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Cognition is highly flexible—we perform many different tasks' and continually adapt
our behaviour to changing demands?>. Artificial neural networks trained to perform
multiple tasks will reuse representations* and computational components® across
tasks. By composing tasks from these subcomponents, an agent can flexibly switch
between tasks and rapidly learn new tasks®’. Yet, whether such compositionality is
foundin the brainis unclear. Here we show the same subspaces of neural activity
represent task-relevant information across multiple tasks, with each task flexibly
engaging these subspaces in a task-specific manner. We trained monkeys to switch
between three compositionally related tasks. In neural recordings, we found that task-
relevant information about stimulus features and motor actions were represented in
subspaces of neural activity that were shared across tasks. When monkeys performed
atask, neural representations inthe relevant shared sensory subspace were transformed
to therelevant shared motor subspace. Monkeys adapted to changes in the task by
iteratively updating their internal belief about the current task and then, based on this
belief, flexibly engaging the shared sensory and motor subspaces relevant to the task.
Insummary, our findings suggest that the brain can flexibly perform multiple tasks by
compositionally combining task-relevant neural representations.

Humans and other animals can combine simple behaviours to create
more complex behaviours® ™. For example, learning to discriminate
whether apiece of fruitis ripe can be used as acomponent of a variety
of foraging, cooking and eating tasks. The ability to compositionally
combine behavioursis thought tobe central to generalized intelligence
inhumansand anecessary component for artificial neural networks
toachieve human-levelintelligence™ . When artificial neural networks
are trained to perform multiple tasks, they reuse representations and
computational components in different tasks*"¢. Whether the brain
similarly reuses sensory, cognitive and/or motor representations across
tasksremains unclear. Furthermore, we do not yet understand how the
brain flexibly engages these representations to continually adapt to the
changing demands of the environment'. To address these questions,
we trained two monkeys to flexibly switch between three different
compositionally related tasks.

Composing tasks from subtasks

Allthree tasks followed the same general structure: the monkeys were
presented withavisual stimulus and had to indicate its category with
aneye movement (Fig. 1a). The stimuli were parametric morphs, inde-
pendently varyingin both shape and colour (Fig.1b and Methods). The
monkeys performed three categorization tasks. Inthe shape-axis1(S1)
task, they categorized the shape of the stimulus and then responded
on axis 1: when the shape was more similar to a ‘bunny’, the monkey
made a saccade to the upper-left (UL) target, and when the shape

was more similar to a ‘tee’, the monkey saccaded to the lower-right
(LR) target (Fig. 1c (top row)). The colour-axis 2 (C2) task required
the monkey to categorize the colour of the stimulus and respond on
axis 2:ifthe colour was ‘red’, they saccaded to upper-right (UR), and if
‘ereen’, they saccaded to lower-left (LL; Fig. 1c (bottom row)). Finally,
inthe colour-axis 1 (C1) task, the monkeys categorized the colour of
the stimulus (as in the C2 task) and responded on axis 1 (as in the S1
task; red =LR, green = UL; Fig. 1c (middle row)). In this way, the tasks
were compositionally related—C1 can be considered as combining
the colour categorization subtask of C2 with the motor response
subtask of S1.

Both monkeys performed all three tasks well (Fig. 1e; monkey Si/Ch:
S1, 81%/77%; C1, 83%/78%; C2,92%/92%; all P< 0.001, binomial test,
the performance of individuals is shown in Extended Data Fig.1). The
monkeys performed the same task for a block of trials (Fig. 1d). When
they reached a behavioural criterion (performance > 70%), the task
would change (Methods). The monkeys were not instructed as to the
identity of the new task. Thus, they had to learn which task was in effect
oneachnewblock. Note that this learning was not de novo but reflected
aprocess of discovering the current task (also known as apparentlearn-
ing"” or task inference®). This was reflected in the monkey’s behaviour,
which improved over the first 75 trials of the S1and C1 tasks (Fig. 1f
(left); S1/Clincreased from 0.47/0.62 at trial 15 to 0.71/0.77 at trial 75;
both P<0.001, * test). Despite performing both tasks well, the mon-
keys were initially biased towards the C1task (Extended Data Fig. 2e,f;
performance difference for first 15 trials was 15.1%, P=3.3 x 107",
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Fig.1| The monkeys performed three compositional tasks. a, Schematic of the
task timeline. After fixation, a visual stimulus and four response targets were
presented. The monkeys reported the stimulus category by saccading toone
ofthetargets. b, Stimuliwere morphsinatwo-dimensional feature space,
independently varying in shape (left) and colour (right). Categories are indicated
by dashed lines and labels. ¢, Schematic of the task design. Task S1 required
categorizing stimuliby shape and responding onaxis 1. Task C2 required
categorizing by colour and responding on axis 2. Task Clrequired categorizing
by colourand responding onaxis 1. The coloured backgrounds highlight shared
subtasks: colour categorization for C1and C2 (blue) and response axis for SLand
Cl(orange).d, Example sequence of tasks. The task switched when performance
was >70%. The monkeys were not cued to the upcoming task, although the
response axis always switched between blocks. Recordingsincluded 94,97 and
189blocks of S1,Cland C2. e,f, Behavioural performance. e, Psychometric curve

x° test). This suggests that the monkeys initially expected to perform
the Cl task, possibly because they categorized colour on two out of
three tasks (Cland C2).
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forboth animals for the102,102 and 51trials before the switch for S1, Cland C2
tasks, respectively. f, The performance before and after aswitchintask.Dataare
mean ts.e.m. The horizontal lineindicates P< 0.001, as determined using a
one-sided uncorrected binomial test. g, The locations of neural recordings. The
diagram was created using BioRender. h-1, Information about task-relevant
variables for allregions, estimated as the proportion of variance ineach neuron’s
activity uniquely explained by each variable (using the coefficient of partial
determination, CPD; Methods). The CPD for colour (h), shape (i), task identity (j),
reward (k) and response direction (I) is shown. The lines show the mean CPD
acrossneurons per region. The dashed linesindicate thataregion did not havea
significant number of neurons encoding that cognitive variable. m, Time course
oftheaverage CPD across all recorded neurons, normalized to the maximum
value to show temporal order. Dataare mean £ s.e.m.

The monkeys performed the C2 task accurately immediately after the
switch (Fig. 1f; 0.85 at trial 15; P < 0.001, binomial test). This was because
the axis of response always changed betweenblocks and the C2 task was
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Fig.2|Colour category and response representations were shared across
tasks.a-c, Theaccuracy of classifierstrained to decode colour category (a),
shape category (b) and motor response (c) from LPFC neural activity. Classifiers
were trained and tested on withheld trials of the S1task (orange), C2 task (blue)
and Cltask (green). Dataare mean +s.e.m.over 250 classifiers, trained and tested
onn=40randomly sampled trials (Methods). The horizontal barsindicate above-
chance classification (P < 0.05,0.01and 0.001 for thin, medium and thick lines,
respectively; two-sided permutation test, corrected for multiple comparisons
overtime).d, Schematic of the classifiers used to test whether colour category
andresponse locationinformation were shared across tasks (Methods). e, Cross-
temporal cross-task classification accuracy of the colour classifier trained to
decodethe colour category from LPFC neural activity during the C2 task and
tested onthe Cltask.f, Cross-task classificationaccuracy of colour when the
colour classifier was trained on the C1 task (blue) or C2 task (green) and then
tested onthe other task. Data are mean +s.e.m. over 250 classifiers. g, Shared

the only one to use axis 2, reducing the monkeys’ uncertainty about the
task (and leading to more C2 blocks than Clor S1blocks, although there
weremoretrials of Clor S1than C2; Methods). While overall behavioural
performance was higher on C2 than Cl1 trials (Fig. 1e), this difference
was probably due to the increased uncertainty about the task on C1
trials; there was no difference in performance for congruent trials or
when the shape was ambiguous (Extended Data Fig. 2a-d). Together,
the animals’ behaviour suggests that they rapidly identified the change
inresponse axis but slowly integrated feedback to learn whether S1or
Clwasin effect®.

Representations were shared across tasks

To understand the neural representations used during each task,
we simultaneously recorded neural activity from five cortical and
subcortical regions (Fig. 1g): the lateral prefrontal cortex (LPFC; 480
neurons), frontal eye fields (FEF; 149 neurons), parietal cortex (PAR;
64 neurons), anterior inferior temporal cortex (alT; 239 neurons)
and striatum (caudate nucleus; 149 neurons). All five regions repre-
sented task-relevant cognitive variables?®?, including the identity of
the current task, the colour and shape of the stimulus, the response
direction and whether areward was received (Fig. 1h-1). Theidentity
ofthe task was consistently represented throughout the trial (Fig. 1j).
After stimulus onset, information about the colour category* (Fig. 1h)
and shape category of the stimulus (Fig. 1i) was followed by informa-
tion about the direction of the animal’s response (Fig. 1I), and then
the reward received (Fig. 1k; see Fig. 1m and Extended Data Fig. 3a
for the average time course for all regions). Individual neurons were

Time relative to Time relative to

stimulus onset (s)

stimulus onset (s)
Test C

colourinformationis delayedinthe alT, FEF and PAR. The differencein the
time of onset of colour information during the C1task when decoded from
classifiers trained on the Cltask versus generalized from the C2 task (vertical
dashedlinesinaandf, respectively) is shown. Statistical analysis was
performed using two-sided uncorrected bootstrap tests; *P < 0.05,**P < 0.01
and ***P < 0.001; LPFC (P=0.753),alT (P=0.0099), FEF (P=0.0009), PAR
(P=0.0009). The box limits represent the interquartile range (25th to 75th
percentile), thered horizontal line indicates the median, and the whiskers
indicate the full extent of data. h, Cross-temporal cross-task classification
accuracy of the response classifier trained to decode response direction from
LPFC neural activity during the S1task and tested on the C1task. i, Cross-task
classificationaccuracy of response when the response classifier was trained on
the Cltask (orange) or S1task (green) and then tested on the other task. Data
aremeants.e.m.over 250 classifiers.

‘mixed selective’ in all regions, representing multiple task variables®**

(Extended Data Fig. 3b-k).

To understand how each task variable was represented in the neu-
ral population, we trained classifiers to decode the stimulus colour,
shape and motor response from the pattern of neural activity in each
region (neurons from all recording sessions were combined into a
pseudopopulation®; Methods). Classifiers trained on LPFC neural
activity accurately decoded the category of the stimulus’ colour inthe
Cland C2tasks (Fig. 2a; 79 ms, 87 ms after stimulus onset for C1 and
C2, respectively; similar results were seen when controlling for motor
response; Extended Data Fig. 4a, P < 0.001, permutation test). In this
way, the classifier defined a subspace within the high-dimensional
space of neural activity that represented the colour category of the
stimulusinput. Similarly, classifiers trained on LPFC activity decoded
the category of the stimulus’shape during the S1task (Fig.2b; 100 ms
after the stimulus onset; P < 0.001, permutation test).

Task-irrelevant stimulus information was attenuated. In the LPFC,
classification accuracy about the shape of the stimulus was reduced
during the C1and C2tasks (Fig. 2b) and information about the colour
ofthe stimulus wasreduced during the S1task (thiswas also true at the
end of the block, when the animal was more certain about the identity
ofthe task; Fig.2a and Extended DataFig. 4c,d). Similar to LPFC, other
regionsrepresented task-relevant, but not task-irrelevant,information
(Extended DataFig. 4e,f).

The direction of the monkey’s response within each task’s res-
ponse axis could be decoded from the LPFC (Fig. 2c and Methods).
Information about the response occurred after the stimulus’ category
(115 ms, 133 ms after stimulus onset in S1 and Cl1 tasks, respectively;
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both P<0.001, permutation test; see Extended Data Fig. 4b for the C2
task). Similar results were seenin other regions (Extended Data Fig. 4g).
Together, these results show that the stimulus colour category, stimulus
shape category and response direction are broadly represented at the
population level in multiple recorded regions.

Totest whether representational subspaces were reused across tasks,
we quantified how well a classifier trained to decode the stimulus’ col-
our category or the animals’ motor response in one task generalized
to the other tasks (Fig. 2d and Methods). Consistent with a shared
representation in the LPFC, a classifier trained to decode the colour
category of a stimulus during the C2 task was able to significantly
decode the stimulus’ colour category during the C1 task (65 ms after
stimulus onsetinthe LPFC; P < 0.001, permutation test; similar results
were seen when using anonlinear classifier; Fig. 2e,f and Extended Data
Fig.5a). Thereverse was also true: a classifier trained on Clcould decode
the stimulus’ colour category during the C2 task (Fig. 2fand Extended
DataFig. 5b, 84 ms after stimulus onset; P < 0.001, permutation test).
Importantly, the two tasks required different motor responses and
therefore the shared representationreflected the colour category of the
stimulus and not the motor response (further controls for movement
are shown in Extended Data Fig. 5¢,d). Although colour information
was reduced in the S1 task, the weak colour category representation
that did exist also generalized between the C1 and S1 tasks (Extended
DataFig. Se).

While colour category information was represented in ashared sub-
spaceinthe LPFC, it was represented in task-specific subspacesin other
brain regions (Extended Data Fig. 6a). Generalization was weaker in
the FEF, PAR and alT (Extended Data Fig. 6b,c) and was delayed with
respect to task-specific sensory information (Fig. 2g and Extended Data
Fig. 6d). There was no significant generalization in the STR (although
the stimulus colour category could be decoded; Extended DataFig. 4e).

Motor response representations also generalized across tasks. A clas-
sifier trained to decode response direction in the S1 task generalized
to decode response direction in the C1 task (and vice versa; Fig. 2h,i,
128/128 ms after stimulus onset in the LPFC, when training on S1or C1
tasks and testing on Clor S1tasks, respectively; P < 0.001, permutation
test). In contrast to stimulus information, the motor representation
was shared in all regions (Extended Data Fig. 4h; perhaps reflecting a
widely broadcasted motor signal®, but see ref. 26).

Tasks sequentially used shared subspaces

If the representation of both the category of the stimulus and the
motor response were shared across tasks then performing a task
requires selectively transforming representations from one subspace
to another?. Consistent with this, there was a sequential representa-
tion of the stimulus colour in the shared colour subspace followed by
the motor response in the shared motor subspace during the C1 task
(Fig. 3a; 63 ms difference in onset time of colour response using C2
classifier and motor response using S1; P < 0.001, t-test).

To directly test whether this reflected the transformation of infor-
mation between subspaces, we tested whether information about the
stimulus colourinthe shared colour subspace predicted the response
in the shared response subspace on a trial-by-trial basis (Fig. 3b).
Figure 3c shows the correlation between the representation of the
stimulus’ colour category in the Cltask, decoded using the classifier
from the C2 task, and the representation of the motor response in
the Cltask, decoded using the response classifier from the S1 task
(Methods). Correlation was measured across all possible pairs of
timepoints, quantifying whether colour or motor response repre-
sentations at one timepoint were correlated with representations at
afuture timepoint. The correlation was shifted upward with respect
tothe diagonalline (36 ms before saccade start; Fig. 3c,e (blueline)),
indicating that the encodingin the shared colour subspace predicted
the future encodinginthe shared response subspace. Notably, there
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was anegative correlation between the sensory and motor responses
earlyinthetrial (Fig. 3c), which may reflect suppression of the motor
response during fixation and initial integration of the stimulus input.

Importantly, the transformation of stimulus information into
response was specific to the task: during the Cltask, the shared colour
representation did not predict the associated response direction along
axis 2 (8 ms after saccade start; Fig. 3d,e (red line)). This is consistent
with the shared colour representation being selectively transformed
into a motor response along axis 1, and not axis 2, when the monkey
was performing the Cltask. By contrast, when the animals performed
the C2task, the shared colour representation was transformedinto a
motor response along axis 2, and not axis 1 (Extended Data Fig. 7a-c).
To visualize the dynamics of this transformation, we used targeted
dimensionality reduction (TDR)* to project neural activity onto
dimensions encoding the colour category (red versus green) and the
motor response alongboth axis1and axis 2 (Fig. 3fand Extended Data
Fig.7d-g). Consistent with the results from the classifiers, neural acti-
vity during the C1 and C2 tasks initially evolved along the colour axis
accordingto the stimulus’ category before transforming onto the axis
1oraxis 2 dimensions for the Cl1and C2 tasks, respectively.

Together, these results suggest tasks sequentially engaged shared
subspaces, selectively transforming stimulus representations into
motor representations in a task-specific manner.

Task belief engaged shared subspaces

Theoretical modelling suggests that shared subspaces could facilitate
cognitive flexibility by allowing the brain to engage previously learned,
task-appropriate representations and/or computations*>. If true, then
this predicts that task-appropriate shared subspaces should be engaged
as the animal discovers the task in effect.

To begin to test this hypothesis, we first measured the monkey’s
internal representation of the current S1or Cltask (thatis, their ‘belief”
about the task, as encoded by the neural population). To do so, we
trained a classifier to decode the identity of the S1and C1 tasks using
neuralactivity inthe LPFC during the fixation period (before stimulus
onset®). Training was restricted to the last 75 trials of each task block,
when behavioural performance was high (Fig. 1f). We then applied
the task classifier to the beginning of the Cl1 task blocks to measure
the animals’ internal belief about the task as they discovered which
task was in effect (Fig. 4b (1) and Methods). As noted above, monkeys
slowly discovered whether the S1or C1task was in effect’®. Notably, the
monkey’s rate of learning depended on the sequence of tasks. When
switching into a Cltask, animalslearned more quickly when the previ-
ous axis 1task was C1 compared to S1 (Fig. 4a (purple, C1-C2-Cl task
sequence; black, S1-C2-Cl task sequence); 4 =10.26% change in per-
formance over the first 20 trials, P < 0.001, x° test). A similar pattern
was seen for S1: performance on task sequence S1-C2-S1 was greater
than C1-C2-S1 (Extended Data Fig. 8a; 4 = 4.99%, P= 0.032, x” test).
As the C2 task had a unique response axis, it was not affected by the
preceding task (Extended Data Fig. 8b; 4 =1.42% between the S1-C2
and C1-C2sequences; P=0.234, y’ test).

As the animals discovered the current task, the performance of the
task classifier increased (Fig. 4c). During the S1-C2-Cl sequences, the
classifier was slightly below chance initially, suggesting a slight encod-
ing of the S1task, beforeincreasing as the monkeys learned (Fig.4c,d;
from42%to 54% fromtrial40to 110, P= 0.0079 permutation test). On
C1-C2-Cltask sequences, classifier performance was high immediately
after the switch to C1(67% classifier accuracy on trial 40; P< 0.001,
permutation test) and increased with trials (Fig. 4d (purple line); 13%
increase fromtrial 40 to110, P= 0.0079, permutation test). Moreover,
the task classifier during the C1 task in S1-C2-C1 sequences was cor-
related with behavioural performance on the colour categorization
task (Fig. 4e; P=0.0239, permutation test) and anti-correlated with
how muchbehaviour depended on the shape category (Extended Data
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Fig.8¢c, P=0.00796, permutation test; similar results were seen during
the C1-C2-Clsequence; Extended Data Fig. 8d,e).

Sofar, our results suggest the monkeys tracked whether the S1or C1
task was in effect, and that this belief was maintained during the inter-
vening C2 task. Consistent with this, the task classifier trained during
the S1and Cltasks could decode theidentity of the previous task during
the subsequent C2 task (Fig.4b (2); 62%, P= 0.0009, permutation test)
andinto the start of the next S1or Cltask (Fig.4b (3); 64%, P=0.0009,
permutation test). Similar results were seeninthe FEF, but notin other
regions (Extended Data Fig. 8f).

We next examined whether the animal’s internal representation of
thetask predicted the engagement of the shared colour category and
shared motor response subspaces. The strength of the representation
inthe shared colour subspace increased as the monkeys discovered the
Cl task during the S1-C2-C1 sequences (Fig. 4f,g and Methods; 64%
t0 69%, 4 = 5% from trial 40 to 110; P= 0.0478, permutation test). This
increase in the shared colour category representation of the stimulus
was predicted by the strength of internal task representationin the LPFC
during fixation (Fig. 4h and Methods; P=0.0478, permutation test).
Furthermore, the colour category subspacein Clbecame aligned with
the colour category subspace in C2 as the animal discovered that the
Cltaskwasineffect (Extended DataFig.9a-c). Together, these results
suggest that the shared colour subspace was dynamically engaged as
the monkey updated its belief about the current task.

0
Time relative to saccade start (s)

0.1 02

(trained onthe C2task, tested onthe Cltask).Linesasinc.e, The average
cross-temporal correlation between colour category and response direction on
axis1(blueline, anti-diagonal axis from c¢) and between colour category and
response onaxis 2 (redline, fromd). The shift of the curve’s centre towards
negative time values reflects the extent to which encodingin the shared colour
subspace predicts future encodingin the shared response subspace. The
dotted lines show mean of the Gaussian fit to each curve.f, Dynamics of LPFC
populationactivity projected onto dimensions of neural activity encoding
colour category, response on axis 1and response on axis 2 for the C1 (dashed
line) and C2 (solid line) tasks, showing task-dependent sensory-motor
transformation. The line colours match the colour of the stimuli. Time stamps
denote the time fromsaccade start.

Like task representations, colour representations depended on
the task sequence (Fig. 4g). While shared representations increased
when discovering Clafter aS1-C2-Clsequence, they remained stable
during C1-C2-Clsequences (63% to 62%, 4 = —1% from trial 40 to 110;
P=0.6852, permutation test). While thisis consistent with better per-
formance at the beginning of the C1task during C1-C2-Cl sequences,
it does not explain the improvement in behaviour over trials during
the C1-C2-Clsequence (Fig. 4a). This difference in performance was
associated withanincreaseincolourinformationin the FEF during the
C1-C2-Cl1sequence (Extended Data Fig. 8g; the differenceinaccuracy
between C1-C2-Cland S1-C2-Clwas12.7%; P= 0.004), possibly reflect-
ing the consolidation of colour category information from the LPFC
into FEF as the animal became more certain about the current task.

The animal’s behaviour and internal representation of the task sug-
gestthat they initially expected to perform the S1task inthe S1-C2-C1
task sequences. If true, and task representations modulate the strength
of shared subspace representations, then shape information should
initially be strong and then decay as the animal learns the Cl task is
in effect. To test this, we trained a classifier to decode the stimulus’
shape category during the last 75 trials of the S1 task, and then tested
itasthe animal discovered the C1task (Fig. 4iand Methods for details).
In contrast to colour, shape representation was significant immedi-
ately after the switch to the C1 task during S1-C2-Cl sequences (53%,
P=0.02, permutation test) and then decreased, and delayed in time,
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Fig.4 |Shared subspaces are dynamically engaged during task discovery.
a, Behavioural performance during the C1task after C1-C2-C1 (purple) and
S1-C2-Cl1(black) sequences of tasks. Data are mean + s.e.m. over 44 and

53 blocks of C1-C2-Cl1 and S1-C2-C1 tasks. The horizontal bars indicate
significant differences: P<0.05,0.01and 0.001 for thin, mediumand thicklines,
respectively, as determined using one-sided uncorrected y* tests. The dashed
lines mark chance: 25% overall, 50% withinaxis1.b, The PFC encodes history of
taskidentities. Left, schematic of the classifier decoding task. The classifier
was trained on 75trials of Cl1or S1before the switch atend of the block and was
tested on (1) withheld trials of C1or S1before the switch; (2) C2 trials to decode
theidentity of the previous Clor S1block; (3) Clor Sl trials after the switch to
decodetheidentity of the previous Clor S1block. Right, the numbered circles
show the accuracy of classifiers, and the grey violin plot shows the null
distribution. Pvalues were calculated using two-sided permutation tests.

AS, after the switch; BS, before the switch. ¢, Schematic of the classifier for the
decodingtask (left). Right, the accuracy in decodingidentity of C1 task over
time, during the S1-C2-Clsequence. The line colours show progression over

asthe animallearned (Fig. 4i,j; 49%, A = —4%, P= 0.0358, permutation
test). By contrast, shape information was reduced overall and remained
stable during the C1-C2-C1 task sequences (Fig. 4j (purple); 51% on
trial 40, 4 =1%, P=0.1035, permutation test). Finally, consistent with
task belief modulating engagement of shape representations, belief
about the Cltask was inversely correlated with the representation of
shape (Extended Data Fig. 8h).

In contrast to shared colour and shape subspaces, the animals’
motor response was stably decoded in a shared subspace through-
out the block (Fig. 4k,1; 4 =3% (P=0.2868) and 4 = 3% (P = 0.6733) for
the S1-C2-C1 and C1-C2-Cl sequences, respectively; permutation
tests; Methods and Extended Data Fig. 9d). The representationin the
shared response subspace was not correlated with the strength of
internal task representation in the LPFC (P = 0.546, permutation test;
Extended Data Fig. 8i). This makes sense, as both S1 and C1tasks used
the same motor response.
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the block (window of 40, shifted by 5 trials). The lines show the mean accuracy
of250 classifieriterations. The horizontal bars indicate an above chance trend
inclassifieraccuracy across trials, as determined using two-sided permutation
tests, corrected for multiple comparisons. d, Accuracy indecoding C1 task
after switchinginto C1, during the C1-C2-C1 (purple) and S1-C2-C1 (black)
sequences. Dataare mean ts.e.m. estimated from 250 classifier iterations.

e, Correlationofbehavioural performance and decoded task belief during the
S1-C2-Clsequence. z-scored Kendall’s tau with two-sided permutation test,
corrected for multiple comparisons. f, Accuracyin decoding of colour category
over time, during the SI-C2-Clsequence. Line coloursasinc.g, Accuracy of the
colour category classifier over trials in the C1-C2-C1 (purple) and S1-C2-C1
(black) sequences. Dataare mean +s.e.m. estimated from 250 classifier
iterations. h, Correlation of task beliefand colour category during the S1-C2-C1
sequence. Linesandstatisticsasine.i-j, Asinfand g, respectively, but showing
accuracy indecoding of shape category. kI, Asinfand g, respectively, but
showingaccuracyindecoding of response direction.

Together, these results suggest the animals maintained an internal
belief about whether they were performing the S1or Cl task and then
used thisinternal beliefto selectively engage the relevant shared colour
and shape subspaces during the C1 task. This information was then
transformed into the motor subspace to perform the task.

Task belief scaled shared subspaces

Previous research suggests tasks may modulate the gain of stimulus
features, depending on their relevance for the current task?*2%3°, Simi-
larly, we found stimulus information was attenuated when irrelevant
(Fig. 2a,b). Furthermore, this attenuation depended on the animals’
internal belief about the task: as they discovered the C1task was in
effect, the representation of colour category was magnified (Fig. 5a),
while shaperepresentation was attenuated and delayed in time (Fig. 5Sb
and Extended Data Fig. 8j).
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Fig.5|Irrelevantsensory and motorrepresentations weresuppressed during
flexible behaviour. a, The distance between neural response to stimuli from
each colour category, projected onto shared colour category encoding axis
(trained on C2, tested on C1, following the S1-C2-Clsequence). Line colour shows
progressioninblock (window of 45 trials, shifted by 5 trials). Lines show the mean
value for 250 iterations of classifiers. The horizontal bar indicates a significant
trendin distance over trials, as determined using two-sided permutation tests,
corrected for multiple comparisons. b, Distance between neural response to
stimulifrom each shape category, projected onto shape category encoding
axis (trained on S1, balanced for response direction, tested on C1, following

the S1-C2-Clsequence). Linesasina.c, Suppressionofirrelevant sensory
informationin the LPFC. The CPlover time for all three tasks is shown. CPlis
equaltothelogoftheratio of the separability of stimuliin colour and shape
subspaces.d, CPlover trials after the switchinto C1 (following the S1-C2-C1
sequence). Irrelevant sensory information is gradually suppressed during task
discovery.Linesasina.e, Correlation between task beliefencoding and the

Amplitude modulation can be thought of as a geometric scaling
of stimulus representations in feature space”?. To quantify this, we
defined a compression index (CPI) as the log of the ratio between the
separability of stimuliin (1) the colour subspace and (2) the shape sub-
space. Colourand shaperepresentations were scaled inall three tasks.
There was greater separation of colour representation during C1 and
C2tasks, and greater separation of shape representations during the S1
task (similar results were found when controlling for motor response;
Fig. 5c and Extended Data Fig. 9¢,f). Stimulus representations were
also scaled in the FEF and PAR, but not in the alT, suggesting that the
alT maintains a veridical representation of the stimulus?** (Extended
DataFig.9e-g).

The scaling of representations changed as animals learned which
task was in effect (Fig. 5d). CPl was positively correlated with the
strength of the task representation and colour category encoding in
the LPFC (Fig. 5e,f; z-scored Kendall’s 7=2.328, P= 0.008, permuta-
tion test and z-scored Kendall's 7=2.163, P= 0.028, permutation test,
respectively).

In addition to selecting sensory information, the three tasks also
require selecting the appropriate motor response: the animal must
suppress responses on axis 1 during the C2 task and axis 2 during the
Cltask. Consistent with scaling acting as a general mechanism for
modulating task-(ir)relevantinformation, neurons selective for each
motor axis were suppressed when the animal performed a task requir-
ingaresponse onthe other axis (Fig. 5g and Extended Data Fig.10a,b;

Time relative to stimulus onset (s) Time relative to stimulus onset (s)

average CPlduring 100-300 ms after stimulus onset. Two-sided uncorrected
permutation test.f, Correlation between colour category encoding and
average CPlduring100-300 ms after stimulus onset. Two-sided uncorrected
permutationtest.g, The average firing rate (FR) for axis-1-selective (left) and
axis-2-selective (right) neuronsin the LPFC during the C1task when animals
responded on axis 1(correctaxis, green) or axis 2 (incorrect axis, purple).
Irrelevant response axisinformationis suppressed duringtask discovery. Data
aremeanzs.e.m.over time. Pvalues were determined using two-sided paired
t-tests, comparing the differencein FR measured over entire time period.

h, Accuracy of the classifier decoding response axis across trials after the
switch into C1(window of 10 trials, shifted by 3 trials; following the S1-C2-C1
sequence). Theresponse axis representation is quickly updated after the
switch.Linesasina. The horizontal barindicates asignificantincreasein
classifieraccuracy fromtrial 10 to trial 16, as determined using a permutation
test with cluster mass correction.

see Extended Data Fig. 10c-e for further controls and Extended Data
Fig.10f-ifor other regions). However, in contrast to the gradual sup-
pression of sensory representations during task discovery, the incor-
rectresponse axis representationin the LPFC was quickly suppressed
after a change in task (within 3-6 trials; Fig. Sh; A(classifier perfor-
mance in trial 10 and trial 16) = 6.88%, P= 0.0119, permutation test;
see Extended DataFig.10j,k for other regions). This reflected the rapid
inference of response axis seen in the animals’ behaviour (Extended
DataFig.2g,h).

Together, these results suggest the monkeys’ belief about the cur-
rent task dynamically adjusted the magnitude of sensory and motor
representations® . Scaling neural representations was acommon
mechanismusedin all the three tasks and could facilitate task-relevant
associations between stimulus category and motor response, while
preventing task-irrelevant associations.

Discussion

Our results suggest the brain can perform a task by compositionally
engaging aseries of representational subspaces. Subspaces of neural
activity within prefrontal cortex represented task-relevant information,
including the colour category and shape category of the stimulus*>*
and the motor action®. Consistent with computational models*”7, these
subspaces were shared across multiple tasks (Fig. 2), suggesting they act
as task components®>¢38 Subspaces were sequentially engaged, such
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thatinformation from the relevant sensory subspace was transformed
into the appropriate motor response subspace® (Fig. 3). In thisway, a
task can be constructed by sequencing together a series of task com-
ponents. For example, performing the C1 task engaged the subspace
representing the colour category of the stimulus (shared with the C2
task) and then transformed thisinformation into the motor subspace
encoding response along axis 1 (shared with the S1task).

Although our study is limited to three tasks, the underlying mecha-
nism has the ability to be highly expressive—flexibly sequencing task
components together could implement a wide variety of behaviours
(aform of sequential compositionality*). In this framework, the repre-
sentation of thetask acts asa controlinput that selects the appropriate
representations and computations*>*° (Figs. 4 and 5).If, as suggested
by our results, the brain can reuse representations and computations
across tasks, then this could allow one to rapidly adapt to changesin the
environment, either by learning the appropriate task representation
throughreward feedback** or by recalling it fromlong-term memory*.

Performing multiple tasks canlead to either shared representations
or task unique representations®**, Several previous studies have found
different tasks use representations of sensory and motor information
that are specific to that task®*. Such task-unique representations have
the advantage of minimizinginterference whenlearning and perform-
ing multiple tasks**¢, but limit the ability to generalize learning across
tasks*?. By contrast, shared subspaces increase interference but could
speed learning by allowing knowledge to generalize across tasks®. For
example, learning the C2 task shapes the neural computations needed
to categorize the colour of astimulus, which could generalize to other
tasks that involve categorizing colour, such as C1. Future computa-
tional and experimental work is needed to test whether such transfer
of knowledge facilitates learning new tasks.

Representationsin the prefrontal cortex generalized across tasks
(Fig. 2), although other regions, such as the hippocampus, are prob-
ably involved®. Less generalization in the PAR, visual cortex and stri-
atum suggests that neural representations are more task-unique in
theseregions. Differences between regions may allow the brainto use
the complementary advantages of both sharing representations
(generalizing learning) and task-unique representations (avoiding
interference)®*,

Whether a network uses a shared or task-unique representation
depends on training curricula®, initial conditions*® and biological
factors. Given that the animals were trained for months on the tasks,
onemightexpect the braintoformindependent task representations
toreduce interference****, Instead, we found the brainreduced inter-
ference by dynamically amplifying task-relevant sensory and motor
representations and suppressing task-irrelevant dimensions®~"*
(Figs.4 and5).

Onereasonwe foundsharedrepresentations (rather thantask-unique
ones) may be because our task required the animal to continuously
learn. Across trials, the monkeys used feedback to infer the task con-
text, updating their internal belief about the task, and flexibly mapping
stimuli onto motor responses (Figs. 4 and 5; aform of class-incremental
continual learning'). This may enable the brain to flexibly interpolate
through arange of behaviours: updating its representation of the cur-
rent task along a task manifold* to parametrically modulate how colour
category and shape category influence decision-making and to ensure
the animal performed the appropriate response (for example, respond-
ing on axis 1, not axis 2, during C1 and vice versa for C2).

Asnoted above, shared representations facilitate continual learning
by allowing knowledge to generalize between tasks*. In addition to
reducing interference, the scaling of neural representations may also
facilitate continual learning by constraining learning to those repre-
sentations that are currently task relevant™ > Neural learning rules are
activity dependent®* and gated by reward* and therefore suppressing
irrelevant representations may limit learning to task-relevant represen-
tations (addressing the credit assignment problem®®). Future work is

38,47
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needed to understand how suppressing irrelevant features supports
continual learning and consider alternative mechanisms', including
replaying experiences across tasks**® and recalling context-specific
associations from long-term memory*.
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Methods

Monkeys

Two adult male rhesus macaques (Macaca mulatta) participated in
the experiment. The number of monkeys (2) follows previous work
using similar approaches®. Monkeys Si and Ch were between 8 and
11yearsold and weighed approximately 12.7and 10.7 kg, respectively.
All of the experimental procedures were approved by the Princeton
University Institutional Animal Care and Use Committee (protocol,
3055) and were in accordance with the policies and procedures of the
National Institutes of Health.

Behavioural task

Each trial began with the monkeys fixating on a dot at the centre of
thescreen. Duringafixation period lasting 500 ms-800 ms, the mon-
keys were required to keep their gaze within a circle with a radius of
3.25degrees of visual angle around the fixation dot. After the fixation
period, the stimulus and all four response locations were simultane-
ously displayed.

Stimuli were morphs consisting of both a colour and shape (Fig. 1a).
The stimuliwere rendered as three-dimensional models using POV-Ray
and MATLAB (MathWorks) and displayed using Psychtoolbox on a Dell
U2413 LCD monitor positioned 58 cm from the animal. Stimuli were
morphed alongcircular continuainboth colourand shape (thatis, drawn
from a four-dimensional ‘Clifford’ torus; Fig. 1b). Colours were drawn
from a photometrically isoluminant circle in the CIELAB colour space,
connecting the red and green prototype colours. Shapes were created
by circularly interpolating the parameters defining the lobes of the
‘bunny’ prototypeto the parameters defining the corresponding lobes
of the ‘tee’ prototype. The mathematical representation of the morph
levels adhered to the equation X2 + X? + X2 = P? where X represents
the parameter value in a feature dimension (for example, L, a, b
values in CIELAB colour space). We chose the radius (P) to ensure suf-
ficient visual discriminability between morphlevels. The deviation of
eachmorphlevel from prototypes (0% and 100%) was quantified using
percentage, corresponding to positions onthe circular space from-1
to 0 and O to t. Morph levels were generated at eight levels: 0%, 30%,
50%,70%,100%,70%,50%,30%, corresponding to 0, /6, /2, 51/6, 11,
-51/6, -1/2 and —1/6, respectively. 50% morph levels for one feature
were only generated for prototypes of the other feature (that is, 50%
colours were only used with 0% or 100% shape stimuli and vice versa).
Stimuli were presented at fixation and had a diameter of 2.5 degrees
of visual angle.

The monkeys indicated the colour or shape category of the stimulus
by saccadingto one of the four response locations, positioned 6 degrees
of visual angle from the fixation point at 45, 135, 225 and 315 degrees,
relative to the vertical line. The reaction time was taken as the moment
of leaving the fixation window relative to the time of stimulus onset.
Trials with a reaction time below 150 ms were terminated, followed
by a brief timeout (200 ms). Correct responses were rewarded with
juice, while incorrect responses resulted in short timeouts lasting1s
for monkey Ch and 5 s for monkey Si. After the trial finished, there was
anintertrial interval lasting 2-2.5 s before the next trial began.

The animals performed three category-response tasks (Fig. 1c). The
S1task required the monkeys to categorize the stimulus by its shape.
Forastimulus withashape that was closer to the ‘bunny’ prototype, the
animals had tomake asaccadetothe UL locationto get rewarded.Fora
stimulus with a shape closer to the ‘tee’ prototype, the animals had to
make asaccadetothe LRlocationtoberewarded. For ease of notation,
we refer to the combination of the UL and LR target locations as axis
1. The Cl task required the monkeys to categorize the stimulus by its
colour. When a stimulus’ colour was closer to ‘red’, the animals made
an eye movement to the LR location and when it was closer to ‘green’
the animals made an eye movement to the UL location. Finally, in the
C2task, the monkeys again categorized stimuli based on their colour

but responded to the UR location for red stimuli and the LL location
for green stimuli. Together, the UR and LL targets formed axis 2. This
setof three tasks was designed to be related to one another: the Cland
C2 tasks both required categorizing the colour of the stimulus while
the Cland S1tasks both required responding on axis 1.

The monkeys were not explicitly cued as to which task was in effect.
However, they did perform the same task for a block of trials allow-
ing the animal to infer the task based on the combination of stimulus,
response and reward feedback. Tasks switched when the monkeys’
performance reached or exceeded 70% on the last 102 trials of task S1
andtask Clorthelast 51trials of task C2. For monkey Si, block switches
occurred whentheir performance reached or exceeded the 70% thresh-
oldforallmorphed and prototype stimuliinthe relevant task dimension
independently. For monkey Ch, block switches occurred when their
average performance ateachmorphlevelinthe relevant task dimension
exceeded the 70% threshold (that is, average of all 30% morphs, average
of all 70% morphs, and 0% and 100% prototypes in colour dimension
were all equal or greater than 70% accuracy in the C1 and C2 tasks).
Moreover, on a subset of recording days, to prevent monkey Ch from
perseverating onone task for an extended period of time, the threshold
was reduced to 65% over the last 75 trials for S1and C1 tasks after the
monkey had already done 200 or 300 trials on that block.

When the animal hit the performance threshold, the task switched.
This was indicated by a flashing yellow screen, a few drops of reward
and adelay of 50 s.

To ensure even sampling of tasks despite the limited number of trials
each day, the axis of response always changed following ablock switch.
During axis 1 blocks, either S1task or C1 task was pseudorandomly
selected, interleaved with C2 task blocks. Pseudorandom selection
withinaxis1blocks avoided three consecutive blocks of the same task,
ensuring the animal performed at least one block of each task during
each session. On average, animals performed of 560, 558 and 301 tri-
als and 2.68, 2.77 and 5.4 blocks per day for the S1, C1 and C2 tasks,
respectively. Task orders and trial conditions were randomized across
trials within each session.

Monkeys Siand Ch underwent training for 36 and 60 months, respec-
tively. Bothanimals were trained in the same order of tasks: S1,C2 and
then C1. Each animal underwent exposure to every task manipulation.
As all of the animals were allocated to a single experimental group,
blinding was neither necessary nor feasible during behavioural training.
Electrophysiological recordings began when the monkeys consistently
executed five or more blocks daily. Further details on the behavioural
methods and results have been previously reported®.

Congruent and incongruent stimuli

During the S1and Cl1 tasks red-tee stimuli and green-bunny stimuli
were ‘congruent’astheyrequired asaccadetothe LRand UL locations,
respectively, in both tasks. By contrast, stimuli in the red-bunny and
green-tee portion of stimulus space were ‘incongruent’, as they required
different responses during the two tasks (ULand LR in S1task; LRand UL
in C1task, respectively). To ensure the animals performed the task well,
80% ofthetrialsincluded incongruent stimuli. Note that, asthe C2 task
was the only one to use axis 2, there were no congruent or incongruent
stimuli on those blocks.

Analysis of behavioural data

Psychometric curves plot the fraction of trials in which the animals
classified a stimulus with a specific morph level as being a member
ofthe ‘green’ category for the C1and C2 tasks or the ‘tee’ category for
the S1task. The fraction of responses for a given morph level of the
task-relevant stimulus dimension was averaged across allmorphlevels
ofthe task-irrelevant dimension during the last 102/102/51 trials of the
S1/C1/C2 task (for example, for the Cl task, the fraction of responses for
70% green stimuli were averaged across all shape morphlevels). As the
stimulus space was circular, we averaged the behavioural response for



the two stimuli at each morph level on each side of the circle (Fig. 1b).
Psychometric curves were quantified by fitting the mean datapoints
with a modified Gauss error function (erf):

F=0+/1X(erf[%j+1]/2,

where erfis the error function, 6 is a vertical bias parameter, 1is a
squeeze factor, gisathreshold, and gis aslope parameter. Fitting was
donein MATLAB with the maximum likelihood method (fminsearch.m
function).

To calculate performance during task discovery (Fig. 1f), we used
asliding window of 15 trials, stepped 1 trial, to calculate a running
average of performance immediately after a switch or right before a
switch. Performance was estimated using trials from all blocks of the
same task, regardless of the identity of the stimulus. To test whether
behavioural performance differed significantly between the C1-C2-C1
and S1-C2-Cl1 sequences during task discovery (Fig. 4a; S1-C2-S1 or
C1-C2-Slin Extended Data Fig. 8a and C1-C2 or S1-C2 in Extended
DataFig. 8b), we applied x* test using the chi2test.m function as imple-
mented previously>.

To compare distribution of task performance after switch and before
switch for C1and S1tasks (Extended Data Fig. 2e,f), we computed behav-
ioural performanceinfirst15trials after switch and last 15 trials before
switch for each block, respectively.

To compare colour categorization performance based on the stimu-
lus shape morph level in C1 and C2 tasks (Extended Data Fig. 2c), for
each colour morphlevel, we computed colour categorization psycho-
metric curves using combination of each colour morphlevel and three
sets of shape morph levels: ambiguous, 50% and 150% (that is, -11/2);
intermediate, 30%, 70%, 130% (that is, —51/6) and 170% (that is, -11/6);
and prototype, 0% and 100%.

Surgical procedures and electrophysiological recordings
Monkeys were implanted with a titanium headpost to stabilize their
head during recordings and two titanium chambers (19 mm diameter)
placed over frontal and parietal cortices that provided access to the
brain. Chamber positions were determined using 3D model reconstruc-
tion of the skull and brain using structural MRI scans. We recorded
neurons from the LPFC (Brodmann area 46 d and 46 v, 480 neurons),
alT (area TEa, 239 neurons), PAR (Brodmann area 7, 64 neurons), the
FEF (Brodmann area 8, 149 neurons) and the striatum (STR, caudate
nucleus, 149 neurons). The number of monkeys and the number of
neurons recorded per region were chosen to follow previous work
using similar approaches’.

Twotypes of electrodes were used during recordings. To record from
the LPFC and FEF we used epoxy-coated tungsten single electrodes
(FHC). Pairs of single electrodes were placed in a custom-built grid
with manual micromanipulators that lowered electrode pairs using a
screw. This enabled us to record 20-30 neurons simultaneously from
cortical areas near the surface. To record from deeper regions (PAR,
alT and STR) we used 16ch or 32ch Plexon V-Probes (Plexon). These
probes were lowered using the same custom-built grid through guide
tubes. During lowering, we used both structural MRI scans and the
characteristics of the electrophysiological signal to track the position
oftheelectrode. A custom-made MATLAB GUI tracked electrode depth
during the recording session and marked important landmarks until
we found the brain region of interest.

Recordings were acute; up to 50 single electrodes and three V-Probes
were inserted into the brain each day (in some recording sessions one
additional V-Probe was also inserted in the LPFC). Single electrodes
and V-probes were lowered though the intact dura at the beginning
of recording session and allowed to settle for 2-3 h before recording,
improving the stability of recordings. Neurons were recorded without
bias. Electrodes were positioned to optimize the signal-to-noise ratio
ofthe electrophysiological signal without consideration of neural type

orselectivity. Experimenters were blinded to experimental conditions
while recording neurons. We did not simultaneously record from all
five regions in all recording sessions. We began recording from the
LPFC and FEF for the first 5-10 days and then added PAR, STR and alT
onsuccessive days.

Broadband neural activity was recorded at 40 kHz using a128-channel
OmniPlexrecording system (Plexon). We performed 15 recording ses-
sions with monkey Ch and 19 recording sessions with monkey Si. After
all recordings were complete, we used electrical microstimulation in
monkey Si, and structural MRl and microstimulation in monkey Ch,
to identify the FEF. Electrical stimulation was delivered as a train of
anodal-leading biphasic pulses withawidth of 400 ps and aninterpulse
frequency of 330 Hz. A site was identified as the FEF when electrical
microstimulation of around 50 pA evoked a stereotyped eye-movement
on at least 50% of the stimulation attempts. In monkey Ch, untested
electrode locations were classified as FEF if they fell between two FEF
sites (as confirmed with electrical stimulation) in aregion that was
confirmed as being FEF using MRI.

Eye position was recorded at 1 kHz using an Eyelink 1000 Plus
eye-tracking system (SR Research). Sample onset was recorded using
aphotodiode attached to the screen. Eye position, photodiode signal
and behavioural events generated during the task were all recorded
alongside neural activity in the OmniPlex system.

Signal preprocessing

Electrophysiological signals were filtered using a 4-pole high pass
300 Hz Butterworth filter. To reduce common noise, the median of
the signals recorded from all single electrodes in each chamber was
subtracted fromthe activity of all single electrodes. For V-Probe record-
ings, we subtracted the medianactivity for all channels along the probe
fromeach channel. To detect spike waveforms, a4g, threshold was used
where g, is an estimate of s.d. of noise distribution of signal x defined as:

0,= median[ i )
" 0.6745

Timepoints at which the electrophysiological signal (x) crossed
this threshold with a negative slope were identified as putative spik-
ing events. Spike waveforms were saved (total length was 44 samples,
1.1 ms, of which 16 samples, 0.4 ms, were pre-threshold). Repeated
threshold crossing within 48 samples (1.2 ms) was excluded. All wave-
forms recorded fromasingle channel were manually sorted into single
units, multiunit activity or noise using Plexon Offline Sorter (Plexon).
Units that were partially detected during arecording session were also
excluded. Experimenters were blinded to the experimental conditions
while sorting waveformsintoindividual neurons. All analyses reported
in this Article were performed on single units.

For all reported electrophysiology analysis, saccade time was cal-
culated asthe moment at which theinstantaneous eye speed exceeded
athreshold of 720 degrees of visual angle per second. Instantaneous

2 2
eye speed was calculated as /(%) + (‘;—{) , where x and y are the

position of the eye on the monitor at time ¢.

Statistics and reproducibility

Independent experiments were performed on two monkeys and the
datawere combined for subsequent analyses. As described below, sta-
tistical tests were corrected for multiple comparisons using two-tailed
cluster correction unless stated otherwise. Unless otherwise noted,
nonparametric tests were performed using 1,000 iterations; therefore,
exact Pvalues are specified when P> 0.001. Unless stated otherwise, all
datawere smoothed witha150 ms boxcar. To compare the onset timing
differencesbetween within and shared-colour representations across
brain regions (Fig. 2g and Extended Data Fig. 6d), classifier accuracy
for each region was smoothed using a 50 ms boxcar filter.

All analyses were performed in MATLAB 2021b (MathWorks).
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Using cluster mass to correct for multiple comparisons

To assess the significance of observed clustersin the time series data,
we used a two-tailed cluster mass correction method®®. Thisapproachis
particularly useful when dealing with multiple comparisons and helps
identify clusters of contiguous timepoints that exhibit statistically
significant deviations from the null distribution.

We first generated a null distribution (NullDist) by shuffling the
observed data, breaking the relationship between the neural signal
and thetask parameter of interest (details of how data were shuffled are
included witheach test below). The observed datawerealsoincluded as
a‘shuffle’inthe null distribution and the z-score of the null distribution
for each timepoint was calculated. To define significant moments in
time, we computed the upper and lower thresholds based on the null
distribution. The thresholds were determined non-parametrically
using percentiles. The resulting thresholds, denoted as Py esnoid upper
and Py, esnoidiower SETVE as critical values for identifying significant devia-
tions in both tails.

Timepoints of significant signal were identified by finding the
moments when the value in each shuffle within the null distribution
ortheobserved dataexceeded the computed thresholds. These time-
points were then clustered in time, such that contiguous values above
the threshold were summed together. The sum was calculated on the
z-transformed values of each time series. This resulted in amass of each
contiguous cluster in the data. To correct for multiple comparisons, we
took the maximum absolute value of the cluster mass across time for
eachshuffle. This resulted inadistribution of maximum cluster masses.
Finally, the two-tailed Pvalue of each cluster in the observed datawas
determined by comparing its mass to the distribution of maximum
cluster masses in the null distribution.

FR calculation

In all analyses, we estimated the FR of each neuron by averaging the
number of action potentials within a100 ms window, stepping the
window every 10 ms. Changing the width of the smoothing window
did not qualitatively change our results. The time labels in the figures
denote the trailing edge of this moving window (that is, 0 ms would be
awindow from 0 ms to 100 ms).

GLM

Toestimate how individual neurons represented task variables, we used
ageneralized linear model (GLM) to relate the activity of each neuron
(y) to the task variables at each moment of time. The full model was:

y=B,+ B, > stimulus colour category
+ B, x stimulus shape category + 8, x time + §, x task identity

+ B x motor response direction + B x reward

whereyisthe FR of each neuron, normalized to the maximum FRacross
alltrials,and S, B,, ..., B¢ are the regression coefficients corresponding
to each predictor. Predictors were: stimulus colour category, indicat-
ing the colour category of the stimulus (categorical variable); stimulus
shape category, indicating the shape category of the stimulus (categori-
calvariable); time, indicating the temporal progression within arecord-
ing session, normalized between 0 and 1 (continuous variable); task
identity, indicating the identity of the task (categorical variable); motor
response direction, indicating the direction of the motor response
(categorical variable; UL, UR, LL or LR); reward, indicating whether
areward was received following the response (binary variable; 1 for
reward, O for no reward).

The GLM coefficients (8) were estimated using maximum-likelihood
estimation as implemented by MATLAB’s lassoglm.m function. Inde-
pendent models were fit for each timepoint. To address potential over-
fitting, we applied Lasso (L) regularization to the GLM weights with

regularization coefficients (lambda) values of [0, 0.0003, 0.0006,
0.0009,0.0015,0.0025,0.0041,0.0067,0.0111, 0.0183].In aseparate
set of runs, we fit the GLM models to 80% of data and tested on the
remaining 20%. The lambda value with maximum R? on the withheld
data was used when estimating the CPD.

CPD calculation

To quantify the unique contribution of each predictor to aneuron’s
activity, we used the CPD. This metric quantifies the percent of
explained variance that is lost when a specific factor is removed from
the full model. The CPD was computed by initially fitting the GLM with
all the factors (full model) as described above. Each factor was then
sequentially removed to create aset of reduced models, each of which
were fitto the data. The CPD for each predictor X(¢) was calculated as:

_ SSE reduced = SSEfull model
cPp (X(t)) - SSEreduced *100

where SSE, quceq is the sum of square error due to predictor X,
SSE uimoder 1S the sum of square error of the full model with all predic-
tors®’. Note that, because the CPD statistic estimates the additional
explained variance captured by each term, it controls for potential
covariation betweenterms. Nevertheless, itisimportant tonote that, as
withall neurophysiological studies, it is difficult to distinguish between
theencoding of aspecific cognitive variable (for example, task) and its
effect on the representation of other cognitive variables (for example,
the observed suppression of sensory and/or motor representations).

We used a permutation test to assess whether CPDs for each predic-
tor, ateach timepoint, and for each neuron, was significantly larger than
expected by chance. To compute a null distribution for CPD for each
predictor, we generated 1,000 permuted datasets by randomly per-
muting the predictor values relative to the neural activity and refitting
the fulland reduced models (as above). Thelikelihood of the observed
CPD was then estimated by computing the proportion of permuted
datasets thatyielded a CPD greater than or equal to that of the observed
dataset. To account for multiple comparisons across timepoints, we
used cluster correction (detailed above) to estimate corrected Pvalues
for each predictor. Neurons that had at least one significant cluster
(P<0.05) were considered to significantly carry information about
atask variable. To assess whether an area had a significant number of
neurons for a given task variable, we used a binomial test against the
alpha-level 0.05.

ForFig.1h-1, we compensated for abaseline CPD by subtracting the
average permuted CPD from the observed CPD. For Fig. Im, we aver-
aged the CPD for each factor across all recorded neurons, subtracted
the average baseline in —200-0 ms as the stimulus onset period and
then normalized the resulting CPD curve to its maximum value. For
Extended Data Fig. 3a, we averaged the CPD for task identity factor
across all recorded neurons then normalized the resulting CPD curve
toits maximum value. This highlighted the timing of different factors
during the trial.

Quantifying population overlap for encoding of task variables

To determine whether task variables were encoded by overlapping
neural populations (Extended Data Fig. 3b-k), we examined neurons
for each task variable pair (for example, task identity and reward) to
identify those that significantly encoded either or both variables using
the GLM model explained above. Using a permutation test, we calcu-
lated the P value for neurons encoding both variables. For a neural
population of size Ny, With Np,qv.n Neurons encoding the first task
variable, Ny qvar, Neurons encoding the second, and Ny,qarigtaskvare NEU-
rons encoding both, we iterated 10,000 random samples of Ny,van
and Nq,qwar2 NE€Urons from Ny, In eachiteration, we counted neurons
encodingbothvariables. The likelihood of the observed Ny,gwariaraskvar2
was estimated by calculating the proportion of permutations



yielding an equal or greater count of neurons encoding both task
variables.

Classifiers

Tounderstand how task variables were represented in the neural pop-
ulation, we trained a set of binary classifiers to discriminate the vector
of FRs across the neural population for two different categories of task
variables (depending on the variable of interest). Classifiers were
trained with the logistic regression algorithm (as implemented in
MATLAB, fitclinear.m function). In brief, the linear classifier relates x
(vector of neural responses) to y (task labels, either +1 or -1) through
alinear equation, with weights (w) and intercept (b):

fx)=w'x+b

where w and b are optimized to minimize the logistic loss function:
LIy.f 0] =7 3 [nlog(f (6)) + (1-y)log(1-£ (x))], where Nis the
number of samples. Ridge (L?) regularization with a regularization
coefficient A =1/60 was used to minimize over-fitting. The classifier
was trained with the Broyden-Fletcher-Goldfarb-Shanno algorithm.

Construction of pseudopopulations

All classifiers were trained on pseudopopulation of responses con-
structed from neurons across all recording sessions. A separate pseu-
dopopulation was constructed for each classifier analysis based on
the trial types of interest (described below). To be included in the
pseudopopulation, each neuron had to be recorded for a minimum
number of trials (N, + Nies) Of €ach type of trial. The FR of neurons
were concatenated to formavector of neuron FRs (the pseudopopula-
tion). Neural activity was aligned in time relative to either the sample
onset or saccade onset, depending on the analysis.

To combine neurons across recording sessions into a single ‘trial’ of
the pseudopopulation, we drew trials for each neuron with matching
experimental conditions (that is, matched in terms of reward, colour
and shape morphlevel, taskidentity and response direction). For exam-
ple, when constructing a pseudopopulation for classifying the colour
category, the first trial was constructed by concatenating the neural
responses of neurons on trials that were rewarded, had a colour morph
level of 100 and a shape morph level of 30. If a neuron did not have a
trial with an exactly matching stimulus, then a trial that matched the
colour category and reward would be randomly chosen.

Cross-validation of classifiers

Aseparatelogistic regression classifier was trained and tested on with-
heldtrials for each timepoint. To estimate variability, the entire analysis
was repeated 250 times, with each iteration involving a different par-
tition of trials into training and testing sets. This new set of trials was
randomly sampled with replacement (always ensuring test trials were
separate from the train trials).

When testing the performance of a classifier trained on the same set
of conditions (for example, training and testing colour categorization
onthe C2task), the performance of the classifier was taken as the aver-
age performance across tenfold cross-validation. However, as detailed
inthe main text, many of the classifiers were trained and tested across
conditions (for example, across different tasks or across trials during
learning of the task). In this case, the test trials were randomly resam-
pled ten times for each training set, and the classifier’s performance
was averaged across folds.

Balancing classifier conditions

Toavoid bias in the classifier, we balanced trial conditions to ensure the

observed results were not due to other experimental factors. Condi-

tions were balanced in three ways:

(1) Balanced congruency: classifiers were trained on an equal number
of congruent and incongruent trials, resulting in equal number of

trials for four stimulus types: green-bunny, green-tee, red-bunny
and red-tee.

(2) Balanced reward: classifiers were trained on an equal number of
rewarded and unrewarded trials, balancing the stimulus identity
of the relevant dimension on each side of the classifier.

(3) Balanced response direction: classifiers were trained on an equal
number of trials from each response direction on the task’s response
axis (for example, trials with response on axis 1 for the C1 task). This
necessarily included error trials but balanced the number of each
response direction on each side of the classifier.

Classifying the colour category and shape category of stimuli
Colourand shape classifiers were trained to decode the stimulus colour
category or shape category from the vector of activity across the pseu-
dopopulation of neurons (Fig. 2a,b). Abalanced number of congruent
and incongruent stimuli were included in the training data to ensure
colour and shape information could be decoded independently. Clas-
sifiers were trained for each task independently.

Most classifiers were trained on correct trials alone. This maximized
the number of trials included in the analysis and ensured the animals
were engaged in the task. As many of our analyses were tested across
tasks, this mitigates concerns that motor response information might
confound stimulus category information. However, to ensure response
directiondid not affect our analyses, we controlled for motor response
by balancing response direction in aseparate set of analysis (Extended
DataFigs.4aand 5c,d). Although this significantly reduced the number
of trials, and required us to include error trials, qualitatively similar
results were often observed. The total number of LPFC, STR, alT, PAR
and FEF neurons used for colour category classification was 403,110,
195,54 and 116, respectively. The total numbers of LPFC, STR, alIT, PAR
and FEF neurons used for shape category classification were 480, 149,
239, 64 and 149, respectively.

Classifying response direction

Aseparate set of response classifiers were trained to decode the motor
response from the vector of activity across the pseudopopulation of
neurons. Response direction was decoded within each axis (for exam-
ple, UL versus LR for axis 1). When training and testing on the same
task (Fig.2c), weincluded only trials that the animal responded on the
correct axis (for example, axis 1 for the S1and C1 tasks).

For testing whether response direction could be decoded across
axes (Extended DataFig. 5d), we trained the classifier using trials from
task C1, where the animal responded on axis 1, and then tested this
classifier using trials from task C2, where the animal responded on
axis 2, and vice versa. To control for stimulus-related information, we
balanced rewarded and unrewarded trials for each conditionand only
included incongruent trials. This ensured that trials from the same
stimulus category were present in both response locations. Similar
results were seen when balancing for congruency and reward simul-
taneously, although the low number of incorrect trials for congruent
trials resulted in a small set of neurons with the minimum number of
train and test trials. The total number of LPFC, STR, alT, PAR and FEF
neurons used for response direction classification was 403, 110, 195,
54 and 116, respectively. Owing to limited number of trials, the total
number of LPFC neurons for Extended Data Figs. 4b and 5d was 95
(only from animal Si).

Using permutation tests to estimate the likelihood of classifier
accuracy

We used permutation tests to estimate the likelihood the observed
classifier accuracy occurred by chance. To create a null distribution of
classifier performance, we randomly permuted the labels of training
data1,000 times. Importantly, only the task-variable of interest was
permuted—permutations were performed within the set of trials with
the same identity of other (balanced) task variables. For example, if



Article

trials were balanced for reward, we shuffled labels within correct trials
and withinincorrect trials, separately. This ensured that the shuffling
broke only the relationship between the task-variable of interest and
the activity of neurons. Shuffling of the labels was performed inde-
pendently for each neuron before building the pseudopopulation and
training classifiers. Neurons that were recorded in the same session
had identical shuffled labels. To stabilize the estimate of the classi-
fier performance, the performance of the classifier on the observed
and each instance of the permuted data were averaged over 10-folds
and 20 to 50 novel iterations of each classifier. The null distribution
was the combination of the permuted and observed values (total
n=1,001). The likelihood of the observed classifier performance
was then estimated as its percentile within the null distribution. As
described above, we used cluster correction to control for multiple
comparisons across time.

Testing classification across tasks

To quantify whether the representation of colour, shape, or response
directiongeneralized across tasks (Fig. 2e,f,h,i), we trained classifiers
on trials from one task and then tested the classifier on trials from
another task. For example, to test cross-generalization of colour infor-
mation across the Cland C2 tasks, a colour classifier was trained on
trials from the C2 task was tested on trials from the C1 task (Fig. 2f).
To remove any bias due to differences in baseline FR across tasks, we
subtracted the mean FR during each task from all trials of that task
(at each timepoint). Similar results were observed when we did not
subtract the mean FR.

Cross-temporal classification

To measure how classifiers generalized across time, we trained classi-
fierstodiscriminate colour category (Fig. 2e and Extended Data Fig. 5b)
orresponse direction (Fig. 2h) using 100 ms time bins of FR data, sliding
by 10 ms. Classifiers trained on each time bin were then tested on all
time bins of the test trials.

Projection onto the encoding axis of classifier

To visualize the high-dimensional representation of task variables, we
used the MATLAB predict.m function to project the FR response on
test trials onto the one-dimensional encoding space defined by the
vector orthogonal to the classification hyperplane. In other words,
the projection measures the distance of the neural response vector
to the classifier hyperplane. For example, to measure the encoding
of each colour category in the C1 task, we projected the trial-by-trial
FR onto the axis orthogonal to the hyperplane of the colour classifier
trained during the C1 task.

Quantifying the impact of task sequence on task discovery
Thetask-discovery period was defined as the first 110-120 trials after
aswitchinthe task. The monkey’s performance increased during this
period, as they learned which task was in effect (Fig. 1f). As described
in the main text, the animal’s behavioural performance depended
on the sequence of tasks (Fig. 4a) and we therefore analysed neural
representations separately for two different sequences of tasks:

(1) C1-C2-C1 and S1-C2-S1 block sequence (same task transition):
the task onaxis1(ClorS1) repeated across blocks. Asshowninthe
main text, monkeys tended to perform better during these task
sequences, as if they were remembering the previous axis 1 task.

(2) S1-C2-Cland C1-C2-Sl1block sequence (different task transition):
the task on axis 1 changed across blocks. As shown in the main
text (Fig. 4a), monkeys tended to perform worse on these task
sequences.

Aswe were interested in understanding how changes in neural rep-
resentations corresponded to the animals’ behavioural performance,
we divided the ‘different task transition’ sequences into two further

categories: in‘Low Initial Performance’ blocks, the animal’s behavioural
performance during the first 25 trials of the block was less than 50%,
while on the ‘high initial performance’ blocks, the performance was
greater than 50%.

Owing to constrains on number of neurons, different but overlapping
population of neurons were used to quantify neural representations
in C1-C2-Cl and S1-C2-Cl tasks sequences.

Task beliefrepresentation during task discovery

To measure the animal’s internal representation of the task (that is,
their ‘belief’ about the task, as represented by the neural population),
we trained a task classifier to decode whether the current task was C1
or S1. The classifier was trained on neural data from the last 75 trials of
each task block, when the animal’s performance was high (reflecting
the fact that the animals were accurately estimating the task at the end
of the block). The number of congruent and incongruent trials were
balanced in the training dataset (32 trials: 4 trials for each of the four
stimulus types, in each task). We included all C1 blocks regardless of
their task sequence in training set. Only correct trials were used to
train and test the classifier. To minimize the effect of neural response
to visual stimulus, the classifier was trained on neural activity from the
fixation period (that is, before stimulus onset). As we were interested
inmeasuring differences between tasks, we did not subtract the mean
firing rate before training the classifier.

Thetask classifier was tested ontrials from the beginning of blocks of
the Cltask. Test trials were drawn from windows of 40 trials, slid every
5trials, duringlearning (starting fromtrial 1-40 to trial 71-110). Over-
lapping test and train trials from the same task were removed. In con-
trast to training set, testing was done separately for S1-C2-Cl and
C1-C2-Cltask sequences (Fig. 4d). As we were interested in focusing
on the learning of the C1task, we only used S1-C2-C1 task sequences
with low initial performance (see above). Classifiers were tested on
pseudopopulations built from trials within each trial window, with a
minimum of four test trials (one trial for each of the four stimulus con-
gruency types fromtask C1). Neurons that did notinclude the required
number of test trials for all trial windows were dropped. Note that, as
we were using a small moving window of trials during task discovery,
we had to trade-off the number of included neurons and the number
of train/test trials for this analysis. Moreover, although the number
of correct trials increased as the animal discovered the task in effect,
we keptaconstant number of train and test trialsin each of the sliding
trial windows.

To quantify the animal’sbeliefabove the current task, we measured
the distance to the hyperplane of the C1/S1 task classifier (task belief
encoding). For Fig. 4d, we averaged the performance of the classifier
in pre-stimulus processing window (-400ms to O ms).

Correlation between task belief encoding and behavioural
performance

To calculate the correlation between the animal’s task belief during
task discovery and their behavioural performance (Fig. 4e), we used
Kendall’s Tstatistic with a permutation test to correct for autocorrela-
tionin the signal (detailed below). This measurement was performed
using data from each window of trials and the belief encoding, as esti-
mated from the task classifier, on that same window of trials. As we
are working with pseudopopulations of neurons, we estimated the
behavioural performance for each window of trials during learning
as the average of behavioural performance across all the trials in the
window. The behavioural performance for each trial was taken as the
average of the animal’s behavioural performance during the previ-
ous 10 trials. This yielded one average performance for each of the 16
trial windows. The task belief was measured for the same trials, using
the average distance to the task classifier hyperplane, averaged over
the time period from 400 ms to O ms before the onset of the stimulus
(note that, asdescribed above, all of these trials are withheld from the



training data). Task belief was then taken as the average distance across
all trialsinawindow of trials.

Evolution of colour category representation during task
discovery

We were interested in quantifying how the shared colour representa-
tion was engaged as the animal discovered the C1 task (Fig. 4f,g). To this
end, we trained a classifier to categorize colour using the last 75 trials
of the C2 task, when the animal’s behavioural performance was high,
and then tested it during discovery of the C1 task. The classifier was
trained on only correct trials and the training data were balanced for
congruent and incongruent stimuli (16 trials: 4 trials for each of the four
stimulus congruency types). This ensured an equal number of correct
trials for each congruency type across all trial windows, controlling for
motor response activity during the task discovery period. As cross-axis
response decoding between the C1and C2 tasks was weak (Extended
DataFig. 5d), cross-task classifiers are capturing the representation of
the colour category that is shared between tasks.

Similar to the task classifier described above, the shared colour clas-
sifier was tested using trials from the Cl task in a sliding window of 40
trials stepped 5 trials, in both the S1-C2-C1 and C1-C2-Cl sequences
of tasks (Fig. 4f; as above, only low initial performance blocks were
used for the S1-C2-Cl task sequences). We used four trials to test the
classifier (one trial for each of the four stimulus congruency types from
task C1). For Fig. 4g, we averaged the performance of the classifier in
stimulus processing window (100 ms to 300 ms).

Evolution of shape category representation during task
discovery

We were interested in measuring the change in the representation of
the stimulus’ shape category asthe animal learned the C1task (Fig. 4i).
Our approach followed that of the colour category representation
described above, and so we only note differences here. We trained
a classifier to categorize stimulus shape based on neural responses
during the S1task (limited to the last 75 trials of each block). To ensure
the classifier was only responding to shape (and not motor response),
we trained the classifier on a balanced set of correct (rewarded) and
incorrect (unrewarded) trials (16 trials: 4 trials for each reward con-
dition and for each shape category). The classifier was tested using
trials from the Cltask (Fig. 4i). Note that we used the same Cl trials to
quantify the representation of shared colour category, shape category
and task belief for S1-C2-Cl1 task sequences. For Fig. 4j, we averaged
the performance of the classifier in the window of time when stimuli
were processed (100 ms to 300 ms after stimulus onset). The total
numbers of LPFC neurons included for S1-C2-Cl1 and C1-C2-Cl task
sequences to quantify the representation of shared colour category,
shape category and task belief were 136 and 154, respectively.

Evolution of response direction representation during task
discovery

To measure the change in response direction representation as the
monkey’s learned the C1task, we trained a classifier to categorize the
response direction based on the neural response during the S1 task
(Fig. 4k; last 75 trials of the block). As above, we used a balanced num-
ber of correctandincorrect trials to control for information about the
stimulus (12 trials: 3 trials for each reward condition and each response
location). The classifier was then tested on correct trials from the C1
task during task learning (Fig. 4k; as above: sliding windows of 40 trials,
stepped 5trials, in SI-C2-Cl and C1-C2-Cl; tested on 4 trials:1for each
reward condition and each response location). For Fig. 41, we averaged
the performance of the classifier in the window of time whenresponse
location was processed (200 ms to 400 ms after stimulus onset). The
total numbers of LPFC neurons included for S1-C2-Cland C1-C2-C1
task sequencesto quantify the representation of shared response direc-
tion were 120 and 155, respectively.

Classifier statistical test to detect trends during task discovery
period

To quantify the statistical significance of trends in representations
during task discovery (Figs.4 and 5), we used trend-free prewhitening
(TFPW)%*%* asimplemented in MATLAB®*. This method helps to reduce
serial correlation in time-series data to obtain robust statistical infer-
encein the presence of trends. TFPW first detrends the time series by
removing Sen’s slope. It then prewhitens the time series by modelling
autocorrelation with an autoregressive (AR) model (typically AR(1))
to produce residuals free of temporal dependencies. Finally, it adds
back the original trend to generate processed time series. Both the
Mann-Kendall statistics and Sen’s slope were used to estimate the
significance of trends in the data.

Toensure that our reported statistics are fully unbiased, we used the
estimated Sen’s slope on prewhitened data using TFPW to estimate the
Pvalue of the observed data. To do so, we used permutation tests to
estimate the likelihood the observed trend slope occurred by chance.
To create a null distribution of classifier performance, we randomly
permuted the labels of test data 250 times across all trial windows (tri-
als1-110for Fig.4 and 1-120 for Fig. 5). To stabilize the estimate of the
classifier performance, we tested classifiers using the same set trained
classifiers (for example, use same set of classifiers trained to decode
colour categoryin C2task to test colour category decoding in C1 task
duringtask discovery). Furthermore, the performance of the classifier
onthe observed and eachinstance of the permuted datawere averaged
over 10-folds and 50 novel iterations of each classifier. The slope was
calculated for each timepoint across all time trial windows to estimate
thetrend for observed and permuted classifier performances. The null
distribution was the combination of the permuted and observed slope
values (total n =251). The likelihood of the observed slope was then
estimated as its percentile within the null distribution. As described
above, we used cluster correction to control for multiple comparisons
acrosstime.

To measure rank correlation between two random variables (for
example, correlation between task belief and behavioural perfor-
mance, Fig. 4e), we used Kendall’s 7. As TFPW requires a monotonic
time variable and cannot be applied here, we computed Kendall’s
forboth observed and permuted datasets. z-score values of observed
data against permuted values were reported to account for autocor-
relation inflation.

Transfer ofinformation between subspaces

As described in the main text, we were interested in testing the hypo-
thesis that the representation of the stimulus colour in the shared
colour subspace predicted the response in the shared response sub-
space onatrial-by-trial basis (Fig. 3c-e and Extended Data Fig. 7a-c).
To this end, we correlated trial-by-trial variability in the strength
of encoding of colour and response along four different classifiers
(using Pearson’s correlation as implemented in MATLAB’s corr.m
function).

First, as described above, a shared colour classifier was trained to
decode colour category from the C2 task and tested on trials from
the Cltask. Training data were balanced for correct and incorrect tri-
als (rewarded and unrewarded trials, 16 trials: 4 trials for each reward
condition and each colour category). Test trials were all correct trials
(2trials:1trial for each colour category). Both trainand test trials were
drawn from thelast 50 trials from the block (to ensure the animals were
performing the task well). The total number of LPFC neuronsincluded
for this classifier was 63 (only from monkey Si, owing to constraints on
the number of trials).

Similarly, a second shared response classifier was trained on trials
from the S1task and then tested on the same set of test trials as the
shared colour classifier.

A third classifier was trained to decode the response direction on
axis 2, using a balance of correct and incorrect trials from the C2 task.
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This classifier was tested on the same set of test trials as the shared
colour classifier.

Finally, a fourth classifier was trained to decode the shared colour
representation but was now trained on correct trials from the C1 task
(12 trials: 3 trials for each of the four stimulus congruency types) and
tested on correct trials from C2 task (2 trials: 1 trial for each colour
category). The total number of LPFC neurons included for this classi-
fier was 101 (only from animal Si, owing to constraints on the number
of trials).

To account for the arbitrary nature of positive and negative labels,
we calculated the magnitude of encoding by flipping the encoding for
negative labels. All four classifiers were trained on 2,000 iterations of
training set trials. Note, that the first three classifiers were tested on the
same test trials, allowing for trial-by-trial correlations to be measured.
Furthermore, all four classifiers were trained over time, enabling us to
measure the cross-temporal correlation between any pairs of classifiers.

Together, these four classifiers allowed us to test three hypothesized
correlations that reflect the transfer of task-relevant stimulus informa-
tion into representations of behavioural responses. First, one might
expectthat, onany given trialbefore the start of saccade, the strength
and direction of the shared colour representation, as estimated by
the distance to the hyperplane of the first classifier, should be cor-
related with the shared response, as estimated by the distance to the
hyperplane of the second classifier. This correlation is seen in Fig. 3c.

Second, during the performance of the C1 task, one would expect
thatbefore the start of saccade the shared colour representation should
not be correlated with the response on the Axes 2 predicted by the C2
task. This is quantified by correlating the distance to the hyperplane
of the first classifier and the distance to the hyperplane of the third
classifier, as seen in Fig. 3d.

However, one would expect these representations to be correlated
when the animal is performing the C2 task. This is quantified by cor-
relating the distance to the hyperplane of the fourth classifier and the
distance to the hyperplane of the third classifier, as seen in Extended
DataFig.7a.

Distance along colour and shape encoding axes during the
discovery of the task

To understand how the geometry of the neural representation of the
colour and shape of the stimulus evolved during task discovery (Fig. 5),
we measured the distance in neural space between the two prototype
colours (red and green) and the two prototype shapes (tee and bunny).
Distance was measured along the encoding axis for each stimulus
dimension (that s, the axis thatis orthogonal to the colour and shape
classifiers, described above). So, for each test trial, the distance along
the colour encoding axis was:

colour encoding distance

’

B abs(encoding(red bunny) - encoding(greenbunny)),)
N abs(encoding(red tee) — encoding(green tee))

Thisapproach enabled usto calculate the distance along red/green
colours while controlling for differences across shapes. The colour
encoding distance was estimated for 250 iterations of the classifiers,
enabling us to estimate the mean and standard error of the distance.
A similar process was followed for estimating the shape encoding
distance.

To calculate the colour and shape encoding distance during task
discovery (Fig. 5a,b), we calculated the distance above in the sliding
window of 45 trials, stepped 5 trials, after the switch into the C1 task
during the S1-C2-Clsequences of tasks with low initial performance.

CPI
CPlwas defined as the log of the ratio of average colour encoding dis-
tance and average shape encoding distance described above:

CPI=1 avg(Colour encoding distance)
B avg(Shape encoding distance)

To calculate the CPI for each task (Fig. 5¢c), we computed the shape
and colour encoding distance using all trials of a given task. To measure
the shape distance for all three tasks, we trained a classifier to cat-
egorize stimulus shape based on neural responses during the S1 task
(limited to the last 75 trials of each block). To ensure that the classifier
wasresponding only to shape (and not motor response), we trained the
classifier on abalanced set of correct (rewarded) and incorrect (unre-
warded) trials (20 trials: S trials for each reward condition and for each
shape category). Shape encoding for each task was calculated using
four trials to test the classifier (one trial for each of the four stimulus
congruency types).

Tomeasure colour distance in the S1-C2-Cl task, we trained colour
category classifier on correct trials of the C1-C1-C2 task, balancing for
congruent and incongruent stimuli (20 trials: 5 trials for each of the
four stimulus congruency types). Colour encoding for each task was
calculated using four trials of that task to test the classifier (one trial
for each of the four stimulus congruency types).

Totrack changesintherelative strength of colour and shape informa-
tion during task discovery, we calculated CPlinasliding window of 45
trials (slid every 5trials starting from trial 1-45 to trial 76-120) after the
monkey’s switched into the Cl task (during the SI-C2-Cl sequences of
tasks, with low initial performance). Note, as we controlled for motor
response when calculating shape and colour distance, the CPl is not
affected by motor response information®.

Correlation between task belief encoding and CPI

To correlate the CPlwith task belief encoding, we used the same set of
Cltesttrials to calculate both CPland estimate the task identity using
the task classifier described above. CPlvalues in 100 ms-300 ms after
stimulus onset and belief encoding values in 400 ms to O ms before
stimulus onset were averaged for all trials in each trial window and
the Mann-Kendall correlation between the resulting two vectors was
calculated (Fig. 5e).

Quantifying suppression of axis representation
We trained a response axis classifier to decode whether the current
task axis was axis 1 or axis 2. The classifier was trained on neural data
from all trials of C1 and C2 tasks with an equal number of trials from
eachresponse direction ontask specific axis (forexample, equal trials
for UL and LR response on axis 1 for Cl task, 36 trials: 9 trials for each
response direction, in each task). All correct and incorrect trials were
used to train and test the classifier. To capture the response period,
the classifiers were trained on the number of spikes between 200 ms
and 450 ms after stimulus onset. As we were interested in measuring
the difference in neural activity between axis of responses, we did not
subtract the mean FR before training the classifier. For Extended Data
Fig.10d,f-i, the classifier was trained to decode response axis using
Sland C2trials.

Tocreate anulldistribution for classifier weights, we randomly per-
muted the response axis labels for a given response direction (1,000
iterations).

Selectivity for axis of response

We used the classifier S weights to group neurons according to their
axis selectivity. Neurons with significantly negative S weights were
categorized as selectively responding to axis 1. Neurons with signifi-
cantly positive S weights were categorized as selectively responding
to axis 2. Neurons without significant S weights were categorized as
non-selective (Extended Data Fig.10a). To determine the significance
ofaneuron’s classifier weight, we compared the observed S weight to
anull distribution (two-tailed permutation test).



To quantify the suppression of neural activity for each category of
neurons, we averaged FRs of neurons in each category during trials
of the C1task when the animal responded on axis 1 or axis 2 (Fig. 5g;
Extended Data Fig. 10e shows the same analysis for the S1 task). This
meant including all trials when the animal responded on axis 1 (both
correctand error) and all trials when the animal responded on axis 2 (all
errors). As the monkeys rarely responded onincorrect axis (Extended
DataFig.2g), the number of trials was limited and so neurons without
any error trials on axis 2 were excluded.

Note that, although neurons were sorted by their activity during the
animal’s response (200-450 ms after stimulus onset), we observed sup-
pression across the entire trial (Fig. 5g). Furthermore, similar results
were seen when a neuron’s axis selectivity was quantified on withheld
trials (for example, in Extended Data Fig. 10d-i, axis selectivity was
defined on S1and C2 tasks and applied to Cl trials).

Decoding response axis during the discovery of the task

We trained a response axis classifier to decode whether the current
task axis was axis 1 or axis 2. The classifier was trained on neural data
from thelast 75 trials of the Cl1and C2 tasks, when the monkey’s perfor-
mance was high (reflecting the fact that the animals were accurately
responding to the correct axis at the end of the block). The classifier
was trained on an equal number of trials from each direction on the
response axis (for example, equal trials for UL and LR response on
axis 1for Cltask; 36 trials: 9 trials for each response direction, ineach
task). Correct and incorrect trials were used to train and test the clas-
sifier. To remove the effect of stimulus processing, the classifier was
trained on neural activity from the fixation period (that is, ~400 to
0 ms before stimulus onset). As we were interested in measuring dif-
ferences between axis of responses, we did not subtract the mean FR
before training the classifier.

Thetask classifier was tested ontrials from the beginning of blocks of
the Cltask. Test trials were drawn from windows of 10 trials, slid every
3 trials, during task discovery (starting from trial 1-10 to trial 66-75).
Overlapping test and train trials from the same task were removed.
Classifiers were tested on pseudopopulations built from trials within
each trial window (two trials: one trial for each response direction on
axis one from task C1).

Quantifying the angle between classifier hyperplanes
To quantify the similarity between the decision boundaries of classi-
fiers trained on different tasks, we calculated the angle between the
hyperplanes defined by their weight vectors. Each classifier produced
aweight vector w;corresponding to the hyperplane that separates the
data pointsaccording to therespective task. We averaged theresulting
hyperplane across resampling repetitions of trials (250 iterations).
The angle 6 between two average hyperplanes, defined by weight
vectors w;and w;, was calculated using the cosine similarity, which is
given by:
W:

cos(0) = L
[Iw;lllw;

The angle 8 was then obtained by taking the inverse cosine of the
cosinesimilarity. Angles close to O°indicate that the classifiers”hyper-
planesare nearly parallel,implying similar decisionboundaries across
the tasks. Conversely, angles close to 90° suggest orthogonal hyper-
planes, indicating distinct decision boundaries.

To measure the angle within the Cl1 task, we calculated the angle
between classifiers trained to classify colour category on the last 50 tri-
alsof C1taskinboththe C1-C2-Cltask sequence and the S1-C2-Cltask
sequence. This ensured that there were no overlapping trials between
training samples. Only correct trials were used in this analysis and train-
ingand test trials were balanced for congruent and incongruent stimuli
(20 trials: 5 trials for each of the four stimulus congruency types).

To measure the angle between the colour category classifier in the
Cltask and the C2task, we trained the classifier onlast 50 trials of task
Cland task C2.

TDR analysis
The TDR analysis requires multiple steps®. Here, we describe each
stepinturn.

Linear regression. We used a GLM to relate the activity of each neu-
ron (y) to the task variables at each moment of time. The full model
was:

y=B,+ B, stimulus colour morph level + 8,
x stimulus shape morph level + B, x time + j, x task S1+ j;
x task C1+ B x task C2+ 3,
x motor response direction on axis 1+ 3,

x motor response direction on axis 2 + B, x reward

where yis the FR of each neuron, zscored by subtracting the mean
response from the FR at each timepoint and dividing it by the s.d. The
meanands.d. were computed across all trials and timepoints for each
neuron.

Bo, By ..., Bo are the regression coefficients corresponding to each
predictor. Predictors were: stimulus colour morph level, coded as -1
for 0% morphlevel, -0.5 for 30% and 170% morph levels, +0.5 for 70%
and 130% morph levels, and +1 for 100% morph level; stimulus shape
morph level, coded as —1for 0% morph level, —0.5 for 30% and 170%
morph levels, +0.5 for 70% and 130% morph levels and +1 for 100%
morphlevel; time, indicating the temporal progression within arecord-
ing session, normalized between 0 and 1 (continuous variable); task
identity, indicating the identity of the task (categorical variable: S1,
C1, C2); motorresponse direction on axis 1, indicating the direction of
the motor response (categorical variable; —1for UL, +1 for LR); motor
response direction on axis 2, indicating the direction of the motor
response (categorical variable; -1for LL, +1for UR); reward, indicating
whether areward was received following the response (binary variable;
1forreward, O for no reward).

The GLM coefficients () were estimated using maximum-likelihood
estimation as implemented by MATLAB’s lassoglm.m function. Inde-
pendent models were fit for each timepoint. To address potential
overfitting, we applied Lasso (L,) regularization to the GLM weights
with regularization coefficients (lambda) values of 0.0015. Correct
andincorrect trials were used in fitting the model.

Population average responses. We estimated the average response
ofthe neural population to each task variable. To calculate the average
neural response to each colour and shape morph level, we separately
averaged trials for within each morphlevel (0,30, 70,100,130, 170) for
eachtask. Tocalculate the average neural response for each response
direction, we separately averaged trials for within each response
direction (UL, UR, LL or LR) for each task. For all task variables, we
smoothed the resulting responsein time with a150 ms Boxcar. Finally,
we z-scored the smoothed average for a given unit by subtracting the
mean across times and conditions, and by dividing the result by the
corresponding s.d.

PCA. We used principal component analysis (PCA) (asimplementedin
MATLAB, pca.m function) to find the dimensions in the state space that
captured most of the variance of the population average response and
to mitigate the effect of noise. We concatenated the average response
across conditions to build matrix X of size (N gngicion % T) X Nuni Where
Neondition 1S the total number of conditions and T is the number of time
samples. We used the first Npc, that captured 90% of the explained
variance to define a de-noising matrix D of size Ny X Nynic-
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Regression subspace. We used the regression coefficients described
abovetoidentify dimensionsin the state space containing task related
variance. We used four task variables to define this space: colour morph
level, shape morph level, response direction on axis 1 and response
direction onaxis 2. For each of these task variables, we built coefficient
vectors ﬁu't(i) corresponding to regression coefficient for task vari-
ablev, time ¢tand uniti. We then denoised each variable vector by pro-
jectingittothe subspace spanned by N,¢, principal components from
the population average defined above.

PCA _
ﬁv,t _Dﬁv,t
We computed ¢,"* for each task variable where norm ofﬁ:fA mat-

rix had its maximum value. This defined the time-independent,
denoised regression vectors.

max

ﬁ max _ PCA
v vty

With¢"* = argmaxt||,8upfA||. To compute orthogonal axes of colour,
shape and response direction on axis 1 and response direction
on axis 2, we orthogonalized the regression vectors " using QR

decomposition.
Bmax = QR

Where the first four columns of Q are orthogonalized regression
vectors ﬁj of four task variables that comprise the regression subspace.

To then estimate the representation of task-related variables in the
neural population, we projected the average population response
(described above) for each colour morph level, shape morph level,
and response direction onto these orthogonal axes.

.
p,.=B, X

Where p, . is the time series with length 7 for each morph levelin a
specific task.

Note that because TDR orthogonalizes task features, it can control
for motor response when estimating the neural response to colour
and shape.

CPI using TDR. To measure the distance between the two prototype
colours (red and green) and the two prototype shapes (tee and bunny).
We first projected the average PSTH for each protype object onto the
orthogonal encoding axes of colour and shape.

n T

pcolour,protoype = ﬁcolour XPTOtOt)’Pe

_pL T
pshape,protoype ~ Fshape XPI’OtOt)’PE

Distance was measured along the orthogonal encoding axis of shape
and colour using projected responses:

colour encoding distance
abs (pcolour,red bunny - pcolour.green bunny) 4
=Avg
abs(pcolour,recl tee pcolour.green tee)

. . abs (pshape,red bunny - pshape,red tee) 4
shape encoding distance = Avg

abs(pshape,green bunny - pshape,green tee)

CPlwas defined asthe log of the ratio of the average colour encoding
distance and average shape encoding distance as described above:

CPI- lOg[avg(colour encoding dlstance)J

avg(shape encoding distance)

Extended Data Fig. 9f reports the average CPIfor 100 ms to 300 ms
since stimulus onset.

Quantifying the angle between colour category and response
direction subspace across tasks using TDR

To quantify the angle between colour category subspace we used
orthogonal task variable vectors defined by TDR. Similar to fitting
a regression model for TDR, we first fit a regression model that
included separate colour, shape and response axis weights for each
task.

y=B,+ B, * Cl task stimulus colour morph level
+ 3, % C2 task stimulus colour morph level
+ B, x S1 task stimulus colour morph level
+ B, x C1 task stimulus shape morph level
+ B x C2 task stimulus shape morph level
+ B, x Sl task stimulus shape morph level
+ B, x S1 task motor response direction on axis 1
+ B, Cl task motor response direction on axis 1
+ B, % C2 task motor response direction on axis 2 + §;, x time

+,, x task S1+ B, x task C1+ B, x task C2 + . x reward.

Models were fit on 200 resamples, each randomly drawing 75% of
alltrials for eachindividual task. For ‘from switch’ conditions, the first
50 trials after switch to each task were used and, for ‘to switch’ condi-
tions, thelast 50 trials inthe blocks were used. Similar to TDR method
described above, we used QR decomposition to find the orthogonal
axesencoding each task variable, but now specific to each task (colour
morphlevel, shape morphlevel, task identity, reward and task specific
axis of response):

max,Cltask _ max,C2task _ max,S1task _
B =Q¢Rer B =QcRc2 B =QgRs;

For eachresampling, the angle between orthogonal axis of colour of
pairs of tasks (C1-C2, C1-S1 and C2-S1) was measured as

1 pl
colour,task i colour, task j
cos(0) = 0 /
H colour, task i Iscolour,tasij

Where i and are task identity of the tasks. Within-task angles
(Extended Data Fig. 9c,d) were computed by randomly taking 200
pairs of resampling regression coefficient repetitions, and finding the
orthogonal axes explained above. All angles were wrapped to 90 deg.
This wasbecause the process of orthogonalization with QR decompo-
sition might result in vectors that are mathematically equivalent but
with aflipped sign compared to the input vectors owing to numerical
choices or conventions.

We used a permutationtest to assess whether the angle between pairs
oftasks was significantly larger than expected by chance. The observed
angle was estimated by fitting the regression model explained above to
alltrials. Tocompute a null distribution for angles, we generated 1,000
permuted datasets by randomly permuting the predictor values rela-
tive to the neural activity and refitting the model. For each permuted
dataset, we computed the angle between task pairs as described above.
Thelikelihood of the observed angle was then estimated by computing
the proportion of permuted datasets that yielded an angle smaller than
or equal to that of the observed angle.



Quantifying whether task representations transfer across blocks
To test whether the task representation was maintained across blocks
(Fig. 4b), we trained a classifier to discriminate between C1 and S1 tri-
als using the last 50 trials of the block. We then tested this classifier in
three ways. First, to quantify the information about the identity of C1
versus S1task, we tested this classifier on withheld trials from last 50
trials of C1and S1tasks (Fig.4b (1)). Second, to quantify how much the
representation of C1and S1tasks transferred to the C2 task, we tested
whether the classifier could discriminate between Cland S1tasks dur-
ing the first 50 trials of the C2 task (that is, comparing C1-C2 versus
S1-C2). Third, to quantify how much the representation of C1 and S1
tasks was transferred to Clor Slin the next block, we tested the classi-
fier on the first 50 trials after the switch in C1and S1 tasks.

For all training and testing, the total number of spikes in the period
-400 to 0 ms from stimulus onset for each trial were used to build
a pseudopopulation. Only correct trials were included in this analy-
sis, and the training and test trials were balanced for congruent and
incongruent stimuli (36 trials: 9 trials for each of the four stimulus
congruency types). Tocompute a null distribution, we generated 1,000
permuted datasets by randomly permuting all task identity values
relative to the neural activity and refitting the classifier.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.
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Extended DataFig.4|Colour category, shape category andresponsedirection
wereencodedinallregions. a, Follows Fig. 2a. Time course of accuracy of
classifier trained to decode the colour category of the stimulus during the C1
task based onneural activity in LPFC. To control for movement, the number of
trialswitheachresponse direction were balanced within each colour category.
Onlytrialswithresponsesonthe correct response axis wereincluded (e.g., Axis
1fortask C1).Lines and shading show mean +s.e.m. classification accuracy after
stimulus onset. Distribution reflects 250 iterations of classifiers. Horizontal
barsalongtop indicate above-chance classification (p <0.05,0.01,and 0.001
for thin, medium, and thick lines, respectively, two-sided permutation test with
cluster mass correction for multiple comparisons). b, Follows Fig. 2c. Time course
ofaccuracy of classifier trained to decode response direction during the C2 task
from neural activity in LPFC. Classifier was trained on abalance of rewarded
and unrewarded trials. Lines and shading show mean + s.e.m. classification
accuracy after stimulus onset. Distribution reflects 250 iterations of classifiers.
Horizontal bars along top indicate above-chance classification (p < 0.05,0.01,
and 0.001for thin, medium, and thick lines, respectively; two-sided permutation
test with cluster mass correction for multiple comparisons). ¢, Asin panela, but
showing time course of accuracy of classifier trained to decode colour category
within C1task. Trials were drawn from the last 100 trialsin the block and balanced
forreward.d, Asinpanel ¢, but for shape category within S1task. e, Follows Fig. 2a.

Time course of accuracy of classifier trained to decode the colour category of
the stimulus. Classifiers were trained for each task and tested on withheld trials
ofthe sametask (coloured lines). Classifiers were trained separately for each
brainregion: Striatum, alT, FEF, and PARineach column, moving left toright.
Lines and shading show mean +s.e.m. classification accuracy after stimulus
onset. Distribution reflects 250 iterations of classifiers. Horizontal bars along
topindicate above-chance classification (p <0.05,0.01,and 0.001 for thin,
medium, and thick lines, respectively; two-sided permutation test with cluster
mass correction for multiple comparisons). f, Follows Fig. 2b. Asin panel e, but
forshape categoryinformation. g, Follows Fig. 2c. Time course of accuracy of
classifier trained to decode response direction for S1 and C1 tasks. Classifiers
were trained separately for each brainregion: Striatum, alT, FEF, and PAR in
each column, moving left toright. Classifiers were trained on abalance of
rewarded and unrewarded trials. Lines and shading show mean +s.e.m.
classification accuracy after stimulus onset. Distribution reflects 250 iterations
of classifiers. Horizontal bars along top indicate above-chance classification
(p<0.05,0.01,and 0.001 for thin, medium, and thick lines, respectively; two-
sided permutation test with cluster mass correction for multiple comparisons).
h, Follows Fig. 2i. Asin panel g, but showing time course of accuracy of
classifier trained on S1task (green) or Cltask (orange) and then tested on the
other task (Cland S1, respectively).
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color category in a generalized manner
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Extended DataFig. 5| Colour category was cross decoded between tasksin
LPFC.a, Accuracy of classifier trained to decode colour category from LPFC
neural activity whentrained on C2 task and tested C1 task (left); trained on C1
task and tested on C2 task (middle); and trained on C1task and tested on Cltask
(right). Top row shows accuracy when using alinear kernel for classifier and
bottom row shows accuracy when using radial basis function (RBF) kernel for
classifier. Lines and shading show mean +s.e.m. over time. Distribution reflects
250 resampled classifiers (see Methods for details). b, As in Fig. 2e, but showing
the cross-temporal cross-task classification accuracy in decoding shared colour
categoryin LPFCwhentrainingon Cltask trials and testing on C2 task trials.

¢, Time course of accuracy of classifier trained to decode colour category on
trials of the C1 task, while balancing motor response (as in Extended Data Fig. 4a).
Classifieristhentested on the C2 task. Note, reduction in decodingaccuracy
reflects thereduced number of trialsand introduction of error trials. Lines
and shading show mean +s.e.m. classification accuracy after stimulus onset.
Distribution reflects 250 iterations of classifiers. Horizontal bars along top
indicate above-chance classification (p < 0.05, 0.01, and 0.001 for thin, medium,
and thicklines, respectively; two-sided permutation test with cluster mass

Time, relative to stimulus onset (s)

correction for multiple comparisons).d, Classifiers are unable to decode response
directionbetween axes. Classifiers were trained to decode response direction
from LPFC neural activity during the C1task (left) or C2 task (right) and then
tested onaccuracy to decode the matched hemifield location during the C2
task (left) or Cltask (right). Lines and shading show mean +s.e.m. classification
accuracy after stimulus onset. Distribution reflects 250 iterations of classifiers.
Horizontal barsindicate above-chance classification (p <0.05,0.01,and 0.001
for thin, medium, and thick lines, respectively; two-sided permutation test with
cluster mass correction for multiple comparisons). e, Asin Fig. 2f, but showing
theaccuracy of classifiers trained to decode colour category from LPFC neural
activity during the Cltask (orange) and S1task (green) and then tested on the
othertask (S1and C1, respectively). Classifiers were trained only on correct trials.
Lines and shading show mean + s.e.m. classification accuracy after stimulus
onset. Distribution reflects 250 iterations of classifiers. Horizontal bars indicate
above-chance classification (p < 0.05,0.01,and 0.001 for thin, medium, and thick
lines, respectively; two-sided permutation test with cluster mass correction for
multiple comparisons).
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Extended DataFig. 6 | Colour category was shared across tasksinasubset
ofregions. a, top, Follows Fig. 2f. Time course of accuracy of classifier trained
todecode the colour category during the Cltask (blue) and C2task (green), and
thentested ontheother task (C2 and C1, respectively). Independent classifiers
were trained for each brain region: Striatum, alT, FEF and PAR (from left to right,
across columns). Classifiers were trained on correct trialsalone. Lines and shading
showmean +s.e.m. classification accuracy after stimulus onset. Distribution
reflects 250 iterations of classifiers. Horizontal bars indicate above-chance
classification (p < 0.05,0.01, and 0.001 for thin, medium, and thick lines,
respectively; two-sided permutation test with cluster mass correction for multiple
comparisons).bottom, Same as top, but using balanced response direction
trialsin each colour category. b, Time course of accuracy of classifier trained to
decode colour category within Cltask and across Cl1and C2 tasks. Classifiers
were trained separately for each brainregion (Striatum, alT, FEF, and PAR in
each column, moving left toright). Lines and shading show mean +s.e.m.
classificationaccuracy after stimulus onset. Distributionreflects 1000 iterations

of classifiers. Horizontal bars along top indicate above-chance classification
(p<0.05,0.01,and 0.001 for thin, medium, and thick lines, respectively; one-
tailed t-test with no correction). c, Comparison of strength of shared colour
categoryresponsesin LPFCtootherregions. All classifiers were trained to
decodecolour categoryin C2 task and then tested on Cltask. LPFC neurons
were down sampled to match the number of neurons included for this analysis
ineach otherbrainregion (110 neurons for Striatum, 195 neurons for alT, 116
neurons for FEF and 54 neurons for PAR). Accuracy was averaged from 50 ms to
150 ms after stimulus onset. Lines and shading show mean+s.e.m.(p <0.05,
0.01and 0.001for*, **, *** respectively; one-sided bootstrap test).d, Follows
Fig.2g. Differenceinthe onset of colourinformation during C1task when
decoded from classifiers trained on Cl1task versus generalized from C2 task
(vertical dashedlines panelsaandf, respectively. p <0.05,0.01and 0.001 for

* ** % respectively; two-sided permutation test. LPFCP=0.5164, alT
P=0.3406,FEFP=0.0009, PARP=0.0009). Boxesrepresentinterquartile range
(25"™75" percentile), and the red horizontal line inside each box is the median.
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Extended DataFig.7|Shared colour categoryin C2 task was transformed
intoresponseonAxis2and not Axis1. AsinFig.3c, but shows cross-temporal
correlationacross trials of shared colour category encoding (trained on Cltask,
tested on C2task) and response direction encoding on Axis 2 (trained on C2
task, tested on C2 task). Thin and thick red linesindicate p<0.05and p<0.001,
respectively, uncorrected two-sided t-test. b, Asin Fig.3d, but correlating shared
colour category encoding (trained on C1task, tested on C2 task) and response
directionencodingon Axis1(trained on Sl task, tested on C2 task). Thin and thick
redlinesindicatep <0.05and p <0.001, respectively, uncorrected two-sided
t-test.c,AsinFig.3e, but average cross-temporal correlation along anti-diagonal
axisin panela (shared colourencodingin C2task predicts response direction
in C2task, blueline) and panel b (shared colour encodingin C2 task predicts
responsedirectioninSltask, redline). Thinand thickredlinesin panelsb, ¢

indicate p<0.05and p <0.001, respectively, two-sided uncorrected t-test.

d, The time course of LPFC neural activity projected on axis encoding colour
category and axis encoding response on Axis 1 for C1 (left), C2 (middle) and S1
(right) tasks. Line colours match the actual colour of the stimuli on the colour
wheel.Neural activityisaligned to saccade onset time. There isno movement
alongthe axisencoding the response on Axis1for S1because there are equal
number of stimuli for each colour morphlevel thatare projected in either
directionin Axis1.e, Asinpaneld, but for LPFC neural activity during S1task,
projected on axis encoding shape and axis encoding response on Axis 1f, Asin
paneld, but for LPFC neural activity projected on axis encoding colour and axis
encodingresponse on Axis 2.g, Asinpanel e, but for LPFC neural activityin task
S1projected onaxis encoding shape and axis encoding response on Axis 2.
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Extended DataFig. 8|See next page for caption.



Extended DataFig. 8| Task sequence affected behavioural performancein
Sland CltasksbutnotinC2task.a, Follows Fig.4a. Comparison of average
behavioural performance of both monkeys on S1taskwhenatthe end of asequence
of S1-C2-S1tasks or C1-C2-S1 tasks. Horizontal barsindicate significant difference
between performanceintwo sequences, p < 0.05,0.01,and 0.001 for thin,
medium, and thicklines, respectively, one-sided chi-squared test, uncorrected
for multiple comparisons across trials. Number of included blocks for S1-C2-S1/
C1-C2-S1sequences were 40/54, respectively. Error bars show mean +s.e.m.

b, Asinpanela, butcomparing average behavioural performance of both monkeys
forS1-C2 and C1-C2 task sequences. Number of included blocks for S1-C2/C1-C2
sequences were 82/87, respectively. Lines and shadings show mean +s.e.m.
c-e,Duringtask discovery, task beliefencoding was inversely correlated with
behavioural performance for shape category and positively correlated with
behavioural performance for colour category. ¢, Follows Fig. 4e. Correlation
between the neurally-estimated task belief (based on task classifier, see
Methods) and shape category behavioural performance in Cltask for S1-C2-C1
tasksequences. Negative correlationreflectsanincreasein the behavioural
performanceinCltask (thus adecreaseinshape performance) whentask beliefis
closertothe Cltask.p<0.05,0.01,and 0.001for thin, medium, and thick lines.
Z-scored Kendall’s tau with permutation test and cluster mass correction for
multiple comparisons acrosstime.d, Asin panel ¢, but for correlation between
the neurally-estimated task beliefand colour category behavioural performance
in Cltask for C1-C2-Cltask sequences e, Asin panel ¢, but for correlation
betweenthe neurally-estimated task beliefand shape category behavioural
performancein Cltask for C1-C2-Cltask sequences. f, Follows Fig. 4b. Classifier
accuracy for decoding theidentity of Cland S1tasks in FEF using last 50 trials
of the C1and S1tasks (left), trials of C2 task (middle), and 50 trials after switch

of Cland S1tasks (right). Numbersinside coloured circles denote corresponding
classificationtaskin Fig.4b. Coloured circles denoted observed values and violins
show shuffle distribution. p <0.05,0.01,and 0.001 for *, **, and ***, respectively,
two-sided permutation test. Similar to LPFC, information about the previous
task was presentin FEF, both throughout the C2 block and the beginning of the
nextblock (60 neurons, Train before switch Cl1and S1, test before switch Cland
S1:64%, p=0.0009; Trainbefore switch Cland S1, test after switch C2: 60%,
p=0.0009; Train before switch Cland S1, test after switch Cland S1: 54%,
p=0.0009). The effect was trendinginalT (not shown; 98 neurons, Train before

switch Cland S, test before switch Cland S1: 56%, p = 0.087; Train before switch
ClandS1, test after switch C2:54%, p = 0.032; Train before switch Cland S1, test
after switch Cland S1: 56%, p = 0.002). There was no significantinformation
aboutthe previoustaskin PAR or Striatum, although this likely reflects alimited
number of neuronsrecordedineachregion.g, Comparison of progression of
colour category classifier accuracy in C1-C2-Cl task sequence (purple) and S1-
C2-Cltasksequence (black) for FEF. Average accuracy was computed using
classifier performancein 200 ms to 400 ms after stimulus onset period. Lines
and shading show mean +s.e.m. classification accuracy after stimulus onset.
Distributionreflects 250 iterations of classifiers. A(average accuracy S1-C2-C1
and C1-C2-Clsequences)=12.7%, p = 0.004, two-sided uncorrected bootstrap
test.On C1-C2-Clblocks, behavioural performancestarts high and only improves
slightly during the block (68% on trial 15to 78% on trial 75in C1-C2-Clblocks,
compared to 58%ontrial 15to 76% on trial 75 in S1-C2-Cl blocks). Given this,
there may not need tobe achangein the strength of colour representation
duringtheblock.Indeed, the competition fromthe shape categoryislow
throughout C1-C2-Clblocks, reflected in the fact that shapeinformationisator
below chancelevels (Fig.4j). In other words, performance may already be ‘optimized’
and therefore achange may not be needed. If true, one mightexpect LPFC to
becomelessengaged as the task becomes more certain. Previous work has
suggested that LPFCis most strongly engaged when cognitive controlis
needed - thatis, when the taskis uncertain®. Therefore, the decrease in task
representations could reflect the engagement of other neural circuits, such as
FEF,asshown here, torepresent the colour category during the C1-C2-Clsequence
incomparisonto the S1-C2-Clsequence. h, Follows Fig. 4h, correlation between
neurally estimated task beliefencoding and shape category encoding
performance in C1task for S1-C2-Cltask sequences. Two-sided uncorrected
permutation test.i, Follows Fig. 4k. Correlation between neurally-estimated
task beliefand decoded response direction during the C1task for S1-C2-C1 task
sequences. There wasaweak correlationbetween stronger beliefencoding and
anincreaseinresponse direction encoding, but it was not significant. Two-
sided uncorrected permutation test. j, Follows Fig. 5b. Both the timing (blue)
and amplitude (black) of the maximum distance along the shape encoding axis
changed over trials as the animals discovered the task. The maximum distance
was estimated by fitting a Gaussian CDF functionto classifier accuracyin each
trial window.
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Extended DataFig. 9|See next page for caption.



Extended DataFig. 9| Colour classifiers were aligned in the C1and C2 tasks.
a, Angle between classifier hyperplanes trained on Cland C2 tasks (blue) and
between classifier hyperplanestrained on split halves of the C1task (black).
Classifiers were trained on n =24 randomly sampled trials for 250 iterations.
Greyshaded regionshows mean +s.e.m. of angles for randomly permuted data.
Horizontal bars along top indicate significant angles with respect to chance
(two-tailed permutation test, cluster corrected for multiple comparisons).
b,Asina,butaverage angle duringsensory response period (100 ms-300 ms
after stimulus onset, blue shaded regionin panela). Error bars show mean +
s.e.m.ofangles forrandomly permuted data.* **, and ***indicate p < 0.05, 0.01,
and 0.001, respectively, one-sided permutation test. c, Angle between the axis
encodingthe colour categoryinpairs of tasks. Axes were estimated using targeted
dimensionality reduction (TDR) using n =480 LPFC neurons (see Methods)
atthe beginning of the block (‘from switch’, orange) and end of the block (‘to
switch’, black). The angle between the colour representation during the C1 task
and C2task was notsignificantly different fromchance at the beginning of the
block ((C1-C2 after switch)=82.27°, p = 0.234) but was significantly lower than
chanceattheend of the block (8(C1-C2 before switch)=71.23°, p = 0.0029). This
isconsistent with the classifier results in Fig. 4f and suggests the C1 colour
representationbecame aligned with the C2 colour representation as the animals
discovered the Cltask.Incontrast, the angle between the colour representation
inSland the Clor C2taskswasnotsignificantly different from chance atany
point (8(S1-Cl after switch)=83.75°, p = 0.101, 8(S1-Cl before switch)=86.067°,
p=0.588,0(S1-C2 after switch)=85.34°,p = 0.358, 8(S1-C2 before switch)=
86.106°,p = 0.780). Thissuggests colour representations are less shared between
the S1task and Clor C2tasks, although this may reflect the reduced colour
responseduring S1. Dashed lines show noise floor estimated by computing
theangle betweenresponse direction axes of repetitions of C1 (blue) and C2
(green) tasks usingall trials during the block (6(within C1) = 29.78°,p =0.0009,
6(within C2) =19.43°,p = 0.0009). Box and whisker plots show distribution of
200 resamples of 75% trials used to fit the GLM model in TDR. Grey plots show
null distribution of 1000 random permutations of 75% of trials used to fit the
GLM model. Allboxes representinterquartile range, red and grey horizontal
linesindicate median, whiskersindicate full extent of data.*, **, and ***,indicate
p<0.05,0.01,and 0.001, respectively, all one-sided permutation tests.d, As in
panel ¢, butshowing the angle between the axis encoding the response location
in pairs of tasks. Consistent with ashared response representation between the
ClandSltasks, theangle between the response axes was significantly lower
than chancebothat the beginningand end of the block of the task (6 (S1-C1
after switch) =40.92°,p =0.0009; 8(S1-Cl before switch) =33.35°, p=0.0009).
In contrast, consistent with orthogonal response representationsin the Clor

Sltasksand C2task the angle between the C2response axisand the Clor S1
response axes were not significantly different from chance (6(S1-C2 after
switch)=86.44°,p = 0.612, 8(S1-C2 before switch)=86.023°,p = 0.715, 6(C1-C2
after switch)=86.28°,p = 0.594, 8(C1-C2 before switch)=83.1203°,p = 0.363).
Dashed lines show noise floor estimated by computing the angle between
responsedirection axes of repetitions of C1(blue) and C2 (green) tasks using all
trials during the block (8(within C1) =12.05°, p=0.0009, 8(within C2) =16.76°,
p=0.0009). Box and whisker plots show distribution of 200 resamples of

75% trials used to fit the GLM model. Grey box and whisker plots show null
distribution of 1000 random permutations of 75% of trials used to fit the GLM
model. Allboxes representinterquartile range, red and grey horizontal lines
indicate median, whiskers indicate full extent of data. *, **, and ***, indicate
p<0.05,0.01,and 0.001, respectively, all one-sided permutation testse-g,
Colour and shape representations were scaled by task beliefin all regions, except
alT.e, Normalized distance on colour and shape axes for LPFC, FEF, PARand alT
(fromleft toright). Axes were estimated using TDR to remove motor responses®
(see Methods). Figure axes show distance of neural response representing
different stimuli, projected onto the shape (y-axis) and colour axes (x-axis).
Neural activity from100ms—400ms after stimulus onset. Points above [below]
thediagonalindicate agreater distance along the shape [colour] axis compared
tothe colour[shape] axis (i.e., greater encoding of shape [colour]). Asin Fig. 5c,
colourrepresentationsin LPFC, FEF and PAR were more separated during C1
and C2tasks while shape representations were more separated during S1 task.
EncodinginalT was not affected by task (colour representation was always
greater and did not scale by taskin the predicted way). f, Compression Index
(CPI) of stimulus representations in LPFC, FEF, PAR and alT, for all three tasks.
CPlwastaken as thelogofthe ratio of the separability of stimuli when projected
onto the colour and shape axes from TDR (averaged in the period 100 ms to
400 ms after stimulus onset). CPl greater than[less than] zero reflects stronger
relative encoding of colour [shape]. g, Follows Fig. 5c. CPl of neural responsesin
FEF, alT and PAR over time, for all three tasks. Here, CPlis taken as thelog of the
ratio of the separability of stimuliin colour and shape subspaces using classifier
encoding axis. CPlin FEF is similar to LPFC, with greater separation of colour
representations during Cland C2 tasks and greater separation of shape
representations during S1task. CPlwasreduced in PAR overall but showed a
similar patternwith greater separation of colourin the C2 task and shapein the
S1task (Clwaslessclear). CPlinalT was close to zero for all tasks. This is consistent
with previous findings? that task-dependent compression of features is
limited insensory regions. Striatum did not show significant colour or shape
informationand so CPlis notreliable.
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Extended DataFig.10|See next page for caption.



Extended DataFig.10 |Neurons encodingresponse on Axis1and Axis2are
suppressed whenirrelevant to the task. a, Classifier weights for classifying
axis of response for Fig. 5g. Classifier was trained to decode response axis using
Cland C2task trials. Neurons with significant weights for Axis1and Axis 2 are
denoted with green and orange dots, respectively. Non-selective neurons are
denoted withgrey dots. b, Follows Fig. 5g, time course of average firing rate for
non-selective neuronsin LPFC. Inset shows p-value of differencein firing rate
when animal responded on Axis1compared toresponding on Axis 2 (two-sided
paired t-test). Lines and shading show mean +s.e.m.c, Follows Fig. 5g, time course
of average firing rate of neurons when the animal responded on Axis 1 (dashed)
or Axis 2 (solid). Neurons were grouped by their preferred response on Axis 1
(left) or Axis 2(right). Shaded blue box indicates the time period used to define
the neurons preferred response axis (200ms-450ms after stimulus onset). Lines
and shading show mean +s.e.m, over time. d, Follows Fig. 5g. Average firing rate
of LPFC neurons during trials when the animal responded on Axis1(green) and
Axis 2 (pink). Three panels show responses of three categories of neurons: those
thatresponded most strongly on Axis 1 (left), Axis 2 (middle), and were not
selective (right) in LPFC. To characterize axis selectivity, classifier was trained
to decoderesponseaxis using trials fromSland C2 trials and then firing rate was
estimated on withheld Cl trials. Inset shows p-value for of difference between
firingrateinresponse on Axisl1and response on Axis 2 trialsin time periods
-600ms-0Oms (lower bracket) and —-600ms-600ms (upper bracket) after stimulus
onset. Note, tests are performed pairwise within each neuron (two-sided paired

t-test), whereaslines and shading show meanresponse across neurons, +s.e.m,
overtime. e, Asin paneld, but axis selectivity was defined by training a classifier
to decoderesponse axis using trials from Cland C2 trialsand then firing rate was
estimated on withheld S1trials. Inset shows p-value for of difference between
firing rateinresponse on Axisland response on Axis 2 trialsin time periods
-600ms-0Oms (lower bracket) and —600ms-600ms (upper bracket) after stimulus
onset (two-sided paired t-test). Lines and shading show mean £ s.e.m, over time.
f-i, AsinFig. 5g, but shown for f, FEF; g, alT; h, PAR and i, Striatum. Similar to
LPFC, Axis1and Axis 2 selective neuronsin FEF, alT and PARwere suppressed
duringresponse on opposite axis. Lines and shading show mean + s.e.m. firing
rateacross individual neurons for eachregion. Inset shows p-value for of difference
betweenfiringrateinresponseonAxis1and response on Axis 2 trialsin time
periods -600ms-0Oms (lower bracket) and -600ms-600ms (upper bracket)
after stimulus onset (two-sided paired t-test). j, Asin Fig. 5h, but shows classifier
accuracyindecoding the response axis for all brain regions. Darker to lighter
colour show progressionin trial blocks of 10 shifted by 3 trials from switch trial
in Cltask. Lines show mean classification accuracy after stimulus onset for
250iterations of classifiers. Arrows indicate the time course of example trials.
k, Classifieraccuracyindecoding the response axis for all brainregions. Decoding
using neural activity in—400ms to O ms before stimulus onset period. Linesand
shading show mean +s.e.m.classification accuracy across 250 iterations of
classifiers.
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Axensten P, chi2test (https://www.mathworks.com/matlabcentral/fileexchange/16177-chi2test), MATLAB Central File Exchange (2007).
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Processed data have been deposited on the FigShare archive and can be accessed at https://figshare.com/articles/dataset/
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Research involving human participants, their data, or biological material

>
Q
S
(e
=
)
o
o)
=
o
=
—
@
§o)
o)
=
>
Q@
wv
c
S
3
Q
<L

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A
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Sample size As detailed in the manuscript, a total of 1,081 neurons were recorded from 5 brain regions across 2 animal subjects. The number of subjects
(2) and the number of neurons recorded per region (64-480) follows previous work using similar approaches (e.g., Panichello and Buschman
et al, 2021, Buschman and Miller, 2007; Mante et al, 2013; Siegel et al, 2015).

Data exclusions  To ensure statistical power, neurons were omitted from specific analyses if they did not meet a predetermined number of trials in any
condition of interest. This exclusion criterion was predetermined and is delineated for each analysis in the methods section. Additionally, units
that were only partially detected during recording sessions were excluded. All analyses presented in this manuscript were conducted on
individual neurons, isolated based on their waveform.

Replication Independent experiments were performed in 2 animals, with 1,081 neurons recorded across 34 days. All data was included (except for
exclusions noted above). There were no failed replication attempts (i.e., no animals failed to learn the task). Neural recordings were
excluded only if the animals did not perform predetermined number of blocks during a recording session.

Randomization  Each animal underwent exposure to every task manipulation. Task orders and trial conditions were randomized across trials within each
session. Neurons were recorded without bias. Electrodes were positioned to optimize the signal-to-noise ratio of the electrophysiological
signal without consideration of neural type or selectivity.

Blinding Since all animals were allocated to a single experimental group, blinding was neither necessary nor feasible during behavioral training.
Experimenters were blinded to experimental conditions while recording neurons and sorting waveforms into individual neurons.
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Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Two adult male rhesus macaques (Macaca mulatta) participated in the experiment. Monkeys Si and Ch were between 8 and 11 years
old and weighed approximately 12.7 and 10.7 kg, respectively.

Wild animals No wild animals were used in this study.
Reporting on sex Both animals were male.
Field-collected samples  No field-collected samples were used in this study.

Ethics oversight All experimental procedures were approved by the Princeton University Institutional Animal Care and Use Committee (protocol
#3055) and were in accordance with the policies and procedures of the National Institutes of Health.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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