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Abstract 5 

Humans and other animals can solve new problems, even on the first attempt. This capacity to generate 6 

novel problem-solving behavior has been hypothesized to depend on brain mechanisms for recombining 7 

units of knowledge using systems of procedural rules, or grammars. Yet, whether and how the brain 8 

represents and implements grammars remains unclear, in large part due to the lack of neural recordings 9 

(typically performed in animal models) during grammar-based problem solving (typically studied in 10 

humans). Here, we address that gap, and in turn identify an underlying neural basis of grammatical 11 

behavior. We designed a visual–motor construction task in which macaque monkeys trace complex, often 12 

novel, geometric figures by generating a sequence of strokes, each a distinct shape, like a circle, dash, 13 

or chevron (action symbols1). Critically, sequencing was guided by a learned hierarchical action grammar 14 

AnBmCk, meaning “repeat shape A, then repeat shape B, then repeat shape C”, where the number of 15 

repetitions (n, m, and k) varied across problems. Behavior was internally generated (no cues guiding 16 

stroke order), problem-directed (to construct a specific image), and exhibited zero-shot generalization 17 

(successful on the first trial for novel problems, including harder ones)--key hallmarks of grammar use. 18 

To identify underlying neural substrates, we recorded from multiple frontal cortical areas previously 19 

implicated in rule use or action sequencing. Activity during drawing encoded key structural properties of 20 

the action grammar: (i) shape index (A, B, C), (ii) abstract role (e.g., the role A independent of the specific 21 

shape), and (iii) ordinal position within a shape repeat. Moreover, all three properties were strongest in a 22 

single region, the pre-supplementary motor area (preSMA). We suggest the possibility that this 23 

conjunction of representations is a signature of an implementation of an iterative algorithm resembling a 24 

“for-loop” program: internally tracking how many repetitions remain for each shape index and switching 25 

to the next when complete. Our study establishes a paradigm for studying the neural basis of grammar-26 
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guided novel behavior and identifies in preSMA a dynamic representation of grammatical structure 27 

supporting such behavior. 28 
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Introduction 45 

A hallmark of intelligence is the ability to solve novel problems by constructing new solutions that 46 

recombine known elements in novel ways. This capacity for compositional generalization2–4 is often 47 

suggested to depend on internal systems of procedural rules2,4–10, or grammars2,5,6,8–10, that specify how 48 

discrete units of knowledge can be combined into structured composites. Because a finite set of rules 49 

can generate a vast, potentially infinite, set of possible solutions, grammars provide a principled account 50 

of zero-shot generalization, success on a novel problem on the first attempt. Grammatical structure has 51 

been characterized in a wide range of behaviors6,8,9,11–21, including the structured reasoning that occurs 52 

in math and logic, and other seemingly less structured behaviors such as tool use, object use, 53 

musicianship, handwriting, drawing, speech, physical reasoning, and social reasoning. For example, 54 

when asked to “draw an animal that doesn’t exist,” children readily produce imaginary animals, such as 55 

a dog-like creature with six legs and three camel humps15, consistent with a system of rules resembling 56 

“repeat body part X” or “attach part X to part Y”. 57 

 58 

Despite this behavioral evidence for grammars, whether and how they are implemented in the brain 59 

remains unclear. A key challenge is the lack of a model system that combines grammar-guided behavior, 60 

including tests of generalization, with neural recordings. To establish such a model system, we focused 61 

on three key behavioral hallmarks of grammatical ability. Behavior should be: (1) internally generated, in 62 

that action order is not directly cued by external stimuli; (2) problem-directed, organized around solving 63 

an immediate problem rather than reflecting a habitual or stimulus–response sequence; and (3) zero-64 

shot generalizing, succeeding on novel and potentially harder problems on the first attempt, thereby ruling 65 

out memorized action sequences. 66 

 67 

To date, prior studies combining neuronal recordings and animal behavior have not jointly demonstrated 68 

all three properties, although multiple lines of study have provided important insight. First, studies of 69 

“artificial grammar learning”9,22,23 have found that many species can discriminate or learn grammatically 70 

structured regularities in stimulus sequences; however, these studies have typically relied on perceptual 71 

tasks, leaving unclear whether subjects can generate behavior consistent with the grammar. Second, 72 

recordings during motor sequencing have revealed diverse neural correlates, but have typically used 73 

explicit ordering cues24,25, memorized sequences26–30, or minimally constrained task settings31–33, rather 74 

than assessing the ability to generalize rules. Third, other studies have assessed a variety of sequencing 75 

rules, but lacking neural recordings34–37 or not involving zero-shot generalization38–45, including to harder 76 

problems46. A fourth set of studies has demonstrated grammar-like sequencing with zero-shot 77 

generalization, but lack neural recordings. These include mirror grammars in macaques, including 78 

generalization to harder problems47, and center-embedded grammars in macaques48 and corvids49. Fifth, 79 

ethological studies have described grammatical structure in behaviors such as object manipulation13, 80 
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foraging50, and tool use51 but these settings raise difficulties for experimental control, testing for novel 81 

behavior, and recording neural activity. In sum, although neuronal correlates of latent sequential structure 82 

have been described in a variety of paradigms27–30,32,38–43,45,46,52, we currently lack one jointly probing 83 

grammatically structured behavior and neuronal activity. As a result, there remains much to be discovered 84 

about the underlying neural bases of grammatically structured behavior. 85 

 86 

Here we address this gap by developing a drawing-like visual-motor construction task involving 87 

grammatically structured action sequencing (Fig. 1a-d) and then performing large-scale neural 88 

recordings. Macaques are presented with images of complex geometric figures which they must trace. 89 

Critically, they must do so by producing sequences of strokes (action symbols corresponding to learned 90 

shapes1) to construct the image, and in a manner consistent with the hierarchical action grammar AnBmCk 91 

(Fig. 1a), meaning “repeat shape A, then repeat shape B, then repeat shape C”, where A, B, and C are 92 

abstract indices to which arbitrary shapes are associated by learning, and where the number of repetitions 93 

of each shape (n, m, and k) vary across problems. Monkeys successfully drew new images in a manner 94 

consistent with the underlying grammar, revealing a capacity for zero-shot generalization of 95 

grammatically structured action sequences.  96 

 97 

To study the neural basis of this ability, we performed simultaneous recordings across multiple frontal 98 

cortical areas previously implicated in rule use or action sequencing, but never all directly compared in 99 

the same task. Doing so, we found a dominant role for pre-supplementary motor area (preSMA) in 100 

supporting this grammatical ability; in particular, preSMA activity dynamically encodes the latent structure 101 

of the AnBmCk grammar during drawing. 102 

 103 

  104 
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Results 105 

Curriculum-based training of grammatically structured visual-motor construction 106 

We trained monkeys to construct images by tracing a sequence of strokes, one for each shape 107 

component. On each trial, correct behavior was to produce a sequence consistent with the AnBmCk 108 

grammar, with specific shapes associated with each shape index (A, B, C) learned by the subject and 109 

stable throughout a multi-day experimental session (Fig. 1a-d; touchscreen setup in Fig. S1; Methods). 110 

Each shape was drawn with its associated action symbol—shape-associated stroke types that the subject 111 

had previously learned1. 112 

 113 

To train macaques, we developed a method involving a “curriculum” of problems (where each problem 114 

is a unique image with certain task parameters), increasing in difficulty along two dimensions: decreasing 115 

stroke-by-stroke guidance (Fig. 1e) and increasing image complexity (Fig. 1f), as depicted for an 116 

example experiment involving the grammar AnBm (A associated with lines and B associated with circles) 117 

(Fig. 1b,c, e-h). Stroke-by-stroke guidance involved one-by-one visual cueing of which component to 118 

draw (Fig. 1e). Over trials, we reduced this guidance until it was eliminated, at which point stroke choices 119 

were internally guided (Fig. 1e). Image complexity, defined as the number of total image components, 120 

started out low (two components), and increased over training (up to four in this experiment, with 121 

maximum two lines and two circles; Fig. 1f). Additionally, to motivate learning of generalizable grammars, 122 

a large variety of images were presented (see below).  123 

 124 

Monkeys successfully completed the training curriculum. We quantified performance as repeat length, or 125 

the number of components drawn in repetition for a given shape (“performance”, Fig. 1g, bottom), and 126 

compared this value to the number of image components for that shape (Fig. 1g, bottom), with perfect 127 

performance indicated by equality of repeat length to number of components. Over the two-day 128 

experiment, performance improved over the first day, and by the end of the second day was close to 129 

perfect even with no guidance (Fig. 1h, i). This was true even though problems were variable (six 130 

examples in Fig. 1f; quantification in Fig. 1g, top) and included a steady stream of novel images (Fig. 131 

1g, middle). 132 

 133 
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 134 
Figure 1. Curriculum-based training of grammatically structured visual-motor construction. 135 
(a) The general form of action grammars in our study. See main text. 136 
(b) Schematic of task paradigm to test ability to learn and generalize an action grammar towards solving new 137 

drawing-like visual-motor construct problems. The task is to produce a sequence of tracing strokes to copy the 138 
target image, while applying the trained grammar, which for this problem (image) requires repeating “line” four 139 
times and then repeating “circle” twice.  140 

(c) Three behavioral hallmarks of grammatically structured action sequences. 141 
(d) Trial structure, showing three discrete events (dashed boxes) and sustained epochs (solid boxes). “Hold”: press 142 

and hold a “start” button, enforcing a consistent posture. “Plan”: subjects see the image but must maintain hold 143 
on “start” button. “Draw”: subjects produce strokes. Black arrows represent “ink” (visible to the subject) marking 144 
touched locations. Subjects can report completion any time by pressing “done” button. They receive juice 145 
reward from producing a sequence consistent with the trained grammar. The strokes are learned action 146 
symbols, each a shape-associated stroke type the subject had previously learned1, which must also (loosely) 147 
match the form of each shape component (Methods). “Buttons” always refers to touchscreen buttons. 148 
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(e) The task curriculum involved decreasing guidance over trials. Guidance involved cuing the correct stroke one-149 
by-one (main text). It was decreased by gradually lowering the difference in contrast between the next shape 150 
and other shapes, until this difference reached zero, thus removing guidance (“Without guidance”).  151 

(f) The task curriculum involved increasing image complexity over trials. Image complexity was defined as the 152 
number of total shape components. In this experiment (panel b), complexity increased from two components to 153 
four (maximum two circles, two lines).  154 

(g) Performance over the three days of training for trials with guidance (bottom), also plotting the number of unique 155 
images cumulatively (middle) and in a 10-trial running window (top). Performance was quantified as the number 156 
of repeated lines (shape index A), plotted separately for images with one (blue) and two (orange) lines.  157 

(h) Performance for trials without guidance for the same experiment as (g).  158 
(i) Summary of performance for two-line images on the last day of training (day 3). Orange arrow, expected length 159 

for correct performance. 160 
 161 

Zero-shot generalization to harder problems 162 

To test monkeys’ strategies, we assessed what sequences they produce when evaluated on “test” 163 

problems not seen during training and designed to distinguish different candidate strategies. Test 164 

problems were interleaved with training problems after curriculum completion, and used images that were 165 

more complex (maximum six components, up to five circles and five lines, for the experiment in Fig. 1, 166 

2) than experienced during training (maximum four components, up to two circles and two lines). To 167 

further increase novelty, test images included components at new screen locations (Fig. 2a).  168 

 169 

Generalization of the grammar AnBm (Fig. 2a) predicts that monkeys will draw test problems using the 170 

correct repeat lengths, exceeding the maximum in training (Fig. 2a, right, “test”). An alternative possibility 171 

is a failure mode that resorts to either sequences that are random or based on a default directional bias, 172 

predicting poor generalization (Fig. 2b). Another alternative possibility is that subjects produce the 173 

specific sequences A1B1, A1B2, A2B1, and A2B2, which are sufficient to solve the training problems, but 174 

not the test problems (Fig. 2c). For example, an image with three As and three Bs has no solution in that 175 

set of sequences; thus the subject may solve it by chaining A2B2 and A1B1 into a sequence AABBAB, 176 

which predicts low repeat length scores (Fig. 2c, right).  177 

 178 

Performance on test problems was consistent with the grammar AnBm. This is evident in example 179 

drawings (Fig. 2d) and quantification of first-trial performance (Fig. 2f). Critically, subjects produced 180 

longer repeats than expected under the alternative hypotheses (Fig. 2b,c). Generalization was (i) 181 

internally generated, as images had no dynamic cues to guide action order; (ii) problem-directed, as each 182 

image represented a specific problem to solve in that moment; and (iii) zero-shot generalizing, as it 183 

occurred on the first attempt for novel, including harder, images—hallmarks of grammatical behavior (Fig. 184 

1c). 185 

 186 
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We found that monkeys could learn new assignments of shapes to the indices (A, B) in different 187 

experimental sessions, such that the same test image was drawn differently (in different sessions) 188 

depending on the currently trained grammar (compare Fig. 2d to Fig. 2e; and Fig 2f, monkey D). 189 

 190 

We also found that fine-grained behavioral structure was consistent with the AnBmCk grammar. We 191 

capitalized on the possibility that the timing of actions within sequences can reflect the underlying 192 

strategy—in particular, longer duration between actions in a sequence (i.e., gaps) may reflect cognitive 193 

processes including planning53, decision making54, and surprise due to violation of expectations, including 194 

of grammatical structure55. First, we tested for hierarchical structure, in the sense that each repetition of 195 

a given shape forms a high-level unit, such that AAABBC consists of three units (AAA, BB, C) (Fig. S2a). 196 

Consistent with this, gaps between shapes (e.g., A to B) were longer than gaps within shapes (e.g., A to 197 

A) (Fig. S2b). Second, we tested for ordinal structure of shape indices, or the understanding that A comes 198 

before B, which comes before C (Fig. S2c). Consistent with this, gaps where an expected shape index 199 

was skipped were slowed (e.g., A to C in AAACC is slower than A to B in AAABC) (Fig. S2d), possibly 200 

reflecting violation of an expectation of a B after A. Third, we tested for evidence that subjects consider 201 

the entire repeat length of a shape before initializing it, possibly reflecting planning or visual search for 202 

components of that shape53,56 (Fig. S2e). Consistent with this, we found that gaps before repeat of a 203 

shape were slower if that upcoming repeat was longer (e.g., A to B is slower for ABBB vs. ABBC) (Fig. 204 

S2f-h). Thus, the duration of inter-stroke gaps reflects grammatical structure. 205 

 206 

 207 
Figure 2. Zero-shot generalization to harder problems. 208 
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(a) Expected behavior from generalizing the AnBm grammar, producing the sequence AAABBB, resulting in a 209 
performance score (i.e., repeat length of shape A) of 3. Right: Expected performance vs. number of components 210 
(of A) in the image. Generalization should produce a function (black) with slope close to 1 (gray dashed). Open 211 
circle, the example test problem. 212 

(b) An alternative to grammar generalization is failure that resorts to a directional bias (here, draw left to right), 213 
producing the sequence ABABAB for this example problem, resulting in a repeat length of 1 (i.e., only the first 214 
A). Right: Expected performance will produce repeats shorter than expected from generalizing AnBm. 215 

(c) An alternative to grammar generalization is reuse of specific learned sequences (A1B1, A1B2, A2B1, and A2B2). 216 
For this test problem, the learned sequences AABB and AB are chained to produce AABBAB, which leads to a 217 
repeat of length 2. Right: expected performance. 218 

(d) Monkey behavior. Shown are the first trials for three example test problems after training on AnBm with line 219 
(including both vertical and horizontal) assigned to A and circle to B. Note that for test problems, reward was 220 
provided for image completion regardless of whether their behavior was consistent with the grammar. 221 

(e) Behavior for the same monkey in (e) after training on a new assignment between shapes and indices, with 222 
circle now assigned to A and lines to B. Drawings depict the first trials attempting the test problems after training.  223 

(f) Summary of performance for monkey D for two experiments with different shape assignments (left, middle) and 224 
for monkey P (right). “Chance” is performance expected from random sequencing. 225 

 226 

Hypothesized brain areas and neural activity correlates 227 

What brain areas are involved? As candidates, we recorded from multiple frontal cortical areas each 228 

previously implicated in rule-based behavior or action sequencing. Prominent rule-associated areas (Fig. 229 

3a, “rule use”) included dorsolateral and ventrolateral prefrontal cortex (dlPFC and vlPFC)38,57–60, dorsal 230 

and ventral premotor cortex (PMd and PMv)40,61–63, and frontal pole (FP)64. Prominent sequencing-231 

associated areas (Fig. 3a, “sequencing”) included vlPFC and dlPFC27,38,39,45,65–67, PMd40,68, 232 

supplementary motor area (SMA)26,69,70, and preSMA26,28. We also considered PMv as a candidate, 233 

because it is involved in this drawing task, in encoding action symbols1. We also recorded from primary 234 

motor cortex (M1), an area linked to motor control and not strongly to rules or sequencing24,39,71, and 235 

which thus acts as a “negative control”. We recorded from these areas using chronically implanted multi-236 

electrode arrays (sixteen 32-channel arrays,  Fig. 3b, Fig. S3). 237 

 238 

Recording from these areas together allowed us to, for the first time, directly compare them in the same 239 

task. To test involvement in grammatical sequencing, we assessed encoding of three structural properties 240 

associated with the AnBmCk grammar: shape index, abstract role, and repetition ordinal position 241 

(schematized and explained in Fig. 3c-e). The areas encoding these structural properties could in 242 

principle be those previously implicated in rules (Fig. 3a, “Rule use”) or those implicated in sequencing 243 

(Fig. 3a, “Motor sequencing”). Alternatively, none of the recorded areas may be involved (Fig. 3a, 244 

“None”), a single area may be preferentially involved (Fig. 3a, “Preferential”), or all areas may be equally 245 

involved (Fig. 3a, “Distributed”). 246 

 247 
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 248 
Figure 3. Hypothesized brain areas and neural activity correlates. 249 
(a) Five hypotheses for sets of areas encoding grammatical structure, shown on the lateral surface of frontal cortex: 250 

(1) Areas previously implicated in use of abstract rules (“rule use”); (2) Areas previously implicated in action 251 
sequencing (“sequencing”); (3) None of the areas we are recording from (“no recorded area”); (4) A single area 252 
exhibiting stronger encoding of grammatical structure compared to other areas (“Preferential”); (5) Many, 253 
possibly all, areas exhibiting similarly strong encoding of grammatical structure (“Distributed”). Note that 254 
preSMA and SMA are depicted here on the lateral surface but are actually on the medial wall. R, rostral. D, 255 
dorsal. 256 

(b) Recording sites, targeted to right frontal cortex, contralateral to the drawing hand, showing floating 257 
microelectrode arrays (32-channel, Microprobes) to scale on 3D rendering of brain (monkey P). SMA and 258 
preSMA electrodes were angled to target the medial wall (Fig. S3); cs, central sulcus; as, arcuate sulcus; ps, 259 
principal sulcus.  260 

(c) Three latent properties of action sequences consistent with a representation of grammatical structure, tested 261 
for in each recorded area. See main text. 262 

(d) Predicted neural activity encoding grammatical structure, depicted as population activity projected onto a two-263 
dimensional subspace during drawing of index A (maroon ellipse), index B (green) and index C (black). “Shape 264 
index” encoding predicts separation of activity for each shape when used in a grammar (“Using grammar”) that 265 
diminishes when the same shapes are used in a non-grammatical task drawing single shapes (“Isolated 266 
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shape”). “Abstract role” encoding predicts similar shape index encoding across two shape sets which assign 267 
different shapes to the same abstract roles (A, B, C). “Repetition ordinal position” predicts separation of activity 268 
during repetition of a given shape, possibly encoding ordinal position within the repeat (1, 2, 3, …). 269 

(e) Predictions if activity encodes the shape or shape-associated action symbol rather than grammatical structure. 270 
 271 

Encoding of shape index 272 

Behavioral success (Fig. 2; and inter-stroke gap durations in Fig. S2a-d) implies an internal 273 

representation of the indices A, B, and C (Fig. 3c, “shape index”). Activity consistent with such a 274 

representation should exhibit distinct states when drawing A, B, or C (“shape encoding”, Fig. 3d, “Using 275 

grammar”), and this effect should diminish for tasks involving drawing of a single shape component (Fig. 276 

3d, “Isolated shape”), a control task with the visual and motor properties associated with each shape, but 277 

lacking grammatical structure. 278 

 279 

Out of all the recorded areas, preSMA was the only one to strongly exhibit both shape encoding and its 280 

reduction in single-stroke tasks (Fig. 4). For the example preSMA unit (Fig. 4a) stroke-aligned activity 281 

strongly differs by the shape of that stroke (left panel), and this difference is greatly reduced when drawing 282 

these same shapes as isolated strokes (right panel). As a contrast, a unit in PMv (Fig. 4b) encodes the 283 

shape but does so similarly whether the stroke is in a grammatical sequence (left panel) or isolated (right 284 

panel), consistent with encoding shape-specific action symbols1. 285 

 286 

These encoding properties were evident at the population level. Two-dimensional linear projections of 287 

preSMA population activity exhibited shape-encoding activity states during grammatical sequencing (Fig. 288 

4c, “Using grammar”), which diminished for single-stroke tasks (Fig. 4c, “Isolated shape”). In contrast, 289 

PMv activity encoded shapes in both tasks (Fig. 4d).  290 

 291 

To quantify encoding of shape index, we devised a “shape encoding” metric, which reflects activity 292 

dissimilarity between sets of trials representing different shapes. It is the average pairwise Euclidean 293 

distance between all across-shape trials, subtracting the average within-shape Euclidean distance, 294 

normalized between 0 (no difference) and 1 (a ceiling, defined as the 98th percentile of pairwise 295 

Euclidean distances). Shape encoding was computed controlling for multiple potentially confounding 296 

behavioral factors, including the stroke’s spatial location and the direction of movement preceding the 297 

stroke (Methods).  298 

 299 

In preSMA, shape encoding was high when using the grammar (Fig. 4e, x-axis), and low when drawing 300 

single strokes (Fig. 4e, y-axis). In contrast to preSMA, other areas had relatively high shape encoding in 301 

both conditions (premotor and motor areas, Fig. 4e), or low encoding in both conditions (prefrontal and 302 

frontal polar areas, Fig. 4e). Thus, encoding of shape index is associated with activity in preSMA. 303 

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 24, 2026. ; https://doi.org/10.64898/2026.01.18.700235doi: bioRxiv preprint 

https://doi.org/10.64898/2026.01.18.700235
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

 

 304 

 305 

 306 
Figure 4. Encoding of shape index. 307 
(a) An example unit in preSMA, showing mean activity for each shape during either repetition in the context of a 308 

grammar (“Using grammar”) or as a single stroke (“Isolated shape”). White background indicates the time 309 
window aligned to stroke onset used for subsequent analysis (-0.35 to 0.2 sec).  310 

(b) An example unit in PMv, recorded concurrently and plotted analogously to (a). 311 
(c) Population activity for preSMA, projected to two dimensions using PCA, plotting for each shape a kernel density 312 

estimate (KDE; filled contours) and individual stroke datapoints, in the time window -0.35 to 0.2 sec relative to 313 
stroke onset. 314 

(d) Population activity for PMv, plotted analogously to (c). 315 
(e) Summary of pairwise shape encoding (see main text and Methods) while using the grammar (x-axis) and while 316 

drawing isolated strokes (y-axis). **, p < 0.001 for preSMA vs. each motor and premotor area in shape encoding 317 
(isolated shape); **, p < 0.001 for preSMA vs. each prefrontal area in shape encoding (using grammar). 318 
Statistical tests were performed using a linear model that controlled for behavioral variables that may influence 319 
shape encoding, and remain significant after Bonferroni correction for multiple comparisons (Methods). 320 

 321 

Encoding of abstract role 322 

A grammar’s usefulness lies in its capacity to support generalization. One form of generalization occurs 323 

when a grammar defines abstract “roles” that can be bound to different concrete objects or actions, as in 324 

dynamic role–filler binding72,73 and algebraic sequences5,9,10 (Fig. 3c, “abstract role”). To test whether 325 

activity reflects abstract roles—or instead, reflects concrete shapes—we trained macaques on tasks 326 

involving the same AnBmCk grammar but using one of two different shape sets on randomly interleaved 327 

trials. This predicts that activity encoding shape index will be similar between the two shape sets (Fig. 328 

3d), whereas encoding of concrete shape predicts they will be different (Fig. 3e). 329 

 330 
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We found evidence for encoding of abstract role, and it was strongest in preSMA. The two example 331 

preSMA units (Fig. 5a, b) encode shape index (colored red, green, black) similarly for shape set 1 (left 332 

panel) and 2 (right panel). In contrast, the two example PMv units (Fig. 5c, d) encode specific shapes. 333 

These effects are evident in population activity for preSMA (Fig. 5e, f) and PMv (Fig. 5g, h).  334 

 335 

Consistent with encoding abstract role, preSMA exhibited relatively high shape encoding within each 336 

shape set (high on the x-axis in Fig. 5i) and low shape encoding across shape sets and within the same 337 

index (low on the y-axis in Fig. 5i). In contrast, for the other areas these two values were more correlated, 338 

such that shape encoding in motor and premotor areas was high in general (towards the top-right of Fig. 339 

5i) and in the prefrontal areas was low in general (towards the bottom-left of Fig. 5i). Thus encoding of 340 

abstract role was strongest in preSMA. 341 

 342 

 343 
Figure 5. Encoding of abstract role. 344 
(a) An example unit in preSMA, showing mean activity for each shape during execution of the AnBmCk grammar in 345 

a session switching trial-by-trial between two shape sets (left and right) that each assign a different shape to 346 
indices A (maroon), B (green), and C (black). Across trials there are six shapes, three each in sets 1 and 2. 347 
White background indicates the time window used for subsequent analysis (-0.35 to 0.2 sec). 348 

(b) Another example unit in preSMA, recorded concurrently and plotted analogously to (a). 349 
(c) An example unit in PMv, recorded concurrently and plotted analogously to (a). 350 
(d) Another example unit in PMv, recorded concurrently and plotted analogously to (a). 351 
(e) Population activity for preSMA, projected to PCA components 1 and 2, plotting a KDE and individual datapoints 352 

for each shape across two shape sets, using the time window of -0.35 to 0.2 sec relative to stroke onset. 353 
(f) The same data as in (e) but projected to PCA components 3 and 4. 354 
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(g) Population activity for PMv, recorded concurrently and plotted analogously to (e). 355 
(h) The same data as in (g) but projected to PCA components 3 and 4. 356 
(i) Summary of pairwise shape encoding, either computed across shapes within each shape set and averaged 357 

across sets (x-axis) or across shape sets within each index and averaged across indices (y-axis). Activity 358 
towards the bottom-right of the plot indicates stronger encoding of abstract role. Statistics comparing brain 359 
areas using the ratio of shape encoding (across shape sets) to shape encoding (within shape set); monkey D: 360 
*, p < 0.01 for preSMA vs. PMd; p < 0.005 for preSMA vs. each other area (except FP, vlPFC, and dlPFC, which 361 
had low shape encoding and thus no well-defined ratio); monkey P: **, p < 0.005 for preSMA vs. each other 362 
area (except FP, which had low shape encoding and thus no well-defined ratio). 363 

 364 

Encoding of repetition ordinal position 365 

Do subjects internally represent progression, or ordinal position, within a shape repeat (Fig. 3d) and not 366 

just its shape index (Fig. 3e)? Consistent with the former, preSMA activity differed based on ordinal 367 

position, as in the example unit (Fig. 6a, b). In contrast, activity of the example PMv unit (Fig. 6c) did not 368 

strongly differ by ordinal position, and this was true across shape indices and repeat lengths (Fig. 6d). 369 

Population activity also differed strongly by ordinal position in preSMA (Fig. 6e) and not in PMv (Fig. 6f). 370 

We quantified ordinal encoding as the mean pairwise neural distance between all ordinal positions, 371 

computed separately for each shape, and found that it was strongest in preSMA (Fig. 6g, h).  372 

 373 

Ordinal encoding could reflect position relative to repeat start (“number of items completed”) or relative 374 

to repeat end (“number of items remaining”). To distinguish these possibilities we compared repeats of 375 

different length (Fig. 6i, top), which allows dissociating ordinal position relative to start (termed ordFWD) 376 

from ordinal position relative to end (ordREV). For example (Fig. 6i, bottom), if activity during production 377 

of the second stroke in a length-3 sequence (X3) is similar to activity for the second stroke in a length-4 378 

sequence (X4), measured as low pairwise neural distance, this indicates encoding of ordFWD. In contrast, 379 

if activity is more similar to the third stroke of X4, this indicates encoding of ordREV. Taking this approach, 380 

we found that activity encoded ordFWD and ordREV to different extents depending on ordinal position. 381 

Activity at the start of a repeat (i.e., the first and second strokes) more strongly encoded ordFWD (Fig. 6j, 382 

top-left), while activity at the end encoded ordREV (Fig. 6j, bottom-right). The change from encoding ordFWD 383 

to ordREV occurred around when three strokes remained in the repeat (Fig. 6k). 384 

 385 

Activity more strongly encoding ordREV (relative to ordFWD) implies an internal representation of the number 386 

of remaining repetitions, consistent with maintenance of a (at least partial) plan for the upcoming 387 

repetitions. Having a plan would minimize the need for further decision making before each stroke, 388 

predicting faster gap durations between strokes. Consistent with this, sequences with stronger encoding 389 

of ordREV also had shorter average gap duration (Fig. 6l). 390 

 391 
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Thus, preSMA encodes ordinal position within shape repeats, changing from encoding ordFWD at 392 

sequence start to ordREV at sequence end. Comparison of this neural property to speed of action indicates 393 

that stronger encoding of ordREV may be a neural signature of a plan for the upcoming actions within a 394 

repeat. 395 

 396 

 397 
Figure 6. Encoding of repetition ordinal position. 398 
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(a) An example unit in preSMA, showing mean activity for each ordinal position (numbered, counting up from repeat 399 
onset) during repeat of A in length-4 A sequences using the AnBmCk grammar. White background indicates the 400 
time window used for subsequent analysis (-0.35 to 0.2 sec). 401 

(b) Example unit activity in preSMA. Each subpanel is a distinct dataset during a specific length repeat of a specific 402 
shape. Mean activity is shown for each ordinal position. The same unit from (a) is plotted for A and B repeats 403 
and a different unit for C repeats.  404 

(c) An example unit in PMv, recorded concurrently and plotted analogously to (a). 405 
(d) Example unit activity in PMv recorded concurrently and plotted analogously to (b). This is the same unit from 406 

(c). 407 
(e) Population activity for preSMA colored by ordinal position during repeats of either A (left), B (middle), or C 408 

(right), plotted in the same projection, using PCA. Shown are only data for strokes drawn at a single specific 409 
screen location, in order to control for movement-related confounds associated with location.  410 

(f) Population activity for PMv, recorded concurrently and plotted analogously to (e). 411 
(g) Summary of ordinal encoding, one mean value for each brain area (colors) in each session. Colors represent 412 

individual brain areas using the same mapping as (h).  413 
(h) Summary of ordinal encoding, showing the difference between mean encoding in preSMA vs. each other area; 414 

n = 14 sessions (monkey P), 16 (D). Statistics: p < 0.001, for each preSMA vs. other area comparison, for both 415 
monkeys P and D. 416 

(i) Schematic (top) of dissociation between ordinal position from sequence start (ordFWD) and ordinal position from 417 
sequence end (ordREV) by comparing sequences of different lengths (length 3 vs 4). Bottom: Two predictions 418 
for neural activity differences between these two sequences depending on whether activity encodes ordFWD or 419 
ordREV. 420 

(j) Summary of pairwise mean +/- SEM ordFWD encoding (y-axis) vs. ordREV encoding (x-axis), computed separately 421 
for strokes differing by ordinal position (each point), with position indicated by color, ranging from blue (start of 422 
sequence) to orange (end of sequence). OrdREV encoding is the mean pairwise neural distance across different 423 
ordREV positions (keeping ordFWD the same), while ordFWD encoding is the neural distance across different ordFWD 424 
positions (keeping ordREV the same). Insets illustrate the procedure: each ordinal position for a given length 425 
sequence (e.g., the first X in XXX) was paired with a different length repeat for the same shape (e.g., XXXX) to 426 
contribute two values, one for ordFWD encoding (blue) and the other ordREV encoding (orange). This combines 427 
data for monkeys D and P. 428 

(k) Summary of mean ordFWD encoding (blue) and ordREV encoding (orange) as a function of ordinal position. 429 
(l) Relationship between gap duration (mean within sequence) and difference in ordinal encoding (ordREV - ordFWD), 430 

plotting results from ordinary least squares regression fit (95% bootstrapped CI). Each datapoint represents a 431 
single sequence (e.g., AAA), with gap duration averaged over gaps and ordinal encoding averaged over ordinal 432 
positions. 433 

 434 

  435 
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Discussion 436 

Trained to solve visual-motor construction problems requiring action sequencing with grammatical 437 

structure of the form AnBmCk (Fig. 1), macaques exhibited zero-shot generalization to solve novel, harder 438 

problems (Fig. 2). Comparing multiple motor, premotor, and prefrontal areas implicated in rule use and 439 

sequencing (Fig. 3), we found that preSMA exhibited the strongest encoding of each of three properties 440 

of AnBmCk structure: shape index (Fig. 4), abstract role (Fig. 5), and repetition ordinal position (Fig. 6). 441 

During drawing, preSMA population activity exhibits dynamics in which it occupies different activity states 442 

for different shape indices (Fig. 4, 5), and within each shape, activity encodes behavioral progression 443 

within its repeat (Fig. 6), initially encoding progression relative to the onset of the repeat, and then, with 444 

around three strokes left, changing to encoding the number of strokes remaining in the repeat (Fig. 6j, 445 

k). Overall, this study establishes a macaque paradigm for studying the neuronal basis of grammatically 446 

structured problem-solving behavior and, using this paradigm, provides insight into that basis by finding 447 

a dominant role for preSMA in encoding latent structure in this action grammar. 448 

 449 

Insight into internal procedural rules underlying grammatical ability 450 

Behavioral success demonstrates that the subjects understood the grammatical structure “draw all A, 451 

then draw all B, then draw all C.” However, this does not reveal what underlying step-by-step procedural 452 

rules implement the behavior consistent with this grammar. In general, it is difficult to infer internal 453 

algorithms from behavior alone74,75. By establishing a macaque model, we were able to perform neural 454 

recordings that allow more direct observation of internal algorithms.  455 

 456 

The grammatical structure represented in preSMA activity reveals aspects of internal procedures 457 

concerning both the sequencing of shape indices (A, B, C) and the sequencing of multiple repetitions 458 

within each shape index. 459 

 460 

At the level of shape indices, multiple lines of evidence indicate that subjects understand shape indices 461 

and their ordinal structure (A then B then C). First, subjects correctly sequence indices even on test trials 462 

(Fig. 2). Second, preSMA activity encodes the identity of the currently repeated index (Figs. 4, 5). Third, 463 

behavioral timing shows longer inter-stroke gaps at transitions from one index to the next (e.g., A to B) 464 

compared to transitions within an index (e.g., A to A) (Fig. S2a, b), with even longer gaps when an 465 

expected intermediate index is omitted (e.g., A to C without B; Fig. S2c, d).  466 

 467 

Notably, the finding of activity in preSMA encoding abstract roles (Fig. 5) implies that indices are 468 

represented at a level of abstraction that generalizes beyond specific shapes. Such an abstraction is 469 

thought to characterize some kinds of abstract grammars, supporting generalization across surface motor 470 

and sensory features—as in dynamic role–filler binding72,73 and algebraic sequences5,9,10. Finding neural 471 
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evidence for abstract role encoding in non-human primates informs ongoing debates on the extent to 472 

which non-human animals represent such structure5,6,8,9,17,76. 473 

 474 

Within each shape index, what procedures govern the ability to draw all instances? One possibility is a 475 

procedure that relies on the persistence of the target image: “search for an instance of A, draw it, then 476 

search for another A, and continue until no unmatched instances remain.” This procedure resembles a 477 

while-loop in computer programming (“while A exists, draw A”). An alternative possibility is based on 478 

internally representing the target number of repetitions and comparing it to an internal representation of 479 

the number of completed actions: “count how many instances of A exist, then draw A that number of 480 

times while tracking progress.” This strategy resembles a for-loop program.  481 

 482 

Although not definitive, our neural results provide evidence in favor of the latter “for loop” interpretation. 483 

We found that preSMA activity encodes the ordinal position of each action within a repeat (Fig. 6). Such 484 

internal tracking of ordinal position is unnecessary for a while-loop, but is a core requirement of a for-loop 485 

procedure. Additional behavioral evidence supports this interpretation: inter-stroke gaps at the start of a 486 

repeat are longer when the upcoming repeat contains more items (Fig. S2e-h), consistent with counting 487 

items or planning the forthcoming sequence. 488 

 489 

Thus, a major insight from our approach combining grammatically structured behavior with simultaneous 490 

recordings is that it allows direct observation of neural activity reflecting otherwise latent procedures that 491 

would be difficult to infer from behavior alone. Recorded activity indicates hierarchically organized 492 

procedures; at the higher level, a procedure resembling “draw all A, then all B, then all C”; and at the 493 

lower level, evidence suggests a for-loop–like procedure for producing repetitions of each shape. 494 

Although further experiments will be needed to definitively characterize them, the present findings provide 495 

an initial window into the internal algorithms, and associated neural substrates, underlying grammatical 496 

action sequencing.  497 

 498 

Reinterpretation of latent structure in action sequencing 499 

Our findings relate to a growing body of work that finds evidence that the geometry of neural population 500 

activity in frontal cortex encodes the latent structure of action sequences, including in rodents42,46 and 501 

primates38,65. Such activity has been proposed to represent abstract schemas or cognitive maps42,46,65, 502 

internal models of behavioral, task-related or environmental structure which generalize across related 503 

tasks and may support planning and inference42,46,77, working memory38,65 and learning42, among other 504 

functions.  505 

 506 
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Our results are compatible with aspects of these interpretations, but also suggest an additional possibility. 507 

By directly linking neural activity to a generative capacity in behavior, our results raise the possibility that 508 

these prior findings reflect, at least in part, implementation of rule-based procedures (a possibility also 509 

discussed in ref38). In this view, such activity not only represents a space of latent states in the world, but 510 

also states contributing to internal program-like algorithms4,6,7,17,78,79, mirroring the distinction proposed 511 

between relational cognitive maps80,81 and symbolic "language of thought” procedures8,17,18,82,83. 512 

 513 

This interpretation aligns with classic neuropsychological observations that frontal lobe damage 514 

selectively impairs the ability to internally organize complex actions in open-ended problems, despite 515 

preserved basic cognitive, motor and perceptual functions84.  516 

 517 

A central role for preSMA in grammatical sequencing 518 

Prior studies of have identified various neural correlates of sequential structure in multiple brain areas, 519 

but have typically recorded from just a single, or a few, areas (see Introduction and Fig. 3). A major 520 

advance of our study is thus recording from many candidate areas together, allowing comparison of their 521 

relative contributions, and doing so while systematically assessing grammatically structured behavior. 522 

We found that encoding of grammatical structure was surprisingly weak in lateral prefrontal cortex (dlPFC 523 

and vlPFC), a region previously implicated in sequencing27,38,39,65,67,88 and use of abstract rules38,57,58,60. 524 

Instead, grammatical structure was preferentially encoded in preSMA. 525 

 526 

The representations we report in preSMA are consistent with the diverse neural correlates that have been 527 

identified in that region28,52,71. Prominent functions attributed to preSMA include involvement in performing 528 

voluntary and cognitively demanding actions85, suppressing automatic actions for voluntary ones86, 529 

representing temporal structure of action87, learning new sequences26, and planning and executing 530 

sequences28. Our results suggest that some of these prior neural observations may reflect involvement 531 

of preSMA in internal rule-based procedures for generating action sequences. 532 

 533 

A frontal cortical system supporting compositional generalization 534 

Together with our prior work identifying discrete action symbols in the current task1, we have identified 535 

neural substrates of two key components of a compositional system: the elemental action units (action 536 

symbols represented in ventral premotor cortex, or PMv), and the procedures that recombine them 537 

(action grammars involving preSMA). PMv and preSMA are directly interconnected89, and they are part 538 

of the putative macaque homolog of the multiple-demand network90, a set of areas coactivated during 539 

abstract reasoning. The latter observation raises the possibility that preSMA and PMv may also contribute 540 

to problem solving in abstract non-motor tasks. Future studies may clarify how preSMA, PMv, and 541 
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connected areas implement algorithmic procedures in grammar-based recombination of action symbols, 542 

thus supporting compositional generalization. 543 

  544 
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Methods 787 

Subjects and surgical procedures 788 

Data were acquired from two adult male macaques (Macaca mulatta, average weights 17 kg (S1) and 10 789 

kg (S2), average ages 9 years (S1) and 7 years (S2)). This sample size was chosen to match the standard 790 

for neural recording studies of behaving monkeys91,92. All animal procedures complied with the NIH Guide 791 

for Care and Use of Laboratory Animals and were approved by the Institutional Animal Care and Use 792 

Committee of the Rockefeller University (protocol 24066-H).  793 

After undergoing initial task training in their home cages, subjects underwent two surgeries, the 794 

first to implant an acrylic head implant with a headpost, and the second to implant electrode arrays. Both 795 

surgeries followed standard protocol, including for anesthetic, aseptic, and postoperative treatment. In 796 

the first surgery, a custom-designed MR-compatible Ultem headpost was implanted, surrounded by a 797 

bone cement cranial implant, or “headcap” (Metabond, Parkell and Palacos, Heraeus), which was 798 

secured to the skull using MR-compatible ceramic screws (Rogue Research). After a six month interval, 799 

to allow bone to grow around the screws and for the subject to acclimate to performing the task during 800 

head fixation via the headpost, we performed a second surgery to implant 16 floating microelectrode 801 

arrays (32-channel FMA, Microprobes for Life Science), following standard procedures93. Briefly, after 802 

performing a craniotomy and durotomy over the target area, arrays were inserted one by one 803 

stereotactically, held at the end of a stereotaxic arm with a vacuum suction attachment (Microprobes). 804 

Using vacuum suction allowed us to release the arrays, after insertion, with minimal mechanical 805 

perturbation by turning off the suction. After all arrays had been implanted, the dura mater was loosely 806 

sutured and covered with DuraGen (Integra LifeSciences). The craniotomy was closed with bone cement.  807 

We used standard density arrays (1.8 mm x 4 mm) for all areas, except SMA and preSMA, for 808 

which we used four high density arrays (1.6 mm x 2.95 mm). Four additional electrodes on each array 809 

served as reference and ground. Two arrays were targeted to each of multiple areas of frontal cortex, 810 

with locations identified stereotactically, and planned using brain surface reconstructions derived from 811 

anatomical MRI scans (3D Slicer 5.6.2). Locations were selected based on their published functional and 812 

anatomical properties (see below), anatomical sulcal landmarks, and a standard macaque brain atlas94. 813 
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During surgery, locations were further adjusted based on cortical landmarks, and to avoid visible blood 814 

vessels. Arrays were implanted in the right hemisphere (contralateral to the arm used for drawing). 815 

Array locations are depicted in Fig. 3 and Fig. S3, confirmed with intraoperative photographs. For 816 

M1, we targeted hand and arm representations (F1), directly medial to the bend of the central sulcus 817 

(which corresponds roughly to the intersection of the central sulcus and the arcuate spur if the latter were 818 

extended caudally), based on retrograde labeling from spinal cord and microstimulation of M195 and M1 819 

recordings96. For PMd, we placed both arrays lateral to the precentral dimple, with one (more caudal) 820 

array directly medial to the arcuate spur (the arm representation95–97, F2), and the other more rostral 821 

(straddling F2 and F7). For PMv, we targeted areas caudal to the inferior arm of the arcuate sulcus (F5), 822 

which are associated with hand movements based on retrograde labeling from spinal cord95 and M198, 823 

microstimulation99 and functional studies61,100,101, as well as with decision making61,102. These areas 824 

contain neurons interconnected with PFC98. For SMA (F3) and preSMA (F6), we targeted the medial wall 825 

of the hemisphere, with the boundary between SMA and preSMA defined as the anterior-posterior 826 

location of the genu of the arcuate sulcus, consistent with prior studies finding significant differences 827 

across this boundary in anatomical connectivity (e.g., direct spinal projections in SMA but not preSMA103) 828 

and function28,104. SMA arrays were largely in the arm representation103. For dlPFC, we targeted the 829 

region immediately dorsal to the principal sulcus (46d), following prior studies of action sequencing27,38,66 830 

and other cognitive functions59. For vlPFC, we targeted the inferior convexity ventral to the principal 831 

sulcus, with one (more rostral) array directly ventral to the principal sulcus (46v) and the other rostral to 832 

the inferior arm of the arcuate sulcus (45A/B), based on evidence for encoding of abstract concepts in 833 

regions broadly spanning these two locations57,105,106, including a possibly heightened role (compared to 834 

dlPFC) in encoding abstract concepts in a manner invariant to temporal or spatial parameters45,106,107. For 835 

FP, we targeted a rostral location similar to prior recording and imaging studies (one array fully in area 836 

10, the other straddling 9 and 10)108,109, including areas associated with executive functions110. In general, 837 

array locations targeted the cortical convexity immediately next to sulci, instead of within the banks, in 838 

order to allow shorter insertion depths that minimize the risk of missing the target. The exceptions were 839 

SMA and preSMA in the medial wall, for which this was not possible. To avoid damaging the superior 840 
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sagittal sinus, we positioned the arrays laterally (2 mm from midline) and slanted the electrodes medially 841 

(Fig. S3). 842 

The lengths of each electrode were custom designed to target half-way through the gray matter, 843 

and to vary substantially across the array, to maximize sampling of the cortical depth. Electrode lengths 844 

spanned (in mm) 1.5 - 3.5 (M1), 1.5 - 3.1 (PMd, PMv), 2.8 - 5.8 (SMA, preSMA), 1.5 - 2.5 (dlPFC, vlPFC), 845 

and 1.5 - 2.6 (FP) for subject 1, and 1.7 - 3.75 (M1), 1.5 - 3.3 (PMv), 1.5 - 3.1 (PMd), 2.65 - 5.95 (SMA, 846 

preSMA), 1.75 - 3.15 (dlPFC), 1.35 - 3.2 (vlPFC),  and 1.6 - 2.9 (FP) for subject 2. Reference electrodes 847 

were longer (6 mm) to anchor the arrays. 28 electrodes were Pt/Ir (0.5 MΩ) and 4 were Ir (10 kΩ). Array 848 

connectors (Omnetics A79022) were housed in custom-made Ultem pedestals (Crist), which were 849 

secured with bone cement onto the cranial implant. Four pedestals were used per subject, holding 5, 5, 850 

4, and 2 connectors each. 851 

  852 

Behavioral task 853 

Task overview 854 

The general task structure and experimental setup are described in a prior publication1. In brief, subjects 855 

were seated comfortably in the dark with head restrained by headpost fixation. They faced a touchscreen 856 

(Elo 1590L 15” E334335, PCAP, 768 x 1024 pixels, refresh rate 60 Hz, with matte screen protector to 857 

reduce finger friction) that presented images and was drawn on. The touchscreen location was optimized 858 

to allow each subject to easily draw at all relevant locations on the screen (23 to 26 cm away; diagram in 859 

Fig. S1). Both subjects decided on their own over the course of learning to perform the task with the left 860 

hand. The chairs were designed to minimize movements of the torso and legs (by using a loosely 861 

restricting “belly plate”) and the non-drawing arm (by resting on the belly plate and having movement 862 

restricted to within the chair). Gravity-delivered reward (water-juice mixture) was controlled by the 863 

opening and closing of a solenoid pinch valve (Cole-Parmer, 1/8" ID). Subjects were water-regulated, 864 

with careful monitoring that consumption met the minimum requirement per day (typically exceeding it), 865 

and body weight was closely monitored to ensure good health. The task was controlled with custom-866 

written software, using the MonkeyLogic (2.2.45) behavioral control and data acquisition MATLAB 867 
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package111. (PC: Windows 10 Pro, Intel Core i7-4790K, 32GB RAM; DAQ: National Instruments PCIe-868 

6343). All stimuli (images of line figures defined as point sets, with points rendered large enough to 869 

appear as continuous curves) were also generated with custom-written MATLAB (R2021a) code. Images 870 

were presented in a “workspace” area on the screen (16.6 cm x 16.9 cm, corresponding to approximately 871 

37° by 38° visual angle). Shape components in images were on average 4.0 cm (9°) (maximum of width 872 

and height).  873 

 874 

Task Training 875 

The procedure for training subjects on the basic drawing task are described in a prior publication1.  876 

 877 

Trial structure 878 

Trial structure is summarized in Fig. 1d (screen schematic in Fig. S1) and described in detail in a prior 879 

publication1. Screen image changes (including image presentation and other trial events) were recorded 880 

using photodiodes (Adafruit Light Sensor ALS-PT19) and sounds were recorded using an electret 881 

microphone (Adafruit Maxim MAX4466, 20-20KHz). We performed eye tracking (ISCAN), but did not 882 

enforce eye fixation. 883 

 884 

Behavioral data analysis 885 

Preprocessing of touchscreen data 886 

Touchscreen data were represented as time series of (x, y) coordinates in units of pixels (conversion: 887 

33.6 pixels/cm) and sampled at 60 Hz, which we upsampled to 500 Hz (performed in MonkeyLogic to 888 

align all behavioral signals, including trial event markers and eye tracking), and low-pass filtered below 889 

the highest frequency in the drawing movements (15 Hz). Strokes were segmented based on the time of 890 

first touch (onset) and the time of last touch (offset) with 500 Hz resolution. 891 

 892 

Neural recordings 893 
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Recordings were acquired using a Tucker-Davis Technologies (TDT) system, including headstage (Z-894 

Series 32 Channel Omnetics, LP32CH-Z), amplifier (PZ5M-256), processor (RZ2), and storage (RS4), 895 

sampled at 25 kHz (local reference mode), controlled with TDT Synapse (v98) software run on a Windows 896 

10 PC (Intel Core i7-3770, 32GB RAM), and saved to disk. Analog and digital task-related signals, 897 

including behavioral events (photodiode, audio, and trial event markers) and eye tracking (ISCAN, 125 898 

Hz), were synchronized to external triggers recorded by the neural data acquisition system. 899 

 900 

Neural data preprocessing 901 

Spike sorting 902 

We extracted for later analysis both isolated single-unit (SU) and multi-unit (MU) spike clusters from the 903 

stored broadband signal following procedures combining Kilosort112 (v2.5) and custom-written software. 904 

Spikes times were then converted to firing rate functions by smoothing with a 0.025 s Gaussian kernel 905 

(0.01 s slide). All of these procedures are described in a prior publication1.  906 

 907 

Neural data analyses 908 

Dimensionality reduction of population activity 909 

We performed dimensionality reduction on the neural population activity using principal 910 

components analysis (PCA), in general because high-dimensional noise can reduce the interpretability 911 

of the Euclidean distance113, using methods described in a prior publication1.  912 

 913 

Computing "neural distance” 914 

To quantify the similarity of population activity between two sets of trials, such as trials for conditions A 915 

and B, each a specific conjunctive value of task-relevant variables, we devised a “neural distance” metric, 916 

as described in a prior publication1. In brief, inspired by the “normalized distance” in Liu et al114, it is the 917 

average pairwise Euclidean distance across conditions A and B, minus the average within-condition 918 

distance. This subtraction ensures the useful property that this distance is unbiased, in that the expected 919 

value of neural distance between two sets of trials sampled from the same distribution is zero (unlike the 920 
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mean Euclidean distance, which is biased upwards115). In addition, the resulting distance is normalized 921 

by dividing by an upper-bound distance to normalize it between 0 and 1. Neural distance is defined as: 922 

 923 

where the normalized Euclidean distance between sets of trials (indexed by  and ) in conditions  and 924 

 is: 925 

 926 

Here,  is the population activity vector at time  (in a window between times  and ), and  is an 927 

upper-bound (98th percentile) of the distances between all pairs of different trials combined across all 928 

conditions. 929 

 930 

Computing a variable’s encoding strength 931 

To compute how strongly a given variable is encoded in population activity (e.g., “shape encoding” in Fig. 932 

4e), we computed the mean effect of that variable on population activity, in terms of neural distance, while 933 

controlling for the other relevant variables. In general, shape encoding was the average pairwise neural 934 

distance between conditions differing by shape, controlling for behavioral variables expected to affect 935 

neural activity and thus possibly confound the analyses: screen location (discretized as a grid), screen 936 

location of the previous stroke (effectively controlling for the movement direction during the gap before 937 

the current stroke). Ordinal encoding (Fig. 6g, h) was the average pairwise neural distance between sets 938 

of trials differing in ordinal position, computed separately for each (shape index, repeat length) condition, 939 

and then averaged over those conditions. We controlled for the behavioral variables of location and 940 

previous location. To compute ordFWD and ordREV encoding (Fig. 6j-l), we performed the following. For 941 

each condition defined by (ordinal position, shape, repeat length) we computed one value for ordFWD and 942 

one for ordREV. OrdREV encoding is the mean pairwise neural distance across different ordREV positions 943 

(keeping ordFWD the same), while ordFWD encoding is the neural distance across different ordFWD positions 944 

(keeping ordREV the same), controlling for the behavioral variables of location and previous location. This 945 

procedure is illustrated in the insets in Fig. 6j.  946 
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 947 

Statistically comparing brain regions in strength of variable encoding 948 

In analyses that compare brain areas in their encoding strengths for particular variables (Figs. 4e, 5i, 6g, 949 

h), for a given brain-area pair of interest, we then fit a linear least-squares regression model to test for 950 

an effect of brain region on the variable’s encoding strength , controlling for trial-condition pair: 951 

 952 

where  is 0 or 1 depending on brain region, and  is an indicator variable for trial-pair condition, with 953 

 as their coefficients, and  is a noise term. Finally, we extracted the p-value for  (two-sided t-test), 954 

which represents the significance of the difference between these two regions in encoding strength for 955 

this variable.   956 
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 957 
Figure  S1. Behavioral task setup. 958 
(a) Schematic of subject relative to touchscreen, profile view, during recording sessions. Subjects 1 and 2 were 959 

positioned at different distances to accommodate their individual anatomies and postures. The screen was 960 
slanted slightly to optimize the ability to see and reach to the same part of the screen (the workspace at the top 961 
of the screen; see panel c). 962 

(b) Schematic of subject relative to screen, top view. Subjects were positioned to the right to accommodate 963 
reaching with the hand used for drawing (left). 964 

(c) Schematic of screen during trial, with component locations and sizes to scale. The finger is tracing over the 965 
figure (purple-gray “V”), leaving a black trail of “ink” behind. The average size of shapes was 4.0 cm (maximum 966 
of width and height). The thickness and color of the figure and “ink” are to scale. The subject can press the 967 
“done” button (green square) at any time to report completion. Dashed line (not visible to the subject) indicates 968 
the workspace where images and drawings occurred.  969 
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 970 
Figure S2. Gap timing reflects grammatical structure. 971 
(a) Schematic of predicted gap timing consistent with hierarchical structure. If each shape repeat forms a high-972 

level unit, then gaps should be slower between shapes (“shape transition”) compared to within shapes. 973 
(b) Mean gap duration for transitions across shapes (y-axis) vs. transitions within shapes (x-axis). 974 
(c) Schematic of predicted gap timing consistent with understanding of ordinal structure of shapes. Transitions 975 

when an expected shape is skipped (e.g., B is skipped in AACCC) should be slow.  976 
(d) Mean gap duration for transitions where an expected shape is missing (y-axis) vs. a matched condition when 977 

the expected shape is present (x-axis).  978 
(e) Schematic of predicted gap timing consistent with consideration of the entire repeat of a shape before initializing 979 

it, with longer upcoming sequences involving longer gaps before initializing that sequence.  980 
(f) Mean gap duration preceding a repeat of B as a function of repeat length of B (x-axis) controlling for different 981 

sequential contexts (colors) defined by the preceding sequence (varying numbers of As). The sequence is 982 
defined by both context and # repetitions; e.g., if context is AA[B]C and repeat length is 3, then this is the 983 
sequence AABBBC. 984 

(g) Mean gap duration preceding a repeat of A, plotted analogously to (f). Note the lack of increasing gap duration 985 
preceding increasing number of repetitions of A. 986 
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(h) Summary of effect of length of upcoming repeat on the duration of the gap preceding the repeat, plotting 95% 987 
CI estimated using linear mixed effects modeling (fixed effect of repeat length, random effect of context, 988 
performed separately for within-shape and across-shape transitions). 989 

  990 
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 991 
Figure S3. Multi-area neuronal recordings across frontal cortex and angled implantation of medial wall 992 
arrays. 993 
(a) Recordings were targeted to right frontal cortex, contralateral to the drawing hand. cs, central sulcus; as, arcuate 994 

sulcus; ps, principal sulcus. R, rostral. D, dorsal. 995 
(b) Arrays to scale on 3D rendering of brain. The caudal dlPFC array for subject 2 malfunctioned. SMA and preSMA 996 

electrodes were angled to target the medial wall (see panel c). Panel b (subject 1) is reproduced from Fig. 3. 997 
(c) Coronal MRI section showing SMA and preSMA arrays angled to avoid the superior sagittal sinus and target 998 

the medial wall, depicted for a preSMA array. Arrays were implanted ~2 mm lateral to the midline, and angled 999 
medially. The array is depicted as a blue rectangle and two lines represent the shortest (2.65 mm) and longest 1000 
(5.95 mm) electrodes. This location and angle is our best estimate based on the surgical plan, stereotactic 1001 
coordinates, and intra-operative photographs. The other two SMA and one preSMA arrays were similar. D, 1002 
dorsal. L, lateral. 1003 

 1004 
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