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The brain’s remarkable ability to learn and execute various motor behaviours
harnesses the capacity of neural populations to generate a variety of activity patterns.
Here we explore systematic changes in preparatory activity in motor cortex that
accompany motor learning. We trained rhesus monkeys to learn an arm-reaching task'
ina curlforce field that elicited new muscle forces for some, but not all, movement
directions**. We found that in a neural subspace predictive of hand forces, changesin
preparatory activity tracked the learned behavioural modifications and reassociated*
existing activity patterns with updated movements. Along a neural population
dimension orthogonal to the force-predictive subspace, we discovered that
preparatory activity shifted uniformly for allmovement directions, including those
unaltered by learning. During a washout period when the curl field was removed,
preparatory activity gradually reverted in the force-predictive subspace, but the
uniform shift persisted. These persistent preparatory activity patterns may retaina
motor memory of the learned field*¢ and support accelerated relearning of the same
curlfield. When aset of distinct curl fields was learned in sequence, we observed a
corresponding set of field-specific uniform shifts which separated the associated
motor memories in the neural state space’’. The precise geometry of these uniform
shiftsin preparatory activity could serve to index motor memories, facilitating the
acquisition, retention and retrieval of abroad motor repertoire.

Motor learning encompasses a wide range of phenomena, from
low-level calibration of movement parameters to high-level cognitive
decisions in action selection'®. Motor adaptation is a form of motor
learning by which motor commands are modified to achieve desired
movements in a new environment. Decades of studies have explored
the behavioural principles of motor adaptation, describing the process
of error-driven movement calibration, the generalization of learned
skills across contexts, memory retention and savings, and interfer-
ence between multiple skills>*”#1°3_ However, the neural mechanisms
that support these diverse motor learning phenomenaremain poorly
understood.

One emerging approach to understanding these neural computa-
tions is through the study of neural population dynamics, which has
provided insightinto complex activity patterns that defy understand-
ing at the level of individual neurons™ . Recently, this framework
has begun to elucidate the neural foundation of motor learning at the
population level”?°, Preparatory neural activity that precedes move-
ment serves to initialize the pattern-generating neural population
dynamics that control movement. To support motor learning, prepara-
tory neural states and the subsequent neural population dynamics
must adapt to modify outgoing motor commands. Consequently,
we expect that some changes in preparatory activity that accompany
motor learning would be tethered to changes in motor output’®%,

Moreover, we propose that additional changes in neural preparatory
activity, not directly coupled to movement output, might also emerge
duringlearning. Such changes might facilitate learning and retention
by organizing the population dynamics that implement new motor
behaviours. We sought to test these hypotheses using a curl force field
motor learning task.

Motor adaptationina curlfield task

Wetrained tworhesusmonkeys (Uand V) to performaninstructed-delay
reaching task that elicited adaptation to counteract a curl force field
(Fig.1a, Extended DataFig. 1a). Before learning, monkeys made straight
centre-out reaches towards each of 12 targets by controlling a haptic
device.Inthelearning block, monkeys reached towards asingle trained
target while the device applied a curl force field that was perpendicular
to movementdirectionand proportional to hand speed. Lateinlearn-
ing, the curl field remained active for reaches to the trained target,
whichwereinterleaved with reachestoall 12 targets with anerror clamp
rendered by the device. The error clamp constrained movements to
astraight line towards the target, hence clamping error feedback to
zeroto assess the feed-forward learning of the curlfield. Finally, in the
washout block, the curl field and error clamp were removed to probe
the after-effects of learning and de-adaptation.
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Fig.1| Task design and behavioural performance. a, Block schematic of the
curlforcefield learning task (blue, workspace centre; green, reach targets). A curl
field (smallwhite arrows) was applied at asingle trained target; generalization of
learning to other targets was probed viaerror clamp. Bottom left, anillustration
ofamonkey controllingahapticdevice. b, Hand trajectories duringlearning and
washout fromtwo representative sessions. CW, clockwise; ACW, anticlockwise.
c,Behaviourallearningand washout measured as lateral hand deviation.

d, Perpendicular hand force difference betweenerror-clamp trialsand
before-learningtrials showed local generalization (orange), in contrast to
no-learning control sessions (black). Dataare mean +s.e.m.across sessions.

Monkeys displayed gradual behavioural learning and washout, per-
forming straighter reaches with reduced lateral deviation (Fig. 1b, c).
The error clamp revealed a bell-shaped spatial pattern of generaliza-
tionwhere the strength of learning-induced force changes fell off with
increasing angular distance from the trained target (Fig.1d), consistent
with human behavioural studies>*".

A neural subspace tracks generalization

We recorded neural activity in dorsal premotor (PMd) and primary
motor (M1) cortices using Neuropixels probes, Utah arrays and V-probe
linear arrays. Single-neuronactivity during learning and washout was
heterogeneous and complex, consistent with previous reports>?. To
searchforstructured changesin preparatory neural population activ-
ity accompanying learning'*'>*, we applied targeted dimensionality
reduction? (TDR) on before-learning trials, which identified a neural
subspace in which preparatory states were predictive of initial hand
forces in the upcoming movement. In this force-predictive subspace,
before-learning neural states were radially organized by reach direc-
tions'®? (Fig. 2a); during learning, preparatory states of the trained
target rotated towards the preparatory state of the adjacent target
opposite to the curl field direction (Fig. 2a, top-right inset). This rota-
tory progression probably reflected the preparation of initial com-
pensatory forces to counter the curl field. Preparatory states in this
subspace predicted the observed hand forces with high accuracy
(Fig.2a, bottom inset, Extended Data Fig. 2a, b).

Following learning, preparatory states for nearby, untrained tar-
gets also rotated towards the adjacent preparatory states (Fig. 2b).

aeogoe, B b

; ° Learning Learning
Jrained !argit"," .‘ ® oo 7 o ACW field g pocoo learning CW field
3 [ ] o ®After learning
o . o o
Late Early Late 30° 1“2\ \ 302 _15°
455% 0 {3 400 459 / -30°
-30'
s "\ ’4/. =45°
=45°
[ ]
° *. °
* * .
L]
=) o Sh e [ ] *
< Early ~==Late leaning <l o ‘. A4
g - g p .
E Monkey U, § .9 Monkey U :
TDR 1 (AU) e TDR 1 (AU)
c % Real force (N) d
307.4-No learnin: ® Before learning )
9 . o i
__ 2574 Learning . @ After learning  Ea1ly learning Late learning
20 'y Monkey U
£ . N
? 15 )/ ¢
& 10 ] *
=1 5 4 —
g . \ R
® [ ] l A ©
g > v Tt [ ®
Z-0{? ¢ ‘ ® ®
-15 Monkey U e®
—
-135-90-45 0 45 90 135180 PC2 (Au) PC 1 (AV)
Relative target direction (°)
e f g 157 =
3.0 NS @ Before learning, no perturb ® NS
- . 'V Before learning, perturb 2 i
B _ @ After learning £
I £
T 28 . 8101
g IR g
g 20 _ P $ o =
2 =) ¢ S
8 < 2057
s ' 3 5
5 g g *
b o
210 v 04 Monkey V
& ‘v v v [T Before learning
05 Monkey U .. ‘ ° .. perturb vs. no perturb
T Y D After learning vs.

before learning perturb
= After learning vs. before
learning no perturb

Monkey V

PC 1 (AU)

Fig.2|Changesinpreparatory neural statesaccompanyinglearning.
a,Intheforce-predictive TDR subspace, single trial (small circles) and
condition-averaged (large circles) before-learning preparatory states were
radially organized. Inset shows progression of preparatory states during
learning (grey to black) intwo example learning sessions with anticlockwise and
clockwise fields. Bottomright, preparatory states within this space predicted
initial hand forces. AU, arbitrary units. b, c, Neural correlates of generalization in
this TDR subspace probably reflected compensatory initial forces. Preparatory
states for the trained target (0°) and nearby targets (within 45°) shifted after curl
field learning but notin no-learning control sessions. Neural states visualized in
band angular shifts quantifiedin c. Error bars:s.e.m.across sessions.

d, After-learning preparatory states for all targets shifted away from their
before-learningstates, visualized in the leading principal components (PCs).
Grey circles, preparatory states for the trained target during learning.

e, After-learning preparatory states comprised anew neural repertoire for all
targets near and far from the trained target, in contrast toalack of repertoire
changeinno-learning control sessions.f,g, Preparatory states shifted uniformly
(f) and comprised anew neural repertoire (g) following learning but not during
control reaches withrandom force perturbations (perturb). ***P< 0.001; NS, not
significant.See Supplementary Table1for statistics.

These rotatory neural state shifts followed a similar spatial profile
as behavioural generalization (Fig. 2c, Extended Data Fig. 2c), which
was bell-shaped around the trained target with spatial asymmetry
(Extended Data Fig. 1c) and thereby constituted a neural correlate of
motor learning generalization, as predicted by previous work?. These
neural changes may reflect the state of an adapting internal model
that maps between desired movements and neural commands. In this
framework, generalization may result from aneural population codein
which spatial basis functions are shared by reaches to nearby targets®.
Adaptingtoacurlfield at the trained target modifies this shared basis,
thereby influencing untrained reaches in aspatially localized manner.

The learning-induced changes in preparatory states within this
force-predictive subspace were closely coupled to changes in
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movement output. These changes are similar to the re-aiming strategy
reported invisuomotor rotation (VMR) learning tasks, in which motor
preparatory activity rotates in the opposite direction of the rotated
visual feedback'®?*¥, They are also consistent with a more general
‘reassociation’ strategy observed during short-term brain-computer
interface (BCI) learning*. Within this neural subspace, the motor system
may repurpose existing activity patterns, reflectingacommon strategy
across different motor learning contexts*'826-30,

A uniform shift of neural population activity

We next applied principal component analysis (PCA) to preparatory
activity to probe for additional changes during learning. The first two
principal components largely overlapped with the force-predictive
subspace (Extended Data Fig. 3a); however, along the third principal
component, preparatory states shifted uniformly during learning
for all targets, including those far from the trained target (Fig. 2d).
To determine a neural axis that captures this uniform shift in the
full-dimensional neural space, we defined the uniform-shift axis as the
vector connecting the centroid of before-learning states to the centroid
of after-learning states (subtracting a consistently small component
withinthe force-predictive TDR subspace; Extended DataFig. 3a). Along
this uniform-shift axis, preparatory states of the trained target shifted
gradually duringlearning (Fig. 2d, Extended DataFig.2d). We performed
avariety of control analyses that demonstrated that the uniform shift
could not be attributed to learning-unrelated changes in behaviour,
including speed, muscle activation, stiffness, posture and error-clamp
movements (Extended DataFigs.1d, 3-5), ortochangesinneural tuning,
including preferred directionand background drift® (Supplementary
Table 2, Supplementary Note 2). The uniform shift therefore may facili-
tate learning itself rather than mirror behavioural changes.
Thisuniformshift reflected the emergence of new preparatory activ-
ity patterns that were not used before learning. These new patterns
wereidentified usinga neural repertoire metric* (Fig. 2e, Extended Data
Fig. 2e), which revealed that these changes were specific to learning,
compared to control sessions without curlfields or with random pulse
perturbation forces that simulated the magnitude of the curlfield but did
not admit learning (Fig. 2f, g). Moreover, we did not observe a uniform
shiftor repertoire change during VMR learning (Extended DataFig. 2f, g)
wherereassociation was observed, consistent with previous studies'®%°.

Uniform shiftsindex motor memories

Next, we tested whether distinct uniform shifts might accompany learn-
ing multiple curl fields. We trained monkeys to learn different curl
fields sequentially within the same session or over multiple sessions.
To compare learning over multiple sessions, we tracked astable neural
populationwith highly similar cross-session waveforms (Extended Data
Fig. 6a, b). We then identified the uniform-shift axis for each learned
field and computed the dot product between each pair of axes. For two
opposite curl fields applied to the same target, the uniform-shift axes
were nearly antiparallel, such that preparatory neural states shifted in
opposite directions with respect to the before-learning states (Fig. 3a,
Extended Data Fig. 6¢). For curl fields trained at different reach direc-
tions (up, right or down), the uniform-shift axes were nearly orthogo-
nal (Fig. 3b, c, Extended Data Fig. 6¢). Curl-field identity was reliably
decoded above chance on the basis of the shifted post-learning pre-
paratory states (Fig. 3d). These geometric relationships suggest that
uniform shifts index specific curl fields, mapping motor memories to
distinct, precisely arranged locations in neural state space.

Uniform-shift geometry and interference

This contrast between orthogonal uniform shifts at well-spaced trained
targets and opposing shifts at the same target suggests a connection
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Fig.3|Field-specificgeometry of preparatory uniformshifts. a, Preparatory
states shifted in opposite directions for learning two opposing curlfields at the
sametrained target sequentially. b, Uniform shifts proceeded along nearly
orthogonal directions for curlfields at three trained targets 90° apart.
c,Projection of neural statesinb onto two axes.d, Cross-validated classification
accuracy for predicting learning opposite fields (clockwise versus anticlockwise
versus before learning) and learning distinct fields (field 1 versus field 2 versus
beforelearning) fromsingle-trial preparatory states, usinga minimumdistance
decoder.***P<0.001.See Supplementary Table1for statistics.

between uniform-shift geometry and interference. Interference is a
slowing of learning that can occur when adapting to opposing fields
simultaneously®>”#1°, When two fields interfere, the associated uniform
shifts might be oriented so that trial-by-trial changes partially oppose
each other. Totest this, we designed aninterference experiment which
interleaved reaches to two targets separated by 30° (within the effect
of spatial generalization, Fig. 1d) with opposite curl fields applied
(Fig. 4a). Hand deviation errors decreased over hundreds of trials
(Fig. 4b, Extended Data Fig. 7a); however, more trials were required
tolearn either field (more than 400 trials) versus when learning each
fieldindividually (fewer than 200 trials; Fig. 5g), indicating that simul-
taneous learning was slowed by partial interference. In a subsequent
sequential-learningblock, both fields were trained separately and hand
deviation errors further decreased (Fig. 4b, Extended Data Fig. 7a).
Within a force-predictive TDR subspace, preparatory states for the
two trained targets gradually rotated in opposite directions during
simultaneous learning, and this progression continued during sequen-
tial learning, mirroring behavioural performance (Fig. 4d, Extended
Data Fig. 7c). At nearby targets, we observed behavioural and neu-
ral generalization from learning both fields (Fig. 4c, Extended Data
Fig. 7b). We then identified uniform-shift axes for the two fields using
preparatory states during sequential learning, which were oriented
127° (monkey U) and 128° (monkey V) apart. This angle isintermediate
between orthogonal uniform-shift axes for fields applied at targets 90°
apart (Fig.3b), and antiparallel axes for opposing fields applied at the
same target (Fig.3a). During simultaneous learning, shifts of prepara-
tory states along these axes partially opposed each other, suggesting
aneural mechanism of interference (Fig. 4e, Extended Data Fig. 7d).
We conducted a second interference experiment with opposite
fields applied at the same reach target on randomly interleaved trials
(Extended DataFig. 8a). As expected, monkeys were unable tolearnthe
two fields simultaneously, indicating complete interference’, but subse-
quently learned both fields sequentially (Extended Data Fig. 8b). As the
uniform-shift axes associated with opposing fields atasingle target were
antiparallel (Fig. 3a), we predicted little net progress along this shared
dimension during simultaneous learning. Indeed, preparatory neural
statesfor thetwofields remained unseparated withinthe force-predictive
subspace and along the shared uniform-shift axis (Extended Data Fig. 8c,
e). Subsequently, preparatory states shifted along the antiparallel
uniform-shift axes during sequential learning (Extended Data Fig. 8e).
Collectively, these findingsindicate acorrespondence between interfer-
ence and the geometry of uniform-shift axes during motor preparation.
Additionally, in bothinterference experiments, we observed aresid-
ual neural shift that accompanied interference during simultaneous
learning, orthogonal to the field-specific uniform shifts during sequen-
tiallearning (Fig. 4f, Extended Data Figs. 7d, 8e). Notably, the residual
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Fig. 4 |Interference duringlearning of opposing curlfields at two targets
30°apart. a, Task schematic. Opposing fields were trained simultaneously at

Finally, each field was trained sequentially (iv). b, Hand lateral deviation
decreased slowly during simultaneous learning (blue) and reduced further
duringsequential learning (red). ¢, Behaviouraland neural generalization, asin
Figs.1d, 2c. Dataare mean +s.e.m.fromresampling.d, In the force-predictive
TDRsubspace, preparatory states for the trained targets (triangles) rotated
opposite their curl field directions during simultaneous learning (left) and

interference shift occurred even when no net learning was observed.
We speculate that this residual shift probably relates to an attempt to
index neural activity patterns specific to theinterference context, which
might facilitate strategies tailored to adapting to an unpredictable
environment (for example,impedance control to stabilize the limb*3).

Uniform shift may retain amotor memory

Finally, we examined whether learning-induced shifts in prepara-
tory activity persisted after de-adaptation as a motor memory>**,
Over hundreds of washout trials without the field, monkeys gradu-
ally reverted to their before-learning reaching behaviour (Fig. 1b, c,
Extended Data Fig. 4a). Washout preparatory states in the force-
predictive subspace correspondingly rotated back towards the
before-learning states (Fig. 5a, ¢, Extended Data Fig. 9a). By contrast,
along the uniform-shift axis, washout states remained separated
from before-learning states (Fig. 5b, d, Extended Data Fig. 9b). Fur-
thermore, preparatory states shifted uniformly again during wash-
out along asecond, nearly orthogonal dimension (Fig. Se, Extended
DataFig. 9e). Before-learning, late-learning, and late-washout condi-
tions could be reliably decoded from single-trial preparatory states
(Fig. 5f). Collectively, these results underscore that washout is not
simply the reverse of learning and suggest that the persistent uniform
shift of preparatory activity potentially retains a motor memory of
the learned field.

Furthermore, we performed arelearning experimentin which mon-
keys were exposed to the same field again after washout within the
same session'®. Monkeys relearned the curl field faster than theinitial
learning, a hallmark of motor memory retention (Fig. 5g, Extended
Data Fig. 9c). Neural trajectories during relearning approached the
late-learning neural trajectory faster than during initial learning
(Fig. 5h, Extended Data Fig. 9d). Moreover, preparatory states after
relearning were indistinguishable from theinitial learning states within
eachsession (Fig. 5i). We also observed that uniformshifts for the same
fieldintwo sessions 18 days apart were close to parallel (Extended Data
Fig. 9f). These results support the hypothesis that the uniform shift
indexes and stores a field-specific motor memory.

We also assessed the relationship between distances neural states
progressed along the uniform-shift learning axis and behavioural

further separated during sequential learning (right). Preparatory states for
seven nearest targets are shown. e, Uniform-shift axes for the two fields
formed an obtuse angle and partially opposed each other. Grey arrows
illustrate the hypothesized trial-by-trial progression of preparatory states for
both fields during simultaneous learning (ending with orange and pink states).
Duringsequential learning, preparatory states for both fields (green and
purple) further separated.f, Aresidual interference shift orthogonal to the
field-specific uniformshifts occurred during simultaneous learning.
***P<0.001.See Supplementary Table 1for statistics.

learning rates. Within a session, uniform-shift distances were signifi-
cantly smaller during relearning than during initial learning (Fig. 5j).
Across five sessions with a consistent neural population, uniform-shift
distances were strongly correlated with behavioural learning rates
(Fig. 5k), suggesting that if preparatory states begin further alonga
given uniform-shift axis, learning will proceed faster.

Uniform shift is specific to motor preparation

The uniform shift emerged during motor preparation and our results
were largely insensitive to the preparatory time window analysed
(not shown) owing to relatively stationary neural activity during the
preparatory period (Extended Data Fig. 10a). By contrast, we did not
find repertoire changes in baseline activity (Extended Data Fig. 10b)
or uniform shifts in peri-movement activity. Shifts of peri-movement
states during learning were local and matched the profile of behav-
ioural generalization (Extended Data Fig.10c-f). Peri-movement states
reverted to before-learning patterns after washout (Extended Data
Fig.10g, h), mirroring the de-adapted movement. Correspondingly,
late-washout neural trajectories were more similar to before-learning
neural trajectories during the peri-movement period than the prepara-
tory period (Extended DataFig. 9g, h). Taken together, the uniform shift
was alearning-related feature of neural population activity specific to
motor preparation.

Discussion

Throughthelens of curlfield learning, we identified structured changes
in cortical preparatory activity that reflected distinct components of
motor learning. We found reassociation-like changes in preparatory
activityinamovement-predictive neural subspace closely coupled to
changes in movement parameters, similar to those reported in VMR
and short-term BCl learning*!826#72%30 (see Supplementary Discus-
sion). Notably, we discovered a shift of preparatory states along an
orthogonal neural dimension that occurred uniformly for all reach
targets, including those with unaltered movement. In a series of
learning experiments with multiple curl fields, we established that
these uniform shifts were arranged in neural state space with a pre-
cise geometry that appeared to index distinct motor memories and
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Fig.5|Uniform-shift progression correlates with motor memory
retention. a, ¢, Inthe force-predictive TDR subspace, preparatory states for
thetrained target gradually reverted to the before-learning state during
washout. One example sessionvisualizedinaand four sessions quantifiedinc.
b, d, Preparatory washout states remained separated from before-learning
states along the uniform-shift axis. One example session visualized inb and
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alongadimension orthogonal to the uniform-shift learning axis.

f, Cross-validated accuracy for classifying before-learning, late-learning and
late-washout trials from single-trial preparatory states. g, Behavioural
relearning progressed faster thaninitial learning. h, Neural trajectories
approachedlate-learningtrajectories faster during relearning thaninitial

reduce interference. Following washout, the uniform shift persisted
even as reaching behaviour de-adapted. This persistent uniform shift
correlated with faster relearning and may serve to retain ashort-term
memory of recent learning.

Cortical preparatory states provide the initial condition of the
dynamical system whose evolution generates activity patterns that drive
movement*#%*353 Uniform shifts that separate these initial states
may serve toisolate learning-induced modifications to the subsequent
neural dynamics, thus separating motor memories to facilitate adaptive
behaviouralimprovements in aspecific context”®. Conversely, when the
motor system is unable to engage separate indices, such as when oppos-
ing curl fields are randomly interleaved®?, opposing modifications
to neural dynamics adjust the neural trajectory originating from the
shared preparatory state, resulting ininterference. Recent behavioural
studies demonstrate that when certain contextual cues or movement
components are added to differentiate movements, opposing fields can
be learned without interference”. Our results suggest that the motor
system leverages the shifts of preparatory states along orthogonal
neural dimensions to index distinct motor memories, consistent with
the central role of movement preparation reported in these studies.
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learning. MSE, meansquarederror.Ing, h,shaded areashowss.e.m.across
sessions.i, Centroids of late-washout and relearning states fromindividual
sessions projected onto normalized uniform-shift learning and washout axes.
Inset shows means across seven sessions. A significant shift along the washout
axis and asmallbut significant regression along the learning axis accompanied
washout, and reversed during relearning. j, Minimum trial count required for
behaviouraladaptation during relearning was significantly smaller than for
initial learning. Normalized progression along the uniform-shift learning axis
was significantly smaller through relearning. k, The magnitude of preparatory
uniform shift correlated strongly with the number of trials required for
adaptation.*P<0.05,**P<0.01,***P<0.001.See Supplementary Table1

for statistics.
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Extended DataFig.1|Additional information for task design, recording
sites and behavioural performance. a, Spatial arrangements of the 12
reachingtargets. The target density near the trained target (down, up or right)
was higherinorder tosample more neural states for reaches that were more
likely to be altered by learning, for the purpose of studying generalization of
learning®. Ideally, one would like to have equally-spaced reach targets as dense
as possible, but because monkeys could performalimited number of trials
each day, acompromise solution was toincrease the density of targets near the
trained target. Note that the curlfield can be either clockwise (CW) or
counterclockwise (CCW). Here we show CW fields asan example. b, Utah-array
implantlocationsin monkey U and recording sitesin monkey V.Recordings
were performedin PMd and M1inthe hemisphere contralateral to the reaching
arm. Top panel: anintraoperative photo of three Utah-array implantsin
monkey U. Bottom panel:aschematic mapillustrating the approximate
locations of recording sites inmonkey V based on stereotactic coordinates;
datainthis workincluded units recorded from multi-electrode V-probes and

Neuropixels probes. Histology has not yet been done on either monkey.
Usingthe cortical landmarks, we estimated that the recording sites in monkey
Vlargely overlapped with the lateral half of the area covered by the three Utah
arraysinmonkey U. AS: Spur of arcuate. CS: central sulcus. PCD: precentral
dimple.c, We computed behavioural (top panel) and neural generalization
(bottom panel) with the sign of the effects flipped for CCW fields to match the
effects of CW fields, compared to Fig.1d and Fig. 2c. We found a spatial
asymmetry inbehaviouraland neural generalization, withmorelearningin the
‘push’direction (i.e., the direction to oppose the curl field). Error bars, s.e.m.
across sessions (monkey U, n=4,3; monkeyV,n=5,3).d, Top panel:
trial-averaged hand speed in different blocks over multiple learning sessions.
Shaded area, s.e.m. across sessions (monkey U, n =4; monkey V, n =5). Bottom
panel:compensatory hand force perpendicular to thereach directioninone
examplesession.Hand forceinlate-learningtrials (dark red) showed amore
stereotypical, less variable temporal pattern with an earlier onset thanin
early-learningtrials (light red). Time zero, movement onset.
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Extended DataFig.2|Additional results of neural activity patterns during
curlfieldlearning and VMR learning. a, Initial hand forces predicted by the
2D TDR preparatory states were correlated with real forces of the upcoming
movement (the slopeis 0.41and the interceptis 0.02 withR*=0.59 and
P=6.06x10"). Thesign of hand force indicatesits direction. Lighter dots,
earlier learning trials; darker dots, later learning trials. b, Single-trial prediction
MSE of initial hand forces was significantly smaller using original data than
shuffled data (two-sided Wilcoxon rank-sumtest: P=0.0006 for both training
and test sets of monkey Uand P=0.008 for both training and test sets of
monkey V). Training set: before-learning trials. Test set:learning trials. Control
results (blue) were forces predicted by models built from training sets that had
neural and behavioural datashuffled. One datapoint per session. ¢, Changes of
preparatorystatesin the force-predictive TDR subspacereflected
generalization of learning, quantified as the rotatory angle from
before-learning to error-clamp neural states. Zero degree on the x axis, the
trained target. Error bars, s.e.m.across sessions (n =5, 3).d, Normalized
single-trial neural shift during learning along the uniform-shift learning axis.
Solidline: linear-logregression (n =1200, 900). e, Preparatory neural
repertoires changed similarly for trained and untrained reaches. Black:

no-learning control results (n=36). Blue: far targets more than 45 degrees from
thetrainedtarget (n=15). Red: near targets within 45 degrees from the trained
target (n=21). One-sided Wilcoxon rank-sum test: Py,c s pie = 2-33 X107,
Piackvs.rea =474 X1078, Pyievs rea= 0.059.f, g, VMR learning results. f, Preparatory
neural states projected to PCs 1-3. After-learning states (diamonds) were mixed
with before-learning states (circles). One example session. g, Preparatory and
peri-movement neural activity patterns did not show repertoire change during
VMR learning. One-sided Wilcoxon rank-sum test: P> 0.1for all comparisons.
Threelearning sessions (n = 24) and three control sessions (n = 24) for both
monkeys. h, i, Neural preparatory statesinthe 3D TDR subspace. The3D
subspace was constructed by TDR capturing the variance due toinitial hand
forces and abinary indicator of trial conditions (anindicator of before-learning
versus after-learning). One example session. h, Inthe force-predictive TDR
subspace, rotatory shifts of preparatory neural states were similar to Fig. 2b.

i, Along the TDR 3 axis (the binary indicator axis), this3D model revealed a
uniform shift similar towhat we observed along PC3in the PCA subspace
(Fig.2d). Forallthebox plots, the central line indicates the median, the bottom
and top edgesindicate the 25thand 75th percentiles of the data, and the
whiskers extend to the Sthand 95th percentiles of the data.
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Extended DataFig. 3 | Relationships between neural population
dimensions and total neural variance explained by different dimensions.
a, Pairwise dot products between neural population dimensions. Values close
tolindicate thattwo dimensionsare closely aligned and values close to O indicate
thattwo dimensions are nearly orthogonal. In each session, we calculated the
dotproductof TDR1and PC1and the dot productof TDR1and PC2,andtook
thelarger value of the two dot products (TDR1vs.PC1/2). We then calculated
the dotproduct of TDR2 and the PC axis not used for multiplying with TDR1
(TDR2vs.PC1/2).ThePC1/2planelargely overlapped withthe TDR1/2 plane
(black). The TDR1, TDR2,and hand-speed TDR axes were all nearly orthogonal
to the uniform-shiftlearning axis (blue and red). PC 3 largely overlapped with

the uniform-shift learning axis (yellow). Two-sided Wilcoxon rank-sum test:
monkey U, **P=4.04x107,*P=0.029; monkey V,***P=6.66 x10™*,**P=7.94x102,
Right panel: aschematicillustration of projecting data points from axisa to
axis Band the corresponding dot product.b, ¢, The portion of total neural
activity variance explained by the TDR1and TDR 2 (hand force) axes,
hand-speed TDR axis, uniform-shift axis and PCs 1-3. b, Two-sided Wilcoxon
rank-sumtest: monkey U, *P=0.029, n.s. P=1; monkey V,*P=0.016 and 0.032,
n.s.P=0.42.a-c,n=4(monkey U) and n=5(monkey V). For all the box plots,
the centralline indicates the median, the bottom and top edges indicate the
25thand 75th percentiles of the data, and the whiskers extend to the Sthand
95th percentiles of the data.
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Extended DataFig. 4 | EMG signals of 6 upper limb muscles (bicep, radialis
flexor, radialis extensor, pectoralis, posterior deltoid, lateral deltoid).
Time zero, movement onset. One example condition (CW curlfield applied to
downreaches).Shaded area, s.e.m. across trials. a, EMG signalsin before-
learning, late-learning, error-clamp and late-washout blocks. Muscle activity
did not show signs of muscle co-contraction during learning (red). Muscle
activity during the preparatory period remained flatand around the same level
across allblocks (two-sided rank-sum test: P < 0.0001 for comparing late-
learning or error-clamp bicep activity with before-learning or late-washout
bicep activity during the preparatory period; P> 0.3 for all the other pairs of

comparisonduringthe preparatory period). Muscle activity patternsinbefore-
learning (black) and late-washout trials (blue) were very similar. Muscle activity
patternsinlate-learning (red) and error-clamp trials (purple) were very similar.
b, EMGs signals in before-learning (black) and error-clamp (purple) blocks did
notshow auniformshiftacrossall12 reachingtargets. For all six muscles, EMG
activity afterlearning increased insome directions and decreased in other
directions. Muscle activity of reaching to the target 135 degrees away from the
trained target (i.e., far targets withalmost no behavioural generalization, see
Fig.1c)inbefore-learning and error-clamp trials showed similar temporal
patterns.
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Extended DataFig. 5| Theuniformshiftisnotdueto theerrorclamp.

a, Preparatory statesinerror-clamp (diamonds) and no-clamp (circles) trials
were notsignificantly differentin no-learning control sessions (Hotelling’s T?
test: P> 0.5forall control sessions of monkeys Uand V). One example sessionis
shown.b, Intheerror-clamp block (blockiii) of learning sessions, the
late-learning preparatory state and error-clamp state of the trained target were
notsignificantly different (Hotelling’s T2 test: P> 0.05 for all learning sessions
of monkey Uand P> 0.1for all learning sessions of monkey V). Arrows point to
thebefore-learningstate (purple circle) and error-clamp state (purple
diamond) of the trained target. One example sessionis shown. ¢, Late-learning
preparatory states comprised anew neural repertoire following learning but
not during control reaches with random force perturbations. One-sided
Wilcoxonrank-sumtest:**P=1.83x107,n.s. P=0.99 (n =12 per box). The
results are similar to Fig. 2g where we used after-learning, error-clamp trials to
computetherepertoire change. d-f, The uniformshift was not due to
reorientation of the TDR planein error-clamp trials.d, TDR axes using only
error-clamp trials (TDR-EC) and TDR axes using only before-learning trials

(TDR-BL) werelargely aligned. The error-clamp TDR1axis and before-learning
TDR1axis were highly aligned, and same for TDR 2 axes (black). The
error-clamp TDR axes were nearly orthogonal to the uniform-shift axis (red),
similar to the before-learning TDR axes shown in Extended Data Fig. 3a.
One-sided Wilcoxon rank-sum test: monkey U, n =4 and *P= 0.014; monkey V,
n=5and**P=4.0x107.e,Intheinterference experiments, the force-predictive
TDRplanes constructed from only before-learning (BL) trials, only error-clamp
(EC) trials, and both (BL+EC) were significantly aligned. One-sided signed-rank
test comparing dot products to 0.8:n=8frommonkeysU+V,**P=3.9x107.

f, Intheinterference experiments, preparatory neural states showed similar
patternsin the force-predictive TDR plane built from only before-learning (BL)
trials, only error-clamp (EC) trials, or both (BL+EC). One example session. Small
black arrows pointto the before-learning states of trained targets. For all the
box plots, the central line indicates the median, the bottom and top edges
indicate the 25th and 75th percentiles of the data, and the whiskers extend to
the Sthand 95th percentiles of the data.
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Extended DataFig. 6 | Stability of multi-sessionrecordings and the
geometricrelationship betweenuniform-shift axes forlearning multiple
curlfields. a, b, Spike waveforms and peristimulus time histograms (PSTHs) of
three example neurons across sessions. The same 71 neurons from monkey U
Utah-array recordings were selected post-hoc by comparing waveform
correlations and tracked over five successive sessions. a, All selected neurons
had nearly-identical waveforms.b, Like the three example neurons, most
selected neurons had similar direction-tuning properties for before-learning
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Extended DataFig.7|Interference and sequential learning of opposite curl
fields applied at two targets 30 degrees apart, monkey V results.

a, Behavioural learning quantified by lateral hand deviation. Lateral hand
deviationinboth curlfields decreased slowly during simultaneous learning
(blue) and further reduced during sequential learning (red). One-sided
Wilcoxon rank-sum test: Pec,=1.30x107, P, =1.51x10". b, Behavioural and
neural generalization of simultaneously learning two fields. Behavioural
generalization was measured by perpendicular hand force differences between
error-clamp and before-learning trials, and neural generalization was
measured by the rotatory angle between before-learning and error-clamp
neural states. Zero degree on the x axis, the middle target between the two
trained targets. Errorbars, s.e.m.fromresampling (100 repeats). c, Preparatory
neuralstatesinthe force-predictive TDR subspace. Before-learning states
(circles) spatially organized corresponding to reach directions. Error-clamp
states (diamonds) rotated counterclockwise for reach targets near the CW field
and clockwise for targets near the CCW field. Preparatory states of the two
trained targets (triangles) rotated opposite their curl field directionsin blocks
iiandiii (left panel), and further separated in the sequential-learning block

Field 1 uniform shift (a.u.)

(right panel). Smallyellow arrows point to the before-learning states of trained
targets. Neural states of seven nearest targets are visualized inc, and
quantified neural changes for all 11 targets are showninb. d, Left panel:
preparatory activity projected into the subspace spanned by the two
field-specific uniform shifts. Without orthogonalization, these two uniform
shifts were 128 degrees apart. The uniform shifts were orthonormalized before
projection such that: x axis = field 1uniform shift, y axis = field 2 uniform

shift - the projection of field 2 uniform shift on field 1 uniform shift. During
simultaneous learning (blocks ii and iii), preparatory states of each field
(orange and pink) moved inits specific uniform-shift direction while also
progressingin the other uniform-shift direction, and were significantly
separated (Hotelling’s T>test: P=2.58 x107°). Grey arrows illustrate the
hypothesized trial-by-trial progression of preparatory states for both fields
during simultaneous learning. During sequential learning, preparatory states
of eachfield (greenand purple) further separated (Hotelling’s T* test: P=0).
Rightpanel: Aresidualinterference shift orthogonalto the field-specific
uniform shifts occurred during simultaneous learning. Neural states in the left
panel arethe projection of neural statesinto the grey planein the right panel.
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Extended DataFig. 8 |See next page for caption.
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Extended DataFig. 8 |Interference and sequential learning of opposite curl
fields applied to the same target. a, Block design of theinterference
experiment.Sameasin Fig. 4a exceptthat two opposite curl fields were applied
tothesamereachtarget. b, Behaviourallearning quantified by lateral hand
deviation. Hand lateral deviationin both curl fields only slightly decreased
during simultaneous learning (blue), and significantly reduced during
sequential learning (red). One-sided rank-sum test: monkey U, **P=1.51x10"";
monkeyV,***P=1.51x10". ¢, Preparatory neural states in the force-predictive
TDRsubspace. Inblocksiiandiii (left panel), preparatory states of the two curl
fields (triangles) were mixed together around the before-learning state (circle).
Error-clamp states (diamonds) of most targets shifted from their corresponding
before-learning states. These shifts did not show coherent patternsacross
targets or monkeys and were likely unrelated to learning. In the sequential-
learning block (right panel), preparatory states of the two curl fields (triangles)
gradually rotated opposite their curl field directions. The small arrow points to
thebefore-learningstate of the reach target that later had curl fields (trained
target). Neural states for seven nearest targets are shown. d, Perpendicular
handforcedifferences between error-clamp and before-learning trials

(top panel), and the rotatory angle from before-learning to error-clamp neural

states (bottom panel), did not show coherent patternsacrosstargets or
monkeys. Zero degree on the x axis, the trained target. Error bars, s.e.m. from
resampling (100 repeats). e, Uniform shifts for learning two curl fields and the
residual interference shift were defined in the same way asin Fig. 4e, f. The two
field-specific uniform shifts were close to antiparallel (monkey U, dot

product =-0.79; monkeyV, dot product =-0.64), and so we could visualize
preparatory neural statesina2D plane spanned by the field 1 uniform shift and
theresidualinterference shift. Inblocksii and iii, preparatory states of the two
curlfields (orange and pink) shifted away from the before-learning centroid
(grey circle) along the residual interference axis, but they remained close to
each other (Hotelling’s T*test: monkey U, P= 0.66; monkey V, P=0.98). During
sequential learning, preparatory states of the two curlfields (greenand purple)
were separated by opposite uniform shifts (Hotelling’s T>test: monkey U,
P=2.49x10"* monkeyV,P=2.90x107°). b-e, One session per monkey. Though
justonesession of thisinterference experiment was performed with each
monkey, the results were consistent across monkeys and complimentary to
findings when monkeys learned multiple fields sequentially, which supported
theindexing hypothesis (Fig. 3).
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Extended DataFig.9|Monkey Vwashoutresults and additional
information on the neural population correlate of motor memory
retention. a, Theangular difference between washout states and the
before-learning state gradually decreased on asingle-trial basis (grey dots:
single-trial data points fromall sessions; solid line: linear regression).
Normalized against the maximum ineach session. b, Distance between
washout statesand the before-learning state along the uniform-shift learning
axisdid notshow asignificant trend of increase or decrease (solid line: linear
regression). Each dotisasingletrial. c, Hand deviation was smaller during
relearning than duringinitial learning (one-sided Wilcoxon rank-sum test:
P=0.0015).d, Neural trajectories approached late-learning trajectories faster
duringrelearning thaninitial learning. One-sided rank-sum test: P= 6.18 x 107,
c,d,Shadedarea, s.e.m.across sessions (n =3). e, Distribution of dot products
between uniform-shift learning and washout axes (purple), compared to
simulated distributions of dot products between uniform-shift axes predicted
by orthogonal (red), parallel (blue) and antiparallel (black) relationships.

f, Distribution of dot products between uniform-shift axes for learning the
same curl fieldin two sessions 18 days apart (green, closeto1).g, Neural

trajectories of before-learning, late-learning, late-washoutand late-relearning
conditions (-150 to +150 ms from target onset, covered by the grey circle; -50 to
+50 ms from the go cue, covered by the grey ellipse; and -200 to +400 ms from
movementonset). Movement preparation and execution periods are noted on
the trajectories. Black arrows show the direction of neural trajectories.
Thelate-washout trajectory (green) was less similar to the before-learning
trajectory (black) during movement preparation than execution. TO: target
onset. GC:go cue. One example session. h, During preparatory period (prep),
the similarity between late-washout and before-learning neural trajectories
was significantly lower than the similarity between before-learning neural
trajectories. During movement period (move), the similarity between
late-washout and before-learning neural trajectories could compare to the
similarity between before-learning neural trajectories. One-sided rank-sum
test:seven sessions frommonkeys U+V,**P=0.0012,n.s.P=0.50.Foreach
box, the centralline indicates the median, the bottom and top edges indicate
the25thand 75th percentiles of the data, and the whiskers extend to the Sthand
95th percentiles of the data.
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Extended DataFig.10|See next page for caption.



Extended DataFig.10|Neural populationactivity patternsin other time
windows. a, PCs1-4 during -100 to +100 ms from target onset (TO),-100 to +100
ms fromgo cue (GC), and -200 to +400 ms from movement onset (MOO).
Weapplied PCAtotrial-averaged neural activity for different reach directions
inthe before-learning and error-clamp blocks. Across all learning sessions in
both monkeys, PC1explained 30 -40% of the total variance, PC2 explained
10-20%, PC3 explained 8-10%, and PC 4 explained 6 - 8%. Neural trajectories in
PCs1-4 werebundled together around the target onset time window and
diverged around the go cuetime window (preparatory period). Error-clamp
neural trajectories all shifted fromtheir corresponding before-learning
trajectoriesin PC 3. The time window -50 to +50 ms from go cue (grey shadow)
we chose for preparatory neural state analysis was within the preparatory
period and had stronger neural tuning than earlier time windows (e.g., the first
100 ms after target onset). Top leftinset: color-coded reach directions. b, No
significant neural repertoire change of baseline neural activity (before target
onseton each trial) after learning the curlfield. Black: no-learning control
results (n=36,36).Red:learning results (n =48, 36). One-sided Wilcoxon rank-
sumtest:monkey U, P=0.999; monkey V, P=0.595. c-i, Patterns of peri-
movement neural population states. ¢, Peri-movement states of before-
learning (color circles), learning (grey circles) and after-learning error-clamp
(diamonds) reaches projected to PCs 1-3. After-learning states of the trained
targetand its nearby untrained targets left the before-learning states. One
example session. d, Quantification of neural shift during learning along the
‘peri-movement shift axis’ that connected the before-learning and error-clamp

states of the trained target, normalized against the distance between these
two states. n =4 (monkey U), 5 (monkey V). Cuzick’s test: monkey U, P=0.032;
monkeyV,P=3.92x107.e, The Euclidian distance between before-learning and
after-learning peri-movement states showed bell-shaped local generalization.
Errorbars, s.e.m.across sessions (monkey U:n=4,3; monkeyV:n=5,3).

f, Peri-movementactivity patterns showed ssignificantly greater repertoire
change for the trained target and near targets than far targets (monkey U:
n=28,20; monkey V:n=21,15). Black: no-learning control sessions (n = 36 for
both monkeys). One-sided Wilcoxon rank-sum test: monkey U, Py;uc 5. piue = 0.26,
Pblackvs. red = 4.52x 1076' Pb[uevs.red =0.002; monke)’ Vv, Pblackus. blue = 3.70x 1077!
Priackos.rea=6.02X107%, Pppeus e = 5.29 x107*. g, Peri-movement states in the same
PCAsubspace during washout. h, Distance between washout and before-
learning states decreased significantly along the peri-movement shift axis.
Normalized against the distance between the before-learning and after-
learning states of the trained target. n =4 (monkey U), 5 (monkey V). Cuzick’s
test:monkey U, P=0.0077; monkey V, P=0.0028.1i, Pairwise dot products
between peri-movement neural dimensions. PCs 1-3 significantly overlapped
with the peri-movement shift (one-sided signed-rank test compared to O:
monkeysU+V,n=9and P=0.002for allcomparisons). TDR1/2 axes also
significantly overlapped with the peri-movement shift (one-sided signed-rank
testcompared to 0:monkeysU+V,n=18and P=1.07 x107*). For all the box
plots, the central line indicates the median, the bottom and top edges indicate
the25thand 75th percentiles of the data, and the whiskers extend to the 5Sthand
95th percentiles of the data.



nature researCh Corresponding author(s):  Xulu Sun, Krishna Shenoy

Last updated by author(s): Nov 6, 2021

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see Authors & Referees and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

& A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|X| The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection Central software (v 7.0.2) was used for Blackrock Microsystems (https://www.blackrockmicro.com/technical-support/software-
downloads/) during Utah array, V-probe, and EMG recordings; SpikeGLX software (Imec v 4.3) was used for Neuropixels recordings
(http://billkarsh.github.io/SpikeGLX/).

Data analysis For Neuropixels recordings, the original data were automatically spike sorted with the Kilosort spike sorting software and then manually
curated with the ‘phy’ gui (https://github.com/kwikteam/phy); for V-probe and Utah-array recordings, spike sorting was performed
offline using a custom software package (available online as MKsort; https://github.com/ripple-neuro/mksort/). The behavioral, EMG,
and neural data were analyzed offline using MATLAB 2017b and 2019a (MathWorks). Code for the repertoire change analysis is available
on github (https://github.com/mattgolub/bci_learning); code for the TDR and uniform-shift analyses is available on github (https://
github.com/xIsun79/TDRandUniformShiftAnalyses); all other MATLAB codes are available from the corresponding author upon
reasonable request.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers.
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The data that support the findings of the current study are available from the corresponding authors upon reasonable request. Source data for each figure are
provided with this paper.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Results were replicated in two rhesus monkeys, as widely practiced in the primate research field. Sample size (e.g., number of recorded
neurons, number of trials per experimental condition) was determined based on our lab's experience and standards in the field, which was
also consistent with prior electrophysiological studies with similar motor tasks (Li el al., 2001; Perich et al., 2018).
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Data exclusions  Recording days in which monkeys did not perform enough trials (defined as at least 10 trials/condition) were excluded from all analysis
because these did not permit reliable estimation of trial-average firing rates.

Replication Results were replicated in two rhesus monkeys, as widely practiced in the primate research field. We also repeated the same task setup for
multiple days per monkey. And in each day, the same task condition had at least 10 repeated trials. All attempts at replication were successful.

Randomization  Random allocation of animals to different groups was not relevant to this study, because we studied the learning behavior of all animals and
did within-animal comparison (i.e., before-learning vs. after-learning). The allocation of trial conditions was randomized when necessary such
that animals could not anticipate the upcoming trial, which was critical for studying movement preparation in this study. The task setup was
also randomized across sessions to encourage animals to learn new behavior each day.

Blinding Blinding was not relevant for this study because trial parameters within each experiment session were automatically randomly assigned and
interleaved without cues for each task block (subjects could not anticipate the parameters imposed on a given trial), and experimenter did not
manually control the parameters used on a given trial. Task blocks were automatically switched once the subjects achieved a minimal trial
count for that block.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[ ] Antibodies [] chip-seq
[ ] Eukaryotic cell lines [] Flow cytometry
[ ] palaeontology [ ] MRI-based neuroimaging

Animals and other organisms
|:| Human research participants

[ ] clinical data

XXOXNXX &

Animals and other organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals Two adult male rhesus macaques (Macaca mulatta) U (14 kg, 8 years old) and V (10 kg, 8 years old) were trained on the major
tasks and control experiments. Two additional male adult rhesus macaques (Macaca mulatta), R (15 kg, 12 years old) and J (16
kg, 15 years old), were used in control experiments.

Wild animals No wild animals were used in the study.
Field-collected samples No field collected samples were used in the study.
Ethics oversight All training, recording, surgical and animal care procedures were performed in accordance with National Institutes of Health

guidelines and were approved by the Stanford University Institutional Animal Care and Use Committee.

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