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Human learning of noninvasive  
brain–computer interfaces via  
manifold geometry
 

Erica L. Busch    1,2, E. Chandra Fincke1, Guillaume Lajoie    3,4, 
Smita Krishnaswamy    2,4,5,6,7   & Nicholas B. Turk-Browne    1,2 

Brain–computer interfaces (BCIs) promise to restore and enhance human 
capabilities. Yet, their adoption has been limited by slow and inconsistent 
learning across users. We show that BCI 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 imaging to control an avatar in a video 
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 BCI learning. 
When new mappings relied on directions of significant variance on the 
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.

BCIs enable users to control external devices like computer displays, 
communication tools or robotic effectors with their brain activity1–8. 
Progress in developing BCIs for neural rehabilitation and cognitive 
augmentation in humans has been hindered by challenges with neural 
decoding and user training8–11. As such, current human BCIs are pro-
hibitively slow for users to learn and require frequent calibration to 
maintain performance, and even still many ‘nonresponders’ are never 
able to gain control12–18.

In this project, we design and validate a computational framework 
that enhances human BCI learning. We hypothesized that some brain 
states are easier for people to generate, and that tailoring training to 
these brain states will facilitate BCI learning. To test this hypothesis, we 
trained healthy human participants to control a video game while their 
brain activity 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 a form of noninvasive BCI for neurofeedback19–23 and yet suffers the 
same challenges as other BCIs of slow learning or nonresponse18,24. 
Within this system, we perturbed the relationship between measured 
brain activity and the video game display to probe how humans learn 
to generate 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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structure in complex biomedical processes37–39. We optimized a variant 
for fMRI—temporal potential of heat diffusion for affinity-based transi-
tion embedding (T-PHATE)—that learns a lower dimensional manifold 
for each participant and highlights brain states related to cognition 
and behavior better than other dimensionality reduction approaches40 
(Fig. 1), including the linear methods used in most earlier BCI studies.

Participants in our 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 
a joystick. 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 fMRI activity 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 

or ‘intrinsic manifold’, of the neural population activity25–28. This kind 
of manifold-based BCI learning also promotes more efficient transfer 
between similar brain states and supports more stable performance 
over time29–35. 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 train in human BCI learning.

Our framework represents an advance over earlier work in several 
ways. First, given the integral role of higher-order cognitive processes 
in successful BCI learning16,36, 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 BCI 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 
BCIs for enriching human 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 success in applied mathematics for discovering nonlinear 
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Fig. 1 | Manifold learning and validation. a, Participants practiced self-guided 
navigation by steering an avatar with a joystick 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. 1 for more views). These patterns were then 
embedded into a low-dimensional manifold using the T-PHATE algorithm. Each 
data point is 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 
arena location 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 

arena environment. T-PHATE neural timeseries for five representative 
participants during four consecutive trials of the joystick task are depicted.  
The location 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 
in the T-PHATE embedding. c, 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 arena locations 
(N = 20). The representational geometry of T-PHATE embeddings better 
matched the arena location geometry than the original voxel space 
(P = 0.0002) or PCA embeddings of the same data (Supplementary Fig. 2d). 
For both c and d, statistical significance was assessed using a nonparametric 
randomization test (paired, two-tailed, 10,000 iterations). *** P < 0.001.
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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 brain regions
Our initial goal was to learn a meaningful manifold of brain activity that 
could be used in later sessions to guide BCI 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 dimensions39, so we embedded each 
participant’s fMRI timeseries data for all trials of the joystick task into 
three dimensions using T-PHATE40 and labeled each timepoint by the 
avatar’s corresponding coordinate in the game arena (Fig. 1a). Validat-
ing that the brain activity 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 
arena smoothly (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 representations40,41. 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’s arena 
coordinates at each timepoint of the joystick task. Regression models 
were scored as the mean squared error (MSE) between the model- 
predicted and true coordinates in 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 distribution42 
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%CI = [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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Fig. 2 | Real-time manifold extension and neurofeedback. a, An MRAE uses 
a T-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 
in orange. When projected onto each component, the point results in three 

different angles of movement in the feedback display. Positive projections (right 
of the vectors’ intersection) result in turns of 0° to 90°; negative projections 
(left of intersection) result in turns of −90° to 0°. c, Closed-loop procedure used 
rt-cloud64 software to transfer, analyze and administer continuous feedback 
based on fMRI scans acquired every 2 s. d, The proportion of control that a 
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.

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02311-2

reduction methods is that the learned dimensions cannot be easily 
extended to untrained data39. 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 time43,44 (Fig. 2a). MRAE is trained to optimize for two measures 
of model fit: (1) a reconstruction error penalty, which uses MSE to 
quantify how well the autoencoder reproduces the original data; and 
(2) a manifold 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 a single 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 on its 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 participants45. 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 to learn a 
useful manifold or for the MRAE training to succeed. Indeed, the overall 
MRAE training loss (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 
task reflected learnable, extensible structure that was not found in simu-
lated brains devoid of a task-driven signal (see Supplementary Figs. 4 
and 5 for individual participant data).

Manifold-constrained learning of BCI control
We quantified BCI 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 proportion46 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 in the 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, BCI learning of the 
IM occurred 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 
a slower 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 BCI learning was quantified as ΔBrainControl from the 
first to the last trial of each session type (Fig. 3b). BCI learning varied 
significantly across session types (F(2, 51) = 51.87 , P = 5.11 × 10−13, 
R2 = 0.67). There was a significant positive learning effect in the IM 
session (mean ΔBrainControl = 49.33, 95%CI = [45.33, 55.33], 
P = 0.0001, d = 5.55) and in the WMP session (mean ΔBrainControl =  
16.67, 95%CI = [7.78, 25.56], P = 0.002, d = 0.84), but not in the OMP 
session (mean ΔBrainControl = −0.67, 95%CI = [−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%CI = [22.00,42.89], P = 0.0002 , d = 1.42) or the OMP session 
( mean difference = 50.00 ,  95%CI = [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%CI = [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 

eta squared (η2
p) = 0.03), nor an interaction between order and session 

type (F(1, 32) = 1.14, P = 0.29, η2
p = 0.03; Supplementary Fig. 6).

BCI learning effects in neurofeedback participants were bench-
marked against simulated null fMRI participants that underwent identi-
cal procedures without the possibility for learning (Fig. 3c). As 
expected, these simulated data did not show a significant increase in 
BrainControl in any session type (P values > 0.1). This analysis verifies 
that the observed BCI learning effects in the real participants were not 
an artifact of the staircasing procedure or rt-fMRI processing pipeline.

Realignment of neural activity along manifold
We hypothesized that the mechanism for BCI learning is the alignment 
of brain activity with the manifold component being trained. That is, by 
modulating their brain activity in high-dimensional space to increase 
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 (ΔPEV) 
between the first and last runs of each session.

Neural activity became more aligned with the IM component 
(mean across participants: ΔPEV = 1.06 , 95%CI = [0.35, 1.72] , 
P = 0.005 , d = 0.70 ) and the WMP component (ΔPEV = 0.71 , 
95%CI = [0.01, 1.49] , P = 0.042 , d = 0.42) during their respective 
neurofeedback sessions, but not with the OMP component 
(ΔPEV = −0.45,95%CI = [−1.36, 0.39], P = 0.35, d = −0.23; Fig. 4b). 
Importantly, these increases in alignment for IM and WMP were selec-
tive to the trained component: there was no increase in alignment with 
WMP or OMP components in 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%CI = [−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%CI = [0.52, 2.49],  P = 0.005,  d = 0.69 ;  v e r s u s  W M P : 
mean difference = 1.16, 95%CI = [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), which would 
have complicated interpretation of proportional changes. Second, the 
ΔPEV effect was specific to the trained component (for example, CIM 
during IM training; Supplementary Figs. 7 and 8b). Arbitrary components 
of the manifold did not show significant ΔPEV in any session and the 
ΔPEV after on-manifold training was greater than arbitrary components  
(CIM: mean z = 0.57,95%CI= [0.25,0.88], P = 0.002, d = 0.81; CWMP : 
mean z = 0.41,95%CI  = [0.03,0.82] , P = 0.03, d = 0.47); this was  
not true for outside-manifold training (COMP: mean z= −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 (CIM: meanvariance change= 0.028,95%CI = [0.00,0.06] ,
P = 0.06, d = 0.38 ;  CWMP :  meanvariance change = 0.013,95%CI
= [0.00,0.03], P= 0.079, d = 0.35 ), but not outside-manifold  
learning (COMP : meanvariance 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 a reduction 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). The realignment strategy would be more effective for 
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gaining control of the full range of directions the avatar could turn in 
the game, as the component was mapped continuously onto turning 
direction such that both high and low projection values were useful 
for different angles. 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 BCI learn-
ing in this task.

Relationship between BCI learning and neural realignment
Neural activity became more aligned with on-manifold components 
(IM and WMP) during neurofeedback training. We fit a linear model to 
predict whether the relationship between BCI learning (ΔBrainControl) 
and neural realignment (ΔPEV) differed across session types, including 
counterbalancing order as a fixed 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 (χ2 ≈ 0, 

P = 0.50), justifying the use of ordinary least squares regression. The 
model accounted for a significant proportion of variance in 
ΔBrainControl (F(6,47) = 35.88, P = 9.71×10−9, R2 = 0.738) and 
revealed a significant interaction between ΔPEV  and session type 
(F(2, 17) = 4.40, P = 0.02): there was no significant effect of ΔPEV in 
the IM session (β = −2.00, 95%CI = [−4.04,0.03] , z = −1.41, P = 0.16) 
or the OMP session ( β = 1.24, 95%CI = [−3.01, 5.50], z = 0.57 ,  
P = 0.57 ), but there was a significant effect in the WMP session 
 (β = 7.85 , 95%CI = [2.38, 13.32], z = 2.81 , P = 0.005 ). Simple slope 
analyses for each session confirmed that ΔPEV significantly predicted 
ΔBrainControl during WMP ( β = 5.60 , 95%CI = [0.15, 11.05],  
t(16) = 2.18, P = 0.045), but not IM (β = −1.67, 95%CI = [−4.64, 1.29], 
t(16) = −1.20 , P = 0.25 ) or OMP (β = −1.09 , 95%CI = [−4.82, 2.65], 
t(16) = −0.62, P = 0.54; Fig. 4c) .

Consistent with the interpretation that CIM was already the strong-
est source of variance in the learned manifold, it makes sense that 
additional neural alignment along CIM did not further benefit BCI 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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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 BCI learning by session type 
across real (colors; N = 18) and simulated null (gray; N = 20) participants. Lines 
show mean across participants and bands show 95% CIs of the mean. Bars indicate 
mean overall learning (identical to b for real participants) and error bars 
represent 95% CIs 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 samples in b and independent samples in c). 95% CIs were 
estimated via bootstrap resampling (10,000 iterations) ***P < 0.001, **P < 0.01, 
*P < 0.05, not significant (NS) P ≥ 0.1.
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average. The WMP session always occurred after the IM session (either 
immediately or after OMP) and so participants had to realign activity 
from the IM to WMP components in order to gain control. This realign-
ment was possible, given that WMP was on the intrinsic manifold, and 
the extent to which it occurred determined the amount of BCI learning 
in this session.

Brain-wide changes associated with BCI learning
We also investigated another signature of BCI learning that was unique 
to the WMP condition: improved task representation. Learning to con-
trol activity in one brain region can also alter nontarget brain regions, 
such as those involved in cognitive strategies and modulation of target 
regions47–50. We thus used an exploratory searchlight analysis to test 

for improved 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 
in several brain regions (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 BCI 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 BCI 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 BCI technologies has been hindered to date 
by the slowness and variability of learning across individuals. These 
challenges persist whether the BCI uses invasive or noninvasive neural 
recordings8. Previous rt-fMRI neurofeedback studies have typically 
required four to ten training sessions to achieve robust changes in per-
ception and cognition19–23,51,52. Moreover, one-third of neurofeedback 
users remain unable to change their brain activity18,24. In the current 
study, all participants successfully learned to self-regulate brain activ-
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 
brain activity. As in other neurofeedback studies19,53, 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) via an invasive BCI in the motor cortex25,27–29. 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 a broader range 
of applications—including invasive studies of language or sensorimo-
tor processes, and noninvasive studies that use neurofeedback to train 
attention or emotion regulation and to alleviate psychiatric or neuro-
logical symptoms—which have so far relied on simpler representations 
or linear methods1–7,20,50,54–57.

One reason that manifold learning methods like T-PHATE enhance 
BCI learning may be that they yield high-quality feedback that pro-
motes durable changes in brain activity and behavior. Previous work 
found that BCI learning of within-manifold perturbations is supported 
by neural reassociation—the remapping of existing activity patterns 
to a new behavior26. By contrast, BCI learning in the current study was 
supported by neural realignment—the generation of novel activity 
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percentage of explained variance (ΔPEV) over neurofeedback training for each 
session type. Bars represent the mean across participants (N = 18); points 
represent individual 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% CIs were 
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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. c, Predicting BCI learning 
(ΔBrainControl) from changes in neural realignment (ΔPEV) within session type. 
β and P values were computed using linear regression; lines show the regression 
estimate and error bands show 95% CIs 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 arena location improved across 
neurofeedback runs in 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.
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patterns to drive a behavior. Although neural reassociation can occur 
more quickly, neural realignment is the behaviorally optimal solution 
and has been shown to emerge with longer training times26. In addition 
to using T-PHATE to extract a richer, more informative manifold40, our 
framework may have enabled rapid neural realignment by encourag-
ing incremental learning with a staircasing procedure, which has been 
linked to generating new activity patterns9,27,58–62. 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 does rapid relearning occur after the WMP but not the OMP? 
The capacity to self-modulate brain activity depends upon how the 
target brain activity relates to the geometry of the extant brain activity. 
Our finding that participants failed to learn an OMP in a single session 
converges with computational models and studies of nonhuman pri-
mates, in which such learning can take approximately ten times as much 
training as a WMP27,59,61,63. 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 a less dramatic change to the geometry of the exist-
ing brain activity (that is, from the intuitive 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 than binary, 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 a 100-dimensional space, the 100th ranked component may have 
been less 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 BCI mappings 
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 BCI learning with rt-fMRI neu-
rofeedback have often required multiple sessions to achieve consistent 
success across participants19–23,51,52. The need for multiple sessions is 
especially true when seeking to train fine-grained control of multivari-
ate activity patterns rather than up- or down-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 symptoms55,56. 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 BCI 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 BCIs with two or 
more dimensions of control (for example, direction plus speed in the 
current game). Our findings offer a manifold-guided route for improv-
ing basic and translational BCIs. We anticipate that these improvements 
will increase 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 were recruited 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 
(one for falling asleep in multiple fMRI runs and one because of a scan-
ner malfunction). One participant dropped out after the first session 
due to discomfort in the scanner and was replaced with an additional 
participant. This resulted in a final 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-fMRI studies19,20,22,23,48,52,57,65. 
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 plus retention incentives: 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/) with a human avatar in a virtual outdoor arena 
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 current location to the 
goal location. For each trial within a run, the flag was placed at the same 
distance from the avatar’s spawning location but at a randomly selected 
angle. Each run 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-
gers were synchronized with the game engine via a custom PsychoPy/
TCP script. Task instructions 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 
sample videos 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 a break between runs. Sessions were scheduled on 
separate days with a target of 24 h between 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.

fMRI data were acquired using a 3 T Siemens Prisma scanner with 
a 64-channel head coil at the Brain Imaging Center at Yale Univer-
sity. Blood oxygen level-dependent signal data were collected with an 
echo-planar imaging (EPI) sequence (repetition time (TR) = 2 s; echo 
time = 30 ms; voxel size = 3 mm 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 
a large network of voxels involved in self-directed navigation down-
loaded from neurosynth.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 goals67–70 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 choice to 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 than to any special functional properties of specific regions. We 
speculate this may be a more general principle: given a task that evokes 
meaningful and dynamic activity in a brain region, 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 
is an 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 arena locations. 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 are in 
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 6.0071, part of fMRIB’s Software Library 
(FSL) version 6.0.5. EPI and anatomical images were skull-stripped 
using the Brain Extraction Tool72. Susceptibility-induced distortions 
were measured via the opposing-phase spin-echo volumes and cor-
rected using FSL’s topup function73. Each functional run was high-pass 
filtered with a 100-s period cutoff, corrected for head motion with 
Motion Correction using FLIRT (MCFLIRT)74, corrected for slice tim-
ing and 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 
registration75 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 embedding40. 
We selected this dimensionality to (1) obtain low decoding error and 
high representational similarity (Fig. 1 and 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 
a priori 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 (CIM), the WMP (CWMP) 
and the OMP (COMP) components used for neurofeedback. Participants’ 
eigenspectra varied considerably in the amount of variance explained 
across components; thus, selecting component 20 for OMP, as opposed 
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to component 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 the input fMRI data in voxel space and to learn a latent represen-
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 to incoming 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, 
extracting its embedding in the T-PHATE manifold. We then projected 
the embedded data onto CIM, CWMP and COMP, as 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 data along 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 min each) during which their task was to use their 
brain to make the avatar walk to the flag as directly as possible. As in 
the joystick session, they were given 60 s to complete each trial in the 
first run and +10 s for each subsequent run.

The participants were instructed to “generate a mental 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 a wide range of strategies in a post-
study questionnaire (Supplementary Table 1). They were reminded at 
the start of each run that the avatar’s movement reflected their brain 
states over the past 4–6 s, and that the avatar’s movement was a delayed 
reaction to their thoughts.

We outlined the staircasing training procedure to participants 
as followed. Participants were told that there were ‘bumpers’ (akin to 
those on a bowling lane) to aid in keeping the avatar walking relatively 
straight to the goal at first (that is, at lower game levels). As brain 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 brain activity to be more accurate in order to go 
straight. Participants were instructed that their goal was to continue 
‘leveling up’. The first neurofeedback run started at level 0, and at the 
end of each trial, participants were presented with a feedback display 
explaining performance as the percentage of distance traveled over and 
above the shortest possible path to the goal. They were then informed if 
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 
same if their 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 a remote, HIPAA-aligned high-performance 
compute cluster. The first volume of each run V1 was smoothed with a 
5-mm FWHM Gaussian kernel to match the preprocessed data from the 
joystick session and saved as that run’s reference volume, to which all 
subsequent volumes were aligned. FLIRT74 was used to align V1 to Vref, 
a reference mean functional image from the joystick session. The result-
ing transformation matrix M served to transform each subsequent 
volume to Vref , the space in which the region of interest mask of 
navigation-related brain voxels was defined. Each volume Vt  was 
smoothed, motion-corrected with MCFLIRT to V1, aligned to Vref  via M 
and masked to extract voxels in the feedback region of interest.

The first 10 brain volumes in each run were used to estimate mean 
and standard deviation parameters for each voxel. These parameters 
were then used to normalize (that is, z-score) the activity of each voxel 
in the 11th volume and updated with each time step to reflect previous 
volumes. That is, for a given voxel’s activity vector x consisting of t 
timepoints, its normalized activity at time t, vt , was determined 
as follows:

vt =
xt − μ

σ , whereμ = 1
t − 1

t−1
∑
k=1

xk and σ =
√√√
√

1
t − 1

t−1
∑
k=1

(xk − μ)2 (1)

After selecting voxels from the navigation mask and normalizing 
them, the data Vt were passed through the trained MRAE encoder f , 
such that f(Vt) yielded the embedding of Vt onto the T-PHATE manifold. 
Finally, f(Vt) ⋅ Cses mapped the T-PHATE-embedded data onto the feed-
back component for that session Cses, which determined the angle of 
movement α∈(−90°, 90°). The value of α 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 via a TCP connection and used to determine the next 
step, γ, such that:

γ = αideal − αideal × BrainControl + α × BrainControl (2)

where αideal was the angle that would keep the avatar along the straight-
est path to the goal and BrainControl was the proportion of control α 
had over the avatar’s movement.

At the end of each trial T , the error ϵT  was computed as the ratio of 
the total distance traveled by the avatar relative to the shortest possible 
path between the start and goal locations. BrainControl was then stair-
cased depending upon the ϵT  and ϵprior (defined as the average error 
over the prior two trials)47, such that the BrainControl at trial T + 1 was 
determined by:

BrainControlT+t =
⎧⎪
⎨⎪
⎩

BrainControlT + step, if εT < εprior
BrainControlT − step, if εT > εprior
BrainControlT, otherwise

(3)

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 
so they repeated the IM session in their second visit and completed five 
sessions total instead of four. For subsequent neurofeedback sessions, 
participants began the first trial of the first run with BrainControl set 
to its final value from the end of their IM session plus 20%. They began 
with one run of IM training 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 in what 
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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 
brain activity. Perturbation order was counterbalanced across partici-
pants to 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 
methods37–39 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 
BCIs relied on linear 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 
a lower-dimensional nonlinear manifold40,76,77. 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 tasks40. 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, this is 
clear in the 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 algorithm37; (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 BCI 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 to learn a 
low-dimensional manifold of brain activity in our study because 
T-PHATE accurately captures cognitively meaningful signals and task 
information in single-participant fMRI data40,78. T-PHATE takes as input 
multi-voxel activity patterns (that is, a matrix with timepoints/samples 
as rows and voxels/features as columns) and learns two ‘views’ among 
pairs of samples: a PHATE-based39 affinity matrix and a temporal 
autocorrelation-based affinity matrix. Extending the classic diffusion 
maps algorithm37, PHATE provides an accurate, de-noised representa-
tion of local similarities (via an α-decay kernel) and global relationships 
(via a diffusion potential distance), without many assumptions about 
a hypothesized manifold structure39. 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 voxels in 
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. 2c,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 (which would 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 manifold43,44. This latter operation was trained via a 
manifold regularization penalty, which minimizes a geometric loss 
function of the distance between fMRI samples 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 in real time and it faithfully interpolated along 
that manifold.

The MRAE encoder ( f ) and decoder (g) each had three fully con-
nected layers, with a bottleneck latent space layer in between. As input, 
we gave the model both the training data Y (in this experiment, 80% of 
the data from the joystick session) and the T-PHATE embedding of the 
training data (E(Y)). The input layer of f  and output layer of g  had nvoxels 
units, which was participant-dependent (that is, the number of voxels 
in an individual’s navigation network mask). Hidden layers had 256, 
128, 64, 20, 64, 128 and 256 units, respectively, and leaky rectified linear 
unit activations were applied on all layers. We used the Adam optimizer, 
a batch size of 64, and a learning rate of 0.001. The model was trained 
with a reconstruction error penalty for each sample seen at training 
time, to minimize the MSE between Y and ̂Y , or f(g(Y)). 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:

Lreconstructionf,g (Y ) = ∑
k
| ̂Yk − Yk|

2
(4)

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 Y , E . This was computed by:

Lgeometric
f,g (Y ) = ∑

k
| f (Yk) − Ek|

2 (5)

To combine Lgeometric and Lreconstruction, we used a coefficient γ that 
controlled the amount of geometric regularization to the hidden layer 
of the MRAE. We used γ = 0.01 for all participants, following previous 
work on manifold and geometry regularized autoencoders. The com-
bined loss L thus became:
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L = ∑
k
(|Yk − Ŷk|

2
+ γ| f (Yk) − Ek|

2) (6)

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 this approach of 
using the T-PHATE-based eigenvectors faithfully reflected the nonlinear 
latent structure of noisy data (Supplementary Fig. 11). Experimentally, 
we refer to these eigenvectors as the neurofeedback mapping compo-
nents, and we take the 1st and 2nd components to be CIM and CWMP and 
the 20th component to be COMP. 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 captured task-relevant signals during the joystick session. We visu-
alized the first three dimensions of the T-PHATE embedding timeseries 
and colored each point based on the avatar’s coordinate in the game 
arena at that timepoint. We depict embeddings from four consecutive 
trials in five representative participants showing clustering by game 
arena coordinates, with similarly colored points placed nearby despite 
being derived from brain activity collected in different trials (Fig. 1b). To 
assess the benefits of embedding the joystick session data with 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 Python79) 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 
embedding timeseries in 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-validation in the inner fold to select the best regu-
larization penalty in the 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 
data embedded with PCA (Supplementary Fig. 2c).

We also evaluated the representational similarity of brain activity 
and arena locations. In other words, are more proximal locations in the 
game arena represented more similarly in the brain than more distant 
locations? We quantified this similarity by extracting fMRI activity pat-
terns for each timepoint and calculating the Pearson correlation of the 
voxel or component patterns from all pairs of timepoints to populate 
a timepoint-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 test42,80 (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 
can return to the 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 ΔBrainControl 
serves as a metric of BCI learning in each session. Across trials, we 
tested whether ΔBrainControl was significantly greater than zero using 
randomization testing with cluster-based correction. As a baseline, we 
computed the ΔBrainControl 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(Vt), 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 ( f(Vt) ⋅ CIM), WMP 
( f(Vt) ⋅ CWMP) and OMP ( f(Vt) ⋅ COMP) components. We then took the final 
run’s PEV and subtracted it from the first run’s PEV to get ΔPEV, our 
measure of neural realignment.

In the main analyses (Fig. 4), we report ΔPEV for each component 
in its corresponding session (that is, ΔPEV for the IM component during 
the IM session). Supplementary Results report ΔPEV for each compo-
nent in noncorresponding sessions (that is, ΔPEV for the IM 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 
of the ΔPEV 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 brain regions used for 
neurofeedback showed neural realignment, but changes could also be 
reflected elsewhere in the brain. Using a whole-brain searchlight analy-
sis, we computed the accuracy of decoding the avatar’s coordinates in 
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 voxel in the brain, each surrounded by a sphere with 
a radius of 3 voxels (343 total voxels per searchlight).

For each searchlight, we trained a linear model (ridge regression, 
himalaya package in Python79) 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 coordinates in the held-out trial, averaged across folds to get one 
voxelwise map of errors for the first and last neurofeedback runs of 
each session type (lower distance means better decoding). To quantify 
the change in decoding, we subtracted the last run’s map from the 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 
−1 and 1, with 1 indicating a larger relative distance in the first run than 
the final run (that is, improved location decoding).
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We tested the statistical significance of the normalized difference 
in each session type using FSL’s randomise function81 with variance 
smoothing and a 5-mm sigma, corrected for multiple comparisons 
with threshold-free cluster enhancement82. 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
All statistical 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 P value 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.

CIs (95%) were estimated by using bootstrap resampling to gener-
ate a sampling distribution of the effect83. 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 partici-
pants. For paired comparisons, we computed the difference between 
conditions within each resampled participant and then the mean dif-
ference across participants. For independent-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 Python84. We clustered standard errors by par-
ticipant to account for the repeated-measures structure and included 
counterbalancing order as a fixed effect. CIs and P values were com-
puted using a Wald t-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.9cnp5hr0w (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. The rt-fMRI experiment used the open-source rtCloud framework 
(rt-cloud.readthedocs.io)64. 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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