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Brain—-computer interfaces (BCls) promise to restore and enhance human
capabilities. Yet, their adoption has been limited by slow and inconsistent

learning across users. We show that BCl learning is accelerated by leveraging
the naturally occurring geometry, or intrinsic manifold, of brain activity,
extracted using data diffusion. Participants were trained with real-time
functional magnetic resonance imagingto control anavatarinavideo

game by self-modulating activity in brain regions supporting spatial
navigation. We perturbed the mapping between brain activity and avatar
movement to test how neural manifolds constrain human BCl learning.
When new mappings relied on directions of significant variance onthe
intrinsic manifold, participants successfully gained control by realigning
brain activity along these directions. When new mappings did not follow the
intrinsic manifold, participants could not learn to control the avatar. These
findings show how manifold geometry in higher-order brain regions guides
human learning of complex cognitive tasks, identifying a principle for
improving future neurotechnologies.

BCls enable users to control external devices like computer displays,
communication tools or robotic effectors with their brain activity'®.
Progress in developing BClIs for neural rehabilitation and cognitive
augmentationin humans has been hindered by challenges with neural
decoding and user training®". As such, current human BCls are pro-
hibitively slow for users to learn and require frequent calibration to
maintain performance, and even stillmany ‘nonresponders’ are never
able to gain control? 8,

Inthis project, we design and validate acomputational framework
that enhances human BCllearning. We hypothesized that some brain
states are easier for people to generate, and that tailoring training to
these brain states will facilitate BCllearning. To test this hypothesis, we
trained healthy human participants to control a video game while their
brainactivity was measured noninvasively with closed-loop, real-time

functional magnetic resonance imaging (rt-fMRI). This technique
allowed us to capture whole-brain activity at high-resolution, analyze
the data and update the game display based on the results every 2 s
(the rate of fMRI data acquisition). rt-fMRI has been used previously
as aform of noninvasive BCIfor neurofeedback** and yet suffers the
same challenges as other BCls of slow learning or nonresponse'®*.
Within this system, we perturbed the relationship between measured
brain activity and the video game display to probe how humans learn
togenerate brain states.

Recent studies on neural prosthetics in nonhuman primates bol-
ster this approach. In these studies, monkeys were trained to control
a cursor based on invasive multi-unit recordings from the primary
motor cortex. Learning of this task occurred more rapidly when the
target brain states conformed to the naturally occurring geometry,
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Fig.1|Manifold learning and validation. a, Participants practiced self-guided
navigation by steering an avatar with ajoystick during a video game task
(Unity3d) while undergoing fMRI scanning. Multi-voxel fMRI patterns were
extracted during this task from a network of brain regions implicated in spatial
navigation (see Supplementary Fig.1for more views). These patterns were then
embedded into alow-dimensional manifold using the T-PHATE algorithm. Each
data pointis a single fMRI timepoint (one repetition time (TR), that is, the time
between consecutive brain volume acquisitions) visualized in three T-PHATE
dimensions, with consecutive timepoints connected by a line. For the main
analyses, data were embedded into 20 T-PHATE dimensions. The avatar’s arena
location was downsampled to 0.5 Hz using average pooling to match the
temporal resolution of fMRI acquisition and shifted two timepoints (4 s) to
correct for the hemodynamic lag. We used representational similarity analysis
to compare the similarity structure of brain activity patterns and the avatar’s
arenalocation across all pairs of timepoints. This method considers both the
continuous movement of the avatar through the arena and that the avatar may
return to the same locations at later timepoints. b, T-PHATE embeddings of
fMRI data show the correspondence between brain activity and the video game
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arena environment. T-PHATE neural timeseries for five representative
participants during four consecutive trials of the joystick task are depicted.
Thelocation of the avatar in the game arena is represented by the color of each
timepoint, whereas the coordinates in the embedding correspond to the
multi-dimensional brain state in T-PHATE space. The clustering of timepoints
with similar colors indicates a structured representation of the arena locations
inthe T-PHATE embedding. ¢, Cross-validated linear models were used to
decode the avatar’s location from brain data (N = 20). These predictions were
more accurate when data were embedded in the T-PHATE manifold relative to
the original voxel space (P = 0.0002) or when embedded with PCA
(Supplementary Fig. 2c). d, Representational similarity was used to relate
distances between brain activity patterns to distances between arenalocations
(N = 20). Therepresentational geometry of T-PHATE embeddings better
matched the arena location geometry than the original voxel space

(P =0.0002) or PCAembeddings of the same data (Supplementary Fig. 2d).
For both cand d, statistical significance was assessed using a nonparametric
randomization test (paired, two-tailed, 10,000 iterations). *** P < 0.001.

or ‘intrinsic manifold’, of the neural population activity?* %, This kind
of manifold-based BCllearning also promotes more efficient transfer
between similar brain states and supports more stable performance
over time” . These foundational findings suggest that it may also be
important to extract the intrinsic manifold of brain regions to deter-
mine which states to attempt to trainin human BCl learning.

Our framework represents anadvance over earlier work in several
ways. First, given theintegral role of higher-order cognitive processes
in successful BCl learning'®*®, we targeted a network of brain regions
linked to spatial navigation and goal-directed behavior rather than
sensorimotor regions (Fig. 1a and Supplementary Fig. 1). Second,
to engage these processes during BCl learning, we designed a video
game task in which participants navigated an avatar through a virtual
reality arena. This focus on modulating higher-order brain regions
to control complex behavior lends insight to future applications of
BCls for enrichinghuman cognition beyond the motor domain. Third,
given the high dimensionality and noise inherent to fMRI and other
noninvasive techniques, we developed state-of-the-art algorithms for
learning and extending the intrinsic manifold. Data-diffusion methods
have found successin applied mathematics for discovering nonlinear

structure in complex biomedical processes®*°, We optimized a variant
for fMRI-temporal potential of heat diffusion for affinity-based transi-
tionembedding (T-PHATE)—that learns alower dimensional manifold
for each participant and highlights brain states related to cognition
and behavior better than other dimensionality reduction approaches*’
(Fig.1), including the linear methods used in most earlier BCl studies.

Participantsinour study completed four fMRI sessions. The first
was a calibration session to learn the participant’s intrinsic mani-
fold with T-PHATE while they practiced navigating the avatar with
ajoystick. The following three neurofeedback sessions tested how
manifold geometry constrained the participant’s ability to control
the avatar by modulating distributed brain activity patterns (Fig. 2).
Each session required the participant to learn a new BCI mapping
between fMRIactivity and the avatar’s heading direction. The second
session used an ‘intuitive mapping’ (IM), which best captured the
participant’s intrinsic manifold. After learning to control the IM, the
third and fourth sessions (order counterbalanced) critically tested
perturbations of the mapping that were within or outside the intrinsic
manifold (Fig.2). As hypothesized, participants rapidly learned the IM
and the ‘within-manifold perturbation’ (WMP), defined as a second
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Fig. 2| Real-time manifold extension and neurofeedback. a, An MRAE uses
aT-PHATE layer to penalize the latent space of the autoencoder to reflect the
input data’s T-PHATE manifold geometry. b, Schematic depicting the activity of
three voxels over time (black points) with their intrinsic manifold (gray plane)
showing an ‘intuitive’ component (navy vector, capturing a main dimension

of variance on the manifold), a ‘within-manifold’ component (teal, a different,
highly explanatory component on the manifold) and an ‘outside-manifold”
component (green, explaining less variance). These vectors determine the
angle of the avatar’s movement in the game. A sample data point is highlighted
inorange. When projected onto each component, the point results in three
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different angles of movement in the feedback display. Positive projections (right
ofthe vectors’intersection) result in turns of 0° to 90°; negative projections
(left of intersection) resultin turns of ~90° to 0°. ¢, Closed-loop procedure used
rt-cloud® software to transfer, analyze and administer continuous feedback
based onfMRIscans acquired every 2 s.d, The proportion of control thata
participant’s brain activity exerts over the avatar’s movement—the BrainControl
parameter—is adjusted at the end of each trial with an adaptive staircasing
procedure, increasing with better accuracy (green dashes) and decreasing with
worse accuracy (red dashes). The accuracies and staircasing curves of three
representative participants are depicted for the first neurofeedback run.

main direction of variance along the intrinsic manifold, but failed
to learn the ‘outside-manifold perturbation’ (OMP), defined as the
lowest ranked component in the manifold. Successful BCI learning
led to neural realignment, or relative increases in the neural variance
accounted for by the trained manifold component, and to enhanced
decoding of task information.

Results
Discovering the manifold of human brainregions
Our initial goal was to learn ameaningful manifold of brain activity that
could be used in later sessions to guide BCl learning. We first tested
whether activity measured from navigation-related brain regions con-
tained dynamic information about the joystick version of the task.
A key use of manifold learning methods is for visual exploration of
high-dimensional data in lower dimensions®, so we embedded each
participant’s fMRItimeseries data for all trials of the joystick task into
three dimensions using T-PHATE** and labeled each timepoint by the
avatar’s corresponding coordinate in the game arena (Fig. 1a). Validat-
ing thatthe brainactivity embedded with T-PHATE reflected the struc-
ture of the arena, points were clustered according to their proximity in
the arena and trajectories through the points over time traversed the
arenasmoothly (Fig.1b). T-PHATE embeddings better reflected arena
locations and trajectories than principal component analysis (PCA)
embeddings of the same data (Supplementary Fig. 2).

Earlier work has shown that T-PHATE not only aids in data visualiza-
tion but also yields cleaner task representations*®*. To test this

possibility, we trained cross-validated linear regression models for
each participant on the original voxel-resolution data and on the
T-PHATE embeddings (in 20 dimensions) to predict the avatar’sarena
coordinates at each timepoint of the joystick task. Regression models
were scored as the mean squared error (MSE) between the model-
predicted and true coordinatesin held-out data, with lower error indi-
cating superior decoding. The models trained on T-PHATE embeddings
were more accurate than those trained on voxel-resolution data
(mean difference = -1.89, P =0.0002, 95% confidence interval
(CI)=[-2.23,-1.60], Cohen’s d = 2.60; Fig.1c).

Beyond predicting individual locations, we further tested whether
the representational geometry of brain activity in neurofeedback
regions reflected the navigational geometry of the game arena. In
other words, does T-PHATE improve the alignment of distances
between locations in the game and distances between the neural
representations of the locations? We used a Mantel test to evaluate
representational similarity as z-scores relative to a null distribution*?
and found that distance in the game arena was more correlated with
pattern similarity of T-PHATE embeddings than of voxel-resolution
activity (mean difference = 5.92, P = 0.0002, 95%Cl = [3.67,8.32],
d = 1.23;Fig.1d). Together, these results validate that manifold learn-
ing enhances access to task-related information.

Extending the manifold to new samples for neurofeedback
Despite the benefits of manifold learning for modeling low-dimensional
neural dynamics, a key drawback of most nonlinear dimensionality
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reduction methods is that the learned dimensions cannot be easily
extended to untrained data®. To circumvent this limitation, we devel-
oped a manifold-regularized autoencoder (MRAE) that can embed a
participant’s untrained data in their respective T-PHATE manifold in
real time**** (Fig. 2a). MRAE is trained to optimize for two measures
of model fit: (1) areconstruction error penalty, which uses MSE to
quantify how well the autoencoder reproduces the original data; and
(2) amanifold regularization penalty, which quantifies the error
between where the encoder places a sample and its true location on
the manifold. These penalties are combined into asingle loss function
to train MRAE. This training loss decreased rapidly and plateaued by
6,000 training epochs (mean across participants: MSE = 0.21,
s.e.m.=0.0093; Supplementary Fig. 3a). The manifold regularization
penalty onits own converged by 5,000 training epochs (MSE = 0.0015,
s.e.m. = 0.00004; Supplementary Fig. 3b).

To establish a null baseline, we conducted the full multi-session
experiment, including the neurofeedback pipeline calibration and
real-time procedure, on fake participants whose simulated fMRI activity
consisted only of realistic noise estimated from the brain activity of
neurofeedback participants®. The data did not contain task-related
responses during the calibration session or learning effects during the
neurofeedback sessions, and thus we did not expect T-PHATE tolearna
useful manifold or for the MRAE training to succeed. Indeed, the overall
MRAE trainingloss (MSE > 1,500, s.e.m. > 500; Supplementary Fig. 3a)
and the subscore for the manifold regularization penalty (MSE > 600,
s.e.m. > 40; Supplementary Fig. 3b) neither decreased nor converged.
Thus, the neural manifolds of real participants engaged in the joystick
taskreflected learnable, extensible structure that was not found insimu-
lated brains devoid of a task-driven signal (see Supplementary Figs. 4
and 5forindividual participant data).

Manifold-constrained learning of BCI control

We quantified BCl learning by the increase in ‘BrainControl’, a confi-
dence parameter that tracked the ability of participants to direct the
avatar toward the goal efficiently with their brain activity (Fig. 2d).
Specifically, BrainControl is the staircased proportion*® of the avatar’s
movement direction dictated by the angle decoded from the brain;
the remaining proportion reflects the angle straight toward the goal,
providing assistive guidance inthe correct direction. Change in Brain-
Control was computed at each trial relative to the first trial of the ses-
sion (Fig. 3a). In the first neurofeedback session, BCl learning of the
IMoccurred rapidly, reaching significance after trial 4 and plateauing
around trial 40. Adjusting to the WMP in the second or third neuro-
feedback session (order counterbalanced across participants) led to
aslower but steady increase in BrainControl, reaching significance
around trial 30. Participants did not adjust to the OMP, as indicated
by the lack of change in BrainControl from baseline.

Overall BCl learning was quantified as ABrainControl from the
first to the last trial of each session type (Fig. 3b). BCl learning varied
significantly across session types (F(2,51) = 51.87, P=5.11x1075,
R? = 0.67). There was a significant positive learning effect in the IM
session (mean ABrainControl =49.33, 95%Cl = [45.33,55.33],
P =0.0001, d = 5.55) and in the WMP session (mean ABrainControl =
16.67,95% Cl = [7.78,25.56], P = 0.002, d = 0.84), but notin the OMP
session (mean ABrainControl =-0.67,95% Cl = [-6.67, 5.78], P = 0.90,
d =-0.048). The learning effect was significantly greater in
the IM session than the WMP session (mean difference = 32.67,
95% Cl = [22.00,42.89], P = 0.0002, d = 1.42) or the OMP session
(mean difference = 50.00, 95%Cl =[43.33,56.67], P =0.0001,
d =3.31), as well as in the WMP session compared with the OMP
session (mean difference = 17.77, 95% Cl = [5.56,30.00], P = 0.009,
d = 0.64). Using a linear model, we tested whether the difference
between learning in the WMP and OMP sessions was explained by
counterbalancing order. There was no significant effect of which per-
turbation participants received first (F(1,32) = 1.03, P = 0.32, partial

etasquared (q,z,) = 0.03),noraninteraction between order and session
type (F(1,32) =1.14,P=0.29, qf, = 0.03; Supplementary Fig. 6).

BCl learning effects in neurofeedback participants were bench-
marked against simulated null fMRI participants that underwentidenti-
cal procedures without the possibility for learning (Fig. 3c). As
expected, these simulated data did not show a significant increase in
BrainControlinany sessiontype (P values > 0.1). This analysis verifies
that the observed BCllearning effectsin the real participants were not
anartifact of the staircasing procedure or rt-fMRI processing pipeline.

Realignment of neural activity along manifold

We hypothesized that the mechanism for BCllearningis the alignment
ofbrainactivity with the manifold componentbeing trained. That s, by
modulating their brain activity in high-dimensional space toincrease
neural variance along the trained BCI component, participants can
more precisely control the movement of the avatar through access
to the full range of heading directions mapped to that component.
To quantify this neural realignment, we calculated the percentage of
total variance in the fMRI signal of each run that could be explained
by the feedback component for each session type (Fig. 4a). We then
compared the change in this percentage of explained variance (APEV)
between the first and last runs of each session.

Neural activity became more aligned with the IM component
(mean across participants: APEV =1.06, 95%Cl =[0.35, 1.72],
P=0.005, d=0.70) and the WMP component (APEV=0.71,
95%Cl = [0.01, 1.49], P = 0.042, d = 0.42) during their respective
neurofeedback sessions, but not with the OMP component
(APEV = —0.45,95% Cl = [-1.36, 0.39], P = 0.35, d = —0.23; Fig. 4b).
Importantly, these increases inalignment for IMand WMP were selec-
tive tothe trained component: there was noincrease in alignment with
WMP or OMP componentsin the IM session, nor with IM or OMP com-
ponents in the WMP session (Supplementary Fig. 7). The amount of
neural realignment was comparable between IM and WMP
components in their respective sessions (mean difference = 0.35,
95%Cl = [-0.67, 1.32], P = 0.52, d = 0.15) and greater than for the
OMP component in its session (versus IM: mean difference = 1.51,
95%Cl =[0.52,2.49], P=0.005, d=0.69; versus WMP:
mean difference = 1.16,95% Cl = [0.034,2.29], P = 0.034, d = 0.46).

Three additional analyses provided further evidence of neural rea-
lignment. First, total variance in brain activity did not change over the
course of learning (Supplementary Fig. 8a; P values > 0.1), whichwould
have complicated interpretation of proportional changes. Second, the
APEV effect was specific to the trained component (for example, Cy,
duringIMtraining; Supplementary Figs. 7and 8b). Arbitrary components
of the manifold did not show significant APEV in any session and the
APEV after on-manifold training was greater than arbitrary components
(Cy: mean z = 0.57,95% Cl= [0.25,0.88], P = 0.002, d = 0.81; Cyyp:
meanz = 0.41,95%Cl = [0.03,0.82], P = 0.03, d = 0.47); this was
not true for outside-manifold training (Copmp: meanz= —0.17,95% CI
=[-0.59, 0.24], P=0.77, d = —0.18). Third, participants increased
the variability of projections onto the trained components with learning
(Supplementary Fig. 8c), reflecting an enhanced capacity for generating
activity patterns to support task performance. Participants
utilized a marginally greater range of patterns after on-manifold
learning (Cy: mean variance change= 0.028,95% Cl = [0.00, 0.06],
P=0.06,d=0.38; Cyyp: meanvariancechange = 0.013,95% Cl
=1[0.00,0.03], P=0.079,d = 0.35), but not outside-manifold
learning (Cowmp: mean variance change = —0.027,95% CI =[-0.06,
0.00],P = 0.95,d = —0.04).

This latter increase in the variance of projection values could
be attributed to an alternative subselection neural strategy that is
driven by areduction in the frequency of low-magnitude projections
(Supplementary Fig. 9a) rather than realignment (which predicts that
the distribution of projection values grows broader and includes low
and high values). Therealignment strategy would be more effective for
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Fig. 3| BCllearning of different manifold components. a, Learning curves of the
change in BrainControl across training trials for each session type. Lines show
mean across participants (N = 18) and bands show the 95% Cl of the mean. The
number of trials (55) depicted on the x axis corresponds to the minimal trial
count successfully completed by all participants across all session types
(participants who performed better could complete a few additional trials in the
same amount of time, not shown here). Horizontal lines at the top indicate where
the mean was significantly greater than chance (ABrainControl > 0, P < 0.05) for
each session type (nonparametric cluster-based correction). b, Changein
BrainControl from the first trial to the last trial completed in each session type for
each participant. The total number of completed trials varied slightly by
participant and session. Bars represent the mean across participants; points
representindividual participants; lines connect the points from the same
participant across the three sessions. IM (P = 0.0001) and WMP (P = 0.002)
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session types showed significant learning but OMP sessions did not (P = 0.90).
Learning during the IM session was significantly greater than that during WMP
(P =0.0002) and OMP (P = 0.0001) sessions, and WMP was greater than OMP
(P = 0.009).c, Comparing trial-wise and overall BCl learning by session type
acrossreal (colors; N = 18) and simulated null (gray; N = 20) participants. Lines
show mean across participants and bands show 95% Cls of the mean. Bars indicate
mean overall learning (identical to b for real participants) and error bars
represent 95% Cls of the mean. For IM (P = 0.0001) and WMP (P = 0.006)
sessions, but not OMP (P = 0.40) sessions, real participants showed significantly
greater learning than simulated null participants. Statistical significance was
assessed using nonparametric randomization tests (10,000 iterations;
one-tailed; paired samplesinb and independent samplesin c). 95% Cls were
estimated via bootstrap resampling (10,000 iterations) ***P < 0.001,**P < 0.01,
*P < 0.05, notsignificant (NS) P > 0.1.

gaining control of the full range of directions the avatar could turnin
the game, as the component was mapped continuously onto turning
direction such that both high and low projection values were useful
for differentangles. Nevertheless, to quantify these two strategies we
modeled what they would predict for variance change in the IM and
WMP sessions and found that the observed data were better fit quanti-
tatively by realignment than by subselection (Supplementary Fig. 9b),
particularly during WMP learning. Together, these analyses support
our interpretation of neural realignment during successful BCl learn-
inginthis task.

Relationship between BCl learning and neural realignment

Neural activity became more aligned with on-manifold components
(IMand WMP) during neurofeedback training. We fitalinear model to
predict whether therelationship between BCllearning (ABrainControl)
and neural realignment (APEV) differed across session types, including
counterbalancing order as afixed effect and clustered standard errors
by participant. A likelihood ratio test confirmed that the inclusion of
random intercepts for participants did not improve model fit (>~ 0,

P=0.50), justifying the use of ordinary least squares regression. The
model accounted for a significant proportion of variance in
ABrainControl (F(6,47) = 35.88, P=9.71x10™", R? = 0.738) and
revealed a significant interaction between APEV and session type
(F(2,17) = 4.40, P = 0.02): there was no significant effect of APEV in
theIMsession (S = —2.00,95% Cl = [—4.04,0.03], z = —1.41, P = 0.16)
or the OMP session (=124, 95%Cl =[-3.01,5.50], z=0.57,
P = 0.57), but there was a significant effect in the WMP session
(B=7.85,95%Cl =[2.38,13.32], z = 2.81, P = 0.005). Simple slope
analyses for each session confirmed that APEV significantly predicted
ABrainControl during WMP (B8 =5.60, 95%Cl =[0.15,11.05],
£(16) = 2.18, P = 0.045), butnotIM (8 = —1.67,95% Cl = [—4.64,1.29],
t(16) = —1.20, P = 0.25) or OMP (S = -1.09, 95% Cl = [-4.82,2.65],
£(16) = —0.62, P = 0.54; Fig. 4c).

Consistent withtheinterpretation that C;,was already the strong-
est source of variance in the learned manifold, it makes sense that
additional neural alignmentalong Cy,did not further benefit BCl con-
trol. Such realignment was not possible for the OMP, and there was no
significant BCI learning or neural realignment for this session on
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Fig. 4| Changes in neural activity supporting BCl learning. a, Simulated data
showing acomponent (red vector) that explains 10% of the explainable variance
initially (gray points) but 95% after learning (purple points). b, Change in the
percentage of explained variance (APEV) over neurofeedback training for each
session type. Bars represent the mean across participants (N =18); points
representindividual participants; lines connect the points from the same
participant across the three sessions. Statistical significance was assessed using
nonparametric randomization tests (10,000 iterations, one-tailed); 95% Cls were
estimated viabootstrap resampling (10,000 iterations).IM (P = 0.005) and
WMP (P = 0.042) sessions, but not OMP (P = 0.35) sessions, showed significant
neural changes. Neural changes during the IM (P = 0.005) and WMP (P = 0.034)
sessions were greater than those during OMP. ¢, Predicting BCl learning
(ABrainControl) from changes in neural realignment (APEV) within session type.
Band Pvalues were computed using linear regression; lines show the regression
estimate and error bands show 95% Cls estimated with 10,000 bootstrap
resamples. d, Brain maps for each session type depicting searchlights with
significantly improved location decoding. Statistical significance was assessed
using fMRIB’s Software Library’s randomise function (one-sided nonparametric
randomization test, corrected with threshold-free cluster enhancement). In the
WMP session, decoding accuracy of arenalocation improved across
neurofeedback runsin areas spanning the primary motor and somatosensory
cortices and superior temporal lobe. See Supplementary Fig. 10 for analysis
schematic.**P < 0.01,*P < 0.05,NS P > 0.1.

average. The WMP session always occurred after the IM session (either
immediately or after OMP) and so participants had to realign activity
fromthe M to WMP componentsinorder to gain control. This realign-
ment was possible, given that WMP was on the intrinsic manifold, and
the extenttowhichit occurred determined the amount of BCllearning
in this session.

Brain-wide changes associated with BCl learning

Wealsoinvestigated another signature of BCl learning that was unique
tothe WMP condition: improved task representation. Learning to con-
trol activity inonebrainregion canalso alter nontargetbrainregions,
suchasthoseinvolvedin cognitive strategies and modulation of target
regions**°, We thus used an exploratory searchlight analysis to test

forimproved task representation in regions across the whole brain.
Using ridge regression with nested cross-validation, we trained decod-
ers on multi-voxel patterns from searchlights centered on each voxel
in the brain to predict the avatar’s coordinates in the game arena
(Supplementary Fig.10).

WMP training resulted in significantly improved task decoding
inseveral brainregions (Fig. 4d), including the somatosensory cortex
and areas of the primary motor cortex related to hand and finger
movement (P < 0.05, threshold-free cluster enhancement cor-
rected). Surprisingly, only 3.2% of the searchlights that showed
greater decoding accuracy after BCl learning overlapped with the
navigation mask. No regions showed a significant increase in task
decoding during the IM or OMP sessions. This was expected for OMP
given that there were no indicators of BCl learning for this session
type in the first place. In the IM session, neural changes were not
found to predict BCI learning, suggesting that this component was
already controllable. This interpretation is consistent with the lack
of decoding improvement, which indicates that modulatory patterns
did not need to change from their original activity to support task
performance (Fig.4d), as well as with the relatively weaker evidence
for neural realignment over subselection in models of IM learning
compared to WMP learning (Supplementary Fig. 9). Together with
the searchlight analysis, these findings indicate that learning a new
mapping on an existing manifold alters neural activity within the
targeted regions and throughout the cortex.

Discussion

The proliferation of human BCltechnologies has been hindered to date
by the slowness and variability of learning across individuals. These
challenges persist whether the BCl uses invasive or noninvasive neural
recordings®. Previous rt-fMRI neurofeedback studies have typically
required four to tentraining sessions to achieve robust changes in per-
ception and cognition'***"2, Moreover, one-third of neurofeedback
users remain unable to change their brain activity’®*. In the current
study, all participants successfully learned to self-regulate brainactiv-
ity to navigate a virtual avatar when neurofeedback was administered
along their intrinsic neural manifold. Once participants achieved this
control, they were able to relearn—within one session—how to navigate
the avatar after a perturbation in the mapping that stayed within their
manifold. However, participants were unable to relearn control with the
same amount of training when they had to generate outside-manifold
brainactivity. Asin other neurofeedback studies*, successful learning
occurred without explicit awareness and using highly idiosyncratic
mental strategies across participants (Supplementary Table 1). This
highlights the brain’s ability to self-modulate via feedback beyond
relying upon specific behavioral techniques.

This enhanced on-manifold learning parallels studies in which
humans and nonhuman primates learned a novel behavior (cursor
control) viaaninvasive BClin the motor cortex”>”?, One key difference
in the current study is the use of a diffusion-based manifold learning
method that was necessitated by the autocorrelation and noise of fMRI
data. Given T-PHATE’s ability to recover complex signals within noisy
samples (Supplementary Figs.2 and 11), it may benefit abroader range
of applications—includinginvasive studies of language or sensorimo-
tor processes, and noninvasive studies that use neurofeedback to train
attention oremotionregulationand to alleviate psychiatric or neuro-
logical symptoms—which have so far relied on simpler representations
or linear methods' 720357,

Onereason that manifold learning methods like T-PHATE enhance
BCl learning may be that they yield high-quality feedback that pro-
motes durable changes in brain activity and behavior. Previous work
found that BCllearning of within-manifold perturbationsis supported
by neural reassociation—the remapping of existing activity patterns
toanew behavior®. By contrast, BCl learning in the current study was
supported by neural realignment—the generation of novel activity
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patternstodrive abehavior. Although neural reassociation can occur
more quickly, neural realignment is the behaviorally optimal solution
and hasbeen shown to emerge with longer training times®. In addition
tousing T-PHATE to extract aricher, more informative manifold*’, our
framework may have enabled rapid neural realignment by encourag-
ingincremental learning with a staircasing procedure, which has been
linked to generating new activity patterns®***"*, Further, it could
be that neural realignment occurs at a macro scale (that is, measur-
able in population-level blood oxygen level-dependent signals with
whole-brain fMRI) before it becomes detectable at the micro scale of
direct neuronal recordings. Future studies could examine different
temporal and spatial scales of neural realignment to fine-tune BCI
procedures and promote behaviorally optimal solutions.

Why doesrapid relearning occur after the WMP but not the OMP?
The capacity to self-modulate brain activity depends upon how the
targetbrainactivity relates to the geometry of the extant brainactivity.
Our finding that participants failed to learnan OMP in asingle session
converges with computational models and studies of nonhuman pri-
mates, inwhich suchlearning can take approximately ten times as much
training as a WMP>>?¢"%3_ The consistency of this finding is striking in
that it generalizes across species, tasks, neural recording modalities,
manifold learning techniques and ways of defining what is outside the
manifold. In the present study, we defined the within-manifold com-
ponent as accounting for the second greatest variance in brain activ-
ity and the outside-manifold component as the least variance in the
20-dimensional space (Supplementary Fig.12). This definition ensured
that participants could generate decodable movement patterns along
both perturbation components (Supplementary Fig. 13), but that the
WMP would require aless dramatic change to the geometry of the exist-
ingbrain activity (thatis, from theintuitive component training, which
all participants learned first) than the outside-manifold component.

Because these components were defined relative to one another,
the distinction between ‘within” and ‘outside’ the manifold is more
continuous thanbinary, offering differing degrees of learnability. For
example, if we had set the third component as our OMP, it may have
been learnable because, for many participants, the third component
still explained over 10% of variance in the data; in contrast, if we had
used a100-dimensional space, the100th ranked component may have
beenless learnable than the 20th used here for OMP because it would
have explained minimal variance (Supplementary Fig. 12). Future
studies could identify ways of targeting outside-manifold activity pat-
terns of progressive difficulty and offering training that traverses this
landscape more efficiently. Further, by defining multiple BClmappings
that are able to be modulated (that is, training multiple on-manifold
components simultaneously), future work could explore optimal
weighted combinations of components to enhance decoding.

The difficulty of outside-manifold learning offers a potential
explanation for why earlier attempts at BCllearning with rt-fMRI neu-
rofeedback have often required multiple sessions to achieve consistent
success across participants'®*°'2, The need for multiple sessions is
especially true when seekingto train fine-grained control of multivari-
ateactivity patterns rather than up- ordown-modulation of univariate
activity. By designating neurofeedback targets agnostic to the intrinsic
manifold, these studies may have inadvertently asked participants
to generate outside-manifold activity patterns. This may be desir-
able in some cases, for example, if the goal is to change a disordered
manifold to alleviate psychiatric or neurological symptoms**°, In
such cases, better characterizing the initial manifold would support
incremental training of outside-manifold activity. Indeed, the intrinsic
manifold learned with T-PHATE remained relatively stable over time
(Supplementary Fig.14), suggesting its promise for multiday learning
and incremental outside-manifold training.

If the goal of a BCl is to interface the human brain with computer
technologies for communication or occupational applications, rather
than altering the manifold itself, leveraging the intrinsic manifold will

be most efficient. In this case, training multiple on-manifold compo-
nents simultaneously could support more complex BCls with two or
more dimensions of control (for example, direction plus speed in the
currentgame). Our findings offer amanifold-guided route forimprov-
ingbasic and translational BCls. We anticipate that theseimprovements
willincrease the efficacy of BCIs on wearable devices that are cheaper
and easier to scale for public benefit.
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Methods

Participants

Twenty young adults wererecruited from the New Haven community.
All participants provided informed consent to an experimental proto-
col approved by the Yale University Institutional Review Board. Data
from two participants were excluded from neurofeedback analyses
(onefor falling asleep in multiple fMRI runs and one because of ascan-
ner malfunction). One participant dropped out after the first session
due to discomfortin the scanner and was replaced with an additional
participant. Thisresulted inafinal cohort of 18 participants (9 female;
aged 19-35 years, mean age of 25.8 years). This sample size is greater
than, or comparable with, other multiday rt-fMRIstudies!*202>2348:525765,
There was no separate control group because all comparisons and base-
lines are within-participant over time and across repeated-measures
conditions. Participants completed four or five fMRI sessions lasting
1-1.5 hours each and were compensated for their participation (US$20
per hour plusretentionincentives: US$5 per session cumulative bonus
for each return session and US$40 for completion).

Task design

The stimulus was a custom video game programmed with C# for Unity
(https://unity3d.com/) withahumanavatarinavirtual outdoorarena
environment. Participants steered the avatar from a randomly gen-
erated starting location to a goal flag across the arena; we refer to
one repetition of this task as a ‘trial’. A yellow line was always visible,
highlighting the shortest path from the avatar’s currentlocation to the
goallocation. For eachtrial withinarun, the flagwas placed at the same
distance from the avatar’s spawninglocationbutatarandomly selected
angle. Eachrun consisted of approximately 10 min of continuous fMRI
data collection and resulted in a variable number of trials depending
upon how quickly trials were completed. The distance between the
spawning location and the flag increased by 5% per run. Scanner trig-
gerswere synchronized with the game engine viaa custom PsychoPy/
TCPscript. Taskinstructions were displayed for 20 s at the start of each
neurofeedback run. Full technical specifications of the display and
software pipeline are in Supplementary Methods. Task software and
samplevideos are available at: github.com/ericabusch/avatarRT_task.

fMRI experiment design
The full study comprised a total of four or five sessions per participant.
Four functional runs were collected during each session and partici-
pants were offered abreak between runs. Sessions were scheduled on
separate days withatarget of 24 hbetween sessions and a maximum of
48 hours between neurofeedback sessions (mean 27.24 hours, range
13-48 hours). All sessions had to be completed within seven days.
fMRIdatawere acquired usinga3 T Siemens Prisma scanner with
a 64-channel head coil at the Brain Imaging Center at Yale Univer-
sity. Blood oxygen level-dependent signal datawere collected with an
echo-planar imaging (EPI) sequence (repetition time (TR) =2 s; echo
time =30 ms; voxel size = 3 mmi isotropic; 37 axial slices; flip angle = 71°;
IPAT GRAPPA acceleration factor = 2). Functional runs were of variable
length due to the self-guided nature of the task; the experimenter
aimed to end the task manually at the completion of a trial close to
300 TRs (10 min), resulting in an average of 301.4 TRs per run (range
150-336). Spin-echo field maps and high-resolution T1/T2 anatomi-
cal images were also collected. The full acquisition parameters are in
Supplementary Methods.

Neurosynth navigation network. Neurofeedback training targeted
alarge network of voxels involved in self-directed navigation down-
loaded fromneurosynth.org (ref. 66). Searching for ‘navigation’yielded
77 published studies and an association test z-statistic map cover-
ing regions linked to goal-directed navigation, first-person perspec-
tive, landmark sequencing and route knowledge—regions previously
shown to support decoding of navigation goals®”° and paralleled in

our findings from the joystick session. The z-map in 2-mm Montreal
Neurological Institute (MNI) standard space was aligned to each par-
ticipant’s native space functional image, thresholded (bottom 10% of
z-statistics removed) and cluster-filtered (minimum 10 voxels per clus-
ter), resulting in a mean of 1,354 voxels per participant (range 1,058-
1,599; Supplementary Fig. 1). The number of voxels included did not
significantly influence a participant’s learning in any of the three ses-
sion types (Supplementary Fig.16).

The choiceto provide neurofeedback from the navigation network
was related to our video game task and its ability to drive variable
activity in the regions of this network for participants to latch onto,
rather thanto any special functional properties of specific regions. We
speculate this may be amore general principle: given atask that evokes
meaningfuland dynamicactivity inabrainregion, manifold-based BCI
learning may enable rapid control of this region. The extent to which
these findings generalize in this way to other tasks and brain systems
isan area for future investigation.

Joystick session. In session 1, participants practiced the video game
task by navigating the avatar with an MR-compatible joystick (Current
Designs Tethyx), steering the avatar from start to goal within a time
limit (60 s in the first run, +10 s per subsequent run). Participants
were instructed to explore the environment freely—not necessarily
heading directly to the goal—which broadly sampled brain activity
across movement patterns and arenalocations. As each trial varied in
duration, the number of trials per run also varied across participants
and runs (mean 19.1, range 8-26). A trial ended upon reaching the
flag, after which the game paused for 6 s before the next trial. The
technical specifications and practice procedure for the joystick arein
Supplementary Methods.

Neurofeedback calibration. Data collected during the joystick ses-
sion were used to initialize the manifold-based neurofeedback pro-
cedure used in subsequent sessions. fMRI data processing used fMRI
Expert Analysis Tool version 6.00”, part of fMRIB’s Software Library
(FSL) version 6.0.5. EPI and anatomical images were skull-stripped
using the Brain Extraction Tool”>. Susceptibility-induced distortions
were measured via the opposing-phase spin-echo volumes and cor-
rected using FSL’s topup function’. Each functional run was high-pass
filtered with a 100-s period cutoff, corrected for head motion with
Motion Correction using FLIRT (MCFLIRT)", corrected for slice tim-
ingand smoothed spatially with a Gaussian kernel (5-mm full-width at
half-maximum; FWHM). Then, functional images were registered to
the participant’s T1-weighted anatomical scan using boundary-based
registration” and to a 2-mm MNI standard brain using 12 degrees
of freedom.

Game outputs from Unity were preprocessed, temporally down-
sampled, and time-lagged to match the fMRI sampling rate and
hemodynamic lag. The fMRI data from the joystick-based navigation
trials were divided into training (80%) and testing (20%) sets. The
training set was used to fit a 20-dimensional T-PHATE embedding*’.
We selected this dimensionality to (1) obtain low decoding error and
high representational similarity (Fig.1and Supplementary Fig.2) and
(2) maximize the proportion of explained variance by highly ranked
components while maintaining low-ranked components with some
explained variance (Supplementary Fig. 12). This choice was made
apriori based on pilot participants to avoid overfitting and was fixed
across all participants.

We defined three latent components of the T-PHATE manifold:
the eigenvectors associated with the greatest (1st component), second
greatest (2nd component) and smallest eigenvalues (20th component).
These components C corresponded with the IM (C,), the WMP (Cyyp)
and the OMP (Cy,,») components used for neurofeedback. Participants’
eigenspectravaried considerably in theamount of variance explained
across components; thus, selecting component 20 for OMP, as opposed
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tocomponent 3, for example, helped ensure that this perturbation was
comparably challenging for all participants (Supplementary Fig. 12).

Finally, we trained an MRAE with two training objectives: to recon-
struct theinput fMRIdatain voxel space andtolearnalatentrepresen-
tation that closely resembles the data’s ground-truth T-PHATE manifold
geometry. This training allows the MRAE to extend the T-PHATE mani-
fold toincoming data points collected in real time. All T-PHATE, MRAE
training, and component determination was performed on the training
set of the joystick session data (80%).

After the autoencoder was trained on the training set, its weights
were frozen and the testing set was passed through the encoder f,
extractingits embeddinginthe T-PHATE manifold. We then projected
the embedded data onto G, Cyymp and Coyp, @s previously defined, to
measure the distribution of untrained data along the components
of the manifold. The 1st and 99th percentiles of the distributions of
untrained dataalong each component were fixed to represent turning
-90°and 90°in the game, respectively. Sample projection mappings
from this procedure are shown in Supplementary Fig.13.

Neurofeedback sessions. After the joystick session, participants
returned to the scanner for three or four fMRI neurofeedback sessions.
During each neurofeedback session, participants completed four
functional runs (~10 mineach) during which their task was to use their
brain to make the avatar walk to the flag as directly as possible. As in
thejoystick session, they were given 60 s to complete each trialin the
first runand +10 s for each subsequent run.

The participants were instructed to “generate amental state that
made the avatar walk to the flag”. We emphasized to participants that
there was no single ‘right’ strategy to accomplish the task; they would
need to try a variety of strategies and possibly switch between strate-
gies.Indeed, participants reported awiderange of strategiesin a post-
study questionnaire (Supplementary Table1). They were reminded at
the start of each run that the avatar’s movement reflected their brain
states over the past4-6 s,and that the avatar’'smovement was adelayed
reaction to their thoughts.

We outlined the staircasing training procedure to participants
as followed. Participants were told that there were ‘bumpers’ (akin to
those onabowling lane) to aid in keeping the avatar walking relatively
straight to the goal at first (thatis, atlower gamelevels). Asbrain activ-
ity resulted in more accurate movement, participants would ‘level up’
and the bumpers would go down. Thus, the avatar could veer farther
off-course and require brainactivity tobe more accurateinorder to go
straight. Participants were instructed that their goal was to continue
‘leveling up’. The first neurofeedback run started atlevel O, and at the
end of each trial, participants were presented with a feedback display
explaining performance as the percentage of distance traveled over and
abovetheshortest possible path tothe goal. They were theninformedif
this error was higher, lower, or equal to the average error of their previ-
ous three trials and encouraged to continue leveling up. The staircasing
procedure began after the third trial. Participants ‘leveled up’if their
error decreased, ‘leveled down’ if their error increased, or stayed the
sameiftheir error matched earlier trials.

At the start of each neurofeedback run, there was a 20-s (10 TR)
delay before the first trial. Task instructions were presented during
this time, reminding participants that their goal was to get to the flag
as quickly as possible and to remember that there would be a delay
between their brain state and the avatar’'s movement. Then the first
trial began and participants completed as many trials as they could in
approximately 10 min (300 TRs), with a 6-s break between trials. After
that, the scan was ended manually by the experimenter and participants
rested until the next run. The first trial of the next run began at the final
‘level’ of the previous run.

Real-time data processing. Every 2 s, a whole-brain volume was
acquired as a DICOM image and sent via fiber network from the local

Siemens scanner console to aremote, HIPAA-aligned high-performance
compute cluster. The first volume of each run V; was smoothed with a
5-mm FWHM Gaussian kernel to match the preprocessed datafromthe
joystick session and saved as that run’s reference volume, to which all
subsequent volumes were aligned. FLIRT” was used to align V; to Vi,
areference mean functionalimage from the joystick session. The result-
ing transformation matrix M served to transform each subsequent
volume to V,, the space in which the region of interest mask of
navigation-related brain voxels was defined. Each volume V, was
smoothed, motion-corrected with MCFLIRT to V;, aligned to Vs viaM
and masked to extract voxels in the feedback region of interest.

Thefirst10 brain volumesin each run were used to estimate mean
and standard deviation parameters for each voxel. These parameters
were then used to normalize (that s, z-score) the activity of each voxel
inthe1lth volume and updated with each time step to reflect previous
volumes. That is, for a given voxel’s activity vector x consisting of ¢
timepoints, its normalized activity at time ¢, v,, was determined
as follows:

t-1 t-1

Xp — 1 1
=K wherep = I > x and o= — > (o -’ Q
k=1 k=1

Uy =

After selecting voxels from the navigation mask and normalizing
them, the data v, were passed through the trained MRAE encoder f,
suchthat f{V,)yielded the embedding of V, onto the T-PHATE manifold.
Finally, f(V,) - C,.s mapped the T-PHATE-embedded dataonto the feed-
back component for that session C,.,, which determined the angle of
movement ae(-90°, 90°). The value of a was transmitted back to the
scanner presentation computer via the fiber network link to a script
running PsychoPy, which was time-locked in communication with the
Unity video game viaa TCP connection and used to determine the next
step, vy, such that:

Y = Qigeal — Xideal X BrainControl + a x BrainControl )

where a,4.,; Was the angle that would keep the avatar along the straight-
est path to the goal and BrainControl was the proportion of control a
had over the avatar’s movement.

Attheendofeachtrial T, the error e; was computed as the ratio of
the total distance traveled by the avatar relative to the shortest possible
pathbetweenthestartand goallocations. BrainControl was then stair-
cased depending upon the e; and ¢, (defined as the average error
over the prior two trials)*, such that the BrainControl at trial 7 + 1was
determined by:

BrainControl; + step, if &7 < &prior

BrainControlr,, = 1 BrainControl; — step, if &7 > &yrior 3)

BrainControly, otherwise

Participants were given feedback along the intuitive component
for the four runs of the second session (first neurofeedback session).
BrainControl did not plateau during this session for one participant and
sothey repeated the IMsessionin their second visit and completed five
sessionstotal instead of four. For subsequent neurofeedback sessions,
participants began the first trial of the first run with BrainControl set
toitsfinal value fromthe end of their IM session plus 20%. They began
withonerunof IMtraining to recalibrate the feedback procedure before
receiving WMPs or OMPs in the second run.

We always began neurofeedback with IM in the second session
because this component was most consistent with the participant’s
intrinsic manifold learned in the first session. We reasoned that start-
ing with one of the perturbations (WMP or OMP) instead may have
altered the intrinsic manifold, rendering a subsequent IM session no
longer the intuitive mapping. By first receiving neurofeedback inwhat
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we hypothesized would be the easiest condition, participants also had
the opportunity to get familiar with the task and with modulating their
brainactivity. Perturbation order was counterbalanced across partici-
pantsto help control for potential temporal confounds, such that half
of participants received WMP during the third session and OMP during
the fourth session, and the other half received OMP then WMP. The
comparison of these conditions was the key test of the hypothesis that
WMP would be more learnable than OMP. We verified that there was
no effect of session order (Supplementary Fig. 6). To validate our BCI
learning effects, we simulated 20 realistic, null participants.

Neural manifold learning

A key innovation of this study is the use of diffusion geometry
methods* ™ to perform neural manifold learning and define an
intrinsic manifold of neural activity to target with neurofeedback.
Earlier studies using low-dimensional data representations as input for
BClsrelied onlinear dimensionality reduction methods (for example,
PCA, factor analysis) to approximate the intrinsic manifold of brain
activity as a linear subspace. More recent studies have shown that
high-dimensional neural population activity can be summarized within
alower-dimensional nonlinear manifold*®’®””, The linear approxima-
tion of a nonlinear manifold in previous work may not fully capture
the intrinsic manifold of brain activity and what activity patterns are
on versus outside the manifold (Supplementary Fig. 11).

fMRI signals have high noise in both space and time, so extract-
ing behaviorally meaningful brain activity from fMRI often requires
aggregating activity across many trials or participants, or reducing
dimensionality via averaging, to improve the signal-to-noise ratio.
Recently, we developed and applied a new manifold learning algorithm
(T-PHATE) to represent fMRI activity from single participants during
cognitively complex tasks*’. Qualitatively, T-PHATE's strength for use
with fMRI data is reflected in the organized clusters and trajectories
shown in the T-PHATE embeddings of fMRI activity from the joystick
task (Fig. 1b) relative to the disorganized and shattered PCA embed-
dings of the same data (Supplementary Fig.2a,b). Quantitatively, thisis
clearinthe higher decoding error and lower representational similarity
of PCA embeddings (Supplementary Fig. 2c,d); by retaining a greater
number of components, linear dimensionality reduction represen-
tations begin to approximate the quality of nonlinear embeddings,
suggesting that they inadequately characterize the nonlinearities of
the brain activity manifold.

We designed a three-step procedure to learn and apply non-
linear manifolds in rt-fMRI: (1) learning the intrinsic manifold of
single-participant fMRI activity via T-PHATE, which builds upon the
classic diffusion maps algorithm®; (2) training an MRAE to quickly
embed new brain volumes onto the learned T-PHATE manifold and
projecting them to the BCI mappings; and (3) identifying within- and
outside-manifold components based on the components of the MRAE
latent space as BCl mappings. These three steps are elaborated below.

T-PHATE. The T-PHATE algorithm is a dual diffusion-based manifold
learning method for discovering data geometry and latent dynamics
from complex, biological timeseries data. We used T-PHATE tolearna
low-dimensional manifold of brain activity in our study because
T-PHATE accurately captures cognitively meaningful signals and task
information in single-participant fMRIdata*®’, T-PHATE takes as input
multi-voxel activity patterns (thatis, amatrix with timepoints/samples
asrows and voxels/features as columns) and learns two ‘views’among
pairs of samples: a PHATE-based® affinity matrix and a temporal
autocorrelation-based affinity matrix. Extending the classic diffusion
mapsalgorithm®, PHATE provides an accurate, de-noised representa-
tion of local similarities (viaan a-decay kernel) and global relationships
(viaadiffusion potential distance), without many assumptions about
ahypothesized manifold structure®. The autocorrelation matrix mod-
els the temporal dynamics across data samples by computing the

correlation of each voxel’s timeseries with lagged versions of itself.
This kernel captures both the temporal dynamics related to the meas-
ured blood oxygen level-dependent signal and those related to the
temporally diffuse cognitive processes occurring within a given
multi-voxel pattern. The PHATE and autocorrelation views are con-
verted into transition probability matrices and then combined with
alternating diffusion, before embedding into an m-dimensional rep-
resentation using metric multi-dimensional scaling. T-PHATE embed-
dings were performed for individual participants. fMRI timeseries data
input to the T-PHATE algorithm were masked to include only voxelsin
the navigation mask, z-scored within voxel and fMRI run, and concat-
enated across runs.

MRAE. T-PHATE embeddings improved access to task-relevant
information from the brain data, as shown by the improvements
in location decoding and arena representation (Fig. 1c,d and
Supplementary Fig. 2¢,d). However, a key limitation of nonlinear
methods such as T-PHATE is that the learned manifolds are not
readily extensible to new data samples. To avoid needing to re-fit
the T-PHATE algorithm with each incoming fMRI volume in real
time (whichwould be prohibitively slow), we trained an MRAE to (1)
reconstruct the voxel-resolution fMRI data and (2) learn the corre-
spondence between input fMRI data and the corresponding points
on the T-PHATE manifold***. This latter operation was trained viaa
manifold regularization penalty, which minimizes a geometric loss
function of the distance between fMRIsamples in the autoencoder’s
bottleneck and the initial T-PHATE embedding. The encoder thus
learned a nonlinear mapping between the fMRI data in voxel space
and the fMRI data in T-PHATE space; after MRAE training was com-
plete, we could use the encoder to embed new fMRI samples onto
the T-PHATE manifold inreal time and it faithfully interpolated along
that manifold.

The MRAE encoder ( f) and decoder (g) each had three fully con-
nected layers, withabottleneck latent space layerinbetween. Asinput,
we gave the model both the training data ¥ (in this experiment, 80% of
thedatafromthejoystick session) and the T-PHATE embedding of the
training data (£(Y)). Theinputlayer of f and outputlayerof ghad nygyes
units, which was participant-dependent (that is, the number of voxels
in anindividual’s navigation network mask). Hidden layers had 256,
128, 64,20, 64,128 and 256 units, respectively, and leaky rectified linear
unitactivationswere applied onalllayers. We used the Adam optimizer,
abatch size of 64, and alearning rate of 0.001. The model was trained
with areconstruction error penalty for each sample seen at training
time, to minimize the MSE between Yand ¥, or fig(})). Models were
trained for 10,000 epochs; each epoch consisted of a complete pass
through the entire training dataset to calculate errors and update
network parameters. Thus, given participant’s data Y, where Y has k
timepoints, encoder f,and decoder g, the reconstruction penalty was
defined as:

L}:gconstruction (y) — Z ‘y;( _ yk|2 (4)
k

The model was also trained with manifold regularization, which
pushed the bottleneck layer to have the same geometry as the initial
T-PHATE embedding of ¥, E. This was computed by:

LE™ () = D1V - Eil” ®
k

To combine [geometric gn( [ reconstruction we ysed a coefficient y that
controlled the amount of geometric regularization to the hidden layer
of the MRAE. We used y = 0.01 for all participants, following previous
work onmanifold and geometry regularized autoencoders. The com-
bined loss L thus became:
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which was optimized over encoder f and decoder g. After training,
these weights were frozen and the testing set of data from the joystick
task (the remaining 20% of data) were passed through f to obtain their
embeddings in the latent space.

Defining manifold components. We used manifold components to
map the data from the T-PHATE manifold to the avatar’'s movement.
We learned these components using PCA over the MRAE latent space
(post-training), which yielded the eigenvectors of the T-PHATE covari-
ance matrix. We selected the three eigenvectors that captured the
greatest, second greatest and least variance in the 20-dimensional
manifold-embedded brain activity. We validated that thisapproach of
using the T-PHATE-based eigenvectors faithfully reflected the nonlinear
latent structure of noisy data (Supplementary Fig. 11). Experimentally,
werefer to these eigenvectors as the neurofeedback mapping compo-
nents, and we take the 1st and 2nd components to be C;yand Cyyp and
the 20th component to be Cyyp. These components were fitted indi-
vidually on each participant’s training data from the joystick session
and held constant through the experiment (that is, not refitted on
subsequent days).

Data analysis

Joystick session validation. We validated that the T-PHATE embed-
dings capturedtask-relevant signals during the joystick session. We visu-
alized thefirst three dimensions of the T-PHATE embedding timeseries
and colored each point based on the avatar’s coordinate in the game
arenaat thattimepoint. We depict embeddings from four consecutive
trials in five representative participants showing clustering by game
arena coordinates, withsimilarly colored points placed nearby despite
being derived frombrainactivity collected in different trials (Fig. 1b). To
assess the benefits of embedding the joystick session datawith T-PHATE
relative to more typical linear dimensionality reduction methods, we
performed the same visualization with PCA (Supplementary Fig. 2a,b).

We next attempted to decode the avatar’s coordinates from the
manifold embeddings. We trained a linear model (ridge regression,
implemented with the himalaya package in Python’®) to predict the
avatar’s location (X, Y coordinates, normalized within trial to account
for different spawning locations) at each timepoint from the T-PHATE
embeddingtimeseriesin the navigation network, using leave-one-run-out
cross-validation. On the held-out run, models were scored as the MSE
between the model-predicted (X, Y) coordinates and the avatar’s true
(X, Y) coordinates. Hyperparameter optimization was performed with
leave-one-run-out cross-validationintheinnerfold toselect the best regu-
larization penalty inthe ridge regression. To assess the benefit of T-PHATE,
we performed the same analysis using the original voxel-resolution data
(-1,300 voxels) before running T-PHATE (Fig. 1c) and the voxel-resolution
dataembedded with PCA (Supplementary Fig. 2c).

We also evaluated the representational similarity of brain activity
and arenalocations. In other words, are more proximal locationsin the
game arenarepresented more similarly in the brain than more distant
locations? We quantified this similarity by extracting fMRl activity pat-
terns for each timepoint and calculating the Pearson correlation of the
voxel or component patterns from all pairs of timepoints to populate
atimepoint-by-timepoint similarity matrix. We generated a parallel
timepoint-by-timepoint similarity matrix for distances in the game
arena by calculating one minus the Euclidean distance of the avatar’s
location between all pairs of timepoints.

For each participant, we tested for the second-order represen-
tational similarity of the brain’s correlation matrix, calculated from
voxel-resolution, PCA, and T-PHATE embeddings, and the arena’s
proximity matrix using a Mantel test*>*° (Fig. 1d for voxel-resolution
and T-PHATE; Supplementary Fig. 2d for PCA). This metric captures

how the neural embeddings reflect local and global task structure:
subsequent timepoints should be represented more similarly, as the
avatar moves continuously through the space, and more temporally
distant timepoints may also be represented similarly, as the avatar
canreturntothe same arena coordinates later in time. The Mantel test
takes the Spearman correlation of the true brain and arena proximity
matrices and a null distribution created by randomly permuting one
of the matrices and recomputing the Spearman correlation (10,000
iterations), then reports a z-score and P value of the true correlation
relative to the null distribution.

BCI learning during neurofeedback. The staircased BrainControl
parameter scaled with task accuracy (that is, stepping up with better
performance and down with worse performance), so ABrainControl
serves as a metric of BCl learning in each session. Across trials, we
tested whether ABrainControl was significantly greater thanzero using
randomization testing with cluster-based correction. As abaseline, we
computed the ABrainControl for each session type using the simulated
null participants.

Neural realignment with BCI learning. To quantify the neural
changes underlying BCI learning, we computed the proportion of
neural variance explained by each component of the manifold. Namely,
using the 20-dimensional T-PHATE embedding of each fMRI timepoint
(excluding rest between trials) f(V,), we computed the variance
explained by each eigenvector. We divided this value by the overall
variance of the data and multiplied by 100 to get the PEV along each
component. We focused on the PEV along the IM ( AV,) - Giu), WMP
(AAVY) - Cwmp) and OMP (V) - Comp) components. We then took the final
run’s PEV and subtracted it from the first run’s PEV to get APEV, our
measure of neural realignment.

Inthe main analyses (Fig. 4), we report APEV for each component
inits correspondingsession (thatis, APEV for the IMcomponent during
the IM session). Supplementary Results report APEV for each compo-
nentinnoncorrespondingsessions (thatis, APEV for theIM component
during the WMP session) to test the specificity of the observed neural
learning effects (Supplementary Fig. 7). We bolstered our characteri-
zation of the observed neural changes as realignment by considering
the overall variance in brain activity over learning and the specificity
ofthe APEV findings to the component being trained versus arbitrary
manifold components, as well as simulated changes that could result
from a realignment or subselection distributional shifts of different
sizes. The details of these analyses are in Supplementary Methods.

Whole-brain decoding. The navigation mask of brainregions used for
neurofeedback showed neural realignment, but changes could also be
reflected elsewherein the brain. Using a whole-brain searchlight analy-
sis, we computed the accuracy of decoding the avatar’s coordinatesin
the game arena from multi-voxel patterns of fMRI data during the first
and last runs of neurofeedback for each session type. Searchlights were
centered on every voxelinthebrain, each surrounded by asphere with
aradius of 3 voxels (343 total voxels per searchlight).

For eachsearchlight, we trained alinear model (ridge regression,
himalaya package in Python’) to predict the avatar’s location (X, Y
coordinates) at each timepoint from the fMRI activity pattern across
voxels in that searchlight using leave-one-trial-out cross-validation.
Models were scored based on the MSE between the predicted and
true coordinatesin the held-out trial, averaged across folds to get one
voxelwise map of errors for the first and last neurofeedback runs of
each sessiontype (lower distance means better decoding). To quantify
the changeindecoding, we subtracted the last run’s map fromthe first
run’s map and normalized the difference by the sum of the first and last
run’s maps. The resulting value for each voxel is thus bound between
-land1, withlindicatingalarger relative distanceinthe first run than
the final run (thatis, improved location decoding).
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We tested the statistical significance of the normalized difference
in each session type using FSL’s randomise function® with variance
smoothing and a 5-mm sigma, corrected for multiple comparisons
with threshold-free cluster enhancement®. Note that these anal-
yses were, by necessity, performed in voxel space, as the search-
lights were different sets of voxels than those used to define the
T-PHATE manifold.

Statistical analyses

Allstatistical comparisons were conducted using nonparametric ran-
domization tests (10,000 iterations). For paired comparisons and
one-sample tests against zero, condition labels were randomly shuf-
fled within participant to construct a null distribution of the mean
(difference) across participants. For independent-sample compari-
sons, group labels were randomly shuffled across all observations,
preserving group sizes, to construct the null distribution of the mean
difference across participants. The Pvalue was calculated as the pro-
portion of iterations meeting or exceeding the observed statistic in
absolute value (or exceeding 0 in magnitude for one-sample tests).
One-sided tests were used for directional hypotheses and two-sided
tests for nondirectional hypotheses. Significance at the trial level
(Fig. 3a) was evaluated using randomization tests, with cluster-based
multiple-comparisons correction across adjacent trials.

Cls (95%) were estimated by using bootstrap resampling to gener-
ateasamplingdistribution of the effect®. On each 0f 10,000 iterations,
we sampled the same number of participants with replacement. For
one-sample tests, we calculated the mean across resampled partici-
pants. For paired comparisons, we computed the difference between
conditions within each resampled participant and then the mean dif-
ference across participants. Forindependent-sample comparisons, we
resampled participants separately within each group before calculating
the group means and difference.

To evaluate individual differences in brain-behavioral relation-
ships, we fit an ordinary least squares regression model using the
statsmodels package in Python®*. We clustered standard errors by par-
ticipantto account for the repeated-measures structure and included
counterbalancing order as a fixed effect. Cls and P values were com-
puted using a Wald ¢-distribution approximation.

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

Data availability

Raw and preprocessed functional and anatomical images, behavioral
data, model weights and neurofeedback masks in native space are
available via Dryad at https://doi.org/10.5061/dryad.9cnp5hrOw (ref.
85).Source data are provided with this paper.

Code availability

The task code was programmed with C# for Unity (unity3d.com; Ver-
sion 2019.4.12f1) and is available at github.com/ericabusch/avatarRT_
task. Thert-fMRIexperiment used the open-source rtCloud framework
(rt-cloud.readthedocs.io)®*. Our experiment, preprocessing and analy-
sis scripts are available at github.com/ericabusch/avatarRT _analysis.
MRAE code is available at github.com/ericabusch/MRAE. T-PHATE
is available as a Python package at github.com/KrishnaswamyLab/
TPHATE and via Zenodo at https://doi.org/10.5281/zenodo.7637522
(ref.78).
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed

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

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

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

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

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

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection Data were collected on a 3T Siemens Prisma scanner with custom code written in Psychopy (version 2022.2.4 ; scanner experiment code
available here https://github.com/ericabusch/avatarRT_task/tree/main/experimenter_computer). Real-time fMRI used the open-source
rtCloud framework (rt-cloud.readthedocs.io). The task performed in the scanner was run with custom code programmed in C# for Unity3D
and presented with Unity (Version 2019.4.12f1; task code available: https://github.com/ericabusch/avatarRT_task/tree/main/Assets/Scripts).

Data analysis Data analyses was performed with custom scripts in python version 3.7. All analysis code is available here: https://github.com/ericabusch/
avatarRT_analysis along with conda environments containing versions for python packages including SciPy, Sklearn, T-PHATE, MRAE, pytorch.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
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Data

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

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Raw and preprocessed functional and anatomical images, behavioral data, model weights, and neurofeedback masks in native space are available at the following
link: https://doi.org/10.5061/dryad.9cnp5ShrOw. Source data are available for the results presented in all figures.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We report data from 20 participants, including 10 identifying as female.

Reporting on race, ethnicity, or We did not collect or report information about race or ethnicity or other socially relevant groupings.
other socially relevant

groupings

Population characteristics We recruited 20 healthy young adults from the New Haven community (10 female, age range = 19--35 years, mean age =
25.8 years).

Recruitment Participants were recruited from the New Haven community via community recruitment and word of mouth (i.e., fliers, email
lists). . All participants provided informed consent to an experimental protocol approved by the Yale University Institutional
Review Board. Participants completed four or five fMRI sessions lasting 1-1.5 hours each and were compensated for their
participation ($20/hour plus retention incentives: $5/session cumulative bonus for each return session and $40 for
completion).

Ethics oversight The study protocol was approved by the Yale University Institutional Review Board

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.
Study description Data are quantitative experimental, with a repeated within-subject, repeated-measures design.

Research sample The research sample included healthy young adults (ages 19-35 years) from the New Haven community. Ten participants reported
self-identifying as female. This sample size is greater than or comparable with other multi-day real-time fMRI studies.

Sampling strategy The sample size was chosen based upon prior literature conducting multi-day real-time fMRI studies. Our sample size is comparable
with or greater than those included in prior literature.

Data collection Participants were blind to the hypothesis and experimental condition during the course of the experiment. Researchers were not
blind as to condition. fMRI data were collected using a 3T Siemens Prisma MRI scanner. No one was present during the experiment
aside from the participant and two researchers who were operating the scanner and experiment. Data about the task were collected
using custom Unity3D scripts and provided as above.

Timing Data for all 20 participants were collected between April 5, 2023, and September 15, 2023.

Data exclusions Two participants were excluded from neurofeedback analyses (i.e., included for the joystick results during the first session, as
presented in Figure 1, but excluded from analyses for second session onward). One participant was excluded due to a scanner
malfunction during Session 4 resulting in lost data for that session, preventing the within-subject comparison. The other participant
was excluded for falling asleep during multiple fMRI runs.
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Non-participation One participant dropped out during the second session due to discomfort during the MRI scan.

Randomization Participants were randomly assigned to either receive the within-manifold perturbation or outside-manifold perturbation first, such
that 10 participants were included in each condition.

Reporting for specific materials, systems and methods

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

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

[] Animals and other organisms
[] clinical data

[ ] Dual use research of concern

[] plants

MNXXNXNXXX s

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a

Magnetic resonance imaging

Experimental design

Design type Naturalistic video game task design

Design specifications Participants completed 4 runs of approximately 10 minutes per run during each MRI session. Runs were comprised of
trials that were self paced but on average 30 s per trial, with 6 s break between trials. Participants were given a break of
self-determined length between runs. Participants completed 4--5 fMRI sessions total on separate days, but with a
target of 24 hours between session (maximum time = 48 hours) (mean = 27.4 hours, range = 13--48 hours). All sessions
had to be completed within 7 days.

Behavioral performance measures Participants were scored based on their accuracy during the video game task (i.e., the distance they traveled in
navigating the avatar from the start location to the goal location relative to the shortest possible distance). Participants
were presented with this as the percentage of extra distance the avatar traveled during a given run. This was used to
adjust the difficulty of the task, where the more difficult the task got, the better participants were performing. We
compared the mean performance and standard deviation of performance within condition to determine if participants
were performing the task as expected, and we also compared this to simulated fMRI data performing the same task

Acquisition
Imaging type(s) functional
Field strength 3T
Sequence & imaging parameters Functional data were acquired using a 3T Siemens Prisma scanner with a 64-channel head coil at the Brain Imaging

Center at Yale University. BOLD data were collected with an echo-planar imaging (EPI) sequence (TR =2s; TE =30 ms;
voxel size = 3 mm isotropic; FA = 8 degrees; IPAT GRAPPA acceleration factor = 2; distance factor = 25%). We acquired
two spin-echo field map volumes in opposite phase encoding directions for field map correction (TR=5s; TE = 80 ms;
otherwise matching the EPI sequences). During the first session we collected two high-resolution anatomical images for
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Area of acquisition

Diffusion MRI [ ] used

Preprocessing

Preprocessing software

Normalization

Normalization template

Noise and artifact removal

Volume censoring

spatial registration: a 3D T1-weighted magnetization-prepared rapid acquisition gradient echo (MPRAGE) scan with an
IPAT GRAPPA acceleration factor of 2 (TR = 2.5 s; TE = 2.9 ms; voxel size = 1 mm isotropic; FA = 8 degrees; 176 sagittal
slices), and a 3D T2-weighted fast spin echo scan with variable flip angle and IPAT GRAPPA acceleration factor of 2 (TR =
3.2's; TE = 565 ms; voxel size = 1 mm isotropic; 176 sagittal slices).

whole-brain

E Not used

Data collected during the first fMRI session were preprocessed using fMRI Expert Analysis Tool (FEAT) version 6.00, part of
fMRIB's Software Library (FSL) version 6.0.5. EPI and anatomical images were skull-stripped using the Brain Extraction Tool
(BET). Susceptibility-induced distortions were measured via opposing phase spin echo volumes and corrected using FSL's
topup command. EPI images were high-pass filtered with a 100 s period cutoff, corrected for head motion using MCFLIRT,
corrected for slicetiming, and smoothed spatially using a Gaussian kernel (5 mm full-width half-maximum).

During real-time analysis, these steps were abbreviated to be conducted rapidly: the first volume of each functional run was
smoothed with a 5 mm FWHM Gaussian kernel and FMRIB's Linear Image Registration Tool (FLIRT) with nearest neighbor
interpolation was used to derive a transformation T between a template volume from the participant's first session data and
this first volume of the functional run. All subsequent volumes were smoothed with the 5 mm FWHM Gaussian kernel,
motion corrected using MCFLIRT, and aligned to the template volume via T.

Functional images were registered to a participant's T1 weighted anatomical scan using boundary-based registration (BBR)
with 3 degrees of freedom and to standard space using a nonlinear registration 12 degrees of freedom.

Data were registered to the 2mm MNI standard brain for deriving a transformation matrix for the functional ROl selected and
for performing the whole-brain searchlight analysis. Native space was used for computing neurofeedback scores in real-time,

and data were normalized in real-time to a reference volume collected from the participant during their first session.

Head motion was corrected for using Motion Correction using FLIRT (MCFLIRT) in FSL version 6.0.5. Due to the temporal
constraints on real-time fMRI we did not perform artifact removal for the first session analyses and for real-time analyses.

Due to the temporal constraints on real-time fMRI we did not perform volume censoring.

Statistical modeling & inference

Model type and settings

Effect(s) tested

In Figure 1C, we report a multivariate decoding analysis using a multiple linear regression to decode task features (i.e., the
avatar's location in the arena) from 1) the high-dimensional voxel-resolution pattern and 2) the T-PHATE embedding of this
pattern. We report the mean-squared error of these models. In Figure 1D, we use the same input data and use a
representational similarity analysis to relate the similarity of task features (the avatar's location in the arena) and the
similarity of neural activity. In figure 4B, we report the change in the percentage of variance explained by the neurofeedback
component over the course of neurofeedback learning. In Figure 4C, we fit an ordinary least squares regression model using
the statsmodels package in Python. We clustered standard errors by participant to account for the repeated-measures
structure and included counterbalancing order as a fixed effect. We used a whole-brain searchlight analysis in figure 4D to
decode task features from multi-voxel patterns.

We used ANOVA to test whether participants differed in their ability to learn the BCl as an effect of an interaction between
session type and session order.

Specify type of analysis: [ | whole brain | | ROI-based X Both

Anatomical location(s)

Statistic type for inference

(See Eklund et al. 2016)

ROI-based analyses were used for the joystick and neurofeedback sessions. The region of interest was
determined using the search term "navigation" in the meta-analysis site Neurosynth.org . This yielded an
association test z-statistic map, which displays voxels frequently reported in articles including the search
term and FDR corrected at 0.01 . We also perform a whole brain searchlight analysis.
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All statistical comparisons were conducted using nonparametric randomization tests (10,000 iterations). For paired
comparisons and one-sample tests against zero, condition labels were randomly shuffled within participant to construct a
null distribution of the mean (difference) across participants. For independent-sample comparisons, group labels were
randomly shuffled across all observations, preserving group sizes, to construct the null distribution of the mean difference
across participants. The P-value was calculated as the proportion of iterations meeting or exceeding the observed statistic in
absolute value (or exceeding 0 in magnitude for one-sample tests). One-sided tests were used for directional hypotheses and
two-sided tests for nondirectional hypotheses. Significance at the trial level (Figure 3A) was evaluated using randomization
tests, with cluster-based multiple-comparisons correction across adjacent trials.

Confidence intervals (95%) were estimated by using bootstrap resampling to generate a sampling distribution of the effect.
On each of 10,000 iterations, we sampled the same number of participants with replacement. For one-sample tests, we
calculated the mean across resampled participants. For paired comparisons, we computed the difference between conditions
within each resampled participant and then the mean difference across participants. For independent-sample comparisons,
we resampled participants separately within each group prior to calculating the group means and difference83.

To evaluate individual differences in brain-behavioral relationships, we fit an ordinary least squares regression model using
the statsmodels package in Python. We clustered standard errors by participant to account for the repeated-measures
structure and included counterbalancing order as a fixed effect. Confidence intervals and P-values were computed using a
Wald t-distribution approximation.
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Correction Cluster-based multiple comparison correction across adjacent trials (Figure 3A).
Threshold-free cluster enhancement multiple comparisons correction in the whole-brain searchlight analysis

Models & analysis

n/a | Involved in the study
|X| |:| Functional and/or effective connectivity

|X| |:| Graph analysis

|:| |X| Multivariate modeling or predictive analysis

Multivariate modeling and predictive analysis Dimensionality reduction used the T-PHATE algorithm as outlined in the methods section.
Manifold regularized autoencoder (MRAE) was used to extend the T-PHATE manifold. This is an autoencoder
which has three fully connected layers in the encoder and three in the decoder with a bottleneck latent
space layer between them. This model is trained using an Adam optimizer, batch size of 64, learning rate of
0.001, with a reconstruction error penalty to minimize the mean squared error between input and output
samples and a manifold regularization penalty to minimize the mean squared error between the sample's
embedding in the bottleneck layer and its ground-truth location in the TPHATE embedding space.
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