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A hallmark of intelligence is proficiency in solving new problems, including those
that substantially differ from previously seen problems. Problem solving inturn
depends on the goal-directed generation of novel ideas and behaviours', which has

been proposed toinvolve internal representations of discrete units (or symbols)
that can be recombined into numerous possible composite representations'™.
Although this view has been influential in cognitive-level explanations of behaviour,
definitive evidence for a neuronal substrate of symbols has remained elusive.

Here we identify a neural population that encodes action symbols—recombinable
representations of discrete units of motor behaviour—in a specific area of the
frontal cortex. In macaque monkeys performing a drawing-like task, we found
behavioural evidence that action elements (strokes) exhibit three crucial features
thatindicate an underlying symbolic representation: (1) invariance over low-level
motor parameters; (2) categorical structure, which reflects discrete action types;
and (3) recombination into novel sequences. Based on simultaneous neural
recordings across eight regions of the motor, premotor and prefrontal cortex, we
identified population activity specifically in the ventral premotor cortex that encodes
planned actions in amanner that also reflects invariance, categorical structure

and recombination. These findings reveal a neural representation of action symbols
localized to the ventral premotor cortex and a putative neural substrate for

symbolic operations.

Understanding the mechanisms of intelligence requires an explana-
tion for generalization, especially to situations or problems that con-
siderably differ from those previously encountered. For example, if
asked to draw an animal that does not exist, children can generalize
from previous experience to produce an imaginary animal, such as a
dog-like creature withsix legs, three camel humps and three pig tails®.
Aninfluential hypothesis for this ability is that such generalization
dependsonaninternal representation of discrete units (symbols) that
canberecombinedinto composite representationsinaprocess called
compositional generalization'”. Symbols enable the combinatorial
derivation of numerous possible novel representations from a few
reused components (for example, animal =1torso + 8 arms + 4 legs).
This hypothesisis notrestricted to concepts explicitly represented as
symbol systems in language, computer programs and mathematics
but may alsobe broadly applicable to abilities that are not superficially
symbolic**”.In humans, these include geometry®, handwriting®, draw-
ing'®, dancing", musicianship® and speech™. In nonhuman animals, such
abilities may include reasoning (logical’, spatial®®, physical’, numerical®
and social'*), object manipulation and tool use®, artificial grammar
learning'® and communication".

Despite behaviour implicating the existence of symbolic represen-
tations, we lack definitive evidence for whether and how symbols are
implemented in neural activity. Furthermore, itis uncertain how sym-
bols reconcile with other mechanistic theories of cognition, including
those based on distributed processing in neural networks'®*?, dynami-
cal systems?® and cognitive maps®?. Given that symbols are discrete
representational units that are recombined, a neural population that
represents symbols should exhibit at least three essential proper-
ties: (1) invariance, (2) categorical structure and (3) recombination.
Invariance means that activity isindependent of variables irrelevant to
the task goal. Categorical structure means that there is expression
of one distinct activity pattern per symbol and a bias towards these
discrete patterns even with continuous variationsin task parameters.
Recombination implies that the activity pattern of a symbol should
reoccur in all contexts in which it is composed with other symbols.

Neural recordings during cognitive tasks have revealed a diver-
sity of invariant representations, including of rules®?*, actions*?¢,
sequences®?, numerical concepts®, perceptual categories®, cogni-
tive maps? and other high-level concepts®. Moreover, specific brain
regions have been associated with such representations, including

'Laboratory of Neural Systems, The Rockefeller University, New York, NY, USA. ?Center for Brains, Minds and Machines, Cambridge, MA, USA. *The Price Family Center for the Social Brain, The
Rockefeller University, New York, NY, USA. “Department of Neurosurgery, University of Kansas Medical Center, Kansas City, KS, USA. *Department of Cell Biology and Physiology, University of
Kansas Medical Center, Kansas City, KS, USA. °Biosciences Institute, Newcastle University, Newcastle upon Tyne, UK. "Department of Neurology, University of Rochester, Rochester, NY, USA.
8Center for Neural Science, New York University, New York, NY, USA. °Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology, Cambridge, MA, USA. ®e-mail: ltian@

rockefeller.edu; wfreiwald@rockefeller.edu

Nature | www.nature.com | 1


https://doi.org/10.1038/s41586-026-10297-x
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-026-10297-x&domain=pdf
mailto:ltian@rockefeller.edu
mailto:ltian@rockefeller.edu
mailto:wfreiwald@rockefeller.edu

Article

a b Motor invariance Categories Recombination
Image Drawing Images Images Drawings
Images Drawings )

+J+G || G

o G
OO GC

pS
N

Action symbols Symbols
Drawings o %
Symbol |U|U 4 | | ‘.O
<] Symbols
¢ Hold Plan Draw Finish d '
[ {"Gocue | [ Strokei | [Stoke2 | [Stroke 3 ) 777 Events l\
Press and S ) 2 L ¢ - > i
hold =) | : I:l Epochs
. £ | Fash /-t\ N S O L e
Hold Done button Press
0.8-2.1s I No time limit I
e Shapes
e — | NTICLAVNAUO R VW I<(CS =D
- 4cm
Primitives
g e =1 /N A ANNNND 2 v >)
3 el
e = [ /N LAMVNAVGRvnI<C S
f A v g *x
Max St = S2 08 ol
el
gi Aq'ﬁﬁ Q’\ ‘ﬂ {!O ' 5,8 %?
Min e® Zao « e e I NV \J \UJ .ié
T 2
e AV AL -
k] 0
2 5 -14 T M W Y&O w Same shape? Y Y N
Y

Fig.1|Learned stroke primitivesinadrawing-like task paradigm.

a, Schematic of the experiment. The subjects (S1and S2) draw images by
tracingonatouchscreen, with no cues for what strokes to make (for example,
stroke type and order). We tested whether strokes are internally represented
aslearned actionsymbols. b, Schematic of three essential properties of
symbolic representation:invariance, categorical structure and recombination.
Predictions accordingto the action symbol hypothesis are shown. Alternative
predictions areshownin Fig.2a,fk. ¢, Schematic of the trial structure, showing
three discrete events (dashed boxes) and sustained epochs (solid boxes).
Hold: press and hold astart button, which enforces a consistent posture. Plan:
thesubjects see theimage but must maintain their hold on the start button.
Draw:the subjects produce strokes. Black arrows represent ‘ink’ (visible to the
subject) marking touched locations. The subjects can report completion
atany time by pressing the donebutton. They receive ajuice reward based

the prefrontal cortex (PFC)>*** and the medial temporal lobe?*%*>°,

However, itis unclear whether these activity patterns exhibit the other
properties expected of symbols. First, with a few exceptions®, previ-
ous studies rarely assessed categorical structure by testing system-
atically whether activity varies discretely with continuous variation
in task parameters. Second, evidence for recombination in activity is
alsorare, with a notable exception being hippocampal neurons that
encode novel spatial paths that seem to reuse parts of experienced
paths®*2, However, whether these continuous paths reflect arecom-
bination of discrete components is unclear. Third, the tasks in these
hippocampal and other studies of invariant representations generally
lack tests of compositional generalization. Consequently, itis unclear
whether and how identified activity patterns support compositional
processes. Thus, we still lack evidence for a neural representation of
symbols. That is, activity that jointly exhibits invariance, categorical
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mainly ondrawing accuracy (Methods). Note that here, buttons always refers to
touchscreenbuttons. d, Photograph duringin-cage training. The metal tube
isthereward spout. e, Learned stroke primitives for each shape. Stroke onsets
are marked with a circle. Grey shading marksimages for which the subjects did
notreadily learn primitives, either because they used two strokes or used one
strokeinavariable manner (Methods). Drawings averaged over 15 trials. f, Four
exampletrials per subject for the ‘circle’ primitive, depicted spatially (top) and
temporally (bottom). g, Summary of stroke trajectory distances for trial pairs
defined along two dimensions: same shape (yes (Y) or no (N)) and same subject
(yesorno).Shownis aviolin plot of kernel density estimates, with the inner
box plots showing medians and quartiles.n=300 (same shape, same subject:
YYand YN; 15 shapes x 10 trials x 2 subjects),n=4,200 (NY; 15shapes x 10
trials x 14 other shapes x 2 subjects). ***P=6.10 x 10, two-sided Wilcoxon
signed-rank test (W=0,n=15shapes, averaged over trials and subjects).

structure and recombination in the behavioural setting of composi-
tional generalization.

To search for such a representation, we developed a task that
involved symbol-based compositional generalization implemented
in macaque monkeys (Fig. 1a,b). This task includes the generation of
novel, goal-directed action sequences, an ability that is thought to
ofteninvolve the recombination of discrete units of motor behaviour,
oractionsymbols, into sequences’ "%, For example, imitating adance
may depend on symbolic representations of dance poses'. Action
symbols are also essential to various computational models of action
sequencing, including in handwriting®, drawing'’, object manipula-
tion**and tool use®, and may be related to movement segments identi-
fied in naturalistic animal behaviours'**¥, Thus, a task that requires
compositional generalization in action sequencing may be ideal for
studying the neural basis of action symbols. Here we establish such



atask and then, through behavioural and neural analyses, identify
aneural representation of action symbols in the ventral premotor
cortex (PMv).

Learned stroke primitives in a drawing-like task

Modelled after studies of drawing'® and handwriting®, we trained two
macaque monkeys (subject 1and subject 2) to draw varied geometric
figures by tracing on a touchscreen (Fig. 1a,c,d and Supplementary
Videos 1-10; the setup isillustrated in Extended Data Fig. 1). The sub-
jectswererewarded foraccurately copying the target image (assessed
primarily using the Hausdorff distance; Methods).

The subjects practised a diverse set of simple shapes, each using
one stroke (Fig. 1e). Although we did not force them to use particular
spatiotemporal trajectories (that is, strokes), through practice, each
subjectlearned aset ofidiosyncratic strokes, one for each shape, which
we call the subject’s primitives (Fig. 1e). To analyse the primitives, we
devised a pairwise trajectory distance metric based on the Euclidean
distance between the normalized velocity time series of the two strokes
(Methods). For each subject, each shape was consistently drawn with
the same primitive (Fig. 1f,g), and different shapes were drawn with
distinct primitives (Fig.1e-g). A further decoding-based analysis con-
firmed that the primitives were easily distinguishable on the basis of
single-trial trajectories (Extended DataFig.2). The primitives were also
unique to each subject, because subject 1and subject 2 used different
primitives even for identical shapes (Fig. le-g).

Totest whether theseidiosyncratic primitives reflect action symbols,
we analysed how the subjects generalize to draw new figures that assess
three symbol properties: motor invariance, categorical structure and
recombination (Fig. 1b).

Primitives exhibit motorinvariance overlocation and
size

Symbols are expected to exhibit motor invariance, with the idiosyn-
cratic trajectory of each primitive generalizing across motor param-
eters (for example, muscle activity patterns), as in handwriting and
other skills®. To test this possibility, we presented each shape at varying
sizes and locations that are known to drive variation in motor corti-
cal and muscle activity (Methods). If there is invariance, trajectories
across location and size will be similar (Fig. 2a, symbols). Alternatively,
ifresponses were memorized for each stimulus, then the subjects would
have difficulty generalizing, asin overtrained behaviours® (Fig. 2a, fail).
A third strategy would involve prioritizing efficiency by minimizing
movement from the starting location, which would lead to different
trajectories (Fig. 2a, efficient). We found that stroke trajectories were
similar across locations and sizes (Fig. 2b-e), thereby indicating motor
invariance.

Primitives exhibit categorical structure

If primitives reflect categorically structured symbols (discrete action
types, suchas strokes in Chinese characters or phonemes in speech®),
we anticipated that the subjects would be biased towards using their
primitives when challenged with new figures that interpolate (or
morph) between learned shapes (Fig. 2f, symbols). By contrast, if the
subjects trace figures closely without interpreting them as symbols,
we anticipated that the drawings would closely match theinterpolated
figures (Fig. 2f, tracing). We presented images randomly sampled from
morph sets, whereby each set had two practised shapes and four to
five morphsbetween them. We tested whether the resulting drawings
reflect categorical structure by assessing two behavioural hallmarks
(Fig. 2f, symbols): a steep sigmoidal relationship between image and
drawing variation® and trial-by-trial variation between two distinct
primitives given the same image on the boundary between categories.

Thebehaviour of the subjects exhibited both hallmarks of categorical
structure. Inthe examplein Fig. 2g (additional examples are provided
in Extended Data Fig. 3), the images morphed between two practised
shapes, aU shape (morphi) and a circle (morph vii). We defined the
category boundary as the morph thatinduced trial-by-trial variationin
behaviour (morphv). Drawings for morphs to the left of that boundary
(unambiguous trial condition 1, U1) were similar to primitive 1 (prac-
tised trial condition 1, P1), and drawings to the right (U2) were similar
to primitive 2 (P2) (Fig. 2g). This patternwas evident astwoblocksina
matrix of pairwise trajectory distances (Fig. 2h). We devised a primitive
alignment score, which quantifies the relative similarity of a draw-
ing to P1 (alignment = 0) and P2 (alignment = 1) (details in Fig. 2i and
Methods). Primitive alignment exhibited a sigmoidal relationship with
morphnumber (Fig. 2i) and discrete trial-by-trial variation for morphs
at the category boundary (morph v, Fig. 2i). These effects—sigmoidal
nonlinearity and trial-by-trial variation—were consistent across the
subjects and morph sets (Fig. 2j). Thus, behaviour reflects categorical
stroke types.

Primitives are recombined into sequences

Ifthe subjects represent primitives as symbols, they should recombine
primitives to construct multistroke drawings. We tested this possibility
intwo tasks that challenged the subjects with complex figures, includ-
ing novel ones. The first multishape task used figures that combined
two to four disconnected shapes that could be drawn inany order. For
thistask, we predicted two approaches that could be used to perform
the drawings. One strategy would be to use a single trajectory that effi-
ciently traces over all shapes with appropriately timed screen touches
and raises to make the strokes (single trajectory, Extended DataFig. 4a).
Behaviour would be biased to minimize the movement distance ingaps
between shapes. A second strategy would be to recombine learned
primitives at the cost of potentially longer gap distances (symbols,
Extended Data Fig. 4a). The subjects recombined primitives at the
costof longer movementsin gaps, a pattern consistent with asymbolic
representation (Extended Data Fig. 4b).

The second task used complex figures called characters. Although
characters were designed by connecting multiple simple shapes, the
subjects were not forced to use primitives that matched these shapes.
Moreover, characters had ambiguity in being consistent with multiple
possibleinterpretations of the composition of their shape components.
We considered four possible outcomes (Fig. 2k): failure to draw these
novel figures (failure); success using a single trajectory (single trajec-
tory); success using multiple strokes notin the set of learned primitives
(nonsymbolicstrokes); or success while reusing primitives (symbols).

The drawings were consistent with symbols. The subjects success-
fully drew novel characters and did so using multiple strokes (Fig. 2I
and Supplementary Videos 1-10), thus contradicting the failure and
single-trajectory predictions. Given the same images, the two subjects
produced different drawings (Fig. 21), which raised the possibility that
they reused their own primitives. To directly test this idea, we quanti-
fied how often the strokes closely matched each subject’s own primi-
tives using a trajectory-distance-based classification procedure that
labelled each stroke as either similar to a specific primitive (match)
or as failing to match any primitive (nonmatch; Methods). The result-
ing matches are shown as examples in Fig. 2m,n and as a frequency
distribution in Fig. 20.

Most strokes were classified as matches to each subject’s own primi-
tives (>82% for both subjects, Fig. 2p), even for novel characters (>74%,
Fig.2p). Two control analyses tested how specific these matches were
to eachsubject’sown primitives. First, we asked how often the strokes
matched the other subject’s primitives and found that this was rare
(<21%for novel characters, Fig. 2p). Second, we asked how often strokes
matched simulated ‘remixed’ primitives designed to resemble each
subject’s own primitives in their subparts (first and second halves)
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Fig.2|Behavioural evidence for action symbols based on motorinvariance,
categoricalstructure and recombinationintosequences. Dataare shown
for motorinvariance (a-e), categorical structure (f-j) and recombination (k-p).
a, Schematic of the experiment testing motor invariance, with three possible
drawing outcomes. Shapesvary insize (some novel) and location. b, Example
drawings for the circle shape (nine total trials, three in each subpanel), varying
inlocation (left (L), middle (M) or right (R)) and size (small (Sm), medium (Me)
orlarge (La)) from S2. ¢, More example drawings. d, Mean trial-level pairwise
trajectory distance between each shape-location-size condition (n =9 trials
per condition). e, Summary of pairwise trajectory distances (trial versus
shape-size-location condition). Shown are kernel density estimates, with
medians and quartiles. n = 648 trials (same shape, size and location: YYY),1,296
(YNY),1,296 (YYN), 2,592 (YNN) and 5,184 (NYY).***P<0.0001 (NYY versus
others). Statistical detailsarein the Methods. f, Schematic of the experiment
testing categorical structure, using novel images that morph parametrically
between two well-practised shapes. Two hypotheses for possible drawings are
shown. g, Example drawings foramorphset varyingbetweenimage i (100% U,
0% circle) and image vii (0% U,100% circle). Trial conditions were labelled as
practised (P), unambiguous (U) orambiguous (A). h, Pairwise trajectory
distances forthemorphseting. Categoryboundaryisdefined asthe morph
thatled to discrete drawing variation (n = 5-30 trials). i, Single-trial primitive
alignment versus morph number for the setin g (n =5-30 trials). Primitive
alignmentis defined as d,/(d, + d,), where d, and d, are the average trajectory
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distancestoPland P2, respectively. Note that applying the primitive alignment
scoretoimagesinstead produced alinear relationship with morph number
(Extended DataFig. 3c).j, Summary of primitive alignment across experiments,
using both drawing trajectories (black) and image data (green, mean and

95% confidenceinterval; rescaled so that end points match drawing scores);
n=20morphsets (S1:13,52:7). “##P=1.91 x 10~ (sigmoidal nonlinearity);
***p=1.91x10" (trial-by-trial switching). Statistical detailsin the Methods.

k, Schematic of the experiment testing recombinationin the character task, with
four possible drawing outcomes. There are multiple ways to reuse primitives
(symbols). I, Example drawings, with strokes colour-coded by the best match
fromeach subject’s own primitives, which are plotted underneath.m, Example
strokes assigned to the reversed C primitive, ranging from the best to the worst
match. Red background, failure to have high-quality match to any primitive.
Dataare for S1.n, Example strokes and their matching primitives, ordered from
high (top) to median (bottom) quality match. Dataare for S1. 0, Match frequency
distribution by primitive. p, Summary of primitive reuse for characters
performed by both subjects, showingthe proportion (meanand 95% confidence
interval) of strokes (data) matching a primitive from each of the subjects’
primitive sets (S1and S2) and three simulated sets that remix subparts of
primitives; n (characters) =133 (S1, practised), 90 (S1, novel), 70 (S2, practised),
135(S2, novel).***P< 0.0001 (own set versus others). "*#*P<0.0001 (own remixed
set versusothers). Statistical detailsin the Methods.
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Fig.3|Multiareaneuronal recordings across the frontal cortex.
a,Recordings were targeted to the right frontal cortex, contralateral to
thedrawinghand. As, arcuate sulcus, cs, central sulcus; D, dorsal; ps, principal
sulcus; R, rostral. b, Floating microelectrode arrays (32-channel, Microprobes)
toscale onathree-dimensional rendering of the brain (for S1). SMA and preSMA
electrodes were angled to target the medial wall. For S2 and details on medial
walltargeting, see Extended DataFig. 6. We targeted regions associated with
the following functions: planning and control of movements in M1, PMd

and PMv?; abstraction and reasoningin dIPFC and vIPFC?*** and FP; and
sequencingin SMA and preSMA* (details in the Methods). Werecorded

48.4 £19.9 units perarea(meanands.d.) for S1and 48.0 +16.0 for S2. ¢, Average
activity across trials, grouped by brain area and split by unit (inner rows;

both single-unit and multiunit). Trials were aligned by linear time-warping
(Methods). Activity was z-scored relative to the baseline (preceding image
onset) and units were sorted by activity during planning, in a cross-validated
manner (Methods). Dataare for S2.

butnotintheir entiretrajectories (Extended DataFig. 5). Strokes infre-
quently matched these remixed primitives (<43% for novel characters,
Fig.2p). Combined, these analyses show that character strokes resem-
ble each subject’s own primitives (first analysis) in their idiosyncratic
trajectories (second analysis). Thus, the subjects drew novel figures
by recombining their own primitives.

Multiarearecordings across the frontal cortex

These behavioural findings indicate that stroke primitives have an
underlying symbolic representation. We next searched for neural activ-
ity that corresponded to such arepresentation. We recorded neurons
simultaneously across multiple areas of the frontal cortex using chroni-
cally implanted multielectrode arrays (16 32-channel arrays; Fig. 3a,b
and Extended Data Fig. 6). We targeted eight regions associated with

motor, planning and other cognitive functions (details in Fig. 3b and
Methods). We found clear task-related activity in all areas except the
frontopolar cortex (FP) (Fig. 3c). Furthermore, these activity patterns
differed across areas with respect toimage onset, planning and move-
ment (Fig. 3¢c). For example, many units (each a single neuron or afew
combined neurons; Methods) in the ventrolateral prefrontal cortex
(VIPFC), dorsolateral prefrontal cortex (dIPFC), dorsal premotor cortex
(PMd) and PMv exhibited rapid responses locked to image onset and
varying activity during the planning epoch. By contrast, the primary
motor area (M1) had strong movement-related activity during the stroke
epoch. Wetested whether activity encodes primitivesinamanner exhib-
iting motor invariance, categorical structure and recombination. We
found that each of these properties was strongestin asingle area: PMv.

Motor-invariant encoding of primitives in PMv

Inthe single-shape task, we analysed activity during the planning epoch
(between image onset and the go cue) as the subjects drew primitives
thatvariedinlocation (Fig. 2a-e). PMv activity varied depending on the
planned primitive, withrelatively little influence of location. For exam-
ple, theunitinFig.4a,bfired strongest for the rotated L primitive (black)
regardless of location. Population activity, visualized using a linear pro-
jectiontotwo dimensions (a primitive-encoding subspace; Methods),
showed strong variation with the primitive but not with the location
(Fig.4c,d). Forexample,ineachlocation, activity for each primitive sepa-
rated afterimage onset and did soin asimilar manner acrosslocations
(Fig.4d). By contrast, concurrent activity in dIPFC (an areaimplicated
in executive function) reflected location, with minimal effect of the
primitive (Fig. 4e-h). Location-invariantencoding was apparentin PMv
(and not other areas) even for individual trials (Extended Data Fig. 7).

To quantify the extent to which primitives and locations were
encodedinactivity, we devised neural distance: a Euclidean-distance-
based metric of population activity dissimilarity between any two
primitive-location conditions (details in Fig. 4i and Methods). In PMyv,
neural distances between primitives computed in manner that con-
trols for location (primitive encoding) were higher than distances
between locations controlling for primitives (location encoding).
This pattern was evident as off-diagonal streaks in a matrix of pair-
wise distances (Fig. 4i and quantified in Fig. 4j, left column). IndIPFC,
the opposite was true, whereby there was low primitive encoding and
high location encoding, which was evident as four diagonal blocks
in the distance matrix (Fig. 4i and quantified in Fig. 4j, left column).
Summarizing across areas (Fig. 4j, right column, with statistics in
Extended Data Fig. 8), PMv was the only region with strong primitive
encoding and weak location encoding.

To directly test that PMv neural population code for primitives is
similaracrosslocations, we used adecoding approach. We found that
alinear decoder that we trained to decode primitives at one location
using PMv activity generalized well to decode primitives in held-out
locations® (Fig. 4k).

We performed two other tests of invariance. First, during the ini-
tial reaching movement between the go cue and the stroke onset,
when motor areas strongly encode reach direction*’, we found
location-invariant encoding of primitives in PMv. By contrast, activ-
ity in M1, PMd and supplementary motor area (SMA) mixed primitive
and location encoding (Extended Data Fig. 9). Second, PMv population
activity during planning encoded primitives ina manner alsoinvariant
to size (Extended Data Fig. 10).

Categorical encoding of primitivesin PMv

When we combined the task that tests categorical structure (Figs. 2f-j
and 5a) with recordings, we found that PMv activity during plan-
ning diverged towards separate primitive-encoding states depen-
ding on what primitive the subject will draw (Fig. 5). After image
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Fig.4|Location-invariantencoding of primitivesin PMv. Datashownare
for PMv (a-d,i), dIPFC (e-h,i) and all areas (j,k). Size invariance isshown in
Extended DataFig. 10. a, Raster plot for an example PMv unit. Trials (inner rows)
are grouped by primitive and location. Holding finger ‘fixation’ is enforced
throughout the duration (go cueat1.1-1.5s).b, Firingrates (meanands.e.m.)
for the example unit (n =13-20 trials). c, Mean PMv populationactivity in
primitive-encoding principal components (PCs), z-scored relative to before
theimage onset.d, Mean PMv population trajectory, with the timeline in the
grey box (xindicates image onset). e, Analogous toa, but for adIPFC unit.

f, Analogous tob, but for the dIPFC unit. g, Analogous to ¢, but for dIPFC.

h, Analogous tod, but for dIPFC, plotting PC1and PC2to emphasize the

main effect of location. i, Pairwise neural distance between primitive-location
conditions, for the sessionina-h, averaged over time (0.05-0.6 s); n =13-20
trials. Neural distance is defined as the mean pairwise Euclidean distance
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between all across-condition trials, subtracting within-condition Euclidean
distances, whichranges between 0 (no difference) and 1(ceiling, 98th percentile
of all pairwise Euclidean distances). j, Primitive and locationencoding. Left,
individual primitive-location conditions; n =38 (S1, aggregating 2 sessions)
and 60 (S2, 3 sessions). Right, mean values. Colour denotes significance: the
number of other areas ‘beaten’in pairwise tests of primitive and location
encoding, ranging fromlow (0) to high (7); legend ininset heatmap. For statistics,
data points were unique pairs of primitive-location conditions pooled across
sessions (2 for S1; 3 for S2); primitive: n =93 (S1), 288 (S2); location: n =114 (S1),
132(S2). For exact statistics, see Extended Data Fig. 8a,b. k, Across-condition
decoder generalization for primitive (red) and location (grey), with schematic
oftrain-test split (top). Accuracy isrescaled between O (chance) and1(100%).
Horizontal lines, within-condition decoding.
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Fig.5|Categorical encoding of stroke primitivesin PMv. a, Schematic

of the experiment (detailsin Fig. 2g). b, PMv mean population trajectories
(practiced (P1, P2) and unambiguous (U1, U2) trial condition), preceding the
go cue (occurringat1.2-1.6 s). The trajectory legend isshown below; n =14-30
trials. Prim 1, primitive 1; Prim 2, primitive 2. ¢, PMv mean population trajectories
(ambiguoustrials (A1, Al)) for morphv, coloured by whether the subject will
draw primitive1(Al) or primitive 2 (A2), overlaid onthesamePCsasinb;n=9
(A1) and 5 (A2) trials.d, Pairwise neural distances for PMv activity (n=5-30
trials). e, PMv primitive alignment for trialsin the example experimentina-d;
n=>5-30trials.f, Summary of PMv primitive alignment versus trial condition.

onset (the x icon in Fig. 5b), activity for trials planning primitive 1
(morphsi-iv) separated from trials planning primitive 2 (morphs vi
and vii). Similarly, for the ambiguous image at the category boundary
(morph v), trajectories separated towards these two states depending
onwhether the subject was planning to draw primitive 1 or primitive 2
(ambiguous trial condition1 (A1) and A2, respectively, in Fig. 5¢c).

We quantified this separation by first computing the Euclidean dis-
tance (averaged over the planning epoch) between each pair of trials
and then scoring each trial with its primitive alignment: d,/(d; + d,),
where d, and d, are the average Euclidean distances to P1and P2 tri-
als, respectively. This calculation revealed the same two hallmarks
of categorical structure seen in behaviour: sigmoidal nonlinearity
and trial-by-trial switching. Sigmoidal nonlinearity was evident in
the matrix of pairwise neural distances as two main blocks separated
by the category boundary (Fig. 5d) and in the plot of primitive align-
ment versus morph number (Fig. 5e,f). Trial-by-trial switching between
primitive-representing states for ambiguous images was evident in
the matrix of pairwise neural distances (Fig. 5d, Al relatively close to
morphs i-iv compared with A2) and in primitive alignment (morph v
in Fig. 5e and Al versus A2 in Fig. 5f). When comparing across areas,
this effect was strongest in PMv (Fig. 5g).

Trial-by-trial switching for ambiguous images may reflect awinner-
takes-all competitive process between activity states encoding differ-
ent primitives*. Consistent with this possibility*, activity separation
was slower for ambiguous images (A2-Al in Fig. 5h). Mirroring the
neural activity, the behavioural reaction time was also slower (Extended
DataFig.11).

Categorical encoding implies that every primitive has a distinct
activity pattern. Consistent with this idea, activity visualized in a

Time from image onset (s)

Eachmorphset contributes one point to each condition; n =14 morph sets
(5from S1,9 fromS2), including only the 14 out of 20 sets that have all 6 trial
conditions. g, Summary of the primitive alignment difference for ambiguous
images (A2-Al), plottingmean +s.e.m.,**P=0.0012. The following P values
areversus PMv: FP,***P=3.39 x107%; M1, ***P=2.69 x 105, PMd, ***P = 0.0012;
SMA, ***P=4.17 x1075; dIPFC, ***P=4.05 x 10", preSMA, ***P=5.76 x 105;
VIPFC,***P=9.17 x 10", two-sided paired t-tests; n = 20 morph sets, combining
S1(7)andS2(13). h, Average time course of the difference in primitive
alignment for PMv activity, split by trial condition (mean + s.e.m.). Sample
sizeisthesameasinf.

two-dimensional embedding separated primitives in PMv (Extended
Data Fig. 7). Moreover, when quantifying this separation, primitives
were easily distinguishable on the basis of single-trial activity (Extended
DataFig.12).

Recombination of primitivesisreflected in PMv

We next examined whether recombining primitives into multistroke
characters (Fig. 2k-p) reuses primitive-encoding activity. We compared
activity when a primitive was used in the single-shape task with when
itwas used in the context of asequencein the character task. Because
the character task involves multiple strokes, to facilitate comparison
with the single-shape task, we focused on the time window immediately
preceding the stroke onset (rather than the entire planning epoch).
PMv populationactivity for each primitive was similar across task types
(Fig. 6a,b, across columns), an effect apparent in the matrix of pairwise
neural distances (off-diagonal bands for PMv in Fig. 6e). A summary
analysis confirmed high primitive encoding and low task-type encoding
(Fig. 6f). By contrast, in the presupplementary motor area (preSMA),
anareainvolved in sequencing®, activity differed between task types
(Fig. 6¢-f). Across all areas, PMv most consistently exhibited high primi-
tive encoding and low task-type encoding (Fig. 6f, with statistics in
Extended DataFig.13).

Inthe preceding analysis, to control for effects of the initial reaching
movement (between release of the start button and stroke onset) on
neural activity*®*, we included only the first stroke for the charac-
ter task (the single-shape task always has one stroke). Including all
character strokes (after controlling for the initial reach by applying
alinear correction in a manner explained in Extended Data Fig. 14a,b
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Fig. 6 | Recombination of primitivesintosequencesisreflectedin PMv.
Datashownarefor PMv (a,b,e), preSMA (c-e), and all areas (f).a, PMv population
activityinits first six PCs, split by primitive (inner rows) and task type (columns)
and z-scored over the entire window; n = 4-16 trials (single-shape), 6-72
(character) for S2. Coloursindex the primitivesinb. b, PMv population
trajectories, aligned to stroke onset (marked x), showing a subset of primitives
(7 outof11) toreduce clutter. The trajectory legend isin grey. ¢, Analogoustoa,
but for simultaneously recorded activityin preSMA. d, Analogous tob, but

for preSMA. e, Pairwise neural distance between combinations of primitive
andtask type for the experimentina-d, averaged over time (-0.5t0—0.05s).

and Methods) led to the same finding; that PMv exhibits high primi-
tiveencoding and low task-type encoding (Extended Data Fig.14c-e).
This resultindicates reuse of primitive-encoding activity.

PMy activity dissociates from visual and motor
parameters

That motorinvariance (Fig.4), categorical structure (Fig.5) and recom-
bination (Fig. 6) were each strongest in PMv indicates a representation
of action symbols in this region. Given that PMv can encode visual
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Task-type encoding

n=4-16trials (single-shape), 6-72 (character). f, Summary of primitive and
task-type encodingacross areas and sessions. Primitive encodingis the neural
distance between primitives controlling for task type, whereas task-type
encodingis the distance between task types controlling for primitives. Points
show means, with colour denoting significance (explained in Fig. 4j). Statistical
tests were performed on condition pairs pooled across sessions (9 for S1,

9 for S2), using bootstrapping to balance sample sizes across sessions. Each
data point was a unique pair of primitive-task conditions. Primitive encoding:
n=700(S1),548 (S2). Task-type encoding: n = 82 (S1), 64 (S2). For exact effect
sizes and P values, see Extended Data Fig.13.

stimuli® and movement kinematics®**, we further characterized this

representation by testing how visual and motor parameters contribute
to PMv activity in this task. First, we tested whether PMyv is driven by
the shape in view using a task that dissociates what shape the subject
is looking at from what primitive it is planning to draw (multishape
task). We found that PMv encodes the planned primitive rather than
the shape in view (Extended Data Fig. 15). Second, we tested whether
PMv encodes stroke kinematics in a generic manner (that is, general-
izing across primitives). Using linear encoding models that map the
stroke velocity to neural activity, we found evidence for generic velocity



encodingin M1but notin PMv (Extended Data Fig.16). Thus, PMv activ-
ity inthis task abstracts overimmediate visual input and motor output.

Discussion

Identification of a neural substrate of action symbols

Wetested for three properties of symbols: invariance, categorical struc-
ture and recombination. The monkeys traced new figures by recom-
bining stroke primitives (Fig. 2k-p), which exhibited motorinvariance
(Fig.2a-e) and categorical structure (Fig. 2f-j). Inmotor, premotor and
prefrontal neural activity (Fig. 3), we found evidence for these three
properties, which were each strongestin asingle area: PMv (Figs. 4-6).
These behavioural and neural findings reveal alocalized representation
of action symbols in PMv activity.

This result was unexpected given the evidence for encoding of
abstract cognitive variables in other areas, especially PFC®?**? 2 and
the medial temporal lobe?>**?°, This difference in areas may reflect a
fundamental differenceinthe role of motor behaviour. Here complex,
learned movement details were relevant for success, whereas com-
monly studied cognitive tasks use simple movements for reporting a
choice. Ourresults suggest that PMv has a privileged rolein the abstract
representation of skilled movements. In support of this possibility,
human-based studies have shown that lesions to ventral premotor
areas are associated with disrupted knowledge of action concepts*
and that activity in these areas is associated with action-related per-
ception*®, imitation*, verbalization*® and imagination*®. Our findings
therefore highlight a type of abstraction thatis relatively understudied
attheneuronallevel (motor abstraction) and point toacrucial role for
action symbols in PMv in such abstraction.

Our findings also provide general insights into the neural basis of
symbols. Various animal behaviours seem to reflect symbols™>", How-
ever, they may lack certain abstract properties implicated in symbol
systems in human language, mathematics and abstract reasoning,
including reversible reference*, higher-order relations® and recursive
syntax>®. Our identification of a kind of symbolic representation in
macaque motor behaviour raises the possibility that at least basic types
of symbolic operations exist across species and, more speculatively,
may reflect shared mechanisms for recombining discrete, invariant
representations. The criteria of invariance, categorical structure and
recombination may guide future studies, including reassessing find-
ings of invariant neural activity in cognitive tasks®??3°,

Actionsymbols and abstractionin PMv

Our findings indicate that this action symbol representation is not
directly driven by visual features or motor parameters. First, PMv
encoded the planned primitive inamanner dissociated from visual fea-
tures, including of the shapein view (Extended DataFig. 15), of ambigu-
ous shapes (A2 differs from Al in Fig. 5f), and of complex charcaters
(low task-type encodingin Fig. 6f). Second, independence from motor
parameters was indicated by three properties of primitive-encoding
activity in PMv: presence during planning, temporally dissociated
fromdrawing (by >1s; see, for example, Fig. 5h); invariance to location
and size (Fig. 4 and Extended Data Figs. 9 and 10); and lack of generic
kinematic encoding (Extended Data Fig. 16). These properties are
in contrast to the motor-related properties of M1, including lack of
primitive-encoding during planning (Fig. 4j), lack of location-invariance
during initial reach (Extended Data Fig. 9) and encoding of generic
kinematics (Extended DataFig.16). Thus, PMv encodes action symbols
inan abstract manner.

Motor-invariant activity has been observed in PMv, especially during
grasping and object manipulation®***, including invariance to effec-
tor and muscle activity patterns. PMv also contains so-called ‘mirror
neurons’ that fire similarly whether one observes or performs agiven
action®. These abstract properties have been proposed to reflect vari-
ous possible functions, including visuomotor transformation®*, action

understanding®®, imitation®* and, related to action symbols, encoding
ofarepertoire of action types?****2 In comparison to these proposals,
our proposal of action symbols places agreater emphasis on categorical
structure (supported by systematic tests using morphed stimuli) and
recombination (supported by studying varying sequences, in contrast
to previous studies that used a few well-practised sequences®). Our
findings raise the possibility that the involvement of PMv in diverse
motor behaviours—including possibly speech**—may reflect diverse
types of action symbols.

PMv is ataunique intersection of motor, cognitive and sensory cir-
cuits. Like the other macaque premotor areas, PMv is connected with M1
and the spinal cord®, which affords it direct control over motor output.
In contrast to other premotor areas, PMv is substantially intercon-
nected with PFC (especially vVIPFC)*, consistent with PMv being involved
in cognitive processes. PMv is also interconnected with preSMA>*,
an area involved in action sequencing*, and together with vIPFC and
preSMA, overlaps areas of the human ‘multiple-demand’ system for
abstract problemsolving>®. PMv receives input from the two main cor-
tical visual pathways®: (1) spatial-related and action-related ‘dorsal
stream’signals via the inferior parietal cortex and (2) shape-related and
object-related ‘ventral stream’ signals from the inferotemporal cortex
via VIPFC. Although ventral stream signals can encode shape parts®,
they are unlikely to fully explain symbol-encoding activity in PMyv, as
we found that PMv preferentially encodes action rather than vision (see
above). Processes in PMv may be critical, including a winner-takes-all
competition between different symbol-encoding states, consistent with
the slow activity dynamics we found for ambiguous images* (Fig. 5h).
Future studies are needed to elucidate how diverse inputsinteract with
local processingin PMv toimplementaction symbol representations.

Motor behaviour as amodel system for compositionality

Our study introduced a task for studying compositional generali-
zation, with three important methodological features: free choice,
stimulus ambiguity and flexible stimulus design. First, subjects must
decide their own actions (no movement cues) and cannot memorize
solutions (highly varied, including novel, images). This free choice,
coupled withaninductive bias for knowledge compression***', incen-
tivized the macaques to learn generalizable motor concepts (action
symbols). Thisapproachisin contrast to previous animal studies that
used drawing-like tasks, which involved direct instruction to track a
moving cue’® or just a few images®. Second, our images were often
ambiguousin how they could be interpreted using primitives, which
was useful for revealing the nature of each subject’s prior knowledge.
Third, our stimulus design was flexible in that it allowed paramet-
ric variation of images to test invariance, categorical structure and
recombination. Together, these features model a critical aspect of
naturalistic behaviour, thatis, the need to generalize to situationsin
which behaviouris not uniquely determined by sensory inputs. Insuch
cases, behaviour requires decisions involving multiple interacting
processes, including perception, reasoning and planning, constrained
by structured knowledge, including of symbols and how they can be
recombined.

This drawing task complements tasks used in previous neural stud-
ies of motor behaviour, which have generally not directly addressed
compositional generalization. Indeed, behaviours used inthose stud-
ies tend to fall into the following classes: (1) highly practised, which
involves sequences learned through extensive repetition¢3%04!;
(2) instructed, which involves cues that signal the correct order of
movements, either directly (for example, cues whose location signals
reach targets)***%2% or through rules?®**; (3) working-memory-guided,
which involves reproduction from short-term memory?-#2¢%¢! or
(4) minimally restrained, which involves spontaneous production,
often in a naturalistic setting®**”*2, These overlapping classes expand
on a previous classification scheme®. Previous drawing-like tasks in
monkeys can be classified as highly practised*® or instructed®.
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Behavioural studies have suggested that continuous movements
decomposeinto reused segments called ‘motor primitives’®’. Compared
with action symbols, motor primitives are at alower level of abstrac-
tion, often defined as muscle co-activity patterns (synergies)®. Anopen
question is whether they are encoded in the brain (evidence exists in
M1 #£2636667) or are instead by-products of biomechanical constraints,
task low-dimensionality or spinal circuit properties®. Related studies
haveidentified reused segments (or syllables) in minimally restrained
behaviours”***, Future studies are required to address how motor
primitives and syllables relate to action symbols.

Bridging symbols and neural computation
Our findings may help bridge two prominent theoretical frameworks of
cognition: one based on symbols and rules?> “2and the other on neural
network (connectionist) architectures and dynamical systems'®2°,
Explaining cognition may depend on their unification, possibly by
studying whether the brain implements symbolic programs>>>1028

in
its neural representations and dynamics****% using insights from

task-optimized network models™®”. Building on our results, future stud-
ies could test for activity consistent with symbolic programsin PMv and
connected areas, including PFC®*%, preSMA* and hippocampal cir-
cuitsimplicated in generating compositional representations*??2303132,
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Methods

Subjects and surgical procedures

Data were acquired from two adult male macaques (Macaca mulatta,
average weight of 17 kg (subject 1 (S1)) and 10 kg (S2), average age of
9 years (S1) and 7 years (S2)). This sample size was chosen to match the
standard for neural recording studies of behaviour in monkeys??, All
animal procedures complied with the NIH Guide for the Care and Use of
Laboratory Animals and were approved by the Institutional Animal Care
and Use Committee of the Rockefeller University (protocol 24066-H).

After undergoinginitial task trainingin their home cages, the subjects
underwent two surgeries: the first to implant an acrylic head implant
withaheadpostandthe second toimplant electrode arrays. Both sur-
geries followed standard protocols, including for anaesthetic, aseptic
and postoperative treatments. In the first surgery, acustom-designed
MR-compatible Ultem headpost wasimplanted, surrounded by abone
cement cranialimplant, or aheadcap (Metabond, Parkell and Palacos,
Heraeus), which was secured to the skull using MR-compatible ceramic
screws (Rogue Research). After a 6-month interval, to allow bone to
grow around the screws and for the subject to acclimate to performing
the task during head fixation via the headpost, we performed asecond
surgery toimplant 16 floating microelectrode arrays (32-channel FMA,
Microprobes for Life Science) using standard procedures®. In brief,
after performing a craniotomy and durotomy over the target area,
arrays were inserted one by one stereotactically while held at the end
ofastereotaxicarmwith avacuum suction attachment (Microprobes).
Using vacuumsuction enabled us to release the arrays, after insertion,
with minimal mechanical perturbation by turning offthe suction. After
allarrays had beenimplanted, the dura mater wasloosely sutured and
covered with DuraGen (Integra LifeSciences). The craniotomy was
closed with bone cement.

We used standard density arrays (1.8 mm x 4 mm) for all areas,
except SMA and preSMA, for which we used four high-density arrays
(1.6 mm x 2.95 mm). Four additional electrodes on each array served as
the reference (two electrodes) and the ground (two electrodes). Two
arrays each were targeted to multiple areas of the frontal cortex, with
locations identified stereotactically, and planned using brain surface
reconstructions derived from anatomical MRI scans (3D Slicer 5.6.2).
Locations were selected on the basis of their published functional and
anatomical properties (see below), anatomical sulcal landmarksand a
standard macaque brainatlas’. During surgery, locations were further
adjusted on the basis of cortical landmarks and to avoid visible blood
vessels. Arrays wereimplanted in the right hemisphere (contralateral
to the arm used for behaviour).

Array locations are depicted in Fig. 3 and Extended Data Fig. 6 and
confirmed withintraoperative photographs. For M1, we targeted hand
and armrepresentations (F1) directly medial to the bend of the central
sulcus (which corresponds roughly to the intersection of the central
sulcus and the arcuate spur if the latter was extended caudally), based
onretrograde labelling from the spinal cord and microstimulation of
M1” and M1recordings”. For PMd, we placed botharrayslateral to the
precentral dimple, with one (more caudal) array directly medial to
thearcuate spur (the arm representation” 7, F2), and the other more
rostral (straddling F2and F7). For PMv, we targeted areas caudal to the
inferior arm of the arcuate sulcus (F5), which are associated with hand
movements based on retrograde labelling from the spinal cord” and
M17, microstimulation” and functional studies®”*”” and with deci-
sion making””’®. These areas contain neurons interconnected with
PFC™.For SMA (F3) and preSMA (F6), we targeted the medial wall of the
hemisphere, withthe boundary between SMA and preSMA defined as
the anterior-posterior location of the genu of the arcuate sulcus, con-
sistent with previous studies finding differences across thisboundary
in anatomical connectivity (for example, direct spinal projections in
SMA but not preSMA”) and function***°, SMA arrays were largely in the
armrepresentation’. For dIPFC, we targeted the region immediately

dorsaltothe principal sulcus (46d), following previous studies of action
sequencing”?#® and other cognitive functions®?. For vIPFC, we tar-
geted the inferior convexity ventral to the principal sulcus, with one
(more rostral) array directly ventral to the principal sulcus (46v) and
the other rostral to theinferior arm of the arcuate sulcus (45A/B) based
onevidence thatencoding of abstract concepts occursin regions that
broadly span these two locations?®®*%¢, including a possibly heightened
role (compared with dIPFC) in encoding abstract conceptsinamanner
invariant to temporal or spatial parameters®* %, For FP, we targeted a
rostrallocation similar to previous recording and imaging studies (one
arrayfullyinarea 10, the other straddling areas 9 and 10)**%, including
areas associated with executive functions®. Ingeneral, array locations
targeted the cortical convexity immediately next to sulci, instead of
in the banks, to allow shorter insertion depths that minimize the risk
of missing the target or damaging blood vessels. The exceptions were
SMA and preSMA in the medial wall, for which this was not possible. To
avoid damaging the superior sagittal sinus, we positioned the arrays
laterally (2 mm from midline) and slanted the electrodes medially
(Extended DataFig. 6).

The lengths of each electrode were custom designed to target
half-way through the grey matter and to substantially vary across the
array to maximize sampling of the cortical depth. The following elec-
trode lengths were used (in mm): 1.5-3.5 (M1), 1.5-3.1 (PMd and PMyv),
2.8-5.8 (SMA and preSMA), 1.5-2.5 (dIPFC and VIPFC) and 1.5-2.6 (FP)
for S1; and 1.7-3.75 (M1), 1.5-3.3 (PMv), 1.5-3.1 (PMd), 2.65-5.95 (SMA
and preSMA), 1.75-3.15 (dIPFC), 1.35-3.2 (vIPFC) and 1.6-2.9 (FP) for
S2.Reference electrodes were longer (6 mm) to anchor the arrays. All
electrodeswere Pt/Ir (0.5 MQ), except 4, which were Ir (10 kQ). Array
connectors (Omnetics, A79022) were housed in custom-made Ultem
pedestals (Crist), which were secured with bone cement onto the cra-
nialimplant. Four pedestals were used per subject, holding 5, 5,4 and
2 connectors each.

Behavioural task

Task overview. The subjects were seated comfortably in the dark with
their head restrained by headpost fixation. They faced atouchscreen
(Elo 1590L 15-inch E334335, PCAP, 768 x 1,024 pixels, refresh rate of
60 Hz, with a matte screen protector to reduce finger friction) that
presented images and was drawn on. The touchscreen location was
optimized to allow each subject to easily draw at all relevant locations
onthescreen (23-26 cm away; diagram in Extended Data Fig. 1). Both
subjects decided on their own over the course of learning to perform
the task with the left hand. The chairs were designed to minimize move-
ments of the torso and legs (by using aloosely restricting ‘belly plate’)
and the non-drawing arm (by resting on the belly plate and having
movement restricted to within the chair). Gravity-delivered reward
(water-juice mixture) was controlled by the opening and closing of
asolenoid pinch valve (Cole-Parmer, 1/8-inch inner diameter). The
subjects were water-regulated, with careful monitoring to ensure
that consumption met the minimum requirement per day (typically
exceedingit), and body weight was closely monitored to ensure good
health. The task was controlled with custom-written software using
the MonkeyLogic (v.2.2.45) behavioural control and data acquisition
MATLAB package® (PC: Windows 10 Pro, Intel Core i7-4790K, 32GB
RAM; DAQ: National Instruments PCle-6343). All stimuli (images of
line figures defined as point sets, with points rendered large enoughto
appear as continuous curves) were also generated with custom-written
MATLAB (R2021a) code.Images were presented inaworkspace areaon
thescreen (16.6 cm x 16.9 cm, corresponding to approximately 37° by
38°visual angle). Shape componentsinimages were on average 4.0 cm
(9°) (maximum of width and height).

Eachrecordingsession consisted of2-3.5 hofrecording. We collected
5-20 trials per condition (that is, each unique image for Figs. 4 and 5
and the single-shape task in Fig. 6, and each primitive stroke for the
charactertaskinFig. 6). All trials were shuffled across all conditionsin



the sessionand presented inarandomly interleaved fashion, except for
one case, the experimentin Fig. 6,in which character and single-shape
tasks were switched in blocks.

Early training. Before surgery, the naive subjects underwent initial
training on core task components (that is, to trace images accurately
using a sequence of discrete strokes). Early training took place in the
home cage using custom-built rigs that were attached to an openingin
the cage using the same hardware and software described above, except
for the computer (Lenovo IdeaPad 14-inch laptop, Windows 10, AMD
Ryzen53500U, 8GBRAM) and DAQ (National Instruments USB-6001).
Thisinitial training progressed through seven stages. (1) Touch circle.
The subjects were rewarded for touching a circle anywhere within its
bounds. The circle started large, filling the entire screen, and shrank
over trials to enforce more accurate touches. (2) Touch with a single
finger. We shrank the circle until it was so small that it could only be
touched with a single finger. The trial aborted if the subject touched
outside the circle or with multiple fingers simultaneously. (3) Hold
still. The subjects were rewarded for keeping their fingertip stillon a
dot, with the duration of this hold increasing across trials for up to a
few seconds. (4) Track moving dot. The subjects had to track the dot
withtheir finger asit moved (alag between dot and finger was allowed).
(5) Trace a line. We increased the speed of the moving dot over trials
untileventually the dot moved so fast that the line it traced immediately
appeared. We then positioned the line at locations far from the hold
position to train the subject to raise its finger from the hold position
and to trace lines at arbitrary locations, angles and lengths. (6) Trace
single shape. We presented shapes of increasing difficulty (gradually
morphing across trials from a straight line), including arcs, L-shapes,
squiggles and circles. Across these stages, the shapes were presented
atrandom locations. We did not enforce any particular tracing trajec-
tory for eachshape, which allowed the subjects to choose on their own.
(7) Trace multiple shapes. We presented images composed of multiple
disconnected shapes. This trained the subjects to understand that they
should use multiple strokes to trace multiple shapes. At this point, the
subjectunderstood the basic structure of the task: to trace shapes using
multiple strokesifneeded. The progression across these stages was not
determined by strict quantitative criteriabutinstead on acombination
of quantitative and qualitative evaluations of task performance.

The subjectsthen practised various tasks toincentivize the learning
of stroke primitives (consistent stroke trajectories for each shape). They
practised single-shape trials using the set of diverse simple shapesin
Fig.1le, varyingrandomly inshape and location across trials. We chose
this set of shapes to cover arange of trajectory profiles (by varying rota-
tion, the number of direction changes and whether shapes were curved
or linear) and yet were simple enough to draw with one stroke and to
combine multiple (two to six) shapesinto single-characterimages. We
did not constrain the subjects to learn specific stroke trajectories for
each primitive; therefore, differences between primitives reflected
each subject’s own learning trajectory for how to draw each shape.
Note that our study did not depend on using an optimal set of shapes
or primitives but instead depended on learning primitives and then
demonstrating behavioural generalization using these primitives, as
we found for our subjects. For S2, the four S-shapes and four arc shapes
were also sometimes presented as rectilinear versions. For S-shapes
these resembled Z, and for arc these resembled squares missing one
edge.S2 drew theserectilinear versions using curved strokes similar to
those used for S and arc shapes. Therefore we combined data for each
rectilinear shape with its respective curved version. On different days,
the subjects also practised multishape and character tasks.

Trial structure. Trials (event sequence in Fig. 1c, screen schematicin
Extended DataFig.1c) began when the subject pressed and held afinger
fixation button (blue square) at the bottom of the screen (note that
button always meansavirtual button). After arandomdelay (uniform,

earliest 0.4-0.6 s and latest 0.8-1.0 s across experiments for S1and
0.8-1.1s for S2) the image appeared (dark grey on a light-grey back-
ground). After arandom delay (uniform, ranging from 0.6-1.0 s to
1.2-1.6 s across experiments for S1,and 1.1-1.5s to 1.8-2.4 s for S2), a
go cue (400 Hz tone and image blank for 300 ms) was presented. Dur-
ing this delay between image presentation and the go cue (planning
epoch), the finger had to be kept still on the fixation button, but the
subject was free tolook anywhere. After the go cue, the subject was free
tomove their hand towards the image and start drawing. Immediately
after the finger was raised from the fixation button, it disappeared and
a‘donebutton’ (greensquare) appeared atits location and stayed there.
During drawing, the image stayed visible and the finger left a trail of
black ‘ink’ onthe screen. The subject signalled drawing completion by
pressing the done button (effectively no time limit was imposed). This
was followed by performance feedback, which spanned four modalities,
eachsignalling performance: (1) screen colour, (2) sound, (3) duration
of delay before getting reward (time out) and (4) reward. First, screen
colour and sound were signalled, followed by the time out, and then
the reward (detailed below). In addition to this feedback at the end
of the trial, we also provided online feedback by immediately aborting
the trial in case of serious errors; for example, touching far from any
image points or for single-shape and multishape trials (but not for char-
acter trials), using more than one stroke per shape component. These
online abort modes were turned off for trials testing novel characters.

Screen image changes (including image presentation and other
trial events) were recorded using photodiodes (Adafruit Light Sensor
ALS-PT19), and sounds were recorded using an electret microphone
(Adafruit Maxim MAX4466, 20-20KHz). We performed eye tracking
(ISCAN), but did not enforce eye fixation.

Scoring behavioural performance

Behaviour was scored by aggregating multiple metrics or factors. There
were three classes of factors. The factors that had the greatest influ-
ence on the final aggregate score measured image similarity, or the
similarity of the final drawing to the target image (ignoring its tempo-
ral trajectory). We also computed factors that reflected behavioural
efficiency and, in some cases, factors that were task-specific. These
scores were computed using behavioural data (asequence of touched
xy coordinates with gaps between strokes) and image data (aset of xy
coordinates). Below, we describe the factors and then how they were
aggregated into a single score.

Image similarity. This included two factors: drawing-image overlap
and Hausdorff distance. Drawing-image overlap was the fraction of the
image points that were touched (within a margin of error) by at least
one of the drawn points. A subset of the image points were weighted
more heavily because they captured characteristic features of the shape
(for example, the corners and end points of an L-shape). Hausdorff
distance is a metric used to measure the distance between the set of
drawn points and the set of image points (definition below).

Behavioural efficiency. To incentivize efficiency, we included afactor
that compares the cumulative distance travelled in the drawing (that
is, the amount of ink) to the cumulative distance of the edges of the
figureintheimage, withits value negatively proportional to the excess
of drawnink over image ink.

Task-specific factors. During practice trials for the character task
(see the section ‘Task types’), we also included factors that capture
the extent to which drawn strokes matched the shapes used in the
image. This included two factors: one proportional to the similarity
of the number of strokes and the number of image shapes, and the
other proportional to the spatial alignment of the drawn strokes to
the image shapes. Importantly, these factors were included only for
practiceimages and not for novel testimages.
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The final score aggregated the image similarity, behavioural effi-
ciency and task-specific factors, with more weight on image similar-
ity factors. We first rescaled factors linearly between O and 1 (where 1
means good performance), with the dynamic range set by alower and
upper bound. These bounds were adaptively updated on every trial
based on the distribution of factor values in the last 50 trials (lower
bound set to the 1st percentile and upper bound to the 53rd percen-
tile), which ensured that the dynamic range of feedback matched the
dynamic range of behavioural performance from recent history. We
then weighted each factor to tune its relative contribution (using
weights hand-tuned for each experiment; generally highest forimage
similarity) and computed the final scalar score (range 0 to 1) using the
worst factor after weighting:

Sscal = m.in(l - wt(l _.ﬁ )

where i indexes the factors, w; are the weights (between 0 and 1) and
fiare the factor values (between 0 and 1). We also gave each trial a
categorical score: great (s, > 0.82), good (0.65 < s, < 0.82), OK
(0.15 < 5,5 < 0.65) or fail (s, < 0.15).

The scalar and categorical scores determined the feedback across
the four different modalities. The meaning of screen colour and sound
were learned, whereas delay and reward had intrinsic value. For screen
colour, alinear interpolation between two colours, such that a score
of 0 was mapped to red (RGB: 1, 0.2, 0) and 1 was mapped to green
(0.2,1,0.2). For sound cue, a sound was determined by s,: if great,
then three pulses (1,300 Hz, 0.16 s on and off); if good, then a single
pulse (1,000 Hz, 0.4 s); if OK, then no sound; if fail, then a single pulse
(120 Hz, 0.27 s). For delay until reward, anonlinear mapping was gener-
ated from score to delay before reward. We first applied a linear map-
ping fromthescalar score, such thatascore of 0 was mappedtoalong
delay (5 s + arandom uniform jitter of 0-2.5s), and a score of 1 was
mappedto 0 sof delay. Furthermore, if s, was great, good or OK, this
delay was reduced by multiplying by 0.65. Finally, for reward, the open
duration of the solenoid gating the juice line was defined as

reward=CxmXx axSq

where Cis a constant in dimensions of time (0.15-0.6 s, manually set
depending on the difficulty of the task); mis a multiplier that gives a
bonus for good performance and further penalizes bad performance,
depending on the value of s, great (1.3), good (1.0), OK (0.8) or fail
(0); aisarandom variable sampled from the uniform distribution
a-0.75+0.5xU(0,1); and s, is defined as above. On average, includ-
ing failed trials, the subjects received around 0.35 ml reward per
trial. The temporal order in which these four feedback signals were
delivered is described above (see the section ‘Trial structure’).

Task types

Single-shape task. The single-shape task presented one of the prac-
tised simple shapes or, in the categories experiment, sometimes a
morphed shape. The subjects were only allowed to use asingle stroke
(triggering online abort if more was used). In four single-shape ses-
sions for S1, the ending of the drawing epoch was triggered by stroke
completion (that is, on finger raise) not on the pressing of the done
buttonasinall other sessions and experiments.

Totest for motorinvariance (Figs. 2a-e and 4), we presented images
of practised shapes, varying across trials in location, size or both.
For location variation, images spanned 321 pixels (9.6 cm) in the x
and y dimensions (measuring between shape centres), which is 2.38
times the average size of shapes (135 pixels, 4.0 cm, maximum across
width and height). For size variation, the maximum size was 2.5 times
larger than the smallest (in diameter), except for two experiments
for S1, in which the ratio was 2.0. The location and size variation in
Fig. 2b,cis representative (S1, n =2 sessions varying in location,n=3

varying in size; S2, n = 3 sessions varying in location, n = 2 varying
insize).

Size and location variation was chosen based on previous studies
of M1 activity and electromyography of muscles controlling the arm
during reaching in macaques®*% For reaches performed along the
coronal plane around 25 cm from the subject, similar to the geometry
ofthetouchscreenrelative to the subjectin our study, Ml1and electro-
myographicactivity are substantially affected by translating the reach
locationby 10 cm (ref. 91), similar to the location variationin our study
(9.6 cm), and by varying the scale of the reach by 2-fold (7 cm to 12 cm)*?,
similar to the size variation in our study (2-2.5-fold).

To test for categorical structure (Figs. 2f-j and 5), we constructed
morph sets (S1, n =7 morph sets across 3 sessions; S2, n=13 morph
sets across 4 sessions), each consisting of two practised shapes and
four to five images that morph between those shapes through linear
interpolation along shape parameters, such as the extent of closure of
thetop of the U (Fig. 2g). Across morph sets, we varied differentimage
parameters (Extended Data Fig. 3).

Multishape task. Each image was composed of two to four shapes
positioned at random, nonoverlapping, locations spanning the space
of the screen (possible locations include the four corners and the
centre). The subjects were allowed to draw the shapes in any order
and to use any trajectory for each shape, but were constrained to use
one stroke per shape and to not trace in the gaps between shapes. We
present results averaged across two sessions, one from each subject
(Extended Data Fig. 4). For each trial, an image was constructed by
sampling shapes randomly without replacement. This led to n =531
(S1) and n =278 (S2) unique images.

Character task. Eachimage was generated by connecting two tosix sim-
pleshapesintoasingle character by sampling from a generative model
asfollows. A character with Nshapes was defined by randomly sampling
Nshapes and N - 1relations, where each relation (indexed i) defines
the locations of the attachment points on shapes i and i + 1, which in
turn define how the shapes connect to each other. This approach is
similar to a previous generative model for handwritten characters®.
Generated characters were only kept if there was minimal crossing of
shapes over each other.

For experiments testing behavioural generalization to novel charac-
ters (Fig. 2k-p), we mixed practised and novel characters (practised,
n =189 (mean, range 22-491) per day; novel, 48 (mean, range 0-155)
per day). For analyses, we labelled as ‘novel’ only the very first trial for
agiven character. Because of random sampling in generating char-
acters, it would in principle be possible that characters generated on
different days arein factidentical. To avoid this possibility, we ensured
post hoc that all characters labelled novel were different from every
previously encountered character across all days (quantified using
the Hausdorff distance).

For neural experiments comparing single-shape and character tasks
(Fig. 6), we analysed the sessions for which we collected data from
both the single-shape and character tasks (S1, n = 9 sessions, median
N matching primitives between single-shape and character tasks =9
(range 5-12); S2, n =9 sessions, median N matching primitives = 10
(range 2-14)). We switched between single-shape and character tasks
using ablock design (2-5blocks each per session), except one session
for S2, which used random interleaving across trials.

Behavioural data analysis

Preprocessing of touchscreen data. Touchscreen data were repre-
sented as time series of (x, y) coordinates in units of pixels (conver-
sion: 33.6 pixels per cm) and sampled at 60 Hz, which we upsampled
to 500 Hz (performed in MonkeyLogic to alignall behavioural signals,
includingtrial event markers and eye tracking) and low-pass filtered to
keep only drawing-related movements (15 Hz). Strokes were segmented



based onthe time of first touch (onset) and the time of last touch (offset)
with 500 Hzresolution.

For some analyses (Fig. 1f and as input to the trajectory distance
below) we further computed stroke instantaneous velocity and speed
asfollows. Extracted strokes were low-pass filtered (12.5 Hz) and down-
sampled to 25 Hz. We then used the standard five-point stencil method
to compute afinite difference approximation of the derivative (sepa-
rately for the xandy coordinates):

FInl= fln-2] —8f[n—ll]2+h8f[n+1] ~fln+2]

where f[n] is a discrete time series (that is, the x or y coordinates)
indexed by integer n, and h is the sampling period in seconds. The
resulting velocity time series was upsampled to the original 500 Hz
sampling rate with a cubic spline. Speed was computed as the norm
of the (x,y) velocity at each time point.

Computing the trajectory distance. To quantify the similarity bet-
ween any two strokes based on their spatiotemporal trajectories while
ignoring their relative size and location, we devised a trajectory dis-
tance metric, a scalar dissimilarity score based on the dynamic time
warping distance between two strokes represented as velocity time
series v; and v,. To compute trajectory distance between two strokes,
we spatially rescaled each stroke (while maintainingits xy aspectratio)
to make the diagonal of its bounding box unit length 1. We then linearly
interpolated each stroke to the same number of points (70) to allow
point-by-point comparison between strokes. This was done spatially
byinterpolating based on fraction of cumulative distance travelled (so
that the distances between successive points were the same over the
entire stroke) to capture the spatiotemporal trajectory, as in a previ-
ousanalyses of strokes in handwriting’. Interpolated trajectories were
convertedto velocity time series as described above. We then computed
the dynamic time-warping distance between velocities v, and v,:

mirln Z(iJ)En d(l,_[)

Dprw(vy, 1)) = N

where i andjindex the two velocity trajectories, Nis the number of
points (70), and is a set of (i, /) pairs representing a contiguous path
from (0, 0) to (N, N). The local distance metric d(i,j) is the Euclidean
distance plusaregularization factor to discourage excessive warping:

d(i.j) = vilil - vl jIl + Ax1i=jl,
A=0.045¢u,[i1); -

For the regularization parameter, A, the purpose of the summa-
tion term was to rescale it to match the magnitude of velocities. The
resulting distance D1, was then rescaled between O and 1toreturn the
trajectory distance:

1

DoV, 0y) =1- —————.
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Computing the image distance. To compare the similarity of two
images—each a set of (x, y) points—we used a modified version of the
Hausdorff distance, a distance metric commonly used in machine
vision for comparing the similarity between two point sets based on
shape attributes®®. There are, in principle, at least 24 variants of the
Hausdorff distance based on possible formula variations®®. Here we
used avariant thatis minimally susceptible to outlier points because it
takes meansinstead of minimaand maxima (variant 23 inthe referenced
study®). Image distance was computed as follows: (1) each image was

centred so its centre of mass was at (0, 0); (2) the image distance was
then computed. First, we defined the distance between two points,
d(a, b),asthe Euclidean distance. We also defined the distance between
apointandaset of points, d(a, B), and the distance fromset Ato set B,
d(A, B),asfollows:

d(a, B)=mind(a, b),
beB

d(A,B) =L

4 2 d@B).

acA
Theimage distance was then defined as:

d(A,B)+d(B,A)

Dimage(A'B) = P

Computing the primitive alignment score. For experiments on cat-
egorical structure, we generated a set of images with each set contain-
ing four to five novel images that morph between one primitive (P1)
and another primitive (P2) to create amorph set. Each trial presented
asingle image from one morph set. We sought to quantify the relative
similarity between the data of a given trial—its behavioural, image
or neural data (see below)—and data for the two primitives, P1and
P2,inits morphset. To do so, we devised a primitive alignment score
defined as:

a

= d+d,

where d,isthe average of the distances between a given trial and each
ofthePltrials,and d, the average distance to the P2 trials. Ascore closer
to O implies similarity to P1,and ascore close to 1implies similarity to
P2 (note that in practice the primitive alignments for P1and P2 data
are not exactly 0 and 1 owing to trial-by-trial variation). The particu-
lar metric used for these distances depended on the analysis: image
distance (forimages), trajectory distance (for drawings) or Euclidean
distance between population activity vectors (for neural activity).
We confirmed that primitive alignment scores for image data varied
linearly with morph number (Fig. 2j and Extended Data Fig. 3c), which
ensured that any deviation from linearity in behavioural or neural data
could not trivially be the consequence of how the score is defined.

Classifying strokes from the character task. To assess whether the
subjects drew characters by reusing their own stroke primitives, we
scored the fraction of character strokes that were high-quality matches
tothe subject’s own primitives and the fraction that were high-quality
matchesto the other subject’s primitives. If the fraction of matches to
asubject’s own primitives was high, and to the other subject’s primi-
tives was low, then this was evidence for recombining the subject’s
own primitives.

This assessment was done by assigning each stroke the label of its
most similar primitive using the trajectory distance and then defining
this as a high-quality match only if the trajectory distance was suf-
ficiently low (defined below).

First, each stroke was assigned its best-matching primitive, p*,
fromaset of primitives (the choice of primitive set—same or different
subject—depending on the analysis; see below):

p'= argmind(s,yp)
p
where pindexes the primitives, sis the stroke trajectory, j1, is the mean

trajectory for primitive p (averaged over trials from the single-shape
task), and d(.,.) is the trajectory distance.
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Second, the quality of the assignment of the stroke to p* was scored
as high ifd(s,yp*) < Dpax,p+ and low if d(s, H ) 2 Doy s where Dy,
isanupper bound ontrajectory distances that would be expected from
trial-by-trial variation in primitive p*. It is the 97.5th percentile of the
distribution of trajectory distances from single-shape trials, deter-
mined separately for each primitive, which we consider as agood (argu-
ably conservative) estimate of trial-by-trial variation. This is because
the single-shape task presents no ambiguity as to what primitive needs
to be drawn and can therefore be considered ‘ground truth’.

These steps assigned each stroke a class tuple (p*,quality), where
high quality was interpreted as the stroke matching the primitive set
and low quality meant failure to match any primitive. Note that the
non-uniformity of the frequency distribution of matches across primi-
tives (Fig. 20) resembles non-uniformity seen for language and other
behaviours®. Also, note that even the primitives with alow frequency
of match (Fig. 20) can be considered legitimate matches because they
satisfied the criteria to be labelled as high quality.

In summary analyses, we pooled all cases of high-quality matches
into a single match class (regardless of the assigned primitive), and
all low-quality matches into a single no-match class (Fig. 2p). To test
whether agiven subject’s character strokes aligned better withits own
primitives compared with the other subject’s primitives (Fig. 2p), we
performed the above analysis separately for all four combinations of
stroke data (2 subjects) x primitives (2 subjects) using only images
drawn by both the subjects.

The control analysis of testing primitive reuse using a simulated
set of remixed primitives was performed as follows. We generated
remixed primitive sets by mixing subparts of different primitives. Given
two actual primitives, we extracted the first half of the first primitive
(defined by the distance travelled) and the second half of the second
primitive and connected them by aligning the offset of the first halfto
the onset of the second half, smoothing the connection with a sigmoidal
weighting function. To sample aremixed primitive set, we first gener-
ated apool of all possible remixed primitives using every possible pair
of actual primitives. We then sampled (without replacement) a set of
remixed primitives from this pool, keeping only remixed primitives
thatsatisfied the following constraints: (1) no self-intersection, and (2)
no excessively sharp turns, detected as curvature at any point along
the inner 80% of the stroke exceeding 0.8. Curvature was defined ina
standard manner as the inverse of the radius of curvature,

Xj - yx
o2+ yz)%

where X and y are the velocity components and X and y are the accel-
eration components. Once a candidate set of remixed primitives was
sampled, it had to pass further constraints: (1) each actual primitive
contributed its first half or second half to a maximum of two remixed
primitives; (2) the trajectory distance between no pair of remixed
primitives was lower than the minimum trajectory distance between
actual primitives; and (3) the trajectory distance between no pair of
remixed primitive and actual primitive was less than the minimum
trajectory distance between actual primitives. These constraints
ensured that remixed primitives in each set were different from each
other and from the actual primitives (visually apparent in Extended
DataFig.5).

Wethenlabelled strokes from character drawings using each remixed
primitive set using the same approach as for actual primitives, except
the following. The analysis using actual primitives used trajectory
distance thresholds (D, ,+) determined empirically for each primitive
based on single-shape trials (see above). Because remixed primitives
were never drawn, asimilar approach could notbe used. Instead, thresh-
olds for remixed primitives were assigned from the pool of thresholds
for the actual primitives, in a manner meant to increase the stroke-
primitive match rate (and thus allow a stronger, or more conservative,

test that the remixed primitives do not match the character strokes)
by assigning the largest (most lenient) threshold to the worst-matching
remixed primitive, the second largest to the second worst, and so on,
where worse means having larger average trajectory distance to char-
acter strokes.

Analysis of kinematic separability of primitives. To test whether
each primitive was decodable from every other primitive based on
single-trial kinematics (stroke trajectory) (Extended Data Fig. 2),
strokes were first converted from time series (x and y position) to
eight-dimensional vectors as follows. Similar to the trajectory dis-
tance computation (above), strokes were normalized in time (linear
interpolationto 50 time points) and space (rescaling each stroke, while
maintaining its xy aspect ratio, to make the diagonal of its bounding
box unitlength 1). The x and y coordinates were concatenated to a
100-dimensional vector and then reduced to 8 dimensions using prin-
cipal componentanalysis (PCA). Decoding was performed onthese 8D
representations using alinear support vector machine classifier (SVC)
(LinearSVC, scikit-learn (v.1.3.0), regularization parameter Cset to 0.1),
with10-fold cross-validation. By performing this procedure for every
pair of primitives (each time returning a single decoding accuracy
score), we populated the matrix shown in Extended Data Fig. 2.

Neural recordings

Recordings were acquired using a Tucker-Davis Technologies (TDT) sys-
tem, including headstage (Z-Series 32 Channel Omnetics, LP32CH-Z),
amplifier (PZ5M-256), processor (RZ2) and storage (RS4), sampled at
25 kHz (local reference mode), controlled with TDT Synapse (v98) soft-
warerunonaWindows10 PC (Intel Corei7-3770,32GB RAM) and saved
todisk. Analog and digital task-related signals, including behavioural
events (photodiode, audio and trial event markers) and eye tracking
(ISCAN, 125 Hz), were synchronized to external triggers recorded by
the neural data acquisition system.

Neural data preprocessing

Spike sorting. We extracted for later analysis both single-unit (SU)
and multiunit (MU) spike clusters from the stored broadband signal
as follows. MU clusters consisted of identified spikes, which were not
isolatableinto distinct SU clusters. We used a three-step approach for
extractingand clustering spikes, with a first pass using Kilosort (v.2.5)%
to extract putative spike clusters, asecond pass using a custom-written
programto label these clusters as SU, MU or noise, and a final manual
curationstep. Although Kilosort classifies clusters, we did not use those
labels.

For Kilosort, we used default parameters, except AUCsplit (0.90),
Th([6,4]) and lam (10), which we optimized using parameter sweeps on
datafromrepresentative sessions and by manual evaluation of results.

We next refined cluster labels. For each cluster, we removed out-
lier waveforms (exceeding a 3 times interquartile-range threshold for
any of the minima, maxima or sum-of-squares). Waveforms were then
shifted slightly intime if needed (<1 ms) toimprove their alignment by
troughs (or peaks, for positive-going waveforms). For each cluster, we
computed two features: the signal-to-noise ratio (SNR) and inter-spike-
interval violations (ISIVs). The SNR was defined as the ratio of the peak-
to-trough difference (of the average spike waveform) tothe standard
deviation (averaged across time bins). If a cluster contained both
positive-going and negative-going waveforms, the SNR was computed
separately for these two subsets of dataand then averaged. ISIVs were
defined as the fraction of inter-spike intervals less than a refractory
period (1.5 ms). On the basis of these SNR and ISIVs, we provisionally
classified clustersas SU (if either (SNR > 9.6 andISIV < 0.05) or (SNR > 6.9
and ISIV < 0.01)), noise (SNR < 3.9) or MU (the remaining clusters).

We then manually curated these clusters. We visualized waveforms
for every cluster to either confirm its label (MU, SU or noise) or to
manually re-assign it to a different label (including artefact) using a



custom-written MATLAB GUI. We also manually checked whether to
merge multiple SU clusters on asingle channelinto asingle SU cluster
if they exhibited high waveform similarity, inversely correlated spike
count frequency over the course of the session or a negative peak close
tozerolaginacross-correlogram of spike times. Finally, for each chan-
nel, allMU clusters were merged into a single MU cluster. Combining SU
and MU, this process produced the following number of units per area
(mean = s.d. across sessions) for the different brain regions: for S1, M1
(59.9 £12.5),PMd (44.1+ 6.2),PMv (34.2 + 7.3), SMA (63.0 £ 7.9), preSMA
(75.4 £17.7),dIPFC (47.8 £17.2), vIPFC (43.3 £ 9.9) and FP (19.2 + 3.8); for
S2,M1(40.7 £13.1), PMd (54.7 £ 5.5), PMv (71.1 £ 6.6), SMA (53.4 + 7.2),
preSMA (57.9 +11.1), dIPFC (24.6 + 4.8), VIPFC (38.6 +13.7) and FP
(42.6 +£5.0).

Converting spike times to firing rates. Single-trial spike trains were
converted to firing rate functions by smoothing with a 0.025 s Gauss-
ian kernel (0.01 s slide). We removed units with very low firing rates
(if the 80th percentile of their firing rates across all trials and time
bins was less than 1 Hz). We also removed units for which the firing
rates were unstable, either due to high systematic driftin the firing
rate over the session (m/u > 0.2, where mis the slope from regressing
the square-root-transformed firing rate versus time (in hours), and u
is the mean firing rate) or due to large fluctuations in the firing rate
across the session. For the latter, we excluded units satisfying either
(Smax = Smin)/Smean > 1.15 OF (Upnax = Umin)/Umean > 0.65, where the session is
first splitinto contiguous 50-trial bins, the across-trial standard devia-
tion in the square-root-transformed firing rate is computed in each
bin, and then sy, Smin aNd Speqn are defined as the maximum, minimum
and mean standard deviation across bins, respectively; t .., Umi, and
Upean are defined similarly, except using the within-bin mean firing
rate instead of the within-bin standard deviation. We then processed
firing rates as follows. We first square-root transformed activity to
normalize its variance. Following a common approach in analyses of
population firing rates®®, we z-scored the activity of each unit to ensure
that neurons with highly different firing rates contributed similarity
to population analyses, butin a‘soft’ manner so that higher-firing-rate
neurons contributing relatively more:

x.iﬂOl’m(t) - 'x[(t) _”X
o,+C

wherex(t) isfiringrate for trialiat timebin ¢; . and o, are the mean and

standard deviation, respectively (across trials and time bins), and Cis

an additive factor to ensure softness, where C=min(m) + 3 Hz, where

misavector of mean firing rates across units. Allsubsequent analyses

used this normalized firing rate.

Time-warping neural activity to a common trial template. For the
figure showing the average firing rates over the entire trial (Fig. 3c), we
first time-warped each trial to acommon trial template. We defined a
set of events that occur across trials as anchors (fixation touch, image
onset, go cue, finger raise off fixation, stroke onset, stroke offset, touch
done button and reward). We included only single-stroke trials. We
first generated amedian trial. For each segment (that is, the time win-
dow between a pair of successive anchor events), we found its median
durationandthen concatenated these median segments to construct
amedian trial. We then aligned each trial to this median trial at the
anchor events, warping time linearly in each segment. This warping
did not change the firing rate values, just their timing. To avoid sharp
discontinuities at anchor points, we smoothed the final firing rates at
the times of the anchor points (2.5 ms Gaussian kernel).

Sorting of units (rows) in the resulting firing rate plot (Fig. 3c) was
performedinacross-validated manner. Sortindices were determined
using one subset of trials (n = 50) and then applied to sort the remaining
subset of trials that are plotted (n = 235).

Neural data analyses

PCA. We performed dimensionality reduction on the neural popula-
tionactivity, ingeneral because high-dimensional noise canreduce the
interpretability of the Euclidean distance”, and in one case to identify
apotential linear projection of population activity (thatis, asubspace)
that preferentially encodes primitives, a standard approach®?8, We
represent data for a single area from a single session and in a specific
within-trial time window as a matrix X of size N x KT, where N,Kand T
arethe number of units, trialsand time bins, respectively, constructed
by concatenating time bins from all trials along the second dimen-
sion. Datawere first binned in time (0.15 swindow, 0.02 s slide) before
constructing this data matrix. Instead of applying PCA on single-trial
dataX,weapplied PCA ontrial-averaged data X, to minimize the influ-
ence of trial-by-trial variation (noise). X holds the mean activity for
each trial condition, of size N x K.T, where K- is the number of unique
conditions, with the specific conditions depending on the experiment
(see below). We performed PCA on X.and retained the top eight PCs.
The specific trial-averaged conditions used for identifying PCs were
the following. For analysis of motor invariance (Fig.4), the conditions
were each unique primitive (averaging over location or size), which
resulted inidentifying PCs that preferentially encoded primitives if
such PCs exist. For analysis of categorical structure (Fig. 5), PCA was
performed separately for each morph set, and the conditions were
the unique images (thatis, the two end point shapes and the morphed
shapesinbetween). For the analysis of primitive representational reuse
incharacters (Fig. 6), the conditions were each combination of primi-
tive and task type.

We performed PCA in a cross-validated manner to ensure that it
was not overfitting to noise. We partitioned trials into two subsets (in
astratified manner): one training set that was used only for identify-
ing the PCs and a test set that was projected onto these PCs and then
used for all subsequent analyses. We performed eight randomized
train-test splits (including all downstream analyses) and averaged
their results.

Representing time-varying population activity as a vector. For some
analyses, we captured single-trial time-varying population activity
during the planning epoch (0.05-0.6 s after image onset) as a vec-
tor, which could then be visualized after dimensionality reduction
(Extended Data Fig. 7) or used in decoding analyses (Extended Data
Fig.12). Starting from the population data of aregion, represented as
aKx Nx Tmatrix, where K, Nand T are the numbers of trials, units, and
time bins, respectively, (with time binned using a 0.2 s window, 0.1 s
slide), we concatenated the N channels’ length T vectors end-to-end
to construct the datamatrix D, of size K x NT, where each ttrialis repre-
sented by avectoroflength N x T.

Nonlinear dimensionality reduction. To perform nonlinear dimen-
sionality reduction of populationactivity to two dimensions (Extended
Data Fig. 7), we used the uniform manifold approximation and pro-
jection (UMAP), performed on D, using values of 40 and 0.1 for the
parameters n_neighbors and min_dist.

Computing the neural distance

To quantify the similarity of population activity between two sets of
trials, such as trials for conditions A and B, each a specific conjunctive
value of task-relevant variables, we devised the ‘neural distance’ met-
ric. Inspired by a previously described ‘normalized distance”®’, itis the
average pairwise Euclidean distance across conditions A and B, minus
the average within-condition distance. This subtraction ensures the
useful property that this distance is unbiased, in that the expected
value of neural distance between two sets of trials sampled from the
same distribution is zero (unlike the mean Euclidean distance, which
is biased upwards?). Moreover, the resulting distance is normalized
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by dividing by an upper-bound distance to normalize it between O
and 1. The neural distance is defined as:

Djig=Dyg= (Ds+ Dgg)/2

where the normalized Euclidean distance between sets of trials (indexed
byiandj)in conditions Aand Bis:

D= Ix(¢) _)(j(t)|>ieAJeB>

< 1
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Here, x,(¢) is the population activity vector at time ¢ (in a window
betweentimes t;and ¢t,), and d,,,, is an upper bound (98th percentile)
of the distances between all pairs of different trials combined across
all conditions.

Computing the encoding strength of a variable

To compute how strongly a given variable is encoded in population
activity (forexample, primitive encoding in Fig. 4j), we computed the
mean effect of that variable on population activity in terms of neural
distance while controlling for the other relevant variables. Consider
anexperimentin which conditions vary along two variables, primitive
and location, represented as the tuple (p, [), where pand [represent the
primitives and locations, respectively. Primitive encoding is the aver-
age neural distance across all pairs of conditions that have different
primitives but same locations:

primitive encoding=<D, /', )p=p’,i=1'+
Location encoding is defined analogously:
location encoding=<D{, 1 )p=p’ 21+

Thisapproach generalizes to any pair of variables, such as primitive
and task typein Fig. 6.

Statistically comparing brainregions in the strength of variable
encoding

In analyses that compared the encoding strengths of a particular pair
ofvariables (for example, primitive versus locationin Fig. 4j), we used
thefollowing procedure to compare each brainregionwith every other
brain region in how strongly they encode these two variables. (1) For
each variable and pair of brain regions, we compared the strength of
encoding of that variable in these regions. Thisinvolved first extracting
adataset of neural distances for each pair of trial conditions for each of
the two brainregions. For example, if the variable was primitive, then
each of the two brainregions would contribute a dataset consisting of
neural distances for all pairs of trial conditions with different primitives
but the same location. The datasets for these two regions would be
combined and we then fit a linear least-squares regression model to
test for an effect of brain region on neural distance y, controlling for
the effect of trial-condition pair:

Ne
V=B, *+BX.+ Y vZ+e
Jj=1

where B,istheinterceptterm, X,is O or1depending onthebrainregion,
and Z;is anindicator variable representing the trial-pair condition,
with y;as their coefficients, and € is a noise term. Finally, we extracted
the Pvalue for B, (two-sided t-test), which represents the significance
of the difference between these two regions in encoding strength for
this variable. (2) This procedure was performed once for each combi-
nation of variable and brain region pair, which resulted in 56 P values,
corrected for multiple comparisons using the Bonferroni method
(2 variables x 28 brain region pairs = 56 comparisons). (3) Using these

56 Pvalues, we summarized each region with 2 numbers represent-
ing the number of regions in comparison to which this region more
strongly encodes these two variables. For example, for primitive x
location experiments, each region was scored with a tuple (Npim,Nioo),
where N, is the number of other regions this region beats in the pair-
wise tests of primitive encoding (and analogous for N,,, except for
location encoding). In summary plots (Figs. 4j and 6f), the resulting
(Nprim:Mioo) tuples for each region are represented as colours using a
two-dimensional colour map.

Specific analyses

Analysis of motor invariance in neural activity. Dimensionality
reduction was performed as described above using a time window of
0.05-0.6 s afterimage onset (to avoid including data after the go cue,
which, for a subset of these motor-invariance experiments, occurred
0.6-1.0 s after image onset) for fitting the PCs and for analyses that
involve time-averaging (Fig. 4i-k).

To test cross-condition decoder generalization (Fig. 4k), we used a
linear SVC with aone-versus-the-rest scheme for multiclass classifica-
tion (LinearSVC, scikit-learn (v.1.3.0), regularization parameter C set
to 0.1). We report the test accuracy, linearly rescaled so that chance
level (inverse of the number of classes) and 1were mappedto O and 1.
Because decoders were trained and tested on different conditions
(with non-overlapping trials), there was no concern of overfitting.
Decoding was performed separately for, and averaged across, time
bins (0.05-0.6 s relative to image onset).

Analysis of categorical structure in neural activity. Dimensionality
reduction was performed as described above using a time window from
0.05st0 0.9 safterimage onset for fitting the PCs. For analyses involv-
ing time averaging (Fig. 5d-g), we used a window late in the planning
epoch (0.6-1.0 s), when separation for Aland A2 trials was the greatest
(Fig.5h). The primitive alignment index was computed as above using
the Euclidean distance.

To assess whether primitives were associated with distinct activity
patterns, we asked whether single-trial activity for each primitive was
separable from the activity of every other primitive using a decoding
approach (Extended DataFig.12). We used activity during the planning
epoch (0.05-0.6 s after image onset) represented as a dataset D (size
K= NT,where each trial is represented by a vector of length N x T see
the section ‘Representing time-varying populationactivity asavector’),
with its dimensionality further reduced to K x 50 by performing PCA
and keeping the top 50 PCs. For each pair of primitives, decoding was
performed using a linear SVC (LinearSVC, scikit-learn (v.1.3.0), regu-
larization parameter Cset to 0.1) in a cross-condition manner to assess
generalizable decoding of primitives; on eachiteration, we trained the
model using datafor onelocation (or size, for sessions with size varia-
tion) and tested using held-out data fromall other locations (or sizes),
and then averaging over analyses for different locations (or sizes).
Because decoding can be biased upwards for regions with more units,
to fairly compare regions that had the strongest primitive encoding
(preSMA, SMA, PMv, PMd and vIPFC), we first matched their numbers
of units by randomly subsampling (without replacement) to match
the areawith the fewest units and averaged the results from repeating
this ten times. By performing this overall procedure for every pair of
primitives and separately for every brainregion, each timereturninga
single decodingaccuracy score, we populated the matricesin Extended
DataFig.12. We combined results across five sessions for each subject
(S1,2 varying inlocation, 3 varying in size; S2, 3 varying in location,
2varyinginsize).

Analysis of recombination of primitive representations in the
character task. We analysed primitives that were performed in both
single-shape (instructed by the shape image) and character trials (the
subject’s choice) inthe same session. For character trials, we used only



strokes scored as high-quality primitive matches. Dimensionality
reduction was performed as above, using atime window of -0.8t0 0.3 s
relative to the stroke onset for fitting the PCs. For analyses involving
time averaging, we used awindow -0.5to -0.05 s relative to the stroke
onset. Neural distance, primitive encoding and task-type encoding were
computed analogous to above, using primitive and task type (instead
oflocation or size) as the two variables.

For analyses comparing strokes from the single-shape task to the
non-first stroke of the character and multishape tasks (Extended Data
Fig.14), all methods were the same as in the main analysis comparing
single-shape strokes to the first stroke of character drawings except
two. First, we used a shorter analysis time window of -0.35t0 -0.05 s
relative to the stroke onset (instead of -0.5 to —0.05 s) to match the
duration of the gap between strokes (mean of around 0.3 s) incharacter
drawings. Second, we preprocessed neural data to account forastrong
effect of the reaching movement to initiate the trial (that is, reaching
fromthe hold buttontowards theimage; see Fig. 1c). This effectis clear
inpopulationtrajectories (Extended Data Fig. 14a). To accurately assess
whether primitive-encoding activity was reused across task types, it
was important to correct for this effect of initial reach because it was
present for single-shape trials but not for the non-first strokes of the
character and multishape tasks. We performed this correctionina
simple manner by subtracting, for all strokes, the across-stroke mean
effect of theinitial reach. This correction was performed separately for
each time bin as follows. For each unit, we estimated the mean effect
ofinitial reach by using linear least-squares regression:

Np

y=ﬁ0+ﬂfo+/§tXt + -21 V,Zj+e.
i

Here, yisthefiringrate, §,is theinterceptterm, ,is the effect of task
type, Xis O or 1depending on whether the stroke is the first stroke
(always1for single-shape data), X,is 0 or 1depending on the task type
(single-shape or character), Z is an indicator variable for the primit-
ive class, and e isanoise term. To correct for the effect of initial reach,
we subtracted B,(the mean effect of initial reach) from neural activity
forallfirst strokes. We did not perform this correction for comparisons
of single-shape strokes to the first stroke in character drawings (Fig. 6)
because, there, all strokes included the initial reaching movement.

Analysis of primitive encoding aligned to visual fixations. We
assessed the extent to which PMv activity, aligned to visual fixation
events during the multishape task, preferentially encodes either
the primitive associated with the visually fixated shape or the first
primitive the subject is planning to draw (Extended Data Fig. 15). We
first converted time-varying eye tracking data (xand y position time
series) to a sequence of fixation and saccade events using Cluster
Fix'°°, which, in brief, uses k-means clustering on distance, velocity,
acceleration and angular velocity, and then assigns clusters to fixa-
tion and saccade events. Each fixation event was assigned a visually
fixated primitive label, defined as the closest shape. If all shapes were
further than 70 pixels (2.08 cm), then this fixation event was consid-
ered to belooking away from all shapes and was therefore excluded
from further analysis. Each fixation event was also assigned a planned
primitive label, based on which primitive the subject would draw first
onthat trial.

We assessed the extent to which fixation-aligned neural activity
encoded each primitive using a decoding approach, whereby the
strength of representation of agiven primitive was defined as the prob-
ability score returned by a decoder trained to classify that primitive
versus all other primitives. Decoders were trained using single-shape
trials from the same session. Data from the planning epoch were cut
intomultiple short-duration snippets, each a data point used for train-
ingthe decoder. Specifically, neural data were represented as amatrix
Xof size Nx KT, where N, Kand T are the number of units, trials and

time bins, respectively, constructed by concatenating time bins from
all trials along the second dimension (data were first binned in time
using a 0.3 s window with 0.1 s slide) before constructing this data
matrix. These KT training data points (each N-dimensional), each with
an associated primitive label, were used to train a multilabel, logis-
tic regression, one-versus-rest classifier (scikit-learn), which pools
multiple independent classifiers, one per primitive. This resulted in
amultilabel decoder that could be applied to neural data at any time
point to return one probability score per primitive.

Analysis of encoding of kinematic variables in neural activity. To
test forencoding of generic kinematics (Extended DataFig.16), we used
astandard encoding model approach, which was based on a previous
study of handwriting kinematics encoded in the human motor cortex'.
We assessed the fraction of variance in neural activity explained by a
linear mapping from moment-by-moment finger kinematics to neural
activity. As in that study'®, we used activity in the top ten dimensions
found after performing PCA. PCA was performed as described above,
except, instead of identifying the PCs using trial-averaged data, we
did so using single-trial data to retain activity potentially related to
trial-by-trial variation in kinematics. Activity at each time point was
modelled as:

S =Ev+b.

Heref,is the neural activity at time bin tin the top 10 neural PCs, Eis a
10 x 2 matrix mapping kinematics to neural activity (that s, preferred
directions), v.isthe 2 x 1finger velocity, and bisanintercept term. The
fraction of variance accounted for (FVAF) was computed as:

Sserr

e (Ev=f) (v~ f)
SStor '

IV

Here, SS, is the total variance, SS,,, is the sum of squared errors,and T
is the total number of time steps across all trials. Note that T (upright)
represents the matrix transpose operator.

Totest how strongly activity encoded kinematicsinamanner gener-
alizing across primitives, models were trained on one subset of primi-
tives (all except one) and tested on one held-out primitive. This was
performed once for each primitive, with the final FVAF taken as the
mean FVAF across all train—test splits. We used sessions performing
thesingle-shape task with location and size variation (S1, n = 30 primi-
tives across 5 sessions; S2, n =42 primitives across 3 sessions, which
excludes 2 sessions with fewer than 6 primitives). We included data
from throughout the stroke duration.

To allow for the possibility that kinematics better relate to neural
activity atanon-zero lag, we performed this analysis multiple times with
different time lags between neural and behavioural data, varying from
-0.3t00.35(0.05 s increments). The final scalar summary averaged
theresultsinatime window from -0.15 sto -0.05 s (with neural leading
behaviour), consistent witha peak lag of around -0.1 s (neural leading)
foundin previous studies'®and in our analysis (Extended DataFig.16).

Note that the FVAF values we found in M1 are comparable to the
average value of 0.3 in a previous study of the motor cortex in human
handwriting'®.. Our finding of lower values (ranging from around 0.0
to 0.2, Extended Data Fig. 16b) is consistent with our use of trial-level
instead of trial-averaged data (which introduces more variability) and
of testing generalization across primitives (note thatif weinstead test
generalization to held-out trials, this resultsin higher FVAF values rang-
ing fromaround 0.1t0 0.3).

FVAF=1- ¢ =1

Statistics and reproducibility

The findings from this study resulted from experiments that produced
similar results across multipleindependent repetitions: location invari-
ance (two sessions for S1and three for S2); categorical structure (three
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sessions for S1and four for S2); and recombination in characters (nine
sessions for S1and nine for S2). Randomization was performed by hav-
ing all comparisons between experimental conditions done within the
same animal, with all experimental conditions (task variants x stimuli)
presented randomly. No blinding in group allocation was necessary
as each subject was tested in all experimental conditions. Blinding of
the subject and experimenter during data collection was effectively
implemented owingto the randomization and balancing of conditions
acrosstrials. Allbehavioural and neural analyses were performed using
custom-written Python (v.3.8) code unless otherwise noted, incorporat-
ing the analysis and plottinglibraries numpy (v.1.24.3), scipy (v.1.10.1),
scikit-learn (v.1.3.0), pandas (v.2.0.3), seaborn (v.0.12.2), elephant
(v.1.0.0) and statsmodels (v.0.14.0).

The following are detailed descriptions of statistics that did not fit
inthe figure legends.

ForFig.2e, n= 648 (sameshape, size and location: YYY),1,296 (YYN),
1,296 (YNY), 2,592 (YNN), 5,184 (NYY), from a pool of 729 trials (81 condi-
tions x 9 trials each). Two-sided Wilcoxon signed-rank tests comparing
NYY to others: versus YNY (W= 0,**P=5.36 x1075), versus YYN (W=0,
**p=536x107"), versus YNN (W=0, ***P=5.36 x10™5); n = 81 shape,
size and location conditions.

For Fig. 2j, test for sigmoidal nonlinearity: “##P=1.91x107%, two-sided
Wilcoxon signed-rank test (W= 0, n=20) that drawing <image (U1) and
drawing >image (U2). Test for trial-by-trial switching: **P=1.91x107%,
two-sided Wilcoxon signed-rank test (W= 0,n=20) that A2 > Al (drawing).

For Fig. 2p, for remix primitive sets, threeindependent simulations
are plotted separately. Wilcoxon signed-rank tests: results were highly
significant when comparing match to one’s own primitives versus other.
For S1data, S1versus S2 (W=0, **P=6.75 x107%), versus S1 remix
(W=125,**P=3.43 x107%), versus S2 remix (W =0, **P=8.75 x 10 %).
For S2 data, S2 versus S1 (W =49, **P=6.26 x 10 %), versus S2 remix
(W=424.5,*P=3.61x107%), versus S1remix (W= 0,**P=5.82 x 107%).
Results were also highly significant when comparing one’s own remixed
primitives versus others. For S1 data, S1 remix versus S2 (W =995,
###p=1.41x10""), versus S2 remix (W =351, #*P=1.90 x 10%°). For S2
data, S2 remix versus S1 (W=73L.5, #P=1.09 x 10™™), versus S1 remix
(W=1,""p=2.85x107°). For remixed primitives, the least significant
of the three simulations is shown. Sample sizes were identical for all
tests (n =141 characters, combining novel and practised).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The data used in this study are available at Figshare (https://figshare.
com/s/05da05cd28329d618b94)'°%, Source data are provided with
this paper.

Code availability

The code used in this study is available at Figshare (https://figshare.
com/s/05da05¢d28329d618b94)'%>,
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Extended DataFig.1|Behavioral task setup. (a). Schematic of subjectrelative  (c). Schematic of screen duringtrial, withcomponentlocations and sizes to

totouchscreen, profile view. Subjects 1(S1) and 2 (S2) were positioned at scale. Thefinger is tracing over the figure (purple-gray “V”), leaving ablack trail
different distances toaccommodate their individual anatomies and postures. of “ink” behind. The average size of shapes was 4.0 cm (maximum of widthand
Thescreenwasslanted slightly to optimize the ability tosee and reach to the height). The thickness and color of the figure and ink are to scale. The subject
same partof the screen (the workspace at the top of the screen; see panel ¢). canpressthe “done” button (green square) atany time to report completion.

(b). Schematic of subject relative to screen, top view. Subjects were positioned Dashed line (not visible to the subject) indicates the workspace where images
to theright toaccommodate reaching with the hand used for drawing (left). and drawings were contained. dva, degrees visual angle.
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Extended DataFig.2|Primitives are distinct fromeach otherintheirsingle-
trial kinematic trajectories. Pairwise decoding accuracy for all pairs of
primitives, using single-trial stroke kinematics. Strokes were represented as

8D vectors derived from their x-and y-position time series (see Methods).
Cross-validated decoding was performed separately for each pair of primitives,
and theresults for all pairs are combined in these summary matrices. Chance
decodingis 0.5, because each analysis had two primitive classes. Decoding
accuracy was high for all primitive pairs (minimum accuracy was 0.90 for S1
and 0.94 for S2).
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Extended DataFig. 3 | Categorical structurein behavior: more examples
and quantification of primitive alignment forimage data. (a). Example
single-trial drawings across nine different morph sets, for subject 2. Drawings
arecolored by whether they reflect use of primitive 1(blue) or primitive 2
(orange).Images morphbetween two well-practiced shapes (the two endpoint

shapes). Theexamples here are depicted similarly to the examplein Fig. 2g.

(b). Same as panel a, but for subject 1. (c). Primitive alignment vs. trial condition
for the example experimentin Fig.2g, performed onimage data (usingimage
distance; Methods), and not on behavioral dataasin Fig. 2i (which used
trajectory distance).
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consistent with either the “Single trajectory” (T) or “Symbols” (S) hypotheses
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(S) strategies, restricted to transitions where the behavioral predictions of
these twostrategies differed [bottom bar plot, n =391 transitions (S1), 529

(S2), combined]. Top, schematic of an example transition between two strokes
labeled1and2.Stroke 2 canbe drawneither starting from the top-left, consistent
with primitive reuse (“Symbols”), or from the bottom right, which would reflect
the subject taking the shorter of the two gap distances (“Single trajectory”).
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Extended DataFig. 6 | Multi-areaneuronal recordings across frontal cortex
and angledimplantation of medial wall arrays. (a). Recordings were targeted
toright frontal cortex, contralateral to the drawing hand. cs, central sulcus;

as, arcuate sulcus; ps, principal sulcus. R, rostral. D, dorsal. (b). Arrays to scale
on3Drenderingof brain. The caudal dIPFC array for subject 2 malfunctioned.
SMA and preSMA electrodes were angled to target the medial wall (see panel c).
Panelsaandb (subject1) arereproduced from Fig. 3. (c). Coronal MRI section
showing SMA and preSMA arrays angled to avoid the superior sagittal sinus
and target the medial wall, depicted for apreSMA array. Arrays were implanted
2 mm lateral to the midline, and angled medially. The array is depicted as ablue
rectangle and twolines representthe shortest (2.65 mm) and longest (5.95 mm)
electrodes. Thislocationand angleis our best estimate based on the surgical
plan, stereotactic coordinates, and intra-operative photographs. The other
two SMA and one preSMA arrays were angled similarly. D, dorsal. L, lateral.
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time-varyingactivitiesintoasingle vector (Methods). Activity was taken from manner thatdepends onlocation (VIPFC).
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Extended DataFig. 8| Detailed statistics for the analysis of location
invariance and size invariance. Statistics are shown for analysis of location
invarianceina,b (correspondingto results in Fig. 4j) and for analysis of size
invarianceinc,d (corresponding toresultsin Extended Data Fig.10b).

(a). Effect size (top) and p-value (bottom) for all pairwise comparisons between
brainregions, forlocation encoding (left) and primitive encoding (right) in

experiments varying primitive and location, for subject 1. “Significant” for
the p-value heatmap means that p < 0.05 after Bonferroni correction for 56
comparisons (28 brainregion pairs and 2 variables, location and primitive).
(b). Same as panela, but for subject 2. (c). Same as panel a, but for size, instead
oflocation, encoding. (d). Same as panel c, but for subject 2.
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Extended DataFig.9|Location-invariantencoding of primitivesin encoding (samelocation, different primitive): n =93 (subject 1), 288 (subject 2).
PMv during theinitial reaching movement. (a). Schematic of trial events, Locationencoding (same primitive, different location): n =114 (S1),132(S2).
highlighting theinitial reaching movement from thelocation of the “hold” Statistical tests were performed on condition pairs pooled across sessions
buttontothelocation of stroke onset. (b). Histogram of times of the go cue (2forS1, 3 for S2). (d). Statistics for primitive and location encodingin panel c.
(orange) and reach onset (blue) relative to the time of stroke onset. To analyze Effectsize (top) and p-value (bottom) for all pairwise comparisons between
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encodingacross areas and sessions, showing means. The color of each point Bonferronicorrection for 56 comparisons [28 brain region pairs and 2 variables
denotes statistical significance (explained in Fig. 4j). Each data point wasa (location and primitive)]. (e). Same as panel d, but for subject 2.
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Extended DataFig.10|Size-invariant encoding of stroke primitivesin PMyv.
(a). Matrix of pairwise neural distances between unique combinations of
primitive and size, averaged over the planning epoch (0.05to 0.6 srelative
toimage onset), for PMvand vIPFC.Shown are data fromasingle session for
subject2;n=17-23trials per primitive-size combination. (b). Summary of
primitive encoding and size encoding across areas and sessions, with each
pointdepicting the encodingscores foragivenarea. The color of each point
denotes statistical significance (explained in Fig. 4j). Each data point wasa
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unique pair of primitive-size conditions (trial-averaged). Primitive encoding
(samesize, different primitive): n = 313 (subject 1), 253 (subject 2). Size
encoding (same primitive, different size):n =60 (S1), 56 (S2). Statistical tests
were performed on condition pairs pooled across sessions (3 for S1, 2 for S2).
Forexacteffectsizes and p-values, see Extended Data Fig. 8c,d. (c). Across-
conditiongeneralization of linear SVM decoders for primitive (red) and size
(gray).Seeexplanationin Fig. 4k.
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contributes two primitives, one ateach morphendpoint), plotting reaction
time whenitwasdrawninresponse to an ambiguous image (y-axis) vs. practiced
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* p=0.024, Wilcoxon signed-rank test (n =26, W = 87).
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Extended DataFig.12|Primitives aredistinctfrom each other in their
planning-related activity in PMv. (a). Pairwise decoding between all
primitives (drawn in the same session) for subject 1, using population activity
fromthe planningepoch (0.05t0 0.6 sec afterimage onset) representedasa
50-dimensional vector (see Methods). Chance decodingis 0.5. The matrices
aggregate across sessions (n = 5single shape sessions, 2 varyinginlocation,
3varyinginsize). Thegray-green cells are pairs which lack databecause the
primitives were notrecorded in the same session. (b). Summary of decoding
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accuracy for all primitive pairs for subject 1, showninaletter-value plot,
aboxplot variant where boxes depict successively decreasing quantiles,
frommedian, to quartile, to eighths, and so on. Each datapointis one unique
primitive pair (n = 74 pairs, across the 5sessions from panel a). (c). Like panel a,
but for subject2 (n=5single shape sessions, 3 varyinginlocation, 2 varyingin
size). (d). Like panel b, but for subject 2 (n =108 unique primitive pairs, across
the Ssessions from panel c).
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Extended DataFig.13|Detailed statistics for the analysis ofrecombination.  after Bonferronicorrectionfor 56 comparisons[28 brainregion pairsand

Statistics are shown that correspond to the results in Fig. 6f. (a). Effect size 2variables (task type and primitive)]. Note that because analyses involved
(top) and p-value (bottom) for pairwise comparisons betweenbrain regions, bootstrappingto balance sample sizes across sessions (see Fig. 6f), these
for task-type encoding (left) and primitive encoding (right), for subject. arestatistics fromasingle bootstrapped sample that matches the mode.

1“Significant” for the p-value heatmap means that the valueis less than 0.05 (b). Same as panel a, but for subject 2.
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Extended DataFig.14 | Recombination of primitivesintosequencesis
reflectedin PMy, including for the second stroke onwards. Results shown
areextensions of the analysis that restricted data from character trials to only
datafor thefirststroke, in Fig. 6. (a). PMv population trajectories for each
primitive (colors) aligned to stroke onset (“x” icon). Each subpanel shows a
different subset of trials (i.e., strokes) from this session, differing by task type
(Single-shape, Character, or Multi-shape) and whetheritincludes only the first
stroke (“stroke1”) oronly the second stroke onwards (“stroke 2+”), plotted
inthe same subspace. Note that the Single-shape task by design only has one
stroke. A prominentactivity patternis the right-to-left sweep during the initial
reaching movementtostartthe drawing, visible for the conditionsinvolving
aninitial reach—Single-shape, Character (stroke 1), and Multi-shape (stroke 1)—
and not for conditions lacking this reach—Character (stroke 2+) and Multi-
shape (stroke 2+). (b). Analogous to panel a, but after correcting for the initial
reach by subtracting, identically for all trials, the across-trial mean effect of the
initial reach on neural activity, performed separately for each time bin (Methods).

After applying thissimplelinear correction, the primitive-associated trajectories
arenow similaracrossall conditions, consistent with thereach effect being an
additive component, associated with the large movement of the arm during the
initial reach. (c). Summary of primitive encoding and task-type encoding across
areas and sessions, comparing Single-shape to Character (stroke1) trials, after
correcting for the mean effect of initial reach on neural activity. Apart from
thiscorrection, thisis the same dataasin Fig. 6f. For panels c-e, the plotting
conventionsare identical to Fig. 6f. The color of each point denotes statistical
significance (explained in Fig. 4j). (d). Same as panel ¢, but comparing Single-
shape trials to Character (stroke 2+) trials. Each data pointis a unique pair of
primitive-task conditions (trial-averaged). Primitive encoding (sametask type,
different primitive): n =858 (subject 1), 624 (subject 2). Task-type encoding
(same primitive, different task type): n =90 (S1), 63 (S2). (e). Same as panel c,
but comparing Single-shape trials to Multi-shape (stroke 2+) trials. Primitive
encoding (same task type, different primitive): n=1458 (subject1), 778 (subject 2).
Task-type encoding (same primitive, different task type): n =117 (S1), 75 (S2).
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Extended DataFig.15|PMvactivity reflects the primitive the subjectis
planning to draw, rather than the primitive associated with the visually
fixated shape, in the Multi-shape task. (a). Gaze location during the planning
epoch (between “image on” and “go cue”) for an example trial of the Multi-
shape task, which uses images consisting of multiple separated shapes,
withnoimposedrule for drawing order (see Extended Data Fig. 4). Saccades
(grey lines) and fixations (circles) overlaid on the image for this trial, numbered
inorder, and colored by the identity of the fixated shape. Note that shapes on
the screen were not colored for the monkey. Each fixation event was assigned a
“vision” label defined asits closestimage shape, and a“planned action” label
defined as the shape the subject chose to draw first on that trial. Fixations

that were too far fromany shape (here, numbers 5and 6) were excluded from
subsequentanalyses (see Methods). (b). Gaze location vs. time during the
planning epoch for the example trialin panela. Gaze involved interleaved
saccades (rapid change inlocation) and fixations (stable location) onto different
shapes. Theshapeinview for eachfixationisindicated by the colored line below
(dashed gray means the fixation was too far from any shape and therefore not
assigned any shape). On this trial, theimage had three shapes, and the subject
chosetodraw the horizontalline first. (c). Analysis was performed ona dataset
of planning-epoch fixation events acrosstrials with different first-drawn

N [\

Decoder

primitives, thus dissociating the visually fixated shape from the primitive the
subject planned to draw first. This tableillustrates part of a dataset of fixation
events. Note the dissociation between “vision” and “action” labels across
events. (d). Average fixation-aligned decoder probability for each primitive,
grouping fixation events by the planned action (columns) and the fixated
shape (rows). This, and the following panels, includes fixation events from
thesecond half of the planning epoch, when the subject is expected to have
decided what to draw first. Note the high probability for the decoder for the
plannedaction, and low probability for the decoder for the fixated shape.
Further, note that the decoder probability for the planned actionis not strongly
modulatedrelative to the time of fixation onset. (e). Summary of mean decoder
probability across conditions varying in vision and action. The meanis taken
over the time window 0.05to 0.3 sec after fixation onset. Note the strong
diagonal band, consistent withactivity encoding the planned primitive

rather than the visually fixated shape. (f). Summary of decoder probability for
actionvs. vision,showninaletter-value plot (explanationin Extended Data
Fig.12b). Each fixation event contributed one data point for both action and
vision. Thisincludes only fixation events with action differing from vision.
** p=7.35x10""2(subject1),9.1x107?(subject 2), two-sided Mann-Whitney
Utest; n =883 fixations (S1),446 (S2), each from asingle session.
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Extended DataFig.16 |PMvactivity does not significantly encode generic
motor kinematics. (a). Fraction of neural activity variance (across time bins
and trials) explained by stroke kinematics (x- and y-velocity) during drawing.
Alinear regression model, mapping from kinematics to neural activity, was
trained onasubset of data consisting of every primitive exceptone, and

then tested onthe one held-out primitive, therefore testing for encoding of
kinematics that generalizes across primitives. This was repeated for every
primitive and averaged (S1,n =30 primitives across five sessions; S2,n = 42
primitives across three sessions; datasets were combined in this plot). This
analysis was performed separately for different time lags between the neural
and behavioral data, and the resulting values were plotted as a function of
timelag. Note that negative explained variance indicates failure to generalize
across primitives (i.e., overfitting), with the model performing worse than
anintercept-only model trained on the held-out dataset (see Methods).

(b). Summary of fraction of variance explained, averaging over the time
window-0.15t0-0.05 srelative to zero lag (chosen becauseitis centered at
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the time of maximum variance explained, which is consistent with the
expected lagbetween neural activity and behavior from prior studies;
Methods), summarizedinaletter-value plot (explanationin Extended Data
Fig.12b). Note that M1is the only area with positive fraction variance explained.
Values for M1 (around 0.0 to 0.2) are comparable to a prior study of motor
cortex inhuman handwriting'®* (Methods). Statistical tests involving M1and
PMv: *** M1vs.PMv:S1(W=10,p=8.01x1075),S2(W=137,p=3.36 x107),S1
and S2 combined (W =205, p=4.87 x107°). #, M1 vs. zero: S1(W =117, p = 0.016),
S2(W=230,p=0.0049), combined (W =667,p=0.00028), S1does notreach
significance after Bonferronicorrection. #,PMvvs.zero:S1(W=33,p=5.97 x10"°),
S2(W=293,p=0.047),combined (W =559,p=2.27 x107),S2 does not reach
significance after Bonferroni correction. Sample size for all tests: S1,n =30
primitives across five sessions; S2,n =42 primitives across three sessions.
Bonferronicorrection considered all brainregions, thus correcting for 28 tests
for PMv vs. M1, and for 8 tests for PMv/M1vs. zero.
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stimuli) presented randomly.
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Laboratory animals Two adult male rhesus macaque monkeys (macaca mulatta), age between 7-9 years.
Wild animals No wild animals were used in this study.
Reporting on sex All subjects used in this study were male. The small number of subjects (N=2) typical in primate neurophysiology studies makes it
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Ethics oversight All'animal procedures complied with the NIH Guide for Care and Use of Laboratory Animals and were approved by the Institutional
Animal Care and Use Committee of the Rockefeller University (protocol 24066-H).
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