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Supplemental Note 1
Changes of initial conditions vs. changes of the neural dynamics matrix
In this study, we found that a uniform shift separated after-learning preparatory neural states from the before-
learning states, which then generated very different neural trajectories for the newly learned movements in
the curl field. This agrees with the “initial-condition theory” shown by previous papers (Afshar et al.,
2011; Churchland et al., 2012; Vyas, Golub, et al., 2020). Conversely, if the before- and after-learning neural
population states were not separated during the preparatory period, recent theoretical work could provide an
alternative explanation as to why the results would still be consistent with the dynamical systems framework
and literature (Linderman et al. 2016).
The initial-condition hypothesis often assumes (for simplicity) that the neural dynamical system in the motor
cortex is autonomous and there is only one dynamics matrix A before and after learning:

ẋxx(t) = AAAxxx(t) +BBBuuu(t)

where xxx(t) is the (vector) neural state at time t, uuu(t) is the (vector) input to the dynamical system at time
t and BBB is the input projection matrix. In this case, the initial-condition hypothesis says that if the initial
condition (the preparatory neural state, i.e., xxx(t = 0)) is the same, then one expects to see the same neural
trajectory, when there are no external inputs uuu(t). Finding that neural trajectories cross is what is most
often meant by high tangling. In contrast, finding that different initial conditions evolve into different neural
trajectories is what is meant by low tangling; technically, trajectories should not come close together yet
diverge later in an autonomous system (Russo et al., 2018).
However, in reality, the motor cortical dynamics are non-autonomous. Therefore, there could be another
scenario during learning where there are two dynamics matrices, AAAbefore learning and AAAafter-learning such that:

Before learning: ẋxx(t) = AAAbefore learning xxx(t) +BBBuuu(t) (1)
After learning: ẋxx(t) = AAAafter learning xxx(t) +BBBuuu(t) (2)

With these two dynamics matrices, even if the neural trajectories before- and after-learning were initiated
from the same initial condition (preparatory state), they could evolve separately due to different dynamics
matrices and have different neural trajectories. Our results that the initial conditions before and after
learning were separated at the time of the go cue cannot tell us whether the dynamics matrix AAA changes
after learning, and investigating this would be quite interesting for future work to test if learning changes
the initial conditions, or the dynamics matrix, or both.

Supplemental Note 2
Alternative explanations for observed uniform shift
A central result we presented in this manuscript was the uniform shift of neural preparatory states accom-
panying curl field adaptation to a specific target, and we argued that this uniform shift was both learning
specific and motor memory specific. These two findings support the possible role of the uniform shift in
indexing distinct motor memories. This line of reasoning leverages the fact that the behavioral changes
demanded by adaptation are spatially localized around the trained target(s), whereas the uniform shift
translates the preparatory neural states equally for all reaching targets, including those far from the trained
target for which no behavioral changes were observed. The validity of this line of reasoning rests on the
assumption that the uniform shift results from learning-related changes and not by some other cause that
would in some sense ”trivialize” the observed uniform shift. In this note, we consider a set of possible
alternative explanations for the observed uniform shift in preparatory activity during curl field learning.
We present a combination of methodological, analytical, and empirical evidence to address whether these
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proposed alternative explanations could explain the uniform shift we observed in preparatory activity. We
found that these alternative explanation did not explain our results.
We begin with an analytical formulation of the uniform shift, and then consider a number of alternative
explanations for the uniform shift.

Analytical formulation of uniform shift
Direction tuning We begin by considering the neural preparatory activity states accompanying each
target direction, indexed by θ, and whether the reach is before-learning b or adapted a, indexed by c = {b, a}.
We begin by describing the before-learning preparatory firing rate by a cosine-tuned relationship to movement
direction:

yn(θ, b) = ξn cos(θ − θpd,n) + µn

Where yn(θ, b) is the preparatory firing rate for neuron n on the before-learning condition towards direction
θ, ξn is the tuning amplitude, θpd,n is the preferred direction, and µn is the mean firing rate for neuron n.
Each of the N neurons’ preparatory firing rates are then described by this equation, as each n. By expanding
the cosine as a dot product between the target direction vector and the preferred direction vector, this is
often rewritten as a linear expression:

yn(θ, b) = βx,n cos(θ) + βy,n sin(θ) + µn (3)

Here the βx,n and βy,n coefficients define the direction tuning preferences of neuron n, forming a 2D vector
with magnitude ξn and direction θpd,n.

Endpoint force tuning Naturally, reaching through force fields requires the production of different force
profiles, and the firing patterns of neurons in motor cortex reflect these forces, both during movement
preparation and execution. Consequently, we primarily consider a similar functional form of preparatory
firing rates in terms of forces rather than spatial direction:

yn(θ, b) = βx,nfx(θ, b) + βy,nfy(θ, b) + µn (4)

Here, fx(θ, b), fy(θ, b) are the time-averaged end point forces produced along the x, y directions for a specific
before-learning reach condition.
In the manuscript, we used targeted dimensionality reduction (TDR) (Mante et al., 2013) to identify di-
mensions of neural activity (directions in the N dimensional neural population space). The X and Y force
axes identified were defined as the vector of stacked coefficients over neurons, normalized to unit length and
orthogonalized relative to each other, i.e. βββx and βββy ∈ RN .

True uniform shift In the after-learning adapted state, we observed that the firing rates were shifted
uniformly across conditions in a third dimension. In our model, the adapted firing rates of each neuron can
be described by:

yn(θ, a) = βx,nfx(θ, a) + βy,nfy(θ, a) + sn + µn (5)

Here, changes in the firing rate from the before-learning to adapted conditions (b → a) result from two
sources. First, from changes in the force production for conditions (particularly near the trained target)
where f{x,y}(θ, b) ̸= f{x,y}(θ, a). And second, from the uniform shift itself, described by the vector sss ∈ RN

formed by stacking the sn over neurons. In the manuscript, we showed that the uniform shift axis uuu could
be described using TDR (Extended Data Fig. 2i). This amounts to stacking the sn coefficients into vector
sss ∈ RN , orthogonalizing sss relative to βββx and βββy to yield sssorth, and then normalizing sssorth to yield uuu. Thus,
uuuTβββx = uuuTβββy = 0.
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In this formulation, the observed shift in preparatory states along the uniform shift axis u may be calculated
by projection:

uuuT [yyy(θ, a)− yyy(θ, b)] = uuuT [βββx (fx(θ, a)− fx(θ, b)) + βββy (fy(θ, a)− fy(θ, b)) + sss]

= uuuTβββx [fx(θ, a)− fx(θ, b)] + uuuTβββy [fy(θ, a)− fy(θ, b)] + uuuTsss

= uuuTsss

= ∥sssorth∥

uuuTβββx = uuuTβββy = 0

The projection of the preparatory states onto the uniform-shift axis identified via TDR thus isolates the
contribution of these uniform shift terms sn that alter preparatory activity orthogonally to the endpoint
force axes.
We note that this projection onto the uniform shift axis naturally does not depend on the target direction,
such that the expectation with respect to θ is the same:

Eθ

[
uuuT [yyy(θ, a)− yyy(θ, b)]

]
= ∥sssorth∥

Lastly, a minor technical point. We note that this definition of the uniform shift axis uuu differs subtly from
the definition used throughout the manuscript. In the manuscript, we defined the uniform shift axis as the
vector which connected the centroids of the neural preparatory states across target directions from before
learning to after learning, orthogonalized against the TDR force axes βββx and βββy. Here, we construct uuu
directly within the TDR to simplify the derivation. We note that the uniform shift axis estimates are very
similar using the two approaches; Extended Data Fig. 2i shows preparatory neural states along the uniform
shift vector uuu in an example session, constructed using the TDR approach used here. Furthermore, none
of the analytical derivations below rely on this definition of uuu, instead requiring only that the uniform shift
axis be orthogonal to the TDR force axes, so all arguments below hold for the centroid-connecting uniform
shift as well.
The alternative explanations we consider below are:

1. Background changes in neuron offset, e.g. background changes in tuning (Rokni et al., 2007)
2. Changes in neuron preferred direction
3. Changes in neural state due to the use of error clamp
4. Changes in neural state due to block switching
5. A change in endpoint forces related to the learned field
6. A change in neuron force preferred direction
7. A change in muscle forces related to the learned field
8. Changes in posture, and specifically posture-related changes in tuning amplitude or gain
9. Changes in hand speed

We note that these alternatives fit broadly into two classes: changes in neural response properties independent
of changes in behavior but not learning-specific (1-4) and changes in behavior or motor output (5-9). For five
of these alternatives where it is possible to quantitatively estimate their possible contributions, we construct
alternative functional forms of yn(θ, a) which allow for other kinds of response changes in the adapted
conditions, but specifically do not include a uniform shift term. For each of the proposed alternatives, we
fit the corresponding model to the recorded preparatory activity, and ask how much of the variance of the
observed uniform shift (i.e. the shift in preparatory state along uuu) can be explained. We perform five-fold
cross validation and report the cross-validated R2 in Supplementary Table 2. We find that inclusion of the
true uniform shift term as in Eqn. 5 is essential to explain the observed uniform shift.

1 Background drift
Rokni et al., 2007 report background changes of neural tuning curves that occur slowly over many trials
during normal reaches in a familiar environment. These background changes occur in tandem with and
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on top of learning-related changes accompanying curl field adaptation. Rokni et al., 2007 parcellate these
changes into two sources: changes in the tuning curve offset (µn in our formulation) and changes in the
cosine-tuning (ξn and θpd,n in our formulation). Here, we discuss the background changes in offset, and
discuss the changes in cosine-tuning in the following section. Background changes in offset affect the firing
rates observed for all reach directions, as did the uniform shift that we found during curl field learning.
Because these changes in offset would use the same functional form as the true-uniform shift in Eqn. 5, it
is possible for these changes in offset to create a uniform shift of neural states along an orthogonal axis in
neural state space.
However, there are several important differences between our learning-related uniform shift results and the
results reported in Rokni et al., 2007. First, we note that Rokni et al., 2007 are reporting changes in the
neural tuning during movement and do not study preparatory activity. We are not aware of any reports
demonstrating similar background drifts in neural tuning curve offsets during motor preparation, and in
particular no reports of drifts in offset that appear specifically during preparation and not during movement,
which would be required to match the preparation-specific uniform shift we report here. Second, and more
critically, Rokni et al., 2007 find that changes in neural tuning in the learning experiment (calculated between
before-learning and after-washout trials) are not significantly different from the background changes that they
observe in the control experiment with no learning. That is, these background changes are not specifically
related to learning. In contrast, the uniform shift we observed occurred only during learning. No uniform
shift was observed either in control no-learning sessions of equivalent duration (which matches the non-
learning experiments of Rokni et al., 2007; see Fig. 2e, Extended Data Fig. 2e) or in control experiments
with randomly delivered mechanical perturbations (which required generation of larger muscles forces in an
unfamiliar environment, Fig. 2g). Furthermore, the background changes reported by Rokni et al., 2007 are
considered to be the result of drift due to noise that is passively tolerated due to the inherent redundancy
of a motor cortex with many neurons and few readout dimensions for behavior (i.e. a very large output-null
space). In our results, the uniform shift was specific to parameters of the learned curl field, both in terms of
curl field direction and the directional target to which the curl field was trained (Fig. 3). For these reasons,
we believe that the continuously occurring, non-specific background drift reported by Rokni and colleagues
is fundamentally different from the learning-related uniform shift we observed during curl field adaptation,
which we argued served to index distinct motor memories. Furthermore, because no results are presented
for motor preparatory activity in Rokni et al., 2007, we were unable to perform further direct, quantitative
comparisons.

2 Changes in preferred direction
We now consider changes in neurons’ preferred directions from the before-learning to adapted conditions, as
have been previously reported, for example in Rokni et al., 2007.
We return to our original formulation of cosine-direction-tuned preparatory firing rates from Eqn. 3, but in
the adapted condition, we then allow for each neuron to have a different preferred direction, resulting in new
tuning coefficients αx,n and αy,n:

yn(θ, b) = βx,n cos(θ) + βy,n sin(θ) + µn (6)
yn(θ, a) = αx,n cos(θ) + αy,n sin(θ) + µn

Technically, since in this formulation, the norm of the vector [αx,n, αy,n] is allowed to differ from that
[βx,n, βy,n], which allows for the neural tuning gain to change due to adaptation as well as the preferred
direction. We proceed with this more general model so as to allow for more uniform-shift variance to
potentially be explained away both both mechanisms operating in tandem.
If we compute the difference between adapted and before-learning preparatory states, we have:

yn(θ, a)− yn(θ, b) = (αx,n − βx,n) cos(θ) + (αy,n − βy,n) sin(θ)

At the neural population population level, these changes will result in a rotation of the XY TDR plane. To
see this, note that the TDR plane in the before-learning condition would be spanned by the vectors βxβxβx and βββy,
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formed by stacking the individual βx,n and βy,n regression coefficients for each neuron and orthogonalizing
with respect to each other. In the adapted conditions, the TDR plane would be instead spanned by the
orthogonalized vectors αααx and αααy.
If we project this difference onto the uniform shift axis, we have:

uuuT [yyy(θ, a)− yyy(θ, b)] = uuuT [(αααx − βββx) cos(θ) + (αααy − βββy) sin(θ)]
= uuuT(αααx − βββx) cos(θ) + uuuT(αααy − βββy) sin(θ)

noting that we orthonormalize uuu off of the βββ vectors fit to force axes as in Eqn. 4, which will not perfectly
coincide with coefficients fit to the direction-tuned model of Eqn. 3.
So, if the tuning directions change such that the change in the adapted TDR axes αααx − βββx and αααy − βββy

project into the uniform shift axis uuu, the preparatory states can change along the uniform shift axis as well.
However, we observed a consistent shift of all preparatory states (for all directions θ) along the uniform shift
axis. If we now marginalize over target direction, we see that changes in preferred directions cannot drive a
consistent shift along uuu that is common to all conditions:

Eθ

[
uuuT [yyy(θ, a)− yyy(θ, b)]

]
= Eθ

[
uuuT(αααx − βββx) cos(θ) + uuuT(αααy − βββy) sin(θ)

]
= uuuT(αααx − βββx)Eθ [cos(θ)] + uuuT(αααy − βββy)Eθ [sin(θ)]
= 0

Essentially, changes in preferred direction can reorient the preparatory states in neural population space,
but they cannot shift the origin around which the preparatory states are radially arranged. Consequently,
changes in preferred direction cannot result in the pattern of uniform shifts we observed. Nevertheless, we
fit the model in Eqn. 6 allowing for altered preferred directions using regression. We then ask how much of
the variance of the observed uniform shift can be explained by changes in preferred direction, reporting the
cross-validated R2 (Supplementary Table 2). This model is fit using a finite set of conditions non-uniformly
distributed in direction, so the R2 need not be 0.

3 Error clamp
We also consider the use of the error clamp is itself responsible for the appearance of the uniform shift. In
theory, the error clamp should be largely imperceptible to the subject, as it simply applies forces to match the
anticipated forces that the subject applies according to its internal model of the curl field. However, minor
deviations in the hand trajectory from a straight line, or practical limitations in the fidelity of the haptic
rendering of the error clamp could potentially create the (rather unlikely) situation where these error clamp
trials are considered a separate context from the non error-clamp trials, which is then reflected ahead of time
during the preparatory activity (before the error clamp is even applied, so necessarily anticipatory) such
that this context distinction could create the uniform shift. To address this, we compared the ‘error-clamp
no-learning’ neural state to the ‘no-clamp no-learning’ state in control no-learning sessions, and found that
they were not significantly different (Extended Data Fig. 5a). The late-learning and error-clamp states of
the trained reach target were also not significantly different (Extended Data Fig. 5b). Consequently, the use
of the error clamp to probe behavioral generalization curves did not itself contribute to the uniform shifts
in neural preparatory activity.
As presented in the main results, we observed the reassociation-like neural changes in the force-predictive 2D
TDR plane constructed from only before-learning trials. To rule out that this 2D TDR plane reoriented after
learning and consequently contributed to the uniform shift, we performed the same TDR regression using
only error-clamp trials to build the 2D TDR subspace. We then took the dot products of before-learning and
error-clamp TDR axes (Extended Data Fig. 5d). Our results showed that TDR 1 and 2 axes after learning
remained aligned with the before-learning TDR axes. The error-clamp TDR 1 and TDR 2 axes were also
orthogonal to the uniform-shift axis, similar to the before-learning TDR axes.
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4 Block switching
Another possibility is that the uniform shift during the learning block appears simply as an artifact of
experimental block switching. We do not think this explanation is viable, because we observed the uniform
shift persisting after washout (Fig. 5b, d; Extended Data Fig. 9b) and did not observe the uniform shift
during VMR learning (Extended Data Fig. 2f, g), which was conducted using an identical before learning,
learning, washout trial block structure. Furthermore, the geometric relationships between different uniform
shifts reflected the identity of learned curl fields (Fig. 3), arguing that the uniform shift is specifically
learning-related and curl field specific, rather than reflecting an experimental artifact of block switching.

5 Changes in endpoint forces
First, we consider changes in preparatory activity that accompany changes in the movement forces that will
subsequently be produced. Because the curl field is trained at only a single target location, the dominant
changes in hand forces are concentrated at that target location with a bell-shaped generalization curve.
However, we consider the possibility that a change in hand forces common to all targets could result in the
appearance of a uniform shift in preparatory activity. To test for this, we consider changes in preparatory
activity that result from differences in endpoint forces alone:

yn(θ, b) = βx,nfx(θ, b) + βy,nfy(θ, b) + µn (7)
yn(θ, a) = βx,nfx(θ, a) + βy,nfy(θ, a) + µn

If we compute the difference between adapted and before-learning preparatory states, and then take an
expectation across reach directions,we have:

Eθ [yn(θ, a)− yn(θ, b)] = βx,nEθ [fx(θ, a)− fx(θ, b)] + βy,nEθ [fy(θ, a)− fy(θ, b)] (8)
= βx,n∆fx + βy,n∆fy

where ∆Fx and ∆Fy are the mean changes in hand forces from before-learning to the adapted conditions.
If these changes in hand forces are reflected systematically in the neural population, they could result in
the preparatory activity shifting uniformly, but in a manner coupled to the behavioral output. However,
when we project these differences in firing rates onto the uniform shift axis, they disappear because the the
uniform shift axis has been orthogonalized against βββx and βββy.

Eθ

[
uuuT (yyy(θ, a)− yyy(θ, b))

]
= uuuT [βββx∆fx + βββy∆fy] = 0 (9)

(10)

Nevertheless, we fit the model of preparatory firing rates given in 8 using regression. We then ask how much
of the variance of the observed uniform shift along uuu can be explained by changes in hand forces, reporting
the cross-validated R2 (Supplementary Table 2).
In this section, we assume that the force axes βββx and βββy remain the same in the adaptation block. In the
next section, we explore whether changes in these force axes themselves could result in the appearance of a
uniform shift.

6 Endpoint force tuning
For changes in endpoint force direction tuning, we adapt the model in Eqn. 4 similarly, again allowing each
neuron to have different tuning coefficients for the adapted conditions αx,n and αy,n.

yn(θ, b) = βx,nfx(θ, b) + βy,nfy(θ, b) + µn (11)
yn(θ, a) = αx,nfx(θ, a) + αy,nfy(θ, a) + µn

Technically, since in this formulation, the norm of the vector [αx,n, αy,n] is allowed to differ from that
[βx,n, βy,n], which allows for the neural tuning gain to change due to adaptation as well as the preferred
direction.
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If we compute the difference between adapted and before-learning preparatory states, we have:
yn(θ, a)− yn(θ, b) = αx,nfx(θ, a)− βx,nfx(θ, b) + αy,nfy(θ, a)− βy,nfy(θ, b)

If we project this difference onto the uniform shift axis, we have:
uuuT [yyy(θ, a)− yyy(θ, b)] = uuuT [αααxfx(θ, a)− βββxfx(θ, b) +αααyfy(θ, a)− βββyfy(θ, b)]

= uuuTαααxfx(θ, a) + uuuTαααyfy(θ, a)
uuuTβββx = uuuTβββy = 0

If we now marginalize over target direction, we see that changes in preferred directions could potentially
drive a consistent shift along uuu that is common to all conditions, if the new TDR axes αααx and αααy project
along uuu and if there is a non-zero average endpoint force across conditions:

Eθ

[
uuuT [yyy(θ, a)− yyy(θ, b)]

]
= Eθ

[
uuuTαααxfx(θ, a) + uuuTαααyfy(θ, a)

]
= uuuTαααxEθ [fx(θ, a)] + uuuTαααyEθ [fy(θ, a)]

In our data, changes in force direction axes were small, and therefore unlikely to explain the uniform shift
in preparatory states. Nevertheless, we fit the model in Eqn. 11 allowing for altered force tuning using
regression. We then again ask how much of the variance of the observed uniform shift can be explained by
changes in hand force tuning, reporting the cross-validated R2 (Supplementary Table 2).

7 Changes in muscle forces (EMG)
Here, we consider the influence of produced muscle forces on the preparatory activity. We use the measured
EMG signals for M = 6 muscles. To include these as predictors in the regression, we take two approaches.
First, we average the peri-movement EMG activation for each muscle, resulting in a per-condition vector
of muscle activations mmmtavg(θ, c) ∈ RM , where M = 6 is the number of recorded muscles. Second, rather
than averaging across time, we perform PCA on the C×MT matrix of EMG activations for the M muscles,
C conditions and T time-points, reducing this to K = 3 principal components to form a C ×K matrix of
muscle response scores. We then use each of the condition-specific rows of this matrix mmmpca(θ, c) ∈ RK as
our predictors. In both cases, we have the following functional form for the preparatory activity:

yn(θ, b) =

M(orK)∑
j=1

βn,jmj(θ, b) + µn (12)

yn(θ, a) =

M(orK)∑
j=1

βn,jmj(θ, a) + µn

where βββ ∈ RN×M or RN×K is the matrix of coefficients relating the average muscle activations (or muscle
activation scores) to preparatory firing rates for each neuron. If we project the difference in preparatory
activity along the uniform shift axis and marginalize over target direction, we have:

Eθ

[
uuuT [yyy(θ, a)− yyy(θ, b)]

]
= Eθ

[
uuuTβββ [mmm(θ, a)−mmm(θ, b)]

]
= uuuTβββEθ [mmm(θ, a)−mmm(θ, b)]

= uuuTβββ∆mmm

where ∆mmm is the average change in muscle activation (scores) over directions. To assess whether such average
changes in muscle activation could drive the uniform shift in preparatory states we observed, we fit a model
to preparatory firing rates given by Eqn. 12 using regression. We then ask how much of the variance of
the observed uniform shift can be explained by changes in both time-averaged muscle activation and the
dimensionality-reduced muscle activation scores, reporting the cross-validated R2 (Supplementary Table 2).
Lastly, our EMG recordings of muscle activation did not show obvious signs of co-contraction in late-learning,
error-clamp and washout trials for the trained target (Extended Data Fig. 4a), consistent with human
behavioral studies. Muscle activity in error-clamp trials did not show a uniform shift compared to the
before-learning trials, and looked very similar to the before-learning activity for the far untrained targets
(Extended Data Fig. 4b).
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8 Posture-related changes, gain changes in neural responses
Here we consider whether changes in the animals’ posture during or after learning could potentially contribute
to the uniform shift. That is, when the body slightly twists, it may change the overall neural activity in the
motor cortex (Scott and Kalaska, 1997) and so we might expect these changes to result in a uniform shift
or a neural repertoire change throughout the entire trial. Although our animals’ postures were not directly
measured, we took considerable care to tightly control behavioral variables as discussed in the main text
and Supplementary Note 2. To control the overall geometry of the animal’s body and arm, we spent many
months training them to sit calmly in a nonhuman primate chair (with side walls, neck plate, and a panel
through which they could extend their arm to perform the reaching task) that was customized for them.
They sat in the same chair at the same height, with the same position of head fixation, and the chair was
locked to the haptic device at the same location. Locations of the display screen and the haptic device were
also fixed across all days. Though we did not record and quantitatively measure their posture, we did have
cameras to monitor their face and body during the experiment. From the cameras we did not see obvious
posture changes from the before-learning block to the learning block. This is also consistent with our own
observations of each monkey’s behavior, which again is part of the standard substantial training process
that we have adopted. While it is certainly possible that the monkey could make small changes below the
threshold for us to detect, we do not have any reason from observing the animal’s behavior to suspect that
this could be responsible for explaining the results presented in this manuscript. Moreover, we note that
static offsets in position are responsible for a very small fraction of the total variance of neural population
activity (Stavisky et al., 2018).
We also note that we did not see a uniform shift during the peri-movement period (Extended Data Fig.
10e, f). Furthermore, we quantified the repertoire change of the baseline neural activity (i.e., when the
animal was holding the handle before each trial began at target onset). In contrast to the neural repertoire
change during the preparatory period (Fig. 2e, Extended Data Fig. 2e), we did not see a significant neural
repertoire change of the pre-trial baseline neural activity (Extended Data Fig. 10b). Because the uniform
shift in neural states was observed specifically in preparatory period neural activity, we think that it is
unlikely to be driven by postural changes.
Nevertheless, we consider whether posture-related changes in the amplitude or gain of neural responses
could drive the uniform shift observed during motor preparation. Gain-related changes in neural firing have
been reported accompanying postural changes, i.e., when reaching movements are performed from different
initial positions (Caminiti et al., 1991; Pesaran, Nelson, and Andersen, 2006; Batista et al., 2007). These
gain related changes have been posited to reflect the dynamic (posture-dependent) relationship between a
controlled muscle synergy and spatial direction of the hand (Ajemian, Bullock, and Grossberg, 2001).
A model of preparatory neural firing rates which includes gain modulation that varies from the before-learning
state to the adapted state is given by:

yn(θ, b) = βx,nfx(θ, b) + βy,nfy(θ, b) + µn (13)
yn(θ, a) = γn [βx,nfx(θ, a) + βy,nfy(θ, a)] + µn

where γn is the adapted condition gain parameter for neuron n.
If we compute the differences in neural activity from the before-learning to adapted conditions, and project
this difference onto the uniform-shift axis, we have:

uuuT [yyy(θ, a)− yyy(θ, b)] = uuuT [βββxfx(θ, b)− γγγ ⊙ βββxfx(θ, a) + βββyfy(θ, b)− γγγ ⊙ βββyfy(θ, a)]

= uuuT (γγγ ⊙ βββx) fx(θ, a) + uuuT (γγγ ⊙ βββy) fy(θ, a)
uuuTβββx = uuuTβββy = 0

where γ ∈ RN is the vector of stacked gain parameters and ⊙ represents the element-wise Hadamard product.
We note that if we define αααx = γγγ ⊙ βββx and αααx = γγγ ⊙ βββx, then this is essentially constrained version of the
model in Eqn 11, where αααx and αααy are allowed to vary entirely independently of βββx and βββy.
Therefore, neuron-wise changes in gain due to postural changes can stretch the force axes in neural population



Supplementary Information Sun*, O’Shea*, et al. 10

axes. If we then marginalize over reach directions:

Eθ

[
uuuT [yyy(θ, a)− yyy(θ, b)]

]
= Eθ

[
uuuT (γγγ ⊙ βββx) fx(θ, a) + uuuT (γγγ ⊙ βββy) fy(θ, a)

]
= uuuT (γγγ ⊙ βββx)Eθ [fx(θ, a)] + uuuT (γγγ ⊙ βββy)Eθ [fy(θ, a)]

=
(
uuuTγγγ · uuuTβββx

)
fx(θ, a) +

(
uuuTγγγ · uuuTβββy

)
fy(θ, a)

= 0
uuuTβββx = uuuTβββy = 0

Consequently, because the force axes are already orthogonalized against the uniform-shift axis, changes in
preparatory activity due to gain changes cannot explain the uniform shift we observed. Nevertheless, we
fit the model in Eqn. 13 allowing for gain-modulation using regression. We then again ask how much
of the variance of the observed uniform shift can be explained by changes in postural gain, reporting the
cross-validated R2 (Supplementary Table 2).

9 Changes in hand speed
To show that the learning-related uniform shift does not relate to the slight change of hand speed after
learning (Extended Data Fig. 1d), we expanded the TDR model by adding the hand speed to the regressors
(see Methods). Although the hand speed axis explained 10% to 20% of the total variance of the preparatory
neural activity (Extended Data Fig. 3b), it was nearly orthogonal to the uniform-shift axis (Extended Data
Fig. 3a). The lack of shared variance between the hand speed axis and the uniform-shift axis supports that
the uniform shift cannot be simply explained by the change of hand speed.

Supplementary Note 3
Geometry of neural dimensions during the peri-movement period
In the main text, we demonstrated the relationships between neural population dimensions during the
preparatory period by computing their pairwise dot products (Extended Data Fig. 3). We found that the
TDR 1 + 2 plane largely overlapped with the PC 1 + 2 plane, TDR 1 and 2 axes were nearly orthogonal to
the uniform-shift learning axis, and PC 3 was aligned with the uniform-shift learning axis.
In contrast, we did not observe a uniform shift of the peri-movement neural states after learning, but a local
shift for reach targets close to the trained target (Extended Data Fig. 10c, d), termed the ‘peri-movement
local shift’. We took the dot product between the local shift and the TDR 1 and 2 axes during the peri-
movement period, and found that this local shift axis significantly overlapped with the TDR axes (Extended
Data Fig. 10i). We also found that this shift significantly overlapped with PCs 1-3 (Extended Data Fig.
10i). These results further support the distinction between the peri-movement local shift and the preparatory
uniform shift.

Methods
All 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.

The temporal structure of each trial and the curl force field configuration. Two adult male
rhesus macaques (Macaca mulatta) U (14 kg, 8 years old) and V (10 kg, 8 years old) were trained on the
curl force field learning tasks described below. In all tasks, monkeys gripped the handle of a haptic device
(delta.3 haptic device, Force Dimension, Switzerland) with their right hands to control the movement of a
cursor in a two-dimensional plane displayed on the screen in front of them. The plane within which the
monkeys used the haptic device to move their hands was 45 degrees inclined. Monkeys performed a point-
to-point delayed reaching task using the haptic device: they initiated each trial by holding their hand within
a center target for 450 ms. Then a second target 120 mm (105 mm for monkey U) away from the center
showed up on the screen which served as the endpoint of the movement the monkeys were asked to make.
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This target originally vibrated in place for a variable delay period (200 – 650 ms, uniformly distributed) and
stopped vibrating as a ‘go cue’ which instructed the monkeys to reach. In curl field trials, the haptic device
was programmed to produce forces on the monkey hands as they performed the point-to-point reaching
movement. The magnitude and direction of the force depended on the velocity of hand movement according
to: [

Fx

Fy

]
= k

[
0 −1
1 0

] [
Vx

Vy

]
(14)

where k was set equal to ±14 N m-1 s for monkey V and ±12 N m-1s for monkey U. The sign of k determines
the direction of the curl force field: positive k for counterclockwise (CCW) fields and negative k for clockwise
(CW) fields. In this study, we applied either a CW or a CCW curl field to the up, down or right reaching
target (i.e., six different fields, Extended Data Fig. 1a). In each trial, only one reaching direction had one
curl field active. Hand position and velocity were measured at 1k Hz by the haptic device. Hand forces were
measured at 30k Hz by a load cell mounted to the haptic device and then down-sampled to 1k Hz during
behavior data processing.

Block design of the principal curl force field learning task (single-field learning experiment, Fig.
1a). Throughout the study, a session means a day’s worth of experiments, spanning several hours. In every
learning session, monkeys first made delayed reaches from the center of the workspace to one of 12 peripheral
targets without force field in a before-learning block (block i). Then the learning block (block ii) started
where a curl field was active for one reaching target (the trained target). In the learning block, the typical
success rate dropped to around 40% at the beginning, and after reaching asymptote, it was around 70% - 80%
for monkey U and 80% - 90% for monkey V. After 150 successful learning trials, monkeys showed behavioral
adaptation (Fig. 1c) and the task entered the error-clamp block (block iii) where 70% trials were the same
as in the learning block and 30% were randomly interleaved error-clamp trials (Albert and Shadmehr, 2018)
(20 trials per reaching target).
Error-clamp trials measured whether the newly learned movement kinetics for the trained target were trans-
ferred to nearby untrained targets, thereby estimating generalization of learning. The error-clamp block had
many more learning trials than the learning block to maintain the adapted behavior. Throughout block iii,
to assess feed-forward learning of the curl field, the error clamp was rendered by the haptic device when
monkeys reached to each of the same 12 targets as in block i. In these trials, the hand movement was confined
to a simulated mechanical channel towards the reach target with a spring constant (stiffness) of 10,000 N/m
and damping constant of 150 N m-1s (Howard and Franklin, 2015; Smith, Ghazizadeh, and Shadmehr, 2006).
The error-clamp trials were used to probe any change in hand forces for all reach targets without causing
visual error feedback because the hand trajectory was ensured to be straight. After the error-clamp block
(except for the opposite-field learning experiment, see below) was a washout block (block iv) very similar
to the before-learning block in which there was no force field. In all trials throughout all sessions, monkeys
were required to finish each reach movement within 700 ms or the trial would be counted as a failure.
In all analyses, early learning was defined as the beginning of the learning block, late learning corresponded
to curl field trials in the end of the error-clamp block, after learning corresponded to all error-clamp trials in
the error-clamp block, early washout was defined as the beginning of the washout block, and late washout
was defined as the end of washout block.

Relearning experiment. To investigate the neural substrate of motor memory retention (the behavioral
indicator of which is defined as savings), monkeys were exposed to the same curl field for a second time after
washout (monkey U, four sessions; monkey V, three Neuropixels sessions including one M1 recording and
two PMd recordings). In these sessions, monkeys did at least 500 (ranging between 539 and 666) washout
trials before relearning to make sure that the learned behavior was washed out as completely as possible.
The relearning experiment was similar in structure to the single-field learning experiment (see above) except
that blocks ii and iii were repeated with the same curl field after the washout block.

Opposite-field learning experiment. To identify and investigate whether the uniform shift was curl-
field-specific, in three sessions, monkey U learned two opposite curl fields sequentially for the same reach
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direction (up, right or down); in one Neuropixels session, monkey V learned two opposite curl fields sequen-
tially for the same reach direction (up). Monkeys were exposed to each curl field in a learning block and
then an error-clamp block. No washout trials were performed between learning the two fields.

Interference experiment design (Fig. 4a, Extended Data Fig. 8a). The interference of learning is
defined by the phenomenon that learning one skill (here, one curl field) impedes learning another skill (here,
an opposite curl field). The interference experiment was conducted to test the indexing hypothesis that
the uniform shift of preparatory neural states may be involved in the separation of motor memories when
learning distinct curl fields (Fig. 3) that would otherwise interfere with each other. We expected to see that
the preparatory neural states for learning two different curl fields simultaneously would be separated by two
distinct uniform shifts, and that the separation of preparatory states would be incomplete if the two fields
interfere with each other. In this experiment, monkeys started with a center-out reach block without any curl
field (block i). Next in block ii, monkeys experienced either a CCW or a CW field on randomly interleaved
trials. The two fields were applied to either the same target, or two targets 30 degrees apart. After around
150 trials of each field, curl-field trials were interleaved with error-clamp trials in the error-clamp block (block
iii) and curl-field trials accounted for around 80% of all trials. At last, in the sequential-learning block (block
iv), monkeys learned one field for 100 trials and then the other field for another 100 trials. We performed one
session of the same-target interference experiment and one session of the two-target interference experiment
with each monkey (monkey U and monkey V). Though just two sessions of the interference experiment were
performed with each monkey, the results were consistent across monkeys and complimentary to findings when
monkeys learned multiple fields sequentially (Fig. 3). Taken together, these results support the indexing
hypothesis.

Center-out reach control experiment. This control experiment was conducted to verify that the
changes in neural population activity patterns were learning-related, not merely due to the instability of
recording. In control sessions (monkey U, n = 3; monkey V, n = 3), monkeys U and V made thousands of
delayed center-out reaches to one of 12 targets without any curl force field (70% were no-clamp trials and 30%
were error-clamp trials). This control experiment had the same number of blocks as the principal learning
task (see above), and each block had approximately the same number of trials to match their corresponding
blocks in learning sessions except that the control session did not have a curl field and only had center-out
reaches. More concretely, the trial indices for trials in a certain block of the control experiment were within
the same range as trials in the same block of the learning experiment (for instance, all error-clamp trials
could have trial indices between 500 and 1000 in both learning and control experiments). But the particular
trial index of a certain trial type in the learning experiment was not necessarily exactly the same as in the
control experiment.
The no-learning control results in Figs. 1d, 2c, 2e and Extended Data Figs. 1c, 2c, 2e, 10e, 10f came from
comparing behavioral and neural data in error-clamp trials of block iii and no-clamp trials of block i, to be
consistent with trials used in analyses of the learning data. Block ii in control sessions did not have a curl
field and so there was no learning.

Random-perturbation control experiment. This control experiment was conducted to verify that the
changes of neural population activity patterns were learning-related, not merely because of generating larger
muscle forces in a new environment. In one Neuropixels session, monkey V first performed center-out reaches
to one of 12 targets without any perturbation force (the before-learning, no-perturbation block). Then in
50% of all center-out reach trials, the haptic device applied a pulse perturbation force, either to the left
or to the right of the reaching direction, which simulated the force magnitude of the curl field but the
perturbation direction was not predictable (the before-learning, random-perturbation block). Consequently,
monkey V could not learn to prepare for the pulse perturbation but instead needed to generate compensatory
forces after sensing it. In this block, trials with and without perturbation forces were randomly interleaved.
All successful trials in the before-learning no-perturbation block, and perturbation trials in the random-
perturbation block were used in data analysis. Last, monkey V experienced the same learning block and
error-clamp block as in the single-field learning experiment.
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Visuomotor rotation (VMR) experiment. The VMR experiment has been described previously (Vyas,
Even-Chen, et al., 2018; Vyas, O’Shea, et al., 2020). Two male adult monkeys, R (15 kg, 12 years old) and
J (16 kg, 15 years old), were trained to perform a delayed center-out reach task to one of eight targets. A
VMR perturbation was introduced to all eight reach targets during the learning block. Each monkey had two
96-electrode Utah arrays, one implanted in PMd and one in M1. The arrays were implanted five years and
seven years for R and J respectively prior to the experiments. In control sessions for the VMR experiment
(three sessions per monkey), monkeys R and J made thousands of delayed center-out reaches to one of eight
targets without any VMR.

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 (monkeys 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 monkeys achieved a
minimal trial count for that block.

Neural data collection (Extended Data Fig. 1b). In a standard sterile surgery, monkey V was implanted
with a head restraint and a recording cylinder (19 mm diameter) located over M1 and caudal PMd (stereotaxic
coordinates +16 mm anterior, 15 mm lateral) on the left hemisphere. Three Utah arrays (1 mm-long
electrodes, spaced 400 �m apart, Blackrock Microsystems) were implanted for monkey U eight months prior
to the experiments. Extracellular spikes were recorded using three 96-channel Utah arrays implanted in PMd,
lateral M1 and medial M1 (monkey U), 24-channel Plexon V-probes (monkey V, version PLX-VP-24-15ED-
100-SE-100-25(640)-CT-500), and 384-channel Neuropixels Phase 3A silicon probes (monkey V) (Jun et
al., 2017). Central software (v 7.0.2) was used (https://www.blackrockmicro.com/technical-support/
software-downloads/) for Utah array and V-probe recordings; SpikeGLX software (Imec v 4.3) was used
for Neuropixels recordings (http://billkarsh.github.io/SpikeGLX/). In this study, monkey U results
included 12 recording sessions (four sessions of the relearning experiment, three sessions of the opposite-
field experiment, two sessions of the interference experiment, and three sessions of the center-out control
experiment); monkey V results included 10 Neuropixels recording sessions (three sessions of the relearning
experiment, one session of the opposite-field experiment, two sessions of the interference experiment, three
sessions of the center-out control experiment, and one session of the random-perturbation experiment) and
two sets of V-probe recordings for learning two different curl fields (20 sessions in total). Out of the 13
learning datasets (monkeys U and V), three had curl fields applied to a right reaching target and 10 had curl
fields applied to an up or down target. Although more datasets had a curl field applied to the up or down
target than to the right target, we believe that this did not bias the results in a target-dependent fashion
because we observed consistent results across sessions.

Neural data pre-processing. For Utah array recordings, voltage signals were band-pass filtered from
each electrode (250 Hz – 7.5 KHz). These signals were processed to detect ‘threshold crossing’ spikes. We
detected spikes whenever the voltage crossed below a threshold of −3.5 times the root-mean-square voltage.
For V-probe and Utah-array recordings, spike sorting was performed offline using a custom software package
(Kaufman et al., 2014) (available online as MKsort; https://github.com/ripple-neuro/mksort/); stable
single units and multi-unit isolations were included. Around 400 units from 20 V-probe recording sessions
(22±9 units per session) were sorted by MKsort and used in the analysis. Around 245±34 single- and multi-
units from the three Utah arrays passed the sorting criteria in each session. For Neuropixels recordings, the
original data were automatically spike sorted with the Kilosort spike sorting software and then manually
curated with the phy tool (https://github.com/kwikteam/phy). More than 1000 units from 10 Neuropixels
recording sessions (149±20 units per session) were sorted by KiloSort and ‘phy’ and used in the analysis.
For V-probe recordings, neurons recorded over multiple sessions were pooled together for the same curl field
applied to the same reach direction because these sessions shared a common task structure and configuration,
which resulted in at least 100 units per curl field. Despite the various spike-detection or sorting methods,
we acquired consistent analysis results.
The V-probe and Utah array recordings included both single and multi-unit isolations, and after spike sorting,
we kept stable single units and multi-units. Approximately 40% of all sorted Utah-array units were single

https://www.blackrockmicro.com/technical-support/software-downloads/
https://www.blackrockmicro.com/technical-support/software-downloads/
http://billkarsh.github.io/SpikeGLX/
https://github.com/ripple-neuro/mksort/
https://github.com/kwikteam/phy


Supplementary Information Sun*, O’Shea*, et al. 14

units while for V-probe recordings the percentage was around 50%. Neuropixels probes could record single
units with the currently highest quality to our knowledge. Among all recorded units, the portion of stable
single units was usually between 40% and 70%. After spike sorting, at least 80% of all sorted Neuropixels
units were single units.

EMG data collection and pre-processing. For monkey U, surface EMG recordings (Trigno EMG
Systems, Delsys Inc.) were made from triceps brachii, biceps brachii and posterior deltoid. For monkey V,
surface EMG recordings were made from the trapezius, lateral deltoid, pectoralis, biceps brachii, extensor
carpi radialis and flexor carpi radialis. EMG signal was processed by the signal envelopes taking the upper
and lower peaks smoothed over 80-sample intervals.

Data analysis. The behavioral, EMG, and neural data were analyzed offline using MATLAB 2017b and
2019a (MathWorks). All analyses pooled together PMd and M1 recordings and used the full-dimensional
neural data, unless otherwise specified in the following sections or figure legends.

Behavior quantification. To examine behavioral learning, generalization, and washout, two measures
were used: (1) kinematic error (the lateral hand trajectory deviation error), and (2) the kinetic change
(hand force difference). The kinematic error was calculated on each reaching movement as the perpendicular
error of the hand path relative to a straight line joining the center and the target locations of the movement,
averaged over a 20 ms window around the peak speed. For both monkeys, the kinematic error in all blocks of
each session was a rolling average over 10 trials to reduce the single-trial noise while preserving the temporal
resolution of learning and washout, with the sign flipped appropriately so that errors in CW and CCW
field trials could be combined. The mean and s.e.m. of the kinematic error were then computed across all
learning sessions (Fig. 1c). The kinetic change was calculated as the perpendicular hand force difference
(the compensatory force) between error-clamp trials and their corresponding before-learning trials for the
same reach target (averaged over 100 - 200 ms from movement onset). Note that throughout the study,
perpendicular indicated perpendicular to the reach direction.

Principal component analysis (PCA) and time window selection. To explore neural population
activity patterns, we used PCA, an unsupervised dimensionality reduction method that operates on neural
data alone and extracts neural dimensions explaining the largest amount of variance. To perform PCA
on neural data, we constructed the data matrix R (Conditions × Time) × Neurons, where conditions are
defined by reaching directions and force field type. Time points were spaced 1 ms apart for neural trajectory
analyses or averaged over a 100 ms bin within the chosen time window for neural state analyses. Preparatory
period was the time window -50 to +50 ms from the go cue for all neural state analyses and -500 to 200 ms
for neural repertoire analyses. For peri-movement we used the time window 0 to +100 ms from movement
onset for all neural state analyses and 0 - 600ms for neural repertoire analyses. The neural trajectory of each
trial was defined by -150 to +150 ms from target onset, -50 to +50 ms from the go cue, and -200 to +400
ms from movement onset. Movement onset for each reach was determined via a speed threshold of 35 mm/s
for monkey V and 40 mm/s for monkey U. Spike counts were lightly smoothed and averaged across all trials
for each condition, and the activity of a given neuron was centered by subtracting its mean response from
the firing rate at each time point in each condition. The condition-averaged neural data matrix was passed
to the SVD function to compute the principal components (PCs). The dimension that captures the greatest
amount of neural variance is principal component dimension 1 (PC 1), the second most is component 2 (PC
2), and so forth. Importantly, the PCs are orthogonal to each other.
For the neural state analysis, we chose time windows -50 to +50 ms from the go cue and 0 to +100 ms
from movement onset, because the former was right before peri-movement activity rose (i.e., near the end of
the preparatory period, with stronger neural tuning than the early stage of the preparatory period) and the
latter was in the early stage of the peri-movement period before sensory feedback signal came to the motor
cortex (i.e., mainly motor signal). For the neural repertoire analysis, we chose the time windows -500 to -200
ms and 0 to 600 ms from movement onset and averaged the neural activity every 100 ms, because we wanted
to denoise the data (by averaging over time) and meanwhile generate multiple before- and after-learning
states for each reach direction (by choosing a larger time window) to more thoroughly represent the before-
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and after-learning neural pattern repertoires. The neural trajectories in PCs 1-4 (Extended Data Fig. 10a)
showed the following patterns in the time widows we chose:

1. The -50 to +50 ms time window around the go cue, indicated as the gray area, was within the
preparatory period and had strong neural tuning reflected by the first three PCs.

2. The 0 to +600 ms and 0 to +100 ms time windows from movement onset chosen for peri-movement
neural repertoire and neural state analyses had strong peri-movement activity.

3. Peri-movement activity started to rise around 150 ms before movement onset. Thus, the -500 to -200
ms time window from movement onset for the preparatory neural repertoire analysis was within the
preparatory period.

Targeted dimensionality reduction (TDR). We used TDR (Mante et al., 2013) to identify low-
dimensional subspaces capturing variance related to the behavioral variables of interest. To construct the
TDR space, we used multivariable linear regression to determine how various behavioral variables affected
the responses of each unit. The neural data were first averaged across all trials for each condition, and the
activity of a given neuron was centered by subtracting its mean response from the firing rate at each time
point in each condition. We then described the centered responses of neuron i as a linear combination of
several behavioral variables:

ri(k) = βi,0 + βi,xFx(k) + βi,yFy(k) +

n∑
j=1

�βi,jIndj(k) (15)

where ri(k) is the centered trial-averaged response of unit i on condition k, averaged over a certain time
window (same time windows as in the PCA procedure). Fx(k) and Fy(k) are the trial-averaged horizontal
and vertical hand forces on condition k. Indj(k) is a binary indicator of the trial type: it is 1 if condition
k is the error clamp trial for curl field j and 0 otherwise. The regression coefficient βi,0 captures variance
independent of the listed behavioral and task variables. The 2D force-predictive subspace was built by
regressing full-dimensional preparatory neural activity against initial hand forces without binary indicators
(i.e., n = 0), using only before-learning trials. Initial hand forces were defined as hand forces averaged
over the first 50 ms following movement initiation, which reflected the feed-forward control of the prepared
movement before sensory feedback arrived to motor cortex (Hatsopoulos and Suminski, 2011). To study the
hand speed-related neural dimension, we expanded this 2D TDR model with the hand speed as an additional
behavioral variable, using before-learning and error-clamp trials. This expanded model had an additional
regressor βi,speedv(k) added to the right side of the equation, with n = 0 and v(k) being the maximal hand
speed on condition k:

ri(k) = βi,0 + βi,xFx(k) + βi,yFy(k) + βi,speedv(k) (16)

Using equation 15, we also built a 3D TDR model that incorporated an indicator of the trial condition
(before-learning trials vs. after-learning error-clamp trials) as an additional regressor (i.e., n = 1), using
before-learning and error-clamp trials. This model revealed a uniform shift during learning along the third
dimension similar to the PCA results (Extended Data Fig. 2h, 2i).
To estimate the regression coefficients, we constructed the following matrix M with shape conditions ×
regressors. All but the first column of M contained the condition-by-condition values of one of the behavioral
/ task variables (the regressors). The first column consisted only of ones to estimate β0. Given the conditions
× neurons matrix of neural firing rates R, the regression model could be written as:

R = M
[
β0 βx βy β1 β2 . . . βn

]⊺ (17)

Then the regression coefficients could be estimated as:[
β0 βx βy β1 β2 . . . βn

]T
= (M⊺M)

−1
M⊺R (18)

We then projected neural data into the regression subspace by multiplying the pseudoinverse of the coefficient
matrix with the neural data matrix R.
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Measurement of changes to the neural repertoire. We applied the approach described previously
(Golub et al., 2018) to the top 10 PCs of the neural population data. Briefly, we quantified the neural
repertoire change as the distances between each after-learning neural activity state in the error-clamp block
and its nearest neighbors among all the before-learning states, normalized by the variance of the before-
learning neural state repertoire. Values near zero indicated repertoire preservation and larger values indicated
repertoire change. We measured and compared the neural repertoire changes for curl field learning sessions
(using before-learning and error-clamp trials), center-out control experiment sessions (using center-out reach
trials in block i and block iii of the center-out control experiment), and random-perturbation experiment
sessions (using before-learning no-perturbation trials, before-learning random-perturbation trials, and after-
learning error-clamp trials).

Definition of uniform-shift axes and quantification of neural-state uniform shift. In the visu-
alization of preparatory neural states projected to the first three PCs (Fig. 2d), we observed that all the
after-learning states were separated from the before-learning states (a uniform shift). To determine a neural
axis that best captures this uniform shift, as this need not align precisely with PC 3, we defined uniform-
shift axes by the following steps. We took the centroids of preparatory states in the full-dimensional neural
space of all reach directions in the before-learning block, after-learning error-clamp block and late-washout
block. The axis that connected before-learning and after-learning centroids was defined as the ‘uniform-shift
learning axis’; the axis that connected after-learning and washout centroids was defined as the ‘uniform-shift
washout axis’.
We orthogonalized each uniform-shift axis against the force-predictive TDR axes where we found rotatory
neural shifts, before we did any quantification analysis of the uniform shift. Orthogonalization was a neces-
sary process allowing us to examine a neural dimension that did not involve the TDR axes which we already
investigated. The uniform-shift axes were also always orthogonalized relative to each other before we pro-
jected and plotted preparatory neural states on them (see Figs. 3a-c, 5e and 5i). The statistical test of Fig.
2d was performed on the before- and after-learning neural states of all reach directions projected onto the
uniform-shift learning axis. In Fig. 5d, 5j and Extended Data Figs. 2d, 9b, we projected full-dimensional
neural population activity in learning, washout and relearning trials of the trained target onto the uniform-
shift learning axis to quantify their distance from the before-learning state along this axis. Fig. 5i showed
centroids of the late-washout and late-relearning neural states projected onto the uniform-shift learning and
washout axes (seven sessions, monkeys U and V). Normalization was performed against the distance between
before- and after-learning neural state centroids in each session (see Fig. 5d, 5i, 5j, and Extended Data Figs.
2d, 9b).

Measurement of geometric relationships between uniform-shift axes. We took the dot products
between different uniform-shift axes as defined above to measure their geometric relationships: values close to
1 indicated that the two axes were close to parallel, -1 indicated an antiparallel relationship, and 0 indicated
orthogonality. To quantitatively test for these geometric relationships, we compared the observed uniform
shifts to control distributions generated for each relationship. Each control distribution was defined by a
set of before- and after-learning preparatory states resampled from the observed data, and computed in the
following ways to reflect the corresponding geometric relationship:

• Parallel / antiparallel case: for each learned curl field, we resampled its before-learning and after-
learning trials and measured the dot products between all the resampled uniform-shift axes. Without
noise intrinsic to the data, these resampled uniform-shift axes for the same curl field should be truly
parallel and the dot product should be 1. The antiparallel distributions were constructed from taking
the inverse of the parallel distributions but with a separate independent set of resampling.

• Orthogonal two-field case: we first used all trials of learning two different curl fields applied to two dif-
ferent reach targets to define their trial-averaged uniform-shift axes, as described in the last section. We
orthogonalized these two trial-averaged uniform-shift axes, denoted as v̄1 and v̄2. We then resampled
trials of learning these two fields: in the ith round of resampling, we defined and orthogonalized the
resampled uniform-shift axes for the two fields, denoted as ṽ1,i and ṽ2,i, i = 1, 2, . . . , n. We measured
the dot products between v̄1 and ṽ2,i, as well as between v̄2 and ṽ1,i, because without the resampled
estimation noise, they should be truly orthogonal and the dot product should be 0.



Supplementary Information Sun*, O’Shea*, et al. 17

• Orthogonal washout case: we applied the same procedure as in the orthogonal two-field case, except
that we used learning and washout trials of one single field rather than learning trials of two different
fields.

Measurement of relationships between neural population dimensions (Extended Data Fig. 3a).
Relationships between different neural population dimensions - the TDR subspace, the uniform-shift axis
and the PC subspace - were measured by taking the pairwise dot products between their projection vectors
(i.e., the vectors that project the full-dimensional neural data onto the lower-dimensional neural subspaces).
For instance, the 2D TDR subspace was associated with two projection vectors estimated from the linear
regression, the uniform-shift axis itself was a projection vector, and the PC subspace had eigenvectors as the
projection vectors. A dot product close to 1 indicates that two dimensions are closely aligned whereas a dot
product close to 0 indicates that two dimensions are nearly orthogonal.

Minimum distance decoder. The minimum distance decoder used half of all trials as training trials to
find the centroids of before-learning, after-learning and washout preparatory neural states, and decoded the
condition type (before-learning, after-learning or washout for a given curl field) and the curl field type based
on to which centroid the neural state vector of the test trial was closest (i.e., smallest Euclidean distance).
The decoding performance was evaluated by cross validation.

Interference experiment data analyses (Fig. 4 and Extended Data Figs. 7, 8). The TDR analysis of
the interference data was conducted in the same way as described previously in the Targeted dimensionality
reduction (TDR) section. We used trial-averaged neural and behavioral data from block i before-learning
trials and block iii error-clamp trials to build the model. We projected neural activity in all blocks into the
force-predictive TDR subspace to visualize their patterns (Fig. 4d, Extended Data Figs. 7c, 8c).
We defined the two field-specific uniform shifts as the vector connecting the centroid of all error-clamp
neural states to the late sequential-learning state (the average of last 20 trials) of the first field, and the
vector connecting the late sequential-learning state of the first field to the late sequential-learning state of
the second field. We then orthogonalized both uniform shifts against the TDR axes. To visualize these two
uniform shifts, we orthonormalized them and projected preparatory neural activity onto these two orthogonal
axes (Fig. 4e, Extended Data Figs. 7d, 8e).
We found a residual shift during interference as the vector connecting the centroid of before-learning states to
the centroid of error-clamp states, which was orthogonalized against the TDR axes and the two field-specific
uniform shifts. We leave it for future work to systematically address the functional roles of the residual
neural shift during interference.

Measurement of neural trajectory distance (Fig. 5h, Extended Data Fig. 9d, 9h). We first averaged
the neural trajectories across trials for each condition. To estimate the neural trajectory distance between
different conditions over time, we performed a Euclidean distance analysis as follows: for the two neural
trajectories we were comparing, we quantified the Euclidean distance between pairs of points during the
preparatory period (-50 to +50 ms from the go cue) and during the movement period (+100 to +200 ms
from movement onset), in the first three PCs. The first three PCs accounted for around 60% - 70% of the
variance of the neural trajectory data in all data sets. A smaller distance indicated that the two trajectories
were more similar.

Measurement of relative neural trajectory similarity (Extended Data Fig. 9h). The relative neural
trajectory similarity was a metric to compare whether the washout neural trajectory was more similar to
the before-learning or the after-learning trajectory. It was quantified as the neural trajectory distance (see
the last section) between washout and after-learning trajectories over the distance between washout and
before-learning trajectories during a certain time window. A larger value indicated higher similarity to the
before-learning neural trajectory than to the after-learning neural trajectory. Control analyses measured
this metric by splitting all before-learning trials into two random halves, with one half treated as the before-
learning trials and the other serving as the sham washout trials. We combined data from two monkeys (seven
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relearning-experiment sessions from monkeys U and V) to gain a higher statistical power for the one-sided
Wilcoxon rank-sum test.

Tracking neurons over multiple sessions. To examine the relationship between uniform shifts of learn-
ing multiple force fields, we selected neurons that showed up in the same Utah array channels over five
successive days. We evaluated the cross-day similarity of waveforms for each sorted neuron by (1) binning
the waveform data into a 40-D vector for each neuron per session, and (2) calculating the Pearson correlation
coefficient between waveforms on day 1 vs. day 2, day 1 vs. day 3, and so on (Fraser and Schwartz, 2012).
The null correlation coefficient was generated from comparisons between waveforms that were known to be
from different neurons (i.e., neurons from separate channels). Neurons with a significantly higher cross-day
waveform correlation than the null correlation were selected (i.e., higher than 95% quantile of the null corre-
lation). At last, we confirmed the stability of the selected neurons by visualizing their waveforms over days.
Cross-day waveforms and PSTHs of example neurons were shown in Extended Data Fig. 6a, b.

Minimum trial count for learning or relearning (Fig. 5j, k). We first calculated the compensatory
hand force (hand force perpendicular to the reach direction) within 100 ms after movement onset in each
trial, because learning was marked by an earlier increase of the compensatory force (Extended Data Fig.
1d). The ‘minimum trial count for learning or relearning’ was then measured as the trial count when this
compensatory force during learning or relearning first achieved 90% of the same force averaged over the last
50 successful learning trials.

Definitions of behavioral terminology
Based on Krakauer et al. (2019).

Motor learning. Motor learning encompasses a wide range of behavioral phenomena, from behavioral
calibration (such as adaptation), to de novo learning of new skills and to making high-level cognitive decisions
about how to act in a novel situation. Consistent with this definition, we think the process of learning new
arm forces in the curl field is one type of motor learning, in particular the adaptation of muscle dynamics to
the new force environment (Extended Data Figs. 1d, 4a).

Skill acquisition vs. skill maintenance. We adopt a two-part operational definition of motor learning:
(1) skill acquisition is the process by which an individual acquires the ability to rapidly identify an appropriate
movement goal given a particular task context, select the correct action given a sensory stimulus and / or
the current state of the body and the world, and execute that action with accuracy and precision; (2) skill
maintenance is the ability to maintain performance levels of existing skills under changing conditions. These
two aspects of motor learning are each important in their own right, and they likely share overlapping neural
circuitry. That said, it is also clear that the brain possesses dedicated mechanisms for skill maintenance.

Adaptation. Adaptation is the adjustment of behaviors to a new task condition or environment, which
involves task switching (here, switching to the new force environment). Adaptation is considered to be one
type of learning aimed at skill maintenance when one encounters changes in the body or environment. It
is usually compared to de novo learning, i.e., the acquisition of completely new skills from scratch. In our
experiment, the animals on average experienced the new force environment for around 1 hour every day and
they showed strong aftereffect in the washout block, which demonstrated the process of adaptation.

Definitions of neural terminology
Neural population state. The N-dimensional coordinates (state) of a population of N neurons found by
counting the number of action potentials emitted from each neuron within a time bin. The neural population
state is then an N-dimensional point, or a lower dimensional point if a dimensionality reduction method is
applied to the data. Finally, if multiple trials are averaged together, the average neural population state
retains the same definition except that the average number of action potentials emitted from each neuron
within a time bin is used.
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Initial condition. The preparatory neural population state at the time of the ‘go cue’ in an instructed-
delayed reach task.

Changes in neural population state. The difference between the neural population states before and
after some perturbation, in this case the application of a curl field. In the curl field learning experiments the
changes in neural population state can be (1) during learning (i.e., how the preparatory neural population
state changes from trial to trial during the application of a curl field) or (2) after complete learning (i.e., after
numerous curl field trials such that the after-learning preparatory neural state becomes steady). Changes in
initial condition is a specific case of changes in neural population state at the time of the go cue during the
preparatory period.

Neural population dynamics. This typically refers to the evolution of the neural population state over
time within a trial (i.e., a fairly fast timescale).

Changes in neural population dynamics. This refers to changes in how the neural population state
evolves. For example, if we use the standard equation dx(t)

dt = Ax(t) + Bu(t) to describe neural population
dynamics, changes in neural population dynamics can be represented as the change of matrices A or B across
trials (i.e., across longer timescales), where A and B are assumed to be fixed when studying fast timescale
neural population dynamics, but in reality A and B are functions of time that come into play across longer
timescales and are especially likely to change during learning. While the timescale of neural population
dynamics itself is typically as short as within a single trial, changes in neural population dynamics typically
happen over longer timescales, across multiple trials and minutes or longer. We use ‘changes in neural
population state’ and ‘changes in neural population dynamics’ to mean longer-timescale neural changes across
trials (as accompany learning), and we use ‘neural population dynamics’ as we have in prior publications
when talking about the evolution of neural state over time within a trial.

New neural activity patterns. Our finding of the neural repertoire change suggests the formation of
new neural population activity patterns after learning the curl field. What we mean by “new” is that those
neural patterns are specific to moving in a curl field and are not used for a standard set of behaviors such
as the center-out reaches or correcting random perturbations. It seems possible that the capacity to exhibit
those neural patterns may have already been present prior to learning and the animals did not express them
in a simpler reaching task. But in our definition, those patterns are still new compared to the neural patterns
used in the standard reaching movements before learning the curl field.

Re-aiming and reassociation. Reassociation (Golub et al., 2018) is the neural strategy of learning
subject to a fixed, existing repertoire of neural activity patterns. In other words, the neural activity patterns
used for a particular behavior change during learning, but remain within the set of neural activity patterns
that could be generated by (or empirically observed from) the neural population before learning. Here,
the control space is the neural repertoire. Re-aiming is the neural strategy of learning whereby the neural
activity patterns used for a given behavior after learning are the same neural activity patterns used for a
potentially different behavior before learning. Here, the control space is the behavioral repertoire. Because
the neural activity patterns used after learning are part of the existing neural repertoire, re-aiming is a
subset of reassociation. Re-aiming has been observed during learning in VMR tasks (Vyas, Even-Chen,
et al., 2018; Vyas, O’Shea, et al., 2020; Jarosiewicz et al., 2008; Chase, Kass, and Schwartz, 2012), whereby
the perturbation applied to the effector is countered by a rotatory shift in neural activity patterns. The
rotatory shift of preparatory states we observed in the 2D TDR subspace resembled these re-aiming findings.
However, we referred to these types of changes as reassociation-like (as opposed to re-aiming-like) because
(1) preparing for a compensatory force to oppose the curl field could result in re-aiming-like rotatory shifts
even if the motor system does not explicitly re-aim for a nearby reaching target, (2) curl field learning
likely demands more than purely re-aiming which is sufficient in VMR learning, (3) we can directly test for
reassociation (based on repertoire change, as in Golub et al. (2018)), and (4) all re-aiming-like changes are
consistent with reassociation.
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Statistics
To test the correlation between TDR-predicted hand forces and real hand forces during learning, we fitted
regression curves between them (Fig. 2a, Extended Data Fig. 2a). To test the single-trial learning and
washout of neural states, we fitted regression curves of neural shifts against the trial count (Fig. 5c, 5d;
Extended Data Figs. 2d, 9a, 9b). To test the trend of gradual learning and gradual washout of neural states
binned over trials, we applied the Cuzick’s test (Extended Data Fig. 10d, h). It is Cuzick’s extension of
the one-sided Wilcoxon rank-sum test to assess trend in data with three or more ordinal groups. Because
we did not assume that the data followed a normal distribution, we applied the Wilcoxon rank-sum test to
compare groups of data and signed rank test to compare a group with a null mean value, using the one-sided
test where appropriate. We repetitively subsampled the original data to generate before- and after-learning
neural states to acquire control distributions of the dot products of uniform-shift axes (see above for the
generation of control distributions). We used Hotelling’s T2 test, a multivariate probability distribution
tightly related to the F-distribution, to compare high-dimensional neural states between different blocks
(e.g., Fig. 5e, Extended Data Fig. 5a, b).
For all tests, we used P = 0.05 as the significance threshold, with * for P < 0.05, ** for P < 0.01, and
*** for P < 0.001. Error bars were due to quantification from multiple trials per condition, from multiple
sessions, or from multiple reach directions × multiple sessions.

Total number of curl-field sessions. In this study, monkey V had a month of behavioral training
with a 10 N/(m*s-1) curl field without neural recording. We then did 40 sessions of V-probe recordings
in total, of which 20 sessions were used in the analyses because in those 20 sessions monkey V completed
sufficient trials in all blocks to enable our analyses. Out of the 12 Neuropixels sessions with curl fields,
our analyses used three sessions of the single-field learning / relearning experiment, one session of the
random-perturbation experiment, one session of the opposite-field learning experiment, and two sessions of
the interference experiment. Not all sessions with curl field learning were analyzed, and we excluded the
following for monkey V: behavioral training sessions (no neural recordings), V-probe sessions without enough
trials finished, and Neuropixels sessions without enough active stable units or enough trials finished.
With monkey U, we conducted seven sessions of behavioral training with a 10 N / (m*s-1) curl field before
we started neural recording. We then did 12 sessions of Utah-array recordings (three implanted arrays,
each with 96 electrodes) with curl fields, among which we analyzed four sessions of the single-field learning
/ relearning experiment, three sessions of the opposite-field learning experiment, and two sessions of the
interference experiment. Not all sessions with curl field learning were analyzed, and we excluded the following
for monkey U: behavioral training sessions (no neural recordings); recording sessions without enough trials
finished.
Monkey V showed significantly faster learning in late neural recording sessions than in early behavioral
training sessions (not shown). Despite this learning rate difference, other behavioral variables we measured
and the neural patterns we investigated in monkey V looked largely the same in earlier V-probe and later
Neuropixels recording sessions. Monkey V results in this manuscript were all from the late neural recording
sessions. The behavior of monkey U looked largely the same in behavioral training sessions and neural
recording sessions. The neural patterns we investigated in monkey U also looked largely the same in earlier
and later neural recording sessions.

Datasets and sessions in each figure. Grouped data: in Fig. 5i, 5j (right panel) and Extended Data
Figs. 5e, 9h, 10i, we grouped together monkey U and monkey V sessions rather than analyze them separately
to gain higher statistical power for performing the signed-rank test. Example EMG recordings from both
monkeys were grouped together (Extended Data Fig. 4). Note that each panel of the EMG figure was from
one specific muscle of one monkey, but the 6 total recorded muscles were either from monkey U or monkey
V.
Data from only one monkey: The random perturbation experiment was performed only with monkey V (Fig.
2f, 2g and Extended Data Fig. 5c). We were able to track the same neurons over five sessions only in monkey
U (using three implanted Utah arrays) to study the uniform shifts during multi-session multi-field learning
(Fig. 3b, 3c, 3d field 1 vs. 2, Extended Data Fig. 6c distinct fields), the relationship between the uniform
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shift and learning rate (Fig. 5k), and the uniform shifts for the same field learned in two sessions (Extended
Data Fig. 9f). The stability of representative single units across these sessions was shown in Extended Data
Fig. 6a, 6b.
Data from both monkeys shown separately: all the other results. Note that plots of example single-trial hand
trajectories, visualized neural states and visualized neural trajectories were from an example session in one
monkey and consistent across sessions in both monkeys; the behavioral and neural quantification results were
shown separately for both monkeys unless otherwise specified. The interference experiment results (Fig. 4
and Extended Data Figs. 7, 8) came from two sessions with each monkey. The VMR experiments were
collected in two monkeys and analyzed separately as noted in the ”Visuomotor rotation (VMR) experiment”
section of Methods (Extended Data Fig. 2f, g).

Supplementary Discussion
In this study, we discovered uniform shifts of preparatory activity along learning-related orthogonal dimen-
sions that appeared to index motor memories in neural state space. In a large neural population, many
orthogonal dimensions are available in neural space; however, neural activity during movement is typically
thought to occupy a lower dimensional manifold within that space. Our results here demonstrate that mo-
tor cortex engages specific, readily available orthogonal dimensions to index motor memories, adding to a
body of prior findings that demonstrate neural dimensions to organize internal computations and facilitate
pattern generation (Kaufman et al., 2014; Hennequin, Vogels, and Gerstner, 2014; Sussillo et al., 2015).
This highlights new avenues to better comprehend computation through neural population dynamics, and
underscores the need to dissect the geometric organization of multiple behaviors, task-related computations,
and contextualized motor memories in a shared neural state space (Duncker, Driscoll, Shenoy, et al., 2020).
Previous work showed that the preparatory neural activity mainly occupies the ‘output-null’ subspace of
neural population activity in PMd and M1 (Kaufman et al., 2014), but it remained unknown if all output-
null activity is tightly coupled to movement output parameters. In this work, the uniform shift of preparatory
neural states occurred to reach directions where the movement was unaltered during learning, which indicates
that uniform shifts and the resulting new activity patterns not only live in the output-null subspace (Kaufman
et al., 2014), but also reflect components of the output-null activity that do not directly relate to the
movement output. Perich and colleagues recently reported neural changes in the ‘M1-null’ subspace of
PMd for rapid learning, where the M1-null subspace represents the component of the PMd population
activity that does not directly influence M1 population activity (Perich, Gallego, and Miller, 2018). Is the
uniform shift in our work confined to the M1-null subspace of PMd? By investigating PMd and M1 neural
populations separately, we identified a highly similar reassociation subspace and the uniform shift axis as
when we analyzed both areas jointly (not shown). Our results suggest that the uniform shift is not confined
to only PMd, but it is confined to the preparatory neural activity in both PMd and M1 and does not occur
during the peri-movement period (Extended Data Fig. 10c-i). Perhaps the uniform shift we found here is a
different type of learning-related change: it lives in the ‘muscle-null’ subspaces of PMd and M1 and may not
necessarily be confined to the M1-null subspace of PMd. Alternatively, it is possible that most M1 neurons
in Perich, Gallego, and Miller (2018) did not have significant preparatory activity and consequently the
preparatory neural changes they found were only confined to PMd. While there is no inconsistency between
our findings and those by Perich, Gallego, and Miller (2018), further work is needed to precisely relate these
studies.
Furthermore, the occurrence of uniform shifts provides evidence for the formation of new activity patterns
during short-term motor learning that are not used in standard reaching movements. Previously, the circuit
structure or connectivity of an existing network has been thought to constrain the patterns that its neurons
are capable of exhibiting, which may limit its capacity for short-term learning (Sadtler et al., 2014; Oby
and Yu, 2017; Sakellaridi et al., 2019). Here our results suggest that the motor system may be more
flexible than previously thought, and can generate new activity patterns specific to the new movements
not only during long-term learning (Oby, Golub, et al., 2019) but also within one day in order to quickly
adapt to a changing environment. To adapt to the new force environment when learning a curl force field,
subjects need to acquire new movement kinetics (Extended Data Fig. 1d). This task demand is a major
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feature differentiating curl field learning from other short-term learning contexts in which reassociation of
existing neural activity patterns is sufficient to support behavioral learning without neural repertoire changes
(Jarosiewicz et al., 2008; Golub et al., 2018; Vyas, Even-Chen, et al., 2018; Chase, Kass, and Schwartz, 2012;
Sakellaridi et al., 2019; Hwang, Bailey, and Andersen, 2013). The observation of reassociation in different
motor learning contexts suggests that motor cortical neurons may try reassociating existing neural patterns
first when learning new behaviors, and if reassociation alone is not sufficient to complete learning, the motor
system may engage different learning processes and new neural activity patterns.
In future work, it may be possible to directly and specifically perturb the uniform shift by precisely ma-
nipulating the neural activity (i.e., modulate specific neural population dimensions), which could provide
a causal test of the indexing hypothesis (Marshel et al., 2019; Chettih and Harvey, 2019; Carrillo-Reid
et al., 2019; Robinson et al., 2020). Motor learning engages a brain-wide network spanning other cortical
regions, thalamus, cerebellum, basal ganglia, brainstem, and the spinal cord (Krakauer et al., 2019; Bastian,
2006; Herzfeld et al., 2014; Albouy et al., 2008). The highly structured population geometry accompanying
learning in the motor cortex likely reflects the collective action of these distributed regions, and opens many
questions about their functional interactions that facilitate motor learning.
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