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Stabilizing brain-computer interfaces
through alignment of latent dynamics

Brianna M. Karpowicz1, Yahia H. Ali1, Lahiru N. Wimalasena1, Andrew R. Sedler1,2,
Mohammad Reza Keshtkaran1, Kevin Bodkin 3, Xuan Ma 3,
Daniel B. Rubin 4,5, Ziv M. Williams 5,6, Sydney S. Cash4,5,
Leigh R. Hochberg 4,5,7,8, Lee E. Miller 3,9,10,11 & Chethan Pandarinath 1,12

Intracortical brain-computer interfaces (iBCIs) restore motor function to
people with paralysis by translating brain activity into control signals for
external devices. In current iBCIs, instabilities at the neural interface result in a
degradation of decoding performance, which necessitates frequent super-
vised recalibration using new labeled data. One potential solution is to use the
latent manifold structure that underlies neural population activity to facilitate
a stable mapping between brain activity and behavior. Recent efforts using
unsupervised approaches have improved iBCI stability using this principle;
however, existingmethods treat each time step as an independent sample and
do not account for latent dynamics. Dynamics have been used to enable high-
performance prediction of movement intention, and may also help improve
stabilization. Here, we present a platform for Nonlinear Manifold Alignment
with Dynamics (NoMAD), which stabilizes decoding using recurrent neural
network models of dynamics. NoMAD uses unsupervised distribution align-
ment to update themapping of nonstationary neural data to a consistent set of
neural dynamics, thereby providing stable input to the decoder. In applica-
tions to data frommonkeymotor cortex collectedduringmotor tasks, NoMAD
enables accurate behavioral decoding with unparalleled stability over weeks-
to months-long timescales without any supervised recalibration.

In peoplewithparalysis, intracortical brain-computer interfaces (iBCIs)
provide a pathway to restoring voluntary movements by interfacing
directly with the brain to translate movement intention into action1,2.
iBCIs use implanted electrodes to record activity from populations of
neurons and decoding algorithms to translate the recorded activity
into control signals for external devices. In recent years, iBCIs have

attained impressive performance in a range of applications, including
the control of anthropomorphic robotic arms, stimulation of paral-
yzed muscles to enable reaching and grasping, and even rapid
decoding of handwriting3–6.

Despite these impressive demonstrations, a key challenge limiting
the clinical deployment of iBCIs is their robustness to neuronal
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recording instabilities that cause changes in the particular neurons
beingmonitored over time7–10. Recording instabilities are attributed to
a variety of phenomena, including shifts in electrode positions relative
to the surrounding tissue, electrode malfunction, cell death, and
physiological responses to foreign materials. As the particular neuro-
nal population being monitored changes, so does the relationship
between recorded neural signals and intention, which creates a non-
stationary input to the iBCI’s decoder. Without appropriate compen-
sation, iBCI use must be periodically interrupted to perform super-
vised decoder recalibration, in which neural data are collected while
subjects attempt pre-specified movements. This process can be
required once or even multiple times per day to maintain high-
performance2, obstructing activities of daily living and creating addi-
tional burdens for iBCI users. Because the reliability of assistive devices
is a key predictor of real-world use11, iBCI instabilities are often cited as
motivation for alternate neural interfaces such as electro-
corticography, which offer more limited but potentially more stable
performance12.

Automatic, unsupervised decoder recalibration would provide a
means to compensate for neural interface instabilities using only
neural data collected during normal iBCI device use, thus preserving
performance without interrupting use. One promising avenue to
unsupervised recalibration is the use of latent, network-level proper-
ties of neural activity13–16. In particular, a few recently developed iBCIs
leverage latent manifolds, revealed by the patterns of co-activation
within the neuronal population, as the foundation for a more stable
neural interface9,17–20. Manifold-based iBCI decoders use a two-stage
approach: first, a neurons-to-manifold mapping that transforms
recorded neuronal population activity onto the underlying manifold
and second, amanifold-to-behaviormapping that transformsmanifold
activity into intended movements17–19,21. Because manifolds are inde-
pendent of the specific neurons being recorded, different sets of
recorded neurons can bemapped onto the samemanifold17–19,21–23. And
because these manifolds have a consistent relationship with behavior
extending even to years21,23, stable decoding can be achieved by
properly recalibrating the neurons-to-manifold mapping without
changing the manifold-to-behavior mapping.

A complementary avenue to improve the performance and sta-
bility of iBCI decoders is to incorporate latent dynamics, or the rules
that govern the evolution of population activity over time24. Models of
neural population activity that incorporate dynamics have already
shown promise for improving iBCI performance, as they produce
representations that are informative of behavior on a moment-to-
moment basis and millisecond timescale22,25–28. Dynamics may also be
useful for improving stability because dynamics, likemanifolds, have a
stable relationship with behavior for months to years and are inde-
pendent of the specific population of neurons beingmonitored within
a given area22,23. To date, however, unsupervised efforts to stabilize
iBCI decoding have not incorporated this temporal information.

Here we test Nonlinear Manifold Alignment with Dynamics
(NoMAD), a platform for unsupervised stabilization of iBCI decoding.
NoMAD uses a manifold-based iBCI decoder that incorporates a
recurrent neural network model of dynamics. As instabilities cause
changes in the recorded neural population, the learned dynamics
model can be used to help update the neurons-to-manifold mapping
without knowledge of the subject’s behavior.

We applied NoMAD to recordings from monkey primary motor
cortex (M1) collected duringmotor tasks in sessions that spanmultiple
weeks and compared it to two previous state-of-the-art stabilization
approaches that use latent manifolds. When applied to recordings
from a monkey performing a two-dimensional isometric wrist force
task, NoMAD achieved strikingly higher decoding performance com-
pared to previous manifold alignment approaches without noticeable
degradation over 3 months. Further, when applied to recordings from
a behavior with very different output dynamics—a center-out reaching

task, with sessions spanning 5 weeks—NoMAD again achieved sub-
stantially higher decoding performance and stability than previous
manifold alignment approaches. These results demonstrate that
dynamics modeling can facilitate high-quality, unsupervised manifold
alignment, greatly extending the period over which stable neural
decoding is feasible and providing a pathway to more practical iBCIs.

Results
Leveraging manifolds and dynamics to stabilize iBCI decoding
We begin with a conceptual schematic (Fig. 1). As with previous
manifold decoding approaches17–19,29,30, our approach starts with a
supervised training dataset containing neural activity and movement
information from an initial recording session, which we call Day 0. We
can use this dataset to characterize the manifold and dynamics, while
also training a decoder to map manifold activity onto behavior. In
some later recording period, termed Day K, neural recording
instabilities have changed the specific neurons that are monitored, so
electrode channels may now have a different relationship to the
underlyingmanifold anddynamics. Thus, the original decoding axis no
longer reflects the relationship between themanifold and behavior. As
with other unsupervised methods, the high-level goal of NoMAD is to
compensate for recording instabilities by learning amapping from the
Day K data onto the original manifold, allowing the original Day 0
decoder to be used. Unlike previous methods, NoMAD uses informa-
tion about the temporal evolution of neural activity to help learn this
mapping.

Adapting the LFADS architecture for manifold alignment
using NoMAD
NoMAD models dynamics using latent factor analysis via dynamical
systems (LFADS; Fig. 2a), a modification of standard sequential varia-
tional autoencoders (VAEs)31–33, which has been previously
detailed22,31,34. Briefly, LFADS approximates the dynamical system
underlying an observed neural population using a recurrent neural
network (RNN; the “Generator”) that receives a sequence of inferred
inputs. Additional RNNs encode the initial state of the dynamical sys-
tem and infer the sequence of inputs to the Generator. The model
outputs firing rate predictions for the observed neurons through a
linear readout from the Generator—this readout sets the relationship
between the learnedmanifold and the high-dimensional neural activity
(i.e., it orients the manifold within the high-dimensional neural state
space). In standard LFADS, themodel training objective is tomaximize
a lower bound on the marginal likelihood of the observed spiking
activity, given the firing rates output by the model. All weights in the
model are updated during training via backpropagation through time.

To model the Day 0 supervised training dataset, we made two
main modifications to the LFADS architecture. First, we added a low-
dimensional read-in matrix at the model’s input to standardize the
dimensionality of the input to the RNNs. This read-in allows the same
LFADS model to be applied to Day K datasets despite changes in the
number of recorded electrodes from Day 0, such as those that may
occur due to the removal of channels with sparse activity by the
experimenter. Second, we added a readout matrix that predicts
behavioral data from the Generator’s activity, similar to methods that
aim to learn dynamics that are related to both the recorded neural
activity and measured behavioral variables35,36. Behavioral prediction
serves as a second training objective, adding a source of information
that is complementary to the observed spiking activity35–37. This helps
to ensure that the model converges to a good solution using fixed
hyperparameters, avoiding the need for computationally intensive
automated hyperparameter tuning strategies such as AutoLFADS
(Supplementary Fig. 1)26. After training the LFADS model, we learn the
manifold-to-behavior mapping, i.e., a decoder that predicts the Day 0
behavioral data from the Day 0 Generator states. Separating the
training of the LFADS model and Day 0 decoder allows the use of
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decoding architectures with more complexity and capacity than a
simple, single-time-step linear decoder (e.g., Wiener filters, RNNs, etc.)
without impacting the learned manifold or dynamics.

Because neural dynamics and behavior have a stable relationship
over months to years22,23, both the Day 0 neural dynamics model and
decoder should be applicable to data collected after the initial super-
vised dataset. However, because recording instabilities distort the
relationship between recorded neurons and the manifold, we must
periodically update the mapping between the neural activity and the
manifold through an alignment transformation, which, fortunately,
can be an unsupervised process. Once this transformation is learned,
data on a subsequentDay K canbe passed through theDay 0dynamics
model, such that the Day 0 decoder can be used to predict Day K
behavior with high accuracy.

Toupdate theDayKneurons-to-manifoldmapping inNoMAD, the
weights of the LFADSRNNs, including theGenerator that expresses the
latent dynamics, are held constant, while three other network com-
ponents are learnedorupdatedwith anunsupervised alignment step: a
feedforward alignment network that adjusts the input to the RNNs, the
low-D read-in, and the rates readout (Fig. 2b). During the alignment
step, there are two training objectives: (1) minimizing the difference
between the distributions of the Generator states on Day 0 and Day K,
and (2) maximizing the likelihood of observed Day K spiking activity
given the firing rates output by the model. At each training step, the
Day 0 and Day K Generator state distributions are compared by first
approximating each by a multivariate normal distribution and then
computing the Kullback-Leibler (KL) divergence between those nor-
mal distributions. The multivariate normal approximation focuses the

alignment process on matching first- and second-order statistical
moments of the Generator state distributions, making the alignment
problem more tractable than matching higher-order statistics. Model
weights that are adjusted during alignment are updated via back-
propagation through time.

While previous applications of LFADS have been acausal (i.e., data
from the future is used to infer firing rates for a given timestep), here
we perform inference using a sliding-window approach38 to best
simulate the usage of LFADS and NoMAD in a real-time, online iBCI
environment (Supplementary Fig. 2). In this approach, the model’s
input consists ofN-1 bins of previously collected data, and theNth time
step is themost recent bin. This approach enables us to causally obtain
predictions for one bin at a time with minimal latencies (seeMethods -
Causal Inference) and minimal changes in performance over acausal
strategies (Supplementary Fig. 3).

To illustrate how NoMAD adjusts the manifold and dynamics, we
applied it to twenty datasets collected from a monkey performing an
isometric force task over 95 days. In this task, neural data were
recorded from a 96-channel electrode array in M1 while a monkey
generated wrist forces to control an on-screen cursor, with the goal of
reaching a target in one of eight directions on each trial. We visualized
the low-D structure of the Generator states by finding a 3-dimensional
subspace via demixed principal component analysis (dPCA)39. We first
fit dPCA parameters to the Generator states inferred by the LFADS
model from Day 0 neural activity. We then applied those dPCA para-
meters to the Generator states on Day K to visualize three phases of
unsupervised NoMAD alignment: before any training had occurred,
after one training epoch, and after the completion of training (Fig. 2c).

Fig. 1 | Manifold alignment with dynamics can stabilize representations of
neural activity despite changes in recording conditions. We begin with a
supervised training dataset containing neural activity and corresponding behavior
from an initial recording session (Day 0). For a 3-electrode example (electrodes E1,
E2, E3), population activity exhibits an underlyingmanifold structure in a 3-D neural
state space in which each axis corresponds to the firing rate from a given electrode.
The evolution of population activity in time exhibits consistent dynamics (vector
field). The relationship between manifold activity and behavior, for simple linear

decoding of a hypothetical 1-D behavioral variable, is represented by a Decoding
axis, which is assumed to be consistent over time. In a subsequent recording ses-
sion (DayK), instabilities lead to changes in the recordedneural population, and the
Day K activity (E1', E2', E3') has a different relationship to the underlying manifold,
dynamics, and decoding axis (schematized by a rotation). With NoMAD, our goal is
to learn a mapping from the Day K neural activity to the original manifold and
dynamics in an unsupervised manner. This allows the original decoding axis to be
applied to accurately decode behavior.
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By using the same dPCA parameters on Day 0 and Day K, we could
directly compare the low-D trajectories across Day 0 and Day K. dPCA
revealed a structure underlyingDay0activity that distinguishedneural
activity from the 8 different target conditions. As an example quanti-
fication of the degree of alignment for each phase, we computed the
Euclidean distance d between the condition-averaged dPCs on Day 0
and Day K. These measures are intended to provide intuition for how

the method works, and detailed quantification of alignment effec-
tiveness is shown later in the manuscript. Before alignment, the low-D
structure of the Generator states on Day K was distinct from the
structure on Day 0, as expected (d = 16.2). After alignment with
NoMAD, the low-D structure on Day K more closely matched Day 0
(d = 12.8 after one epoch and d = 7.13 after trainingwas completed).We
then tested whether this unsupervised alignment led to greater
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decoding stability by first training aWiener filter decoder thatmapped
theGenerator states to themeasured forces onDay0, and then testing
this decoder on Day K data over several epochs of NoMAD alignment.
As shown, the alignment procedure improved force decoding sub-
stantially (Fig. 2d).

NoMAD stabilizes offline decoding during an isometric
force task
We applied NoMAD to pairs of recording sessions from a monkey
performing the isometric force task over 95 days (Fig. 3a). Behavioral
decoding consisted of a Wiener filter that mapped manifold activity
onto the recorded 2-D forces with high temporal resolution (20ms
time steps). The Day 0 dynamics model (LFADS) and Day 0 decoder
(Wiener filter) were trained on a supervised dataset from a single
session, and we evaluated NoMAD’s ability to enable accurate and
stable decoding performance on a different session (Day K) through
unsupervised alignment. We compared NoMAD against a standard

Wiener filter decoder that was trained using smoothed spiking activity
and behavior from Day 0 and evaluated on Day K without any adjust-
ment (Static decoder), and also to two state-of-the-art manifold-based
stabilization techniques: aligned factor analysis (Aligned FA)17, which is
based on linear dimensionality reduction, and the adversarial domain
adaptation network (ADAN)18,19, which uses a neural network auto-
encoder for dimensionality reduction and generative adversarial net-
works for alignment. We use the sameWiener filter decoding strategy
for all methods (Supplementary Fig. 4). We note that NoMAD align-
ment is completely unsupervised, in that we use all available data from
a session, including periods where the monkey was inactive. For
Aligned FA and ADAN, we use only within-trial data where the monkey
is active, to be consistent with the original demonstrations of these
methods (explored further for Aligned FA in Supplementary Fig. 5).We
quantifiedDayK forcedecoding using the coefficient of determination
(R2), i.e., the fraction of variance of the recorded force signal on Day K
that is predicted by the decoder. We term evaluations with negative R2

Fig. 2 |Modeling and aligning the neuralmanifoldusingNoMAD. aWe first train
an LFADSmodel on a given referenceDay 0 to estimate themanifold and dynamics
from recorded spiking activity. LFADS models neural population dynamics using a
series of interconnected recurrent neural networks (RNNs). All of the model
parameters are trained by simultaneously minimizing the reconstruction losses of
the spiking activity (Poisson negative log-likelihood) and the recorded behavior
(mean squared error).bTo apply the same LFADSmodel on a later Day K,we freeze
the parameters of the trained LFADS model and introduce a feedforward “Align-
ment network” to transform the new day’s spiking activity to be compatible with
the previously trained LFADS model. The Alignment network is trained by simul-
taneouslyminimizing theKLdivergencebetween thedistributions of theDay 0 and
Day K Generator states and the reconstruction loss of the spiking activity (Poisson

NLL). c Dimensionality reduction applied to the Generator states for Day 0 and
throughout alignment training for data collected 95 days later. Neural data were
recorded from M1 as a monkey performed an isometric force task. Colors indicate
trajectories for the different target locations. Thick lines indicate the trial average,
and thin lines denote single trials (10 representative trials per condition are shown
here). Initial estimates of Day 95 Generator states converged over training to
resemble Day 0 Generator states, allowing the same decoder to achieve high-
accuracy force predictions. d Left: Measured single trial force trajectories, colored
by target location. Right: decoded forces across several epochsofDay 95 alignment
to Day 0: before alignment (R2 =0.59), after 1 epoch of alignment training
(R2 =0.80), and after completed alignment training (116 epochs; R2 =0.88).

Fig. 3 | NoMAD enables stable offline decoding across months in an isometric
force task. a Schematic of isometric force task, modified from figure in Ethier,
et al. 68. b R2 of aligned force decoding for each method applied to all pairs of
sessions (20 sessions spanning 95 days). c Median R2 of force decoding within
each 5-day bin. Triangles indicate points that fall below the limit of the y-axis and
x-markers indicate median within-day force decoding performance on Day 0.
d Top: Percentage of Day K decoding failures (R2 <0) in 5-day bins. Bottom:
Decoding performance as a function of days between sessions. Black points

indicate Day K decoding performance for single pairs of days. Red points show
the median Day K performance within each bin of width 5 days. Gray points
denote the initial performance for Day 0 decoders (i.e., evaluated on held-out
same-day data) for each of the 20 datasets. Gray dashed lines indicate the median
decoding performance of Day 0 decoders, and shaded regions around them
represent the first and third quartiles. e Left: Measured single-trial force trajec-
tories on Day 95, colored by target location. Right: decoded forces for all meth-
ods when Day 95 is aligned to Day 0.
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to be decoding failures. We quantify stability using half-life by con-
verting the median Day K R2 values to signal-to-noise ratio (SNR) and
fitting an exponential decay curve (Supplementary Fig. 6) as well as by
quantifying the drop in R2 for pairs of sessions separated by one day
(Supplementary Fig. 7). In our tests, across-days applications of alter-
native dynamicalmodels (e.g., TargetedNeural DynamicalModeling36)
did not achieve comparable stability to the NoMAD approach (Sup-
plementary Fig. 8).

Before evaluating across-session decoding stability, we first eval-
uatedbaseline decodingperformance for eachmethodby trainingDay
0 decoders for each session and testing those decoders on held-out
data from the same session. Day 0 decoders used for NoMAD, which
were trained on Day 0 LFADS Generator states, achieved the highest
median performance and had the least amount of variability for the
twenty sessions (median R2 [Q1, Q3] = 0.971 [0.965, 0.974]), followed
by ADAN (0.916 [0.908, 0.929]). Aligned FA (0.749 [0.722, 0.761]) and
the Static decoders (0.842 [0.834, 0.846]) had lower andmore variable
within-day decoding performance. These initial Day 0 performance
metrics serve as a useful upper bound in interpreting the efficacy of
each alignment method.

To measure decoding stability across a wide variety of recording
conditions, we tested each method on all pairs of sessions (380 pairs;
Fig. 3b). As expected, Static decoders trained on a given session failed
to generalize to other sessions. This resulted in rapid degradation of
decoding performance over time and frequent decoding failures, such
that the median decoding performance was quite poor for pairs of
sessions spaced less than 5 days apart (R2 =0.14) and negative for pairs
spaced further apart (223 decoding failures; Fig. 3c, d).

Aligned FA achieved more stable decoding than the Static deco-
der across time (half-life = 45.1 days) but with only moderate perfor-
mance (medianR2 = 0.59; p = 1.76e-19, one-sidedWilcoxon signed-rank
test between forcedecodingR2 values for all pairs of sessions) andhigh
variability. In addition, Aligned FA repeatedly failed for most

alignments thatwere initializedusingparticular sessions (shownby the
black horizontal bars in the heatmap), resulting in 51 total decoding
failures. Separately, we also attempted to apply Aligned FA sequen-
tially, i.e., performing alignment between sequential recording ses-
sions to try tomaintain stability (the approachdescribed in the original
study), but found that this further decreased performance and
increased variability (Supplementary Fig. 9). ADAN improved perfor-
mance further relative to the Static decoder and Aligned FA (median
R2 = 0.65; p = 3.18e-64 and 3.96e-30, respectively, one-sided Wilcoxon
signed-rank test), and also improved stability (half-life = 76.7 days),
with 0 decoding failures. Yet, performance for individual pairs of
sessions was highly variable.

Compared to these previous methods, NoMAD achieved strik-
ingly higher performance (median R2 =0.91; p = 2.53e-64 for all of
ADAN, Aligned FA, and Static decoder, one-sided Wilcoxon signed-
rank test) with little variability, no failures, and minimal performance
degradation across the 3-month window (half-life = 208.7 days). These
differences were also evident when visualizing the decoded data:
single-trial forces decoded by NoMAD were more consistent with the
measured forces than those produced with other methods (Fig. 3e).

NoMAD stabilizes offline decoding during an unloaded
reaching task
To ensure that NoMAD’s efficacy extends beyond the isometric task,
we also evaluated its performance on recording sessions from a
monkey performing a center-out reaching task21,40. On each trial, a
monkey used a manipulandum to move a cursor from the center of a
screen to one of eight targets spaced equally around a ring (Fig. 4a).
We applied NoMAD to 96 channels of data recorded from M1 over
12 sessions spanning 38 days. As in the isometric task, we used a
supervised dataset to train the Day 0 LFADS model and Wiener filter
decoder. We evaluated NoMAD on a separate Day K dataset by per-
forming unsupervised alignment before applying the Day 0 decoder.

Fig. 4 | NoMAD enables stable offline decoding across 5 weeks in a
reaching task. a Schematic of the center-out reaching task, modified from figures
in Ethier et al.68 and Perich et al.40 Copyright (2018), with permission from Elsevier.
b R2 of aligned cursor velocity decoding for each method applied to all pairs of
sessions (12 sessions spanning 38 days). cMedian R2 of cursor velocity within each

5-day bin. Conventions as in Fig. 3. d Top: Percentage of Day K decoding failures
(R2 <0) in 5-day bins. Bottom: Decoding performance as a functionof days between
sessions. Conventions as in Fig. 3. e Left: Measured single-trial reach trajectories,
colored by target location. Right: reach position trajectories integrated from the
decoded reach velocity when Day 38 is aligned to Day 0.
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We again tested NoMAD’s performance against ADAN, Aligned FA, and
a Static decoder on the same data17–19. Day K decoding was quantified
using the R2 between the recorded and predicted cursor velocity sig-
nals, and negative R2 values were again classified as decoding failures.

We again started by evaluating baseline decoding performance
for all sessions using decoders trained on Day 0 data and evaluated on
held-out Day 0 data for each method. NoMAD achieved the highest
and least variable performance amongst the twelve sessions (median
R2 [Q1, Q3] = 0.918 [0.896, 0.934]). Static decoders fit to smoothed
spikes were the next highest performing for this dataset, but were
highly variable (0.832 [0.813, 0.856]). ADAN within-day decoders’
performance was lower but had variability similar to NoMAD (0.742
[0.716, 0.757]). Aligned FA yielded initial decoders with the lowest
performance and highest variability on this task (0.679 [0.624, 0.718]).

We next assessed whether each method could facilitate stable
decoding across sessions by testing alignment on all pairs of days (132
pairs; Fig. 4b). Static decoders again failed to yield accurate decoding
across sessions, with poor median performance even for sessions
separated by less than five days (R2 =0.022), and primarily negative
performance thereafter. A total of 78 pairs of days result in decoder
failures (Fig. 4c, d).

This dataset was more challenging to align for Aligned FA and
ADAN than was the isometric task. Aligned FA provided insignificant
accuracy improvement over the Static decoder (median R2 = 0.17;
p =0.153, one-sidedWilcoxon signed-rank test between cursor velocity
decodingR2 values for all pairs of sessions). Again, therewas significant
variation in decoding performance, which resulted in 53 decoding
failures and a clear decline in performance (half-life = 1.03 days). ADAN
provided some improvement in terms of accuracy (median R2 =0.29)
and stability (half-life = 7.12 days, 15 decoding failures) but still showed
high variability amongst performance for individual pairs (p = 5.84e-6,
1.53e-17 compared to Aligned FA and Static decoder, respectively, one-
sided Wilcoxon signed-rank test). The differences in performance on
this reaching task when compared to the isometric task may result
from an increased complexity of behavior, requiring different coor-
dinatedpatterns ofmuscle activity, or from inter-subject differences in
array properties at the time the data were recorded.

NoMAD exhibited higher decoding performance (median
R2 = 0.78) with no decoding failures and less variability in performance
over the 5-week timespan (p = 1.07e-23, 1.07e-23, 1.05e-23 for ADAN,
Aligned FA, Static decoder, one-sided Wilcoxon signed-rank test).
NoMAD also showed less degradation in decoding accuracy (half-
life = 57.9 days). Visualizations of the decoded cursor trajectories
confirmed that NoMAD produced more consistent cursor velocity
estimates following stabilization than other methods (Fig. 4e).

NoMAD is complementary to retrospective decoder recalibra-
tion approaches
Manifold-alignment approaches are completely unsupervised and use
only neural data to performa recalibration. As demonstrated in Figs. 3,
4, manifold alignment performed with NoMAD can be effective on
timescales of days to months.

Another class of approaches attempts to recalibrate decoders
based on retrospective analysis of the subject’s use of the iBCI41,42. In
particular, retrospective target inference (RTI)41, a leading method,
operates in settingswhere the user’s intent can be guessed post hoc, as
in BCI spellers that use a limited number of predefined targets. In these
settings, neural activity precedingmovement to a known target can be
assumed to reflect the user’s intention to move toward that target.
Thesedata can thenbe used toupdate the decoder after the fact,much
like supervised decoder training. A recent advance on this method
enables estimation of the user’s intent duringmore complex behaviors
using a probabilistic model and may lessen the amount of task infor-
mation necessary for retrospective decoder recalibration42. Retro-
spectivedecoder recalibration approaches havebeendemonstrated to

be highly effective when applied within sessions of closed-loop iBCI
control over timescales of minutes to hours41,42.

While manifold alignment uses only neural activity to stabilize
manifold representations, retrospective decoder recalibration focuses
on revising the relationship between the neural activity and the
behavior (captured by the decoder). Because these classes of
approaches operate on separate components of the decoding pipe-
line, NoMAD and RTI could potentially be used together in a com-
plementary manner. Here, we wanted to determine whether it was
possible to combine manifold alignment approaches (NoMAD) with
retrospective decoder recalibration approaches (RTI), and assess how
this combination of approaches affected decoding stability over a
short timescale.

We analyzed closed-loop human iBCI data from T11, a participant
in the BrainGate2 pilot clinical trial. On each trial, T11 was asked to
imaginemoving his right hand to control the cursor from the center of
the screen to one of four outer targets. We defined the intended
velocity of each successful trial as a constant speed over a 500ms time
period and used this as the behavioral signal to train the decoder. The
decoder used was an optimal linear estimator for all approaches. We
compared the stability and accuracy of NoMAD+RTI to NoMAD alone,
RTI alone, and a Static decoder baseline. To simulate how these
approaches may be applied during a session of iBCI use, each recali-
bration approachwas applied on a per-block basis, where recalibration
incorporates all available blocks preceding the evaluation block in
question (see Supplementary Fig. 10). We applied this procedure
separately for two sessions (Fig. 5b, c).

We first assessed how well the baseline decoders performed for
eachmethod. The Staticdecoder trainedon smoothed spikes achieved
predicted velocity R2 =0.47 and R2 =0.60 for each of the two tested
sessions, respectively. This decoder was the calibration block perfor-
mance for the Static decoder as well as the RTI decoder because no
recalibration data had yet been collected. The decoders trained on
LFADS Generator states achieved much higher performance at
R2 = 0.86, 0.86 for each session. Similarly, this decoder served as the
starting point for both NoMAD and NoMAD+RTI, as no recalibration
or alignment had occurred.

These decoders were kept unmodified for the first evaluation
block because no additional historical data was available for recali-
bration or alignment. For the first session, the NoMAD and
NoMAD+RTI decoder dropped to R2 = 0.73, and the Static and RTI
decoder dropped to R2 = 0.36. For the second session, the NoMAD
and NoMAD + RTI decoder resulted in R2 = 0.81, while the Static and
RTI decoder gave R2 = 0.53.

We considered all remaining blocks to be Alignment/Recalibra-
tion blocks; the decoding performance for each of these blocks was
reported after NoMADwas used to apply unsupervised alignment and/
or RTI was used to recalibrate the decoder with additional trials after
retrospectively inferring T11’s intent. For both sessions tested, the
Static decoder achieved the lowest decoding performance over this
time period (median R2 =0.32 [0.23, 0.37] and 0.49 [0.45, 0.51]), with
variable stability for each session (half-life = 3.26min, 7.02 days).

RTI improved decoding performance over the Static decoder
(0.46 [0.41, 0.49], 0.67 [0.63, 0.70]; p = 0.016/0.0039, for session 1/2,
one-sided Wilcoxon signed-rank test between velocity decoding R2

values). Its performance decayed quickly for the first session (half-
life = 3.21min), while for the second session, performance increased
over time (doubling time = 2.40 h). Applying manifold alignment
using NoMAD resulted in higher decoding performance for both
sessions (0.66 [0.63, 0.70], 0.79 [0.76, 0.83]; p = 0.016/0.0039,
0.016/0.0039 for Static decoder, RTI in one-sided Wilcoxon signed-
rank test) with relatively high stability within each session (half-
life = 5.60 h, 21.05 h). NoMAD’s stability exceeded that of RTI for the
first session, while RTI’s stability exceeded that of NoMAD for the
second session.
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Applying NoMAD in combination with RTI gives the highest
decoding performance of all tested methods (0.72 [0.68, 0.79], 0.83
[0.78, 0.85]; p =0.016/0.0039, 0.016/0.0039, 0.016/0.0078 for Static
decoder, RTI, NoMAD in one-sided Wilcoxon signed-rank test).
NoMAD+RTI also achieved consistently stable performance within
each session (half-life = 11.73 h, 4.47 days). For one session, these
results indicate that NoMAD+RTI provided higher performance and
stability over each approach applied independently; for the second
session, NoMAD+RTI provided reasonable, though not superior,
performance and stability.

NoMAD+RTIwas able to achieveperformance and stability that is
comparable to each approach independently when applied to closed-
loop iBCI data over short timescales. These results demonstrate that it
is feasible to combine manifold alignment and retrospective recali-
bration approaches without worsening performance or stability. The
effect of this combination varied across the tested sessions; further
studymaybenecessary todetermineunderwhich conditionsmanifold
alignment combined with retrospective target inference is most
successful.

Discussion
We introduced NoMAD, an unsupervised manifold alignment techni-
que that leverages manifolds and their dynamics to achieve stable
decoding over long timespans. In our tests, NoMAD improved both
decoding accuracy and stability over 95 days in an isometric wrist task
and over 38 days in a reaching task. Other manifold alignment meth-
ods resulted in less decoding improvement or marked performance
degradation over time. By incorporating the temporal structure of the
neural activity into the manifold-alignment process via dynamics,
NoMAD enables more stable neural decoding that may require less
frequent iBCI recalibration procedures. Short-timescale stability may
also be improved by combining NoMAD with retrospective decoder
recalibration approaches.

Relation to previous work
Our method improves upon previous manifold alignment efforts by
incorporating temporal constraints via nonlinear dynamics models. In
addition, the method is entirely unsupervised, in contrast to methods
such as canonical correlation analysis (CCA) and previous methods
that exploit dynamics to improve iBCI longevity21,23. A variety of
alternate strategies have been used to reduce the reliance on super-
vised decoder recalibration10,17–19,29,30,41. One approach uses neural

network decoders and months-long datasets that expose the decoder
to a wide variety of recording instabilities to learn a mapping from
neuronal population activity to movement intention that is robust to
changes in the recorded neurons10. However, collecting such large
supervised datasets requires a substantial time commitment from the
user and is therefore challenging to perform clinically. Other methods
may rely onmodels of neuronal tuning to perform automatic decoder
recalibration, as in Bayesian regression self-training43, but these
methodsmake strict assumptions about neural computations thatmay
not hold in all brain regions and BCI usage scenarios. NoMAD inher-
ently has no dependence on the nature of the behavior, which may
allow NoMAD alignment to be applied to BCI usage scenarios where
the behavioral intention is harder to estimate. Nonetheless, supervised
or intention estimation strategies may provide a complementary
approach when combined with manifold alignment.

Another manifold alignment approach, Distribution Alignment
Decoding (DAD), is conceptually similar to the approach used here but
performs alignment of low-dimensional activity from two datasets by
doing a brute-force search of candidate rotations in the low-D space29.
However, this alignment approach fails when distributions of move-
ments are symmetric. Further, when dimensions of neural activity
scale beyond extremely simple representations (e.g., beyond 2 or 3
dimensions), a brute-force search quickly becomes intractable. More
recently, Hierarchical Wasserstein Alignment (HiWA) has improved on
this approach using neural networks30, but it relies on the existence of
a discrete structure, such as clusters within the neural activity that
represent similar movements.

LFADS has also been used previously to identify manifolds and
dynamics that are shared across multiple datasets recorded on sepa-
rate days, a technique known as “stitching”22. Stitching serves as a
demonstration that multi-day neural dynamics models are feasible.
However, stitching with LFADS is a supervised approach, requiring
model components to be specifically initialized using behavioral
information from all datasets to encourage the learning of a shared
subspace; our attempts to adapt LFADS stitching to perform this task
in an unsupervised manner compatible with iBCI use have been
unsuccessful (Supplementary Fig. 11). These results indicate that
without some sort of alignment pressure, models such as LFADS may
find different solutions – effectively different manifolds or dynamics –
to model different recording sessions, preventing decoder transfer
between sessions. As such, our use of LFADS for dynamics-based
manifold alignment includes additional model components (e.g., the

Fig. 5 | Demonstration of NoMAD and retrospective target inference (RTI) on
closed-loop iBCI data. a Schematic of the center-out cursor control task,modified
from figure inWillett et al. 6. On anygiven trial, the participant controlled the cursor
from the center to one of the outer four targets. Upon successful target acquisition,
the cursor was automatically returned to the center. b, c R2 of predicted cursor
velocity compared to estimated intended cursor velocity for each of the methods

during two sessions. Each initial calibration block’s decoding performance is
denotedwith an x. The first evaluation block, during which no recalibration has yet
taken place, has decoding performance denoted by an open circle marker.
Decoding performance after recalibration and/or alignment has been performed
using all previous blocks is denoted using closed circle markers.
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alignment network) and training objectives (e.g., KL cost) that are
necessary to robustly improve unsupervised iBCI recalibration (Sup-
plementary Fig.12).

Our study makes several parameter choices that are relevant for
closed-loop iBCI applications but may affect reported model perfor-
mance. Within each method, we used the same hyperparameters for
both monkey tasks, which required the model to be robust to these
choices. With more task-specific tuning, model performance may
modestly improve. In addition, our study operated on bin size para-
meters selected to be appropriate for closed-loop BCI applications.
Large bin sizes could cause long latencies and degrade closed-loop
iBCI performance44. Previous works, including those that introduced
ADAN and Aligned FA, used larger bin sizes than are demonstrated
here, but which would incur latencies inappropriate for iBCI use.
NoMAD’s dynamical-systems-based approach allows larger time win-
dows to be taken into account during modeling while still ensuring
high-accuracy decoding at low latencies.

We chose to perform alignment with respect to a single reference
session regardless of the time elapsed between sessions. In our tests,
this performed better than aligning sequentially (Supplementary
Fig. 9) and has the additional benefit of enabling testing of a variety of
alignment conditions and timescales. Aligning to a single reference
session also simplifies the approachby avoiding error aggregation that
may occur due to repeated alignment to a method’s output. In such
cases, it is not clear how a method should handle any reductions in
alignment quality that occur; aligning to a well-vetted Day 0 manifold
estimate skirts this issue entirely. Future applications of alignment
approaches should evaluate which alignment scheme yields the high-
est empirical performance for their specific scenarios.

Our work aims to evaluate the stability of the representations
produced by each alignment approach by using decoding perfor-
mance as an iBCI-relevant metric. To this end, we selected a simple
linear decoding method to maintain focus on the stability of the
aligned representations and their ability to yield consistent behavioral
predictions. The practice of using linear methods to probe repre-
sentation quality is well-established in the representation learning
community45. A key challenge of assessing representations output by a
machine learning model – which distinguishes this task from other
machine learning tasks – is the difficulty of establishing a clear per-
formance objective. Thus, efforts to assess representations focus on
linear readouts (i.e., decoders), which provide the ability to probe
representation quality while making as few assumptions about the
performance objective as possible. Nonlinear decoders raise several
additional questions regarding hyperparameter optimization for
manifold representations with varying levels of noise, such as optimal
learning rates, regularization, and training schedules. Recent work has
also indicated that nonlinear decoders canoverfit inways that degrade
online iBCI control, making them more challenging to employ and
interpret for our intended application46.

A practical limitation of the approach is that the NoMAD align-
ment process, like most neural network training, is computationally
demanding. Thus, without further optimization for implantedmedical
devices with severe power constraints, the alignment process is best
run on external computing hardware. Further improvements to
NoMAD’s computational efficiency, such as precomputing the para-
meters of the Day 0 distribution to eliminate the need to store and
process Day 0 data, may additionally improve its compatibility with
wireless device development. Despite such constraints, the benefits of
NoMAD to stability and accuracy indicate a promising advance
to iBCIs.

Potential future applications
In this work, we test the NoMAD approach with particularly rigorous
constraints, specifically: (1) the alignment process must be completely
unsupervised (i.e., cannot incorporate any behavioral information),

and (2) only a small (minutes-long) initial supervised training dataset is
used to calibrate the model. Even with these requirements, we found
that NoMAD could stabilize decoding performance for many weeks to
months. However, these constraints could be relaxed in a practical
application. For example, assuming periods of reasonable decoding
stability, data collected during BCI use comes with an inherent set of
behavioral labels (i.e., we knowhow the subject was using the BCI), and
this information could be incorporated to guide the alignment pro-
cess. Similarly, asmore andmore datasets are collected during BCI use
for a given subject, one could train an aggregated model that spans
those datasets (similar to previous work10,22), which would provide
decoders that become inherently more stable as more data is col-
lected, thus lessening the need for frequent recalibration.

NoMAD’s performance demonstrates that the use of dynamics to
infer the neural manifold can improve the accuracy and stability of
manifold alignment procedures. While NoMAD’s alignment procedure
relies on a feedforward network trained to minimize KL Divergence,
the NoMAD framework could be made compatible with several align-
ment approaches, such as adversarial networks or cycle costs, that
could further improve performance.

We note that while the current work focuses on spiking activity
recorded via intracortical electrode arrays, this is not an inherent
limitation of the approach. Indeed, LFADS, upon which NoMAD is
based, has been applied successfully to improve behavioral state
classification from electrocorticographic (ECoG) recordings47, which
suggests that the NoMAD approach could be made to generalize to
other BCI recording modalities and signal sources. Previous literature
has also suggested that signal sources such as local field potentials
(LFP) may provide more decoding stability than spikes48. Taken in
combination with latent variable models and unsupervised alignment
approaches such as NoMAD, these signals may be used to further
enhance decoding stability.

Recent efforts have been focused on improving the inherent sta-
bility of electrode arrays, for example, through biomaterials and tissue
engineering innovations that reduce the inflammatory effect on sur-
rounding tissue, promote cell growth, and enable flexible movement
with the brain49–54. However, with electrode arrays currently approved
for chronic implantation in human subjects, clinical iBCIs remain
subject to neural interface instabilities that necessitate algorithmic
solutions2. As new neural interfaces progress to clinical applications,
they are likely to complement algorithmic stabilization approaches,
resulting in improved stability beyond what is possible with either
approach individually.

A potential limitation of current manifold alignment methods is
that they rely on a stable relationship between activity on the neural
manifold and behavior over time. While this assumption is reasonable
for previously learned behaviors21,22, it may not be the case if subjects
are learning new skills. Indeed, though learning need not change the
manifold on short timescales55, long-term learning likely results in
manifold-level changes56, which might also affect the relationship
betweenmanifold activity and behavior. However, as demonstrated by
several methods including ours17–19,29,30, stabilization does not require
massive data libraries (e.g., spanningmanymonths), but insteadcanbe
achieved using recording sessions lasting only tens of minutes.
Therefore, if the latent manifold and dynamics are changing due to
processes like learning, stabilization could be run at shorter temporal
intervals over which the manifold and dynamics should be locally
stable. Further studies in this area could help determine whether and
how manifold-alignment techniques need to account for learning.

Another limitation of the tests of manifold stabilization approa-
ches to date is the consistency of behavior in the datasets used. The
behavioral consistency achieved in the lab setting ensured that the
datasets were rich enough and similar enough to be alignable. In
practical applications, a key assumption of all stabilization approaches
is that iBCI decoding performance will be stable for certain time
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periods, such that data can be collected during use of the iBCI and
periodic alignment can be performed to maintain manifold stability. If
decoding performance is stable for reasonable time periods without
alignment (e.g., many hours), this could ensure that the datasets cover
rich enough and similar enough behavioral distributions (e.g., by
spanning large enough regions of behavioral space) for successful
periodic alignment.

In addition, over extremely long timescales (e.g., manymonths to
years) that exceed those tested in this work, the likelihood increases
that this method’s assumptions of a stable manifold and consistent
behavior will be violated. Future studies may work to characterize the
efficacy of manifold alignment approaches over such time spans and
establish the reasonable limit during which these approaches can be
reliably applied.

An open neuroscientific question is the degree of similarity in
manifold structure and dynamics across behaviors. This question has
profound implications for building BCIs that generalize across beha-
viors. Recent studies suggest that different behaviors may occupy
distinct manifolds57. As such, BCIs that rely on manifold structuremay
require different mappings from manifold activity to behavior and
would need to adjust their decoding depending on the manifold or
manifolds that are currently occupied. This also affects stabilization
strategies—to date, manifold-based stabilization methods have been
tested only on datasets containing single behaviors. However, solu-
tions to address the multiple-manifold scenario exist, including label-
ing data collected during BCI use by the behavior that was being
performed and using that information to guide alignment.

Our offline measures of NoMAD’s performance demonstrate the
potential of neural population dynamics to yield long-term stability
and accuracy for iBCI decoders. Offline experiments can be a useful
way to evaluate alignment approaches as they remove the confoundof
potential user compensation for any decoder shortcomings. Never-
theless, we acknowledge that offline demonstrations of alignment
approaches may not be representative of results in an online setting
due to differences in neural dynamics, user strategy, amount of avail-
able training data, and necessary frequency of unsupervised recali-
bration. Prior literature has established that maximizing offline
decoding accuracy does not necessarily lead to improvements in
online performance, both for traditional linear models25,44,58–60 and
neural networks10,46 (reviewed in Pandarinath and Bensmaia, Physiol.
Rev. 2). Futureworkwill prioritize demonstratingNoMAD inonline iBCI
experiments, bolstered by the promise of previous demonstrations of
dynamical systemsmodels in such contexts; experiments using LFADS,
the underlying dynamical systems model comprising NoMAD, have
demonstrated its feasibility for use in an online iBCI setting with sub-
10ms latencies (Supplementary Fig. 13) and minimal decreases in
performance61. The application of latent variablemodels to online iBCI
control is still in its infancy, and future investigation into thebenefits of
NoMAD as an unsupervised recalibration procedure during online iBCI
use will further illuminate how it may impact device development and
whether it may lead to more feasible real-world devices.

Methods
Monkey surgical implants
After training animals to perform the tasks, a 96-channel microelec-
trode array with 1.5mm-long electrode shanks (Blackrock Micro-
systems, Salt Lake City, Utah) was implanted into the hand area of the
primarymotor cortex (M1). Prior to implanting the array, the hand area
of M1 was identified intraoperatively through sulcal landmarks and by
stimulating the surface of the cortex to elicit twitches of the wrist and
hand muscles.

Monkey data collection
Collection. Cortical data was collected using the Cerebus data acqui-
sition system from Blackrock Microsystems. Raw cortical data was

collected at 30 kHz and filtered with a 250Hz high-pass filter. Time-
stamps of when the filtered data passed below a provided threshold
were recorded as threshold crossings, commonly also called spikes.
The threshold used for spike detection was set according to the root-
mean square (RMS) activity on each channel and kept consistent
across different recording sessions; for both monkeys, the threshold
was set to −5.5 × RMS. This process was all done using software on the
Cerebus system.

Force data for the Isometric Task was collected at 2 kHz using the
Cerebus analog inputs.Manipulandum joint data for theReachingTask
was collected using a NI DAQ card connected to a Mathworks XPC
system that controlled the task. The XPC system calculated the end-
point coordinates of the manipulandum, then sent the coordinates to
the Cerebus through a series of digital packets.

Binning. The data was binned into 1ms segments. For the threshold
crossings, the number of spikes per binwas counted. For the force and
manipulandum position data, the data was filtered and downsampled
to 1 kHz. The cortical and task bins were aligned in time.

Monkey isometric task
Monkey J was trained to operate a 2D isometric wrist force device.
The monkey’s left arm was positioned in a splint to immobilize the
forearm in an orientation midway between supination and pronation
(with the thumb upwards). A small box was placed around the
monkey’s open left hand, incorporating a six-axis load cell aligned
with the wrist joint. The box was padded to comfortably constrain
the monkey’s hand and minimize its movement within the box. The
monkey controlled the position of a cursor displayed on a monitor
by the force exerted on the box. Flexion and extension forces moved
the cursor right and left, respectively, while forces along the radial
and ulnar deviation axis moved the cursor up and down. Prior to
placing the monkey’s hand in the box, the force was nulled in order
to place the cursor in the center target. Targets were displayed either
at the center of the screen (zero force), or equally-spaced along a ring
around the center target.

The monkey performed a center-out task that began with the
appearance of the center target. Themonkeywas allowed two seconds
to move to the center target and was required to hold for a time
randomly chosen from a uniform distribution between 0.2 s and 1.0 s.
A successful center hold triggered the appearance of one of eight
possible outer targets, chosen in a block-randomized fashion. The
monkey was allowed another two seconds after target onset to move
the cursor to the outer target. The required hold time for the outer
target was 0.8 s. Successful trials ended with the delivery of a liquid
reward. Failure to reach a target within the allowed two seconds or to
remain within a target as required resulted in an aborted (center tar-
get) or failed (outer target) trial. Successive trials were separated by a
two-second inter-trial interval. This data has been published in Ma*,
Rizzoglio*, et al., eLife 2023.

Monkey reaching task
Monkey C was trained to make reaching movements using a planar
manipulandum in a two-dimensional center-out manner. To begin
each trial, themonkeymoved his hand to the center of the workspace.
After a waiting period, the monkey was presented with one of eight
equally spaced outer targets, arranged in a circle and selected uni-
formly at random. Themonkey was trained to hold for a variable delay
period, after which he received an auditory go cue. After the go cue,
themonkey had 1 s to reach the outer target and holdwithin the target
for 0.5 s. A successful trial led to a liquid reward. The cursor position
was recorded at 1 kHz using joint encoders. Timing events, such as go
cues, were logged digitally. This data was previously published in
Perich et al., Neuron 2018; Gallego, et al., Nature Neuroscience 2020;
and Ma*, Rizzoglio*, et al., eLife 2023.
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All surgical and experimental procedures were approved by the
Institutional Animal Care and Use Committee (IACUC) of North-
western University under protocol #IS00000367 and are consistent
with the Guide for the Care and Use of Laboratory Animals.

Human participant details
Participant T11 is a 36-year-old right-handed man with a history of
tetraplegia secondary to a cervical spinal cord injury. He had two 96-
channel intracortical microelectrode arrays (Blackrock Micro-
systems, Salt Lake City, Utah) placed chronically into the left pre-
central gyrus (PCG) as part of the BrainGate pilot clinical trial (www.
ClinicalTrials.gov; Identifier: NCT00912041), with placement occur-
ring 153 days and 427 days prior to the recording sessions. In the time
periods before, between, and after the research sessions used in this
paper, the participant has taken part in twice-weekly research ses-
sions for other studies and had frequent practice using the BrainGate
neural interface system to control a computer cursor. All research
sessions were performed at the participant’s place of residence.
Permission for this study was granted by the U.S. FDA (Investiga-
tional Device Exemption #G090003) and the IRBs of Massachusetts
General Hospital, Providence VA Medical Center, and Brown Uni-
versity. The participant gave informed consent to the study and the
resulting publications. This data has been previously published in
Rubin, et al., J Neurosci 202262.

Human data acquisition
During recording, neural activity was recorded at 30 kHz from 192
channels and processed using a custom signal processing system.
After digital downsampling, threshold crossing events were extracted
in real time using 20ms time-steps.

Human iBCI experimental paradigm
The participant first completed a center-out calibration task to opti-
mize a Kalman filter to be used for subsequent tasks. Kalman filter
weights were obtained using the rapid calibration procedure descri-
bed previously63. The participant then rested for a 30min period
during which baseline neural activity was recorded.

The participant then completed a number of blocks of a “Simon”
memory matching task. During each trial, the researcher displayed a
sequential illumination of one of four colored targets on the screen.
Each illumination was 400ms in duration and accompanied by a dis-
tinct tone. The participant was asked to imaginemoving his right hand
to drive the cursor from the center of the screen out to each target in
the order presented. After dwelling on the correct target for 300ms,
the acquisition was deemed successful, and the cursor was auto-
matically recentered at the origin. If the participant completed the
sequence of four target acquisitions successfully, a tone indicated
success, and the next trial’s sequence was presented. A failed trial
occurred if the cursor was dwelled on an incorrect target or if the
participant failed to move the cursor to any target within 5 s.

Each trial’s sequence always used all four polygons exactly once.
Each block contained 16 trials, with one sequence provided per trial. In
any given block, 12 of the 16 total trials were a fixed “target” sequence.
The target sequence was different for each recording session but was
consistent across blocks within a given session. The remaining 4 trials
were a randomly chosen distractor sequence. The distractor sequen-
ces were made up of any of the other possible 23 four-target sequen-
ces. The participant was not made aware that there was a target
sequence. Between each block, the participant was given the oppor-
tunity to pause or take a short break if needed.

For purposes of this study, each individual movement in the
sequence of 4 movements was considered separately. Only successful
movements were considered, and any movement that was part of a
failed trial was discarded. We defined the intended cursor position as
the straight line distance from the center of the screen to the center of

the target, which progresses linearly in time for 500ms, and the
velocity as a constant speed over this time period.

Ethics
Every experiment involving animals, human participants, or clinical
samples have been carried out following a protocol approved by an
ethical commission. Each human participant gave informed written
consent.

Data preprocessing
We apply the following preprocessing steps to the data for all methods
compared:

Resampling. In order to resample the data to larger bin sizes than
originally provided (e.g., to work with 20ms bins from 1ms bins), we
musthandle both spikingdata and continuous-valueddata. For spiking
data, we aggregate bins by summing the number of spikes. For
continuous-valued data, we apply a Chebychev filter (order = 500) for
anti-aliasing, and then downsample the data to the appropriate
sampling rate.

Highly correlated channel removal. In order to prevent overfitting to
correlated noise events across channels, we remove channels that are
involved in many high correlations with other channels. We first
compute the cross-correlations between all pairs of channels. We set a
threshold above which we want to remove correlations. For the
monkey datasets, we set a threshold of0.2 (computedwhen the data is
in 1ms bins). For the T11 data, we set a threshold of 0.6 (computed
when the data is in 20msbins).We remove any channel that is involved
in a correlated pair above this threshold.

Behavioral outlier removal. For monkey datasets with continuous
behavioral variables (e.g., force, cursor position), behavior was eval-
uated for values that fall far outside of the distribution of values for a
typical trial. These outlier values can lead to errors in training the
behavioral readout of the LFADS models, ADAN and Aligned FA
models, and decoders. We determined cutoffs for removing values
that were applied to all datasets during dataset loading. Force values
are in units of voltage directly from the load cell, and cursor position
values are in terms of the handle position in units of distance. These
cutoffs are shown in Supplementary Table 1.

The following preprocessing step was incorporated into the
NoMAD architecture only:

Normalization. To account for large changes in the firing rates of
individual channels across days, we normalized each channel to have
zero mean and unit standard deviation. On the continuous spiking
data, we first smooth the data with a 20ms Gaussian kernel. On the
smoothed spiking data, we compute a per-channel mean and standard
deviation. These means and standard deviations are saved for every
day so that they can be applied to the LFADS input spiking data (not
smoothed) before the low-dimensional read-in layer. Non-normalized
input data is maintained so that reconstruction cost can be computed
on binned spikes. We confirmed that this procedure does not unfairly
bias NoMAD to perform better by presenting a sample of results
without normalization (Supplementary Fig. 14).

NoMAD Architecture and parameters
The NoMAD architecture consists of two stages: fitting an initial core
Day 0 LFADS model on training data from an initial day and aligning
that model to data from a subsequent Day K.

Day 0 Model architecture. The LFADS model has been detailed
previously22,31,34. Briefly, LFADS is an instantiation of a variational
autoencoder (VAE) extended to sequences. An Encoder RNN
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(implemented using GRU units) takes as input a data sequence X(t),
and produces as output a conditional distribution over a latent code Z,
Q(Z |X(t)). In the VAE framework, an uninformative prior P(Z) on this
latent code serves as a regularizer, and divergence from the prior is
discouraged via a training penalty that scales with KL(Q(Z |X(t)) || P(Z)).
A data sample is then drawn fromQ(Z |X(t)), which sets the initial state
of a Generator RNN. This RNN attempts to create a reconstructionR(t)
of the original data via a low-dimensional set of factors F(t). Specifi-
cally, the dataX(t) are assumed to be samples froman inhomogeneous
Poisson process with underlying rates R(t). This basic sequential
autoencoder is appropriate for neural data that is well-modeled as an
autonomous dynamical system. In all applications listed, we used the
modified sequential autoencoder that was adapted for modeling
input-driven dynamical systems. This model contains an additional
Controller RNN, which compares an encoding of the observed data
with the output of the Generator RNN, and attempts to inject a time-
varying input U(t) into the Generator to account for data that cannot
be modeled by the Generator’s autonomous dynamics alone.

The LFADS objective function is defined as the log likelihood of
the data (given the Poisson process assumption above), marginalized
over all latent variables. This is optimized in the VAE setting by max-
imizing a variational lower bound on the marginal data log-likelihood.
In training, the objective function is optimized using stochastic gra-
dient descent, where the network parameters are updated through
backpropagation through time. We used the Adam optimizer to opti-
mize the objective function and implemented gradient clipping to
prevent potential exploding gradient issues. To prevent the potentially
problematic large values in RNN state variables and achieve more
stable training, we also limited the range of the values in the GRU
hidden state by clipping values greater than 5 and lower than −5.

In addition, a behavioral readout matrix is optionally trained to
learn a mapping from the Generator RNN states to the continuous
behavior. This matrix is trained to minimize the mean squared error
between the true behavior and the predicted behavior. This objective
function is again trained using stochastic gradient descent and back-
propagation through time. A second Adam optimizer with its own
learning rate and decay schedule is used to train thismatrix. A separate
optimizer was necessary in order for the behavioral read-out matrix
training objective to be sufficiently minimized, as this training objec-
tive did not converge at the same rate as the LFADS training objective.
Without its own learning rate schedule, behavioral predictions from
the read-out matrix were insufficient to indicate complete learning of
the mapping between the Generator states and behavior.

Day 0 Model training & hyperparameters. All experimental data is
modeled without regard to trial structure, i.e., the optimization pro-
cess is completely unsupervised at all stages. To do so, the continuous
data (an entire session) is divided into segments. For model training,
we used segments defined as follows: for monkey datasets, length
600ms with 120ms of overlap between segments (i.e., with our bin
size of 20ms, segments of length 30 bins with 6 bins of overlap) and
for human datasets, length 1000ms with 350ms overlap between
segments (i.e., with 20ms bins, segments of length 50 with 17 bins of
overlap). For model validation, 20% of these segments are reserved.
During inference, these segment lengths are disregarded (see Causal
Inference). We additionally enforce that no more than 5% of the vali-
dation data overlaps with the training data. We do so by selecting
validation data in contiguous blocks so that validation segments
overlap primarily with other validation segments.

In the Day 0 architecture, a few critical hyperparameters define
the model, which we list in Supplementary Table 2.

Some datasets were fit using single LFADSmodels with additional
behavioral readout matrices. The goal of the behavioral readout
matrices was to ensure that manifolds learned on Day 0 would be
highly predictive of behavior. To do this, we trained a matrix

transformation from the Generator states to the continuous-valued
behavior. For the isometric task, the behavior being predicted by the
readout included both force and the derivative of force; for the
reaching task, the behavior included cursor position and velocity. All
behavior wasmean-centered and scaled to have aminimumvalue of −1
and maximum value of 1 prior to modeling. The T11 LFADS models
were fit without a behavioral readout.

For monkey dataset experiments, single LFADS models were
trained on 1 GPU each. Training stopped when there was no
improvement in the performance for 10 subsequent epochs or when
the learning rate reached a value of 1e-6 during the annealing process.
We found hyperparameters thatwere able to trainmodels for both the
isometric and kinematic datasets using grid searches. We performed a
grid search over a set of values for a single hyperparameter for a subset
of isometric and kinematic monkey datasets to select the best value,
and repeated for all hyperparameters. We then trained all Day 0
models for monkey datasets using the hyperparameters in Supple-
mentary Table 3.

Because it was not clear how the hyperparameters from the
monkey data would translate to human data, we trained AutoLFADS
models on human datasets to efficiently search the hyperparameter
space. AutoLFADS is an automated hyperparameter tuning approach
that trains many models (here, 20 workers) in parallel with different
hyperparameters. After a set number of steps (here, 25 epochs),
higher-performing models are selected to carry on. Models are also
“mutated” to expand the searchedhyperparameter space. This process
converges to a high-performing model. While more resource-inten-
sive, this process can be more convenient when training a smaller
number of models. We detail the searched ranges in Supplementary
Table 4; unless otherwise specified, other HPs can be assumed to be
fixed at the values in Supplementary Table 3.

Data augmentation as regularization. In order to prevent models
from overfitting to individual spikes or fast oscillations in the data, a
data augmentation strategy for discrete data known as ‘spike jittering’
is applied during training. In this approach, the training procedure
shifts spikes randomly in time, up to 2bins (a settable hyperparameter)
before or after their original time bin, prior to modeling the data. This
augmentation is applied only to LFADS, as ADAN uses a single-time-
step Day 0model fit on Gaussian-smoothed spikes and is not prone to
this type of overfitting.

Alignment model training & hyperparameters. Since we must com-
pare data distributions from the first day to distributions from sub-
sequent days when performing alignment, the NoMAD computational
graph must contain two data flow pathways. The first pathway sends
data from the first day directly through the core LFADS model. The
second pathway sends data from a subsequent day through an aligner
and then through the same LFADS model as the first day.

After training the LFADS model for Day 0, we trained the linear
read-in matrix, the alignment network (2-layer Dense network with
ReLU activations and identity initialization), the linear readout matrix
from Generator states to factors, and the linear readout matrix from
LFADS factors to inferred firing rates for subsequent sessions. All
remaining model components had weights that were held fixed.

For thebaseDay0LFADSmodel (without the alignment network),
and Day K model (which includes the alignment network), we sepa-
rately obtained the distribution of the samples fromeach dimensionof
the Generator states for all time points, and across the entire batch of
data. We then calculated the Kullback-Leibler Divergence (KL cost)
between these two full-dimensional distributions, assuming they fol-
low Multivariate Normal (Gaussian) distributions with potential cor-
relations between each dimension. Therefore, for the KL calculation,
we obtained the mean (μ ~(0,1))and covariance matrices (Σ ~(0,1)) of
the two m-dimensional distributions (N0, NK) and used them to
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calculate the KL divergence through Eq. (1):

DKLðN0jjNK Þ=
1
2

trðΣK
�1Σ0Þ+ ðμK � μ0Þ>ΣK

�1ðμK � μ0Þ
�

�m+ lnðdetΣK=detΣ0Þ
� ð1Þ

where m is the number of Generator RNN units (here, m = 100).
Reconstruction cost is also applied to model training as described in
the original LFADS paper.

We used the Adam optimizer with gradient clipping to optimize
the total alignment training loss. Total loss is obtained by a weighted
sum of the above KL cost and reconstruction cost. During the training,
the learning rate was annealed, i.e., it was decreased through multi-
plication by a constant factor of 0.95 every time there was no
improvement in the validation loss for a certain number of training
epochs. The training procedure stops when validation loss has not
shownany improvement for afixednumber of consecutive epochs.We
selected themodelweights corresponding to the lowest validation loss
as the final model weights for inference.

The alignmentmodel is trained by processing Day K data with the
same chop lengths and overlaps as was used for Day 0. We again
reserve 20% of the chops for model validation and enforce that no
more than 5% of the validation data overlaps with the training data.

Hyperparameters used for NoMAD Day K training are shown in
Supplementary Table 5, where M denotes hyperparameters used only
formonkey datasets, H denotes hyperparameters used only for human
datasets, and no denotation indicates a hyperparameter was used for
all datasets.

Causal inference. Standard LFADS models, as presented in Pandar-
inath et al.22 perform inferenceby looking at an entire sequenceof data
to determine the initial state; hence, inference for some time points is
acausal as it can be informed by time points that occur in the relative
future. In order to best simulate real-time usage of our models, we
perform inference in a causal manner for both Day 0 LFADS models
and Day K NoMAD models. The inference approach used here uses a
sliding window of observed data, where the majority of this window
consists of previously observed data38. At each time step, one new bin
of input data is added to the window, resulting in one new bin of the
model’s inferred output. In addition, for computational efficiency that
would be used in an online iBCI scenario, rather than sampling from
the posterior distribution many times and averaging, we instead sim-
ply use the means of the posterior distributions themselves. These
modifications ensure minimal latency and help us to best simulate an
online real-time iBCI scenario. All figures use this procedure except for
the LFADS Stitching demonstration in Supplementary Fig. 11.

We benchmarked LFADS inference latencies for a range of RNN
sizes (including Encoders, Generator, and Controller RNNs) and input
sequence lengths in Supplementary Fig. 13. This benchmark used 256
channels of data binned at 20milliseconds, thereby testing the latency
of LFADS when processing more channels than the 96-channel data
used in this paper. This benchmark was run on a Dell Optiplex
7000 small form factor PCwith an Intel i9-13900processor and 128GB
of memory. In addition, Ali et al 2024 J. Neural Eng.61 benchmarked the
latency of an LFADSmodel and found it to range from 3.5 to 5.5ms per
sample. Scaling of LFADS inference times with sequence length has
also been previously documented38. Inference times for single-time-
step approaches (Aligned FA, ADAN) are expected to be lower than for
LFADS, as they use fewer sequential operations.

Comparisons
Degenhart et al., 2020 Aligned factor analysis (FA) approach. The
Degenhart et al. algorithm uses the following high-level procedure.
First, the method fits a “Baseline Stabilizer” on the initial data,
retaining some number of latents. This relies on factor analysis,

which is not guaranteed to converge to an optimal representation.
Thus, their approach fits multiple FA models with random initializa-
tion, and they select the model with the highest log-likelihood. After
fitting the baseline stabilizer, they also fit the data to be aligned with
an FA model (same procedure as step 1). Next, they identify stable
loading rows between the two models. This consists of iteratively
trying to align the two loading matrices. After each alignment, they
identify rows that are the most different after each alignment, and
remove them. Finally, they learn the optimal orthonormal transfor-
mation to align the identified stable rows (i.e., solving the “Procrustes
problem”). For our comparisons, we used the parameters in Sup-
plementary Table 6.

Based on data presented in Ma*, Rizzoglio*, et al.19, smoothing
binned spike data prior to alignment with this approach improves
performance19. Therefore, we use 20ms binned spike data smoothed
with a 40ms Gaussian kernel as input data to this method. Only data
from within behavioral trials is used to train this method, and beha-
vioral trials containing outliers, as determined in Behavioral Outlier
Removal, were discarded.We train the baseline stabilizer on 80%of the
trial data fromDay0and the aligned stabilizer on80%of the trials from
Day K. We evaluate decoding on the resultant latent factors as
described in Neural Decoding.

Adversarial domain adaptation network (ADAN). This method
begins by fitting an autoencoder to reproduce smoothed binned
spiking data and an RNN decoder to predict force (isometric monkey)
or cursor velocity (kinematic monkey) activity from the manifold. To
ensure a good Day 0 fit, we train this autoencoder using 5-fold cross-
validation and select the model with the best behavioral R2. Then,
ADAN is trained in a method similar to that of generative adversarial
networks (GANs). A discriminator network is an autoencoder that acts
to maximize the difference between the neural reconstruction losses
on the two days. The distribution alignment module (the generator)
works against the discriminator by minimizing the neural reconstruc-
tion losses on Day K. This results in alignment of the Day Kmanifold to
the Day 0 manifold. We train ADAN consistently with the Ma*, Rizzo-
glio*, et al. paper19, in which ADAN training is paired with behavioral
predictions; however, we report decoding accuracy from a separate
Wiener filter in order to use a consistent decoding approach across all
compared methods (see Neural Decoding). We use the parameters
detailed in Supplementary Table 7 to train ADAN.

As input data to this method, we use 20ms binned spiking data
smoothed with a 40ms Gaussian kernel. Only data from within beha-
vioral trials is used to train this method, and behavioral trials with
outliers are discarded (see Behavioral Outlier Removal).

Static decoder. Binned spikes (20ms bins) were smoothed with a
Gaussian kernel (40ms). A decoder was trained on the Day
0 smoothed spikes. This fixed decoder was applied to the Day K
smoothed spikes and evaluated.

Supplementary comparisons
Targetedneural dynamicalmodeling (TNDM). First, we train a TNDM
model on Day 0. Then, we use this trainedmodel with fixed weights to
perform inference and obtain weight predictions on a Day K dataset.
We repeat this for all pairs of datasets for both monkeys and report
decoding accuracy using a Wiener filter trained on the resulting Day 0
inferred firing rates. We sourced our TNDM implementation from the
following repository: https://github.com/HennigLab/tndm. Because
this implementation only supports the modeling of autonomous
dynamical systems (e.g., it lacks a Controller RNN to model inferred
inputs), we used within-trial data aligned to the movement onset (see
Neural Decoding) as input data. Behavioral data was provided to the
Day0model in the same formaswasprovided toDay0 LFADSmodels.
As no early stopping metrics are implemented in this repository, we
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use the provided default of 1000 training epochs for each model. We
use the hyperparameters in Supplementary Table 8 to train TNDM.

Adaptive LFADS. OnDay 0, we train an LFADSmodel with lowD read-in
but without the behavioral readout matrix. On Day K, we again hold the
weights of the core LFADS model fixed and allow only the read-in and
read-out matrices to train. No alignment network or KL Divergence cost
are included. Hyperparameters for bothDay 0 andDay Kmodel training
are the same as those laid out in Supplementary Tables 2-3. We repeat
this training procedure for all pairs of datasets and report decoding
results usingWiener filter decoders trained on the Day 0 LFADS factors.

Retrospective target inference (RTI). This analysis aimed to demon-
strate that RTI and manifold alignment approaches are complementary
when applied within a single session. As a result, we identified iBCI data
during which a participant is performing closed-loop control in which
the intended action can be inferred post-hoc (e.g., selecting among a
defined set of targets). In addition, we looked for datasets during which
the participant is performing the same behavior over a long recording
period (many minutes to hours), to allow sufficient data for both
NoMADandRTI to be performed atmultiple timepoints throughout the
session. During this long recording period, it was also important that no
decoder recalibration occurred, so that there were no changes that
would alter the relationship between neural activity and the partici-
pant’s control strategy. We found two sessions that met these criteria
that we were able to use for our RTI analysis. Our RTI procedure was as
follows: On Block 0, we fit a decoder using the neural data and esti-
mated intended behavior. We apply this decoder as-is to the next
available block. We then retrain the decoder to include the neural data
and estimated intended behavior from both previous blocks. We apply
this scheme moving forward, applying the decoder to Block K that has
been trained using Blocks 0 through K-1.

Neural decoding
The original Aligned FA demonstration applied a linear decoder
(steady-state Kalman filter) to the aligned latents64. Similarly, while the
original ADANwork used an LSTMdecoder18, more recent applications
of ADAN from the same team use a linear decoder (Wiener filter)19. In
our own testing, we found that using an LSTMwith ADAN did not offer
any performance benefits over a Wiener filter, and also made training
ADAN more difficult. Thus, after these tests and consultation with the
authors of ADAN, we focused on linear decoding, as described below.

Wiener filter. For both the kinematic and isometric datasets, predic-
tion of behavioral output was done using aWiener filter. Wiener filters
predict the current value of an output signal using previous timesteps,
as defined by Eq. (2):

y½t�=
XI�1

i=0

wix½t � i� ð2Þ

where y[t] is the output signal at time t, x[t] is the input signal at time t,
wi is the filter coefficient, and I is the number of previous samples to
use for decoding. In our decoder, the input signal x is the (aligned)
manifold, y is the behavioral output to predict, and I is the number of
time bins of history (set to 4 for monkey datasets and 1 for the T11
dataset). We present a comparison of decoders with I = 4 and I = 1 (i.e.,
an optimal linear estimator (OLE))whendecoding theprimatedatasets
in Supplementary Fig. 15. The weights are fit using a matrix formation
of the above equation as defined in Eq. (3):

W= ðX>X+R>RÞ�1
X>y ð3Þ

where W is a matrix of filter coefficients, X represents the predictor
data with history and bias, and y represents the output signal. R

represents a diagonal matrix with the L2 regularization constant filling
the diagonal. The bias term is not regularized and therefore its diag-
onal entry is set to zero.

The L2 regularization aims to avoid decoder overfitting by pena-
lizing solutions with large individual weights. L2 regularization values
are obtained using 10-fold cross-validation. We sweep a range of 20
values spanning 1e1 to 1e5 in logspace. For each value, we train and test
a Wiener filter using 10-fold cross-validation, testing the decoder on a
held-out fold. The optimal regularization value was selected based on
which value yielded the highest performance metric. After training on
the Day 0 dataset, the final performance was reported on the held-out
fold. No Day K data is used for decoder training; therefore, the choice
of held-in and held-out data used for Day 0 training do not affect
performance reported on Day K.

As input to the Wiener Filter, we use the latent states (x) and
behavior (y). The dimensionalities of the latent states are as follows:
100 for NoMAD, 10 for ADAN, and 10 for Aligned FA (see Supple-
mentary Fig. 16 for justification).

For monkey datasets, each trial was represented as a window
250ms before to 500ms after movement onset. For each trial, the
movement onset point was calculated using the period 250ms before
the go cue to 750msafter the go cue.We first searchedwithin this time
period to identify the point at which the cursor reaches its maximum
speed. From that point, we searched backwards in time to identify the
point at which the cursor last reached 20% of its maximum speed. In
parallel, we searched forward in time, beginning at the go cue, to find
the point at which the cursor first reached 20% of its maximum speed.
These two points should be consistent—if not, it indicates a trial in
which the monkey started a movement, stopped, and then started
again. We rejected trials with inconsistent movement onset calcula-
tions.We further rejected trials inwhich thebackwardmoveonset (last
time the cursor reaches 20% of max speed) occurred before the point
at which the target is displayed—this typically indicated that the
monkey had not yet begun its movement in the time period analyzed,
potentially due to inattention. While these trial rejections have minor
effects on the analysis, we performed them to ensure the decoding
metrics were a consistent and robust indicator of each method’s per-
formance.Only trials forwhich themonkey successfully completed the
trial and movement onset was successfully calculated were con-
sidered. To account for drifts in the behavioral data baseline prior to
movement onset that occurred across days, we manually set the first
point in each trial’s force or velocity to zero and shift the remaining
points accordingly.

For the T11 dataset, a trial is defined as the region from the start of
one of the four movements in a trial to 600ms after that start point or
to the point where the target is acquired and the cursor is auto-
matically returned to center (whichever happens first). The timing of
each movement is isolated as follows. First, we detect the automatic
return to center that occurs when a target is acquired by the partici-
pant. We do this by considering the gradient of the position and
detecting the nonlinearities that indicate the jump in position from the
target location to the center. These are then considered the stop times
of each movement. From there, we look backwards in time for the
nearest location where the position crosses the center point. We
consider the time of this zero-crossing to be the start time of the
movement. We only consider movements that are part of successful
trials - that is, all four targets in a trial need to be successfully acquired
for us to include the reach in our analysis.

Evaluation of decoding performance. The accuracy of neural
decoding was measured using R2, defined as in Eq. (4):

R2ðy, ŷÞ= 1�
PD

d = 1

PN
i = 1 ðŷi,d � yi,dÞ2PD

d = 1

PN
i = 1 ðyi,d � �ydÞ2

ð4Þ
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whereD is the number of dimensions of the predicted output, N is the
number of data samples, yi,d is an actual data sample for one
dimension, �yd is the mean of the actual signal in one dimension,
and ŷi,d is a predicted data sample for one dimension. In practice, we
used the function sklearn.metrics.r2_score(y, y_hat,
multioutput='variance_weighted')65.

Manifold visualizations
Dimensionality reduction. To create visualizations of the manifold at
different stages of the alignment process, we used demixed principal
components analysis (dPCA)39. We applied regularized dPCA on the
Day 0 manifold. We restricted dPCA fitting to successful trials within
the window 250ms before to 500ms after target onset. After learning
the Day 0 dPCA transformation, we applied the same transformation
to the Day Kmanifold using both the Day 0 dPCA weights and the Day
0 mean offsets.

Visualizations were created by plotting the top condition-
independent components and the top two condition-dependent
components, as ranked by variance explained. This allows for the
comparison of Day 0 to Day K before and after alignment without
dependence on neural decoding or behavior.

Alignment quantification. To assess the extent of alignment between
the Day K manifolds at each stage and the Day 0 manifold, we com-
puted the Euclidean distance between the condition-averaged dPCs in
three dimensions.

Calculating decline in decoding performance over months
To quantify how much the decoding performance declined over the
available timespan, we computed the rate of decay of the median
performance within each 5-day bin. In order to reduce the effect of
highly negative data points,we first convertR2 to a signal-to-noise ratio
(SNR) metric using Eq. (5):

SNR : = � 10log10 1� R2
� �

ð5Þ

as described in Makin et al.66. We then fit an exponential decay equa-
tion of the form y =Ae-Bt to the data where y is the median SNR within
each 5-day bin with the median value of the Day 0 within-day
performance appended as the first data point, and t is the middle of
each bin with t =0 appended as the first data point. This fits the
constants A and B, where B is the decay constant in units of 1/days. We
convert this to half-life in days for ease of interpretation using the
formula 1/B * ln(2).

Computing significance
Significant differences between decoding results were quantified
using Wilcoxon signed-rank tests as defined by the function
scipy.stats.wilcoxon.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The monkey data analyzed in this manuscript were made available in
a previous publication19,67. The monkey isometric force task data
(Jango_ISO_2015) and unloaded reaching task data (Chewie_CO_2016)
used in this study are available in the Dryad database (https://doi.
org/10.5061/dryad.cvdncjt7n). The human BCI participant data used
in this study are also available in the Dryad database (https://doi.org/
10.5061/dryad.q83bk3jtp). All data supporting the findings of this
study are available within the article and its supplementary files. Any
additional requests for information can be directed to and will be

fulfilled by the corresponding authors. Source data are provided in
this paper.

Code availability
Code for the method developed in this study is available at https://
github.com/snel-repo/nomad with license details described.
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