
each individual subject’s neural timecourses, and then submitted to
group random effects statistics. This quantitative approach provided a
more statistically formalized means of assessing representational
trends over time, versus relying on visual inspection alone.

Behavioral analyses
Standalone analyses of behavior focused on performance accuracy (%
correct) and reaction time (RT), averaged across the 3 trials presented
within a task block. We plotted behavioral timecourses across chron-
ological blocks for accuracy (Fig. 2C) and RT (Fig. 2D) to verify
recovery of standard learning effects (improved performance with
practice). For analyses that contrasted behavior against chance per-
formance accuracy (Fig. 2B and Fig. 2C), even though chance was
technically 25% (given that 4 button responses were available, 2 for
each hand), we considered 50% (2 button options on a given hand) as
chance under the assumption that subjects usually correctly identified
which hand to use for a given task.

Analyses of the fMRI data that tested for brain-behavior associa-
tions computed Spearman’s rank correlation between the relevant
blockwise imaging measure (neural task similarity or rule representa-
tion strength), separately with behavioral accuracy and behavioral RT.
For the neural task similarity measure (Fig. S3), this was computed
between the neural task similarity timecourse (one timecourse com-
puted across all tasks, see above) and the cross-task averaged RT
timecourse. For rule strength (Fig. 6), this was computed separately
between a given rule type’s timecourse (sensory, logic, motor or
conjunctive) and RT for a given task. The resulting Spearman’s time-
courses were then averaged across the 4 practiced tasks prior to ran-
dom effects group statistics.

For the task switching analyses, we firstly calculated behavioral
costs of switching, by contrasting RT (Fig. 8C) and accuracy (Fig. S9A)
between Switch versus NoSwitch tasks. Trends in the behavioral
timecourses were summarized via epoch averages that followed pre-
vious conventions (early: block 1-6, late: block 31-36). We also com-
puted a brain-behavior association index separately for each cortical
network and subcortical region (Fig. 8D). This linked blockwise dif-
ferences in conjunctive rule strength between task switching condi-
tions to blockwise differences in behavior (RT) between the same
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conditions. For each subject, Spearman’s correlation was computed
between rule strength (NoSwitch minus Switch) and behavioral RT
(NoSwitch minus Switch), such that negative rho values captured an
index of behavioral switch costs in the appropriate direction (i.e.
quicker RT for NoSwitch versus Switch). These subject-level rho values
were again analyzed via a random effects approach at the group level.

We selected Spearman’s correlation as our method of brain-
behavioral association given its established sensitivity to monotonic
relationships that may be linear or non-linear (e.g. exponential/power
law relationships). To validate this choice, we conducted stepwise
regressionmodeling of behavioral RT to examinewhether linear and/or
non-linear temporal relationships were observable in the behavioral
data. This analysis predicted subject-level RT timecourses from linear
and non-linear (power law) variables, fit in separate models, and
simultaneously in a combined model. The coefficient of determination
(R2) was used to comparemodel accuracy across these variations (linear
only, non-linear only and combined). The exponent of the non-linear
predictor was estimated flexibly for each subject by first fitting a linear
regression to log-transformed linear time (X) and RT (Y) variables.

We also conducted a control analysis involving partial Spearman’s
correlation, which regressed out the linear time variable prior to
computing the various brain-behavioral associations (accompanying
Figure S3, Fig. 6 and Fig. 8D).Considering thatwehadalready removed
the linear trend and various technical and physiological artifacts via
expanded nuisance regression, this additional conservative step was
an attempt to exhaustively rule out any residual temporal artifacts in
the brain-behavior associations.

Cross-region association of rule representation dynamics
For each subject, we computed cross-region associations between
rule representation timeseries estimated over Practice session
blocks (Fig. 4A). Our chosen association measure was graphical
LASSO (GLASSO) - a multivariate method based on partial correla-
tion that can identify direct associations from indirect and con-
founded associations, unlike alternative methods (e.g. Pearson
correlation). It also uses L1 regularization to prevent overfitting to
noise (unlike alternative methods, e.g. unregularized partial corre-
lation), by adding a cost function that penalizes extreme estimates.
These features were important to our goal of estimating direct
associations amongst multiple variables (rule representation time-
series for 12 cortical networks plus 5 subcortical regions), whilst
accounting for indirect associations between those variables and
minimizing noise. The benefits of estimating direct (versus indirect/
confounded) cross-region neural associations have been expounded
previously133. The specific GLASSO method has been extensively
used in the machine learning field134, and was recently extended to
human neural functional connectivity68, yielding improved inter-
session reliability and validity compared to other methods. Whilst
that study computed associations amongst “first-level” fMRI BOLD
timeseries, we anticipated similar benefits when computing asso-
ciations amongst “second-level” rule representation timecourses. In
this way, our approach can be considered a variation of previous
informational connectivity approaches135.

Publicly released toolbox code was used to estimate cross-region
associations via GLASSO (https://colelab.github.io/ActflowToolbox/,
which adapted the Python package GGLasso136). Each GLASSO model
fit rule strength timeseries for all cortical networks and subcortical
regions simultaneously. The lambda1 hyperparameter determining the
degree of regularization was estimated by gridsearch over a default
range of values (0.001–0.316, log-spaced) for each subject, with 6-fold
crossvalidation (ensuring balanced train/test sets across folds). This
selected the lambda1 value yielding the highest accuracy in predicting
held-out rule representation strength timepoints for target networks/
regions (Y), from fitting the representation timeseries of source net-
work/regions (X).

Separate GLASSO models were run for the various combinations
of rule types: compositional-compositional, compositional-
conjunctive and conjunctive-conjunctive. Each yielded a 17-by-17
adjacency matrix of cross-region association estimates (partial corre-
lation r values), which was symmetric across the diagonals. Off-
diagonal matrix elements captured cross-region associations of rule
representation dynamics, between cortical networks and subcortical
regions (defined in Fig. S4). For the compositional-compositional
analysis, we estimated the associations separately for each rule type
(sensory-sensory, logic-logic and motor-motor) and then averaged
them before computing group-level statistics. Similarly, for the
compositional-conjunctive analysis, we estimated the associations
separately for each compositional rule type (sensory-conjunction,
logic-conjunction, motor-conjunction) and then averaged them.
Averaging over compositional rule types was supported in both cases
by the results being very similar for the separate rules.

The resulting adjacency matrices were visualized after group
averaging (Fig. 9 left panels), with the cross-region (distal) associations
summarized by taking the average of off-diagonal elements for each
cortical network/subcortical region (i.e. each row in the subject’s
matrix, excluding the diagonal; Fig. 9 right panels). Note thatwhilst the
compositional-compositional and conjunctive-conjunctive analyses
targeted propagation of the same type of compositional rule repre-
sentation across regions, the compositional-conjunctive analysis tar-
geted transformation (binding) of rule representations across regions,
through associating two different rule representation types (compo-
sitions and conjunctions). The compositional-conjunctive analysis was
also unique in having a meaningful diagonal, which captured within-
region associations between the two distinct rule types. The matrix
diagonal for the other two analyses (compositional-compositional and
conjunctive-conjunctive) captured associations of the same rule
representation type within the same network/region, and was there-
fore all ones (which were manually set to zero to aid visualization).

Statistical analysis
All presented statistics – neural task similarity rho values, rule repre-
sentation strength betas, behavioral association rho values, and rho
values for associations of neural task similarity and rule strength–used
2-sided one-sample t-tests against 0 to assess significance, treating
subject-level estimates as a random effect. Where specified in the
Results, paired sample t-tests (2-sided) were used for contrasts across
conditions. Spearman rho values underwent the Fisher-z transforma-
tion to improve normality prior to running the t-tests. Statistics were
corrected for multiple comparisons across regions, networks or block
timepoints (where appropriate) using the false discovery rate proce-
dure (FDR p < 0.05)137. Note that all brain-behavior association p-values
were corrected for the full set of multiple comparisons across both
accuracy and RT, to prevent inflation of experimenter degrees of
freedom.

Supplementary Data 1 contains a spreadsheet listing significant
regions for all regional analyses, with accompanying t and p values.
This includes the CAB-NP region number (1-360 are cortical, and 361-
718 are subcortical), allowing for extraction of anatomical information
with reference to CAB-NP documentation (https://github.com/
ColeLab/ColeAnticevicNetPartition). The Connectome Workbench
software138 was used for visualization of the regional results. Violin
plots were used to visualize network- and region-averaged effects, in
which the colored violin was a kernel density estimation of the subject
datapoint distribution, the white circle was the mean, the horizontal
notches the standard error of the mean and the gray vertical line the
interquartile range.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Article https://doi.org/10.1038/s41467-025-65041-2

Nature Communications |        (2025) 16:10084 20

https://colelab.github.io/ActflowToolbox/
https://github.com/ColeLab/ColeAnticevicNetPartition
https://github.com/ColeLab/ColeAnticevicNetPartition
www.nature.com/naturecommunications


Data availability
Preprocessed fMRI data and behavioral data used in this report are
accessible via the Open Science Foundation (https://osf.io/fjba4/). For
figures plotting results at the brain region level, Supplementary Data 1
provides a list of significant regions and accompanying statis-
tics. Source data are provided with this paper.

Code availability
CustomMATLABcodeused to empirically quantify the strengthof rule
type (i.e. compositional and conjunctive) representations on a block-
to-block basis in the practiced task data is provided here https://
github.com/ColeLab/CPRO2_learning_release.
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