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Dynamicbrain data are becoming increasingly accessible, providing

agateway to understanding the inner workings of the brainin living
participants. However, the size and complexity of the data pose a challenge
in extracting meaningful information across various data sources. Here

we introduce a generalizable unsupervised deep manifold learning for
exploration of neurocognitive and behavioral patterns. Unlike existing
methods that extract patterns directly from the input data, the proposed
brain-dynamic convolutional-network-based embedding (BCNE) captures
brain-state trajectories by analyzing temporospatial correlations within the
dataand applying manifold learning. The results demonstrate that BCNE
effectively delineates scene transitions, underscores the involvement of
different brain regions in memory and narrative processing, distinguishes
dynamiclearning processes and identifies differences between active and
passive behaviors. BCNE provides an effective tool for exploring general
neuroscience inquiries or individual-specific patterns.

Thebrainisahighly complex and dynamic organ, continuously adapt-
ing and responding to both external stimuli and internal processes.
Recentadvancesinneuroimaging and electrophysiological techniques,
from noninvasive whole-brain methods such as functional magnetic
resonance imaging (fMRI)' and electroencephalography’ to invasive
intracranial recordings with implanted electrodes in nonhuman pri-
mates, have enabled the study of neural activity across diverse spatial
and temporal scales. These diverse datasources have provided effective
means for illuminating the neural bases of cognitive and behavioral
processes, such as problem solving, learning, decision-making and
consciousness®”.

Dynamicbrain dataofteninvolve extended, nonperiodic cognitive
andbehavioral processes, furtherincreasing the complexity of the data.

When considering the entire time series, the dynamic response of the
brain across different recording sites is typically depicted as a matrix,
where rows and columns correspond to spatial and temporal variables,
respectively. The inherent complexity of the datawithintertwined tem-
porospatial relationships, compounded by the sparse and noisy nature
of the data, poses a formidable challenge in cognitive and behavioral
patterndiscovery and analysis of brain behavior® . Computationally,
dimensionality reduction and visualization techniques are often used
to project high-dimensional (HD) vectors representing the brain’s spa-
tial responses at given time points into lower dimensions sequentially,
obtainingtemporal brain state trajectories (Fig.1a). Common dimen-
sionality reduction methods, such as Uniform Manifold Approximation
and Projection (UMAP)", t-distributed stochastic neighbor embedding
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Fig. 1| Schematic of the brain-dynamic trajectory visualization pipeline.

a, Workflow of a conventional dimensionality reduction approach for
understanding the evolvement of brain responses during behavioral transitions.
b, Workflow of the proposed BCNE: original dynamic brain data (dimension N x T)
are first processed through temporal and spatial modules to produce structured
images (dimension N x w x w). These structured images are then fed into the
BCNE framework, which progressively optimizes the brain-state trajectory
visualization by minimizing the KL divergence at each stage. ¢, Detailed
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illustration of the progressive BCNE network optimization process. At each
recursionstepr(r=1,...,R), latent features obtained from dense layer rbecome
theinput data representation for the subsequent stage. At each stage, the BCNE
network is optimized by minimizing the KL divergence between the reference
distribution (from the initial embedding P to the progressively refined
embedding PR) and the current embedding distribution Q. This process is
repeated, with each stage incorporating alarger temporal or spatial receptive
field, until the final stage R is reached.

(t-SNE)" and potential of heat-diffusion for affinity-based transition
embedding (PHATE)", treat brain activity as a series of instantaneous
snapshots, which often yield fragmented and spurious embeddings.
Recent efforts have improved dynamic brain data visualization by
explicitlyincorporating temporal continuity, notably temporal PHATE
(T-PHATE)", which utilizes temporal context for trajectory denoising,
and CEBRA", which uses contrastive learning for meaningful structure
identification from neural recordings. Our proposed brain-dynamic
convolutional-network-based embedding (BCNE) approach advances
dynamic brain data analysis by combining the strength of T-PHATE in
temporal signal processing and the deterministic advantages of deep
neural network-based techniques such as CEBRA. Specifically, BCNE
explicitly denoises temporal signals within each spatial channel using
an autocorrelation-based affinity matrix, as inspired by T-PHATE. To
incorporate the interactions among recording channels, an image
representation is introduced for each time point, which maps the
responses of the spatial channels at that time point to image pixels
inamanner that the intrinsic interchannel relationships are uniquely
encoded through the image contextual pattern (see Fig. 1b and the
Methods for details). These structured images are then processed by
a convolutional neural network (CNN)-based framework, providing
unsupervised dimensionality reduction of temporospatial data by pro-
gressively minimizing the Kullback-Leibler (KL) divergence between
the pairwise similarity distributions in their HD and low-dimensional
(LD) representation spaces (Fig. 1c). BCNE thus generates structured

two-dimensional (2D) embeddings that effectively integrate temporal
dynamics with spatial relationships, substantiallyimproving the detec-
tionand interpretation of subtle cognitive and behavioral patterns.
Specifically, we introduce a principled and broadly applicable
deep-learning-based visualization framework, termed BCNE, designed
forawide range of dynamicbrain data (Fig. 1b,c). BCNE leverages both
temporal continuity and the correlational structure among different
recording channels, such as fMRIvoxels and electrophysiological elec-
trode sites, to uncover meaningful trajectories that reflect underlying
cognitive or behavioral states. Although it is well established that inter-
actions across distinct brain states and recording locations are crucial
for characterizing cognitive function, these interactions have seldom
been fully harnessed for deeper patterndiscovery.In BCNE, we begin by
constructing atemporospatial representation of the multivariate time
series datathat captures bothtemporal dependencies and spatial cor-
relations. From this representation, we apply anunsupervised convolu-
tional framework tolearndeterministic mappings thatyield structured,
interpretable trajectories. To further enhance our ability to uncover
subtle patterns, weimplement a recursive, manifold-based optimiza-
tion strategy. This iterative refinement process progressively incor-
porates deeper-level constraints from the latent representation’ %,
enhancing the model’s fidelity and enabling the extraction of more
nuanced trajectories that reveal subtle underlying brain activity. It is
important to emphasize that BCNE’s deterministic nature produces
consistent trajectories for identical stimuli under similar conditions,
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supporting reproducibility, identifying individualized patterns of
brain activity and offering a robust framework for analyzing dynamic
brain functions.

The proposed BCNE technique is showcased using several
well-established datasets sourced from diverse origins, including the
Sherlock fMRIblood oxygen level-dependent (BOLD) dataset, the rat
hippocampus dataset and the macaque dataset. Across all datasets,
BCNE consistently outperforms traditional HD data interpretation
tools in accurately delineating cognitive or behavioral stages within
dynamic processes, offering versatility and noteworthy insights into
brain dynamics that are unattainable with existing techniques.

Results

BCNE is a deterministic deep learning framework for visualizing
dynamic brain data by jointly modeling temporal dependencies and
spatiotemporal interactions across channels. Its methodological pipe-
line unfolds as follows, with details givenin the Methods. (1) Temporal
processing (Fig.1b): Toemphasize salient temporal dependencies while
suppressing high-frequency noise, we calculate the autocorrelation
function for each recording channel, determine the lag threshold at
which correlations sharply decline and generate a lag-weighted aver-
age signal representation. (2) Generation of structured image repre-
sentation of spatial-channel responses (Fig. 1b): to incorporate the
interactionsamong recording channels, weintroduce a schematically
meaningfulimage representation for each time point, whichmaps the
channel responses at that time point to image pixels such that inter-
channelrelationships are uniquely encoded in the resulting contextual
image pattern”. (3) Feature extraction from the generated images via
BCNE (Fig.1b,c): the interactive features encoded in theimage patterns
ofthe dataare extracted througha CNN, termed BCNE, to generate an
LD embedding of the imaging data by minimizing the KL divergence
betweenthejoint-probability matrices of the HD input data and their LD
embeddings (dashed box onthe left of Fig.1c). (4) Recursive refinement
ofthe outcome (Fig. 1c): to furtherimprove theresulting trajectory of
the brain-dynamic data, the initial HD probability matrices used for
network optimization are replaced by feature vectors extracted from
the first dense layer of BCNE (Fig. 1c). Subsequently, BCNE fine-tunes
the KL divergence between the joint probability matrices, yielding a
refined LD embedding.

Task-related associations across regions from fMRIBOLD data

We analyzed the Sherlock dataset using various embedding approaches
to demonstrate BCNE'’s potential for elucidating fMRI BOLD signal
dynamics during viewing of the BBC Sherlock movie (Fig. 2a). We
focused on four regions of interest (ROIs): the early visual cortex
(EV), high visual cortex (HV), early auditory cortex (EA) and posterior
medial cortex (PMC) (Fig. 2b). These ROIs were selected on the basis
of prior studies™*** showing that they generated robust and reliable
signals under naturalistic audiovisual stimulation. Each region dem-
onstrated distinct activity levels during the task. Figure 2¢,d illustrates

visualizations produced by BCNE and several standard dimensionality
reduction techniques, annotated with 39 movie-scene-related catego-
ries. Traditional methods (principal component analysis (PCA), t-SNE,
UMAP and PHATE) offered limited clarity in capturing temporal and
contextual aspects of brainactivity. By incorporating temporal struc-
ture, T-PHATE showed noticeable differences among the four regions:
EVand PMCexhibited comparatively less variability in perception and
comprehension processes, whereas HV and EA revealed stronger tra-
jectories. However, T-PHATE’s performance was sometimes unstable
(Extended DataFigs.1and 2), struggling to capture detailed temporal
dynamics consistently. For CEBRA, we specifically used CEBRA-Time
(Methods), finding that, and found that, although it could produce
richer results in three dimensions, its 2D embeddings conveyed less
detail. By contrast, BCNE excelled at embedding dynamic signals with
stable and interpretable patterns. As shown in Fig. 2c,d, BCNE sharp-
ened the visualization, highlighting intricate morphological trajec-
tories within each ROl more effectively than other methods. Notably,
BCNE visualizations revealed that EVand PMC embeddings were more
spread out, while EAand HV showed tighter, continuous trajectories. We
next evaluated downstream classification performance by assigning the
dimension-reduced embeddings to 39 scene categories using 10-fold
cross-validation and a k-nearest neighbors (KNN) classifier (Fig. 2e-g).
BCNE achieved the highest accuracy across all four ROIs,improving on
T-PHATE by 81.74% (averaged across participants and ROISs).

Further, deeper latent representations from BCNE (Fig. 3a,b) made
cognitive and behavioral transitions even more distinct, underscor-
ing its ability to capture changes in perception and comprehension
throughout the movie. We also evaluated whether BCNE’s performance
is sensitive to model structure and hyperparameters by comparing dif-
ferent architectural and parameter variants. The results showed that
BCNE wasrobust to these changes and achieved the best performance
with manageable computational costs (Extended Data Figs. 3-6 and
Supplementary Table 1). Finally, we performed behaviorally rated
event-boundary analyses to assess how well each method’s embeddings
captured meaningful cognitive transitions™*>*, This analysis measured
alignment between the embeddings and event boundaries identified
by anindependent behavioral rater (Methods). As shown in Fig. 3f-h,
across 16 participants and four ROIs, BCNE outperformed PCA, t-SNE,
UMAP, PHATE, T-PHATE and CEBRA in capturing these transitions.
Although CEBRA slightly exceeded BCNE in PMC, its variance was
notably larger,and BCNE remained superiorin HV, EAand EV. Overall,
theseresults confirmed that BCNE preserved both local (intra-event)
coherence andinterpretable across-event transitions, offeringacom-
prehensive perspective on cognitive trajectories.

Learning stage transitions from hippocampal dynamics

We applied BCNE to a rat hippocampus dataset to examine neural
changes during learning. In this experiment, rats learned to traverse
alinear track for awater reward (Fig. 4a), allowing us to observe how hip-
pocampal activity evolved as the animals memorized an optimal path.

Fig. 2| Visualization and analysis of the Sherlock fMRI dataset. All results

are averaged over three random seeds, with the mean value used as the final
evaluation criterion. a, Schematic illustration of the fMRI BOLD signal acquisition
process during viewing of the BBC Sherlock movie, involving 16 participants.
Movie-related images within the figure have been intentionally obscured

to comply with copyright restrictions. b, ROIs selected for embedding and
visualization. ¢, Comparative 2D visualizations generated by PCA, t-SNE,

UMAP, PHATE, T-PHATE, CEBRA, BCNE (Recur0) and BCNE (Recur3) for four
ROIs: EV,HV, EA and PMC, with data colored by movie scene. d, Comparative 3D
visualizations generated by the same methods and colored by movie scene.

e-g, Boxplots, heatmap and radar charts showing the average KNN classifier
accuracy for the movie scene classification (39 categories) task based on 2D
embeddings generated by PCA, t-SNE, UMAP, PHATE, T-PHATE, CEBRA and
BCNE (Recur3) across the four ROIs. For all boxplots, the center line indicates the

median, box limits denote the interquartile range (IQR; 25th-75th percentiles),
whiskers indicate the full data range and individual points represent each
participant (n =16 per group). The shaded rectangle within each box highlights
the dense region (40th-60th percentiles), using a darkened box color to
emphasize central tendency. Overlaid dot plots display individual participant
values. The unit of analysis is a single human participant; all n values refer to
distinct participants. No technical replicates were used. Statistical comparisons
between groups were performed using two-sided independent ¢-tests

unless otherwise indicated. *P < 0.05, **P < 0.01, ***P < 0.001. For all pairwise
comparisons, the ¢-statistic, degrees of freedom and exact two-sided Pvalues
are provided in the Source data. Only significant comparisons are annotated in
the plots. Box colors correspond to the methods indicated on the x axis. Unless
otherwise specified, the same statistical testing and boxplot conventions are
appliedinFigs.3 and 4.
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Fig. 3 | Evaluation of the BCNE framework and behaviorally rated event
analysis of the Sherlock fMRI dataset. a, Examples of 2D visualizations
generated by BCNE with varying recursion depths (Recur 0-3). Colors
correspond to the same scheme defined in Fig. 2c. b, Boxplots showing KNN
classifier accuracy calculated from 2D embeddings generated by BCNE at
different recursion depths (n =16 per group). ¢, Description of the process by
whichbehavioral raters generated event segmentation labels. d, Heatmaps

showing behaviorally rated event-segmentation scores across 2D embeddings
generated by PCA, t-SNE, UMAP, PHATE, T-PHATE, CEBRA and BCNE for the

four ROIs. e, Boxplots of event-segmentation scores for each ROI, including
statistical significance testing across methods (n = 16 per group). f, Boxplots of
the averaged event-segmentation scores across ROIs (n =16 per group). g, Radar
charts summarizing event-segmentation performance across methods for the
four ROIs.
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Fig. 4 |Results of the rat hippocampus dataset. All results are averaged over
three random seeds, with the mean value used as the final evaluation criterion.
a, Schematicillustration of the rat hippocampus dataset acquisition process.
Electrophysiological data were collected while four rats traversed al.6-mlinear
trackin either aleftward or rightward direction. b, Example of 2D visualizations
generated by BCNE with varying recursion depths, with classification accuracy
for learning stages indicated below each visualization. The upper visualization
is colored by learning stage, while the lower visualization uses two distinct color
bars to differentiate movement positions for leftward and rightward motions.
¢, Two-dimensional visualizations for two randomly selected rats (named
Achilles and Cicero) generated by PCA, t-SNE, UMAP, PHATE, T-PHATE, CEBRA
and BCNE (Recur 0 and Recur 3).d, Violin plots of stage accuracy, direction
accuracy, RSA and continuity for the 2D embeddings. e, 3D visualizations of

the embeddings corresponding to the conditions described in c. f, Violin plots
summarizing the distribution of quantitative metrics derived from the 3D
embeddingsd.g, Violin plots showing stage accuracy, direction accuracy, RSA
and continuity, calculated using 2D BCNE with varying recursion depths

(Recur 0-3). h, Trustworthiness comparison calculated by 2D embeddings across
allmethods. i, Average correlation analysis using roll-shift testing calculated by
2D embeddings across all rats. Correlation values and Pvalues are plotted.

Jj, Analysis of learning stage accuracy calculated by 2D embeddings across
different stage thresholds and the influence of k values on KNN classifier
performance. Violin plots show data from n = 4 biological replicates per group
(four individual rats). No adjustments for multiple comparisons were made. For
iandj, line colors correspond to the methods indicated in the boxplots and are
defined consistently across all panels. Panela created with BioRender.com.

First, we assessed how increasing the recursive depth in BCNE
affected the clarity of learning stage separation. With deeper recursion
(Recur 0~ Recur 3), BCNE more clearly distinguished temporal phases
inthe neural data (Fig. 4b). We quantified these differences by dividing
the navigation data into discrete learning stages and classifying the
embeddings with aKNN classifier. Accuracy rose from 0.248 (Recur 0)
t00.470 (Recur 3), showing that BCNE could uncover meaningful struc-
turerelated tobehavioral learning. We then compared BCNE with other
methods—PCA, t-SNE, UMAP, PHATE, T-PHATE and CEBRA—using both
2D and three-dimensional (3D) embeddings (Fig. 4c,e). For instance,
with PCA, rat Achilles showed minimal separation of time points, while
t-SNE and UMAP often produced scattered points with little tempo-
ral continuity. PHATE’s outputs were typically circular with limited
dynamicinformation. T-PHATE occasionally captured some temporal
structure, butresults varied across rats. CEBRA’s 2D embeddings were
largely indistinct, although 3D ones showed some improvement. By
contrast, BCNE reliably captured dynamic variations, forming clear
trajectories and demonstrating robustness across animals. Extended
evaluations on additional rat datasets and systematic ablation stud-
ies further validate the robustness of BCNE and its ability to uncover
patterns that are otherwise obscured. (Extended Data Figs. 7 and 8).

Quantitatively, BCNE achieved the highest classification accu-
racy for learning-stage identification among all tested rats (Fig. 3d,f).
Additional analyses, including direction accuracy, representational
similarity analysis (RSA) with spatial labels and embedding continuity,
allfavored BCNE in two dimensions. For 3D embeddings, T-PHATE had
slightly higher direction accuracy, and CEBRA performed marginally
better in RSA, but BCNE led in all other metrics. A systematic evalua-
tion of BCNE’s recursive optimization showed that deeper recursion
generally improved learning-stage differentiation, while other met-
rics remained stable (Fig. 4g). For local structure preservation, BCNE
embeddings consistently yielded higher trustworthiness scores than
other methods (Fig. 4h-j). As recursion depth increased, BCNE cap-
tured more global structure but lost some fine detail, leading to aminor
decrease in trustworthiness.

To further validate the method, aroll-shift analysis showed that all
embeddings—except for UMAP—maintained low Pvalues across time
shifts, indicating statistical reliability. UMAP’s performance degraded
as time shifts increased. Finally, we tested different criteria for divid-
ing learning stages (by varying reward frequency and k values in KNN
classification). Under all tested conditions, BCNE remained the top
performer, accurately delineating learning stages and tracking the

evolution of the rats’ navigational strategies. Regardless of the KNN
neighborhood size, BCNE achieved the highest accuracy, consistently
identifying and following dynamic hippocampal processes.

Discrimination between active and passive behavior

We next evaluated BCNE on amacaque sensorimotor dataset in which
amacaque performed center-out arm movements along eight distinct
directions, under both active and passive conditions (Fig. 5a). To visual-
ize these data, we first averaged trials sharing the same target angle,
then generated 2D and 3D embeddings separately for the active and
passive conditions (Fig. 5b). Notably, BCNE was the only method that
clearly differentiated between active and passive statesin the resulting
LD space, whereas PCA, t-SNE, UMAP, PHATE and T-PHATE all produced
similar or overlapping embeddings for the two modes. In previous
studies®*”, the experimental results showed that neuronsinarea2rep-
resented limb states differently depending on the movement type and
that the encoding of passive movements differed systematically from
activereaches. This aligned with our observations: the BCNE-derived
embeddings produced distinct trajectory shapes under active and
passive conditions, reflecting differences in how neural signals varyin
response to movement type. When comparing the trajectories gener-
ated by BCNE from brain data, we observed that active movements
produced morelinear paths, reflecting adirect reach toward a specific
angle, while passive movements resulted in more curved or circular
patterns, aligning closely with the actual motion trails.

Toevaluate the alignment between neural embeddings and actual
limb positions, we performed RSA and roll-shift tests across all eight
reach directions (Fig. 5c,d). The results were visualized using a heat-
map that compared active and passive RSA scores across different
embedding methods. As shown, RSA values were generally higher in
theactive mode, indicatingamore explicit encoding of position-related
information during voluntary movements. Among the methods, BCNE
achieved the highest RSA scores in the active mode, with averages of
0.973 (2D) and 0.930 (3D). T-PHATE ranked second, with correlation
values 0of 0.918 (2D) and 0.924 (3D). By contrast, RSA scoresin the pas-
sive mode were largely unaffected by increasing roll-shifts (Fig. 5d),
implying that fewer task-related signals were present during passive
movements and, consequently, that limb position was less distinctly
represented in the neural embeddings.

Lastly, to quantify how well each embedding preserved
angle-specific information, we next applied a KNN classifier to pre-
dict one of eight reaching directions under both active and passive

Fig. 5| Results of the macaque dataset. All results are averaged over three
random seeds, with the mean value used as the final evaluation criterion.

a, lllustration of the macaque dataset acquisition process. Data were collected
asamacaque performed active or passive movements in eight directions. The
actual position of the macaque’s arm was recorded and displayed. b, The 2D
and 3D visualizations of active and passive modes, generated by PCA, t-SNE,
UMAP, PHATE, T-PHATE, CEBRA and BCNE. The color bar transitions gradually

from light gray to vibrant colors, representing the progression of time during
directional reaching. ¢, Circular plots and heatmaps showing the RSA between
actual positions for each angle and the embeddings generated by BCNE and

all compared methods. d, Line charts for roll-shift testing calculated by 2D
embeddings. e, Bar plots showing the reaching angle classification accuracy
based on KNN classifiers, using 2D embeddings generated by different methods,
for both active and passive modes. Panel a created with BioRender.com.

Nature Computational Science | Volume 5 | December 2025 | 1238-1252

1244


http://www.nature.com/natcomputsci
http://www.biorender.com/
http://www.biorender.com/

Article https://doi.org/10.1038/s43588-025-00911-9

Actual motion trails

2D visualization

! \
‘

1 BCNE BONE
! PCA t-SNE UMAP PHATE T-PHATE CEBRA  (balance=8) (balance=1)

\ - g
! i ra \ \ 3
‘ S ‘
Active | '
N 1
N 1
N 1
' 1
! 1
| 3
Passive | ]
‘
! 1
' 1
' 1

3D visualization
BCNE BCNE
PHATE T-PHATE

Passive

PcA 0184 0220

e o

umap

PHATE
o

TPHATE

RN 0355

BONE (Balance 1) 0323 0317

scne e [ oo

A ingle 2 Angle 3 Angle 4 Angle 5 Angle 6 Angle 7 Angle &  Avg

BCNE (Batance 1) (KIS

BONE (Balance ) [

3D RSA (passive) 3D RSA (active) e

EBRA
0,868 0848 0955 0.961 | O %0 BONE (Balance 8)

TAHATE 0336 0120 0367 0328 949 0927 0.891 093 o

cEBRA

(X 0.386 (L 0.375

BONE (Balance 1) | 0.357 0,368 L 0389 0.308 0581 0.623 0516 [EEECIECEERY 0.037 0.8 53 0956 0.974 0.944 (ORI 0919 0.900

\
'
|
1
1
1
1
1
1
1
1
1
1
1
'
1
|
'
'
1

angle 1 Angle 2 Angle 3 Angle 4 Angle 5 Angle 6 Angle 7 Angle 8 Avg !
1
1
1
1
1
1
1
'
1
|
'
'
1
1
1
1
1
1
1
1
1
i

e Mean angle classification - active mode
. RSA - roll shift test -0 20;@3:: e cE i omom omon omom  o0m
8 |=ap°o o R lme
% 0.8 . (?) 0.8 . .
k 9
E N 2 < o6 S8 (o [
Lo6] i 2 <
] > S 0.4 °
< " . \\\. E .
0.4 S\ & 02 °
« = PCA S
0 100 200 300 400 500 . 0 ! ‘ ‘ ! ‘
Roll shift PHATE PCA  t-SNE UMAP PHATE T-PHATE CEBRA BCNE
T-PHATE P .
CEBRA Mean angle classification - passive mode
0.7 /\ . BCNE 0 0% 062 100 100 097 100 063 084 081 081 003 050 100 100
o — < § . " 3 @ = @™ B
T 06 o =
2 X 3 08{=3D", °
o Q o 9 oo
2 05 e ® 46l o
3 / 25 % <o fE
o P <%g °
= o4 ‘\:/ S oay ffg °
V 5 |
£ o2 |o (
o 100 200 300 400 500 © o ;
Roll shift 0 T T T f

PCA  t-SNE UMAP PHATE T-PHATE CEBRA BCNE

Nature Computational Science | Volume 5 | December 2025 | 1238-1252 1245


http://www.nature.com/natcomputsci

Article

https://doi.org/10.1038/s43588-025-00911-9

conditions (Fig. Se). For this eight-class task, chance performance
was only 12.5%. Using both 2D and 3D embeddings, t-SNE and BCNE
achieved near-perfect accuracy, while UMAP and T-PHATE also per-
formed well, exceeding 90% accuracy. By contrast, the remaining meth-
ods yielded substantially lower scores. These results demonstrated
that BCNE not only visually segregated distinct movement types but
alsoretained precise, angle-specific neural dynamics that supported
highly reliable decoding.

Discussion

BCNE provides a robust framework for uncovering dynamic neu-
ral patterns, with one of its major strengths being the ability to dis-
entangle continuous temporal evolution from abrupt behavioral
transitions. Unlike methods that cluster time points primarily on
the basis of proximity, BCNE constructs embeddings that emphasize
correlation-driven similarity rather than mere adjacency. This feature
ensures that transitions between distinct cognitive or behavioral
states are faithfully represented in the LD manifold. The flexibility
introduced by adjusting recursion depth allows BCNE to reveal the
dynamics at multiple levels of granularity, ranging from broad contin-
uoustrajectories to discrete, event-like clusters. This multiresolution
capacity is especially valuable for exploratory analyses of complex
brain dynamics, where the underlying states may manifest across
different temporal scales.

Compared with traditional parametric manifold-learning meth-
ods such as t-SNE or UMAP, BCNE’s temporospatially integrated CNN
backbone andrecursive refinement provide substantialimprovements
in embedding quality and interpretability. Unlike multilayer percep-
tron (MLP)-based approaches, which often fail to capture intricate
spatiotemporal features, BCNE leverages convolutional structures to
encode fine-grained spatial patterns while preserving global trajec-
tory continuity. The scalability of BCNE also makes it more suitable
for large-scale datasets than alternatives such as T-PHATE, which often
suffer from exponential increases in computational cost as the data-
set grows. This computational efficiency is critical for dynamic brain
data, which frequently span long recording periods with thousands
of time points.

Therecursive optimization strategy adopted by BCNE addresses a
long-standing limitation of direct dimensionality reduction methods,
which tend to preserve only local neighborhoods at the expense of
global structure. By progressively compressing information through
intermediate latent representations %, BCNE aligns local relationships
while maintaining the global topology of the underlying manifold.
This hierarchical compression, combined with similarity constraints,
helps to mitigate the risk of local minima and ensures stable con-
vergence during training. Such a principled design allows BCNE to
reveal both fine-scale and large-scale patterns, offering a more holistic
view of neural dynamics that is difficult to achieve with single-stage
dimensionality reduction.

From a conceptual perspective, BCNE emphasizes unsupervised
discoveryrather thansupervised classification. Brainactivity is highly
heterogeneous and often exhibits emergent patterns that cannot be
adequately captured by predefined labels. Supervised approachesrisk
biasing the analysis toward known concepts, potentially obscuring
previously unexplored dynamics. By contrast, BCNE’s unsupervised
strategy enables open-ended exploration, allowing the intrinsic struc-
ture of the data to emerge without prior constraints. This approachis
particularly advantageous for datasets where behavioral annotations
arelimited, ambiguous or subjective.

Despite these strengths, BCNE has several limitations. First,
the architecture and hyperparameters of BCNE were tuned using
only three representative datasets. The generalizability of these
design choices to data with markedly different complexity, noise
characteristics or sampling density remains uncertain. In particular,
datasets with extreme temporal sparsity or irregular sampling may

require modifications to the temporal affinity matrix or alterna-
tive weighting strategies to ensure robust embeddings. Second, the
current design of the temporal affinity matrix prioritizes local cor-
relations and introduces a drop-off threshold to maintain computa-
tional efficiency. While this designimproves scalability, it may fail to
capture long-range dependencies when behavioral states recur after
extended intervals. Future work could incorporate adaptive correla-
tion models, such as attention-based mechanisms or graph neural
networks, tobetter account for these long-range interactions. Third,
the convergence behavior of BCNEisinfluenced by heuristic param-
etersinherited from classical manifold-learning methods, including
fixed perplexity, binary searchiterations and tolerance values. These
parameters may not be universally optimal, and dataset-specific
calibration could be required to achieve optimal results. In addi-
tion, BCNE’s deep network training can encounter instability under
extreme conditions such as HD low-sample regimes or datasets with
severe class imbalance, potentially leading to gradient vanishing or
explosion®. Strategies such as adaptive learning rates, regularization
or meta-learning could improve stability and generalizability. Another
limitation concerns interpretability in higher-dimensional embed-
dings. Although this study focuses on 2D and 3D representations
for visualization purposes, BCNE isinherently capable of producing
embeddingsin arbitrary dimensions. Systematic exploration of these
higher-dimensional embeddings, particularly for predictive or diag-
nostic tasks, is apromising but unexamined direction. Furthermore,
while BCNE effectively preserves the geometric structure of the input
data, its embeddings are not directly optimized for downstream
predictive accuracy. Integrating self-supervised objectives or hybrid
learning schemes could bridge this gap.

Several promising avenues could enhance BCNE’s future util-
ity. First, extending BCNE to handle multimodal neural data—such as
simultaneous fMRI, electroencephalography and calcium imaging
recordings—could provide more comprehensive brain-state mappings.
Incorporating cross-modal alignment techniques would substan-
tially improve its utility in interpreting complex neural phenomena.
Second, validating BCNE across diverse experimental conditions and
varied participant populations could further establish its general
applicability. Testing its effectiveness on datasets representing patho-
logical conditions, such as epilepsy, neurodegenerative diseases or
psychiatric disorders, may uncover potential clinical diagnostic and
prognostic applications. Trajectory-based analyses could provide
valuable biomarkers for monitoring disease progression or therapeutic
responses. Third, refining correlation analysis within BCNE to better
incorporate long-range temporal dependencies constitutes a crucial
nextstep. Recentadvancements in transformer architectures or graph
convolutional networks could effectively model these dependencies
while maintaining computational feasibility. Fourth, exploring BCNE’s
capacity for real-time dynamic functional connectivity analysis could
facilitate applications in closed-loop neurofeedback or brain-com-
puter interface systems. Real-time applications necessitate compu-
tational efficiency and interpretability—attributes inherent to BCNE’s
batch-wise training strategy and unsupervised manifold construc-
tion. Lastly, systematically comparing BCNE against state-of-the-art
self-supervised and contrastive learning techniques could clarify the
relative advantages of manifold-learning versus contrastive objectives
in capturing neural dynamics. Incorporating uncertainty estimation
into BCNE could further enhance its utility in clinical contexts, where
confidence metrics are essential.

In summary, BCNE offers a principled framework for visualizing
and interpreting dynamic brain data by combining temporospatial
encoding with recursive deep manifold learning. Its ability to reveal
multiscale neural dynamics, coupled with its computational efficiency
and adaptability, positions it as a powerful tool for both basic neurosci-
enceand clinical research. Although current limitations highlight areas
forimprovement—particularly in handlinglong-range dependencies,
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optimizing hyperparameters for diverse datasets and exploring
higher-dimensional embeddings—BCNE lays a strong foundation for
future advancements. By extending its applicability to multimodal and
pathological datasets, BCNE could become a key enabler of precision
neuroscience, driving discoveries that span from fundamental brain
mechanisms to clinical translation.

Methods

Technical framework of BCNE

Temporospatial correlation-based reconfiguration. Temporal projec-
tion. To effectively visualize the dynamic brain signal with informative
temporal trajectory, we used atemporal autocorrelation-based matrix”
to capture the temporal dynamics of brain activity and reveal the evolv-
ing relationships during the dynamic recognition process of a living
participant. Let X = {x;, X, ..., X7}, where x, € RV is the N-dimensional
brain-signal vector at time t. We first compute the per-channel autocor-
relation matrix A € R¥*(T-D;

. 1 o o\
AlD = 7— DXy = X)) Ko — X)) i =1, ...

t=1

where 7 represents the time lag and i denotes the recording channel.
X; = 1T Z;l X, ;represents the mean signal of channeli. The autocorrela-
tion matrix is then smoothed using a centered moving average filter:

~ 1 T+ (w—1)/2]
AGD =~ A, p), )
p=1-|(0-1)/2|

where wrepresents the window size for smoothing. In this process, the
convolution operation applies a rolling average, ensuring a centered
smoothing effect. If the window exceeds the boundaries of the time
series, the effective window size is automatically reduced near the
edges, avoiding the need for explicit padding.

We define drop-off point as the first index where the smoothed
autocorrelation function becomes negative, serving as a threshold
beyond which correlations are considered negligible. Based on the
drop-off point 74,,,, a time-dynamic correlation matrix M € R™T is
constructed as follows:

1 N 4 . o . .
_Z=1A(f’ |l _JDv 0< |l _J‘ <Tdr0p’

MGj) =1V 7" : ®)
0, otherwise.

where M(i, j)represents the strength of correlationbetween time points
i and j, incorporating the temporal context captured by the
autocorrelation function.

Once the time-dynamic correlation matrix M is obtained, the
temporally reconfigured data matrix X e R¥" is computed as

X=XMo (1]M), “)

where 1; € R7 is a vector of ones, so that 17M produces the row-sums
of Masalx T vector, and @ denotes elementwise division broadcast
across each row of XM. Equivalently, the tth columnis

.

_ _ M, )X

X, = M )
ST M)

Here, the new column )N(Yt is a weighted average of the original
time-pointvectors X;, ..., X 7. Alarge weight M(¢, ¢ ) indicates that time
points t and ¢ are strongly correlated, so X, contributes more to x,.
Dividing by Ztr,le(t, t') ensures that each reconfigured column has a
consistent scale, preventing any single time-point cluster from domi-
nating. In essence, equation (5) smooths and aggregates each time
point taccording to the nearest correlated neighborsin time.

Imagerepresentation of the brain-dynamic data.

(1) Motivation
We represent the responses of the spatial channels, the HD
brain signals, at each time point as a schematically meaning-
ful 2D image to effectively capture the interactions among
recording channels. The transformation maps the responses
of the spatial channels onto image pixels in such a way that the
interchannel relationships are encoded within the contextual
pattern of the image. Specifically, pairwise interchannel cor-
relations are computed from the inverse covariance of tem-
porally processed signals, obtained by autocorrelation-based
lag-weighted averaging (Fig. 1b). These interactions are
encoded contextually into images by minimizing the Gromov—
Wasserstein (GW) discrepancy between the interaction matrix
and pixelated grid-distance matrix. This process adapts the
GenoMap" concept, where gene-gene interactions are encod-
ed as images for high-performance analysis of HD single-cell
RNA sequence data, to dynamic brain signals. By representing
interchannel dependencies in a structured 2D image, standard
CNNs can directly exploit these correlations for more effective
pattern discernment and downstream analyses.

(2) Quantification of feature-feature interactions
At each time point ¢, the temporally reweighted data matrix is
denoted V = X € RV, Let

T T
1 - = - 1
Qij = TZ(Vi,t - Vi)(vj,t - V[)x V: = 7—2 Vi,n (6)
t=1 t=1

so that Q is the sample covariance and Q-1 its precision matrix. We
defined the channel interaction matrix

() L.
———, i#]J,

Ci=1 (Q-1(Q 1) 7)
1, i=}j,

which measures standardized pairwise dependencies between
channels.
(3) 2D grid template
We create a square lattice with side w = [VN], assigning each
pixel integer coordinates (x;, ;) € 7% centered at the origin. The
Euclidean distance matrix of the grid C € RMV is

Ci = (xx )"+ =)’ (8)

Both Cand C are divided by theirmeanssothat },, .C; = 3, ,.C; = N*.
(4) Optimal assignment via GW alignment
Following optimal-transport theory, we seek a coupling S that
aligns the intra-feature geometry of C with the intrapixel
geometry of C. Define uniform marginalsu = v = %IN, where 1y
is the N-dimensional all-ones vector. The GW discrepancy is

dew(C,Cu,v) = senR(T,u) i,;Zk,lL(Cik’ C 1) SySus» ©)

with the admissible coupling set M(u,v) ={S > 0|Sly =u, STy =v},
and cost L(a,b)=alog E —a+b (the KL divergence). We solve
equation (9) via an entropically regularized Sinkhorn algorithm™?’.
The resulting Ser}*" is near-bistochastic (rows and columns sum to
1/N); scaling by N enforces exact bistochasticity. A hard, one-to-one
assignmentis obtained by selecting, for each channeli, the pixel j with
maximum S;. Here, S; represents the probability mass transported
from feature i to pixelj. Large S; values indicate that feature i is best
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placed at grid positionj, so channels with strong mutual correlations
(large Cy) are steered toward spatially proximate pixels (small C;).
(5) Generating 2D image representation

For each time point ¢, let v, € R be the ¢tth column of the temporally
reweighted data. We then form

V, = reshape(STv,, w, w) € R¥*¥, (10)

yielding animage sequence V' € R™*<, In each image representation
V:,interactions between spatial channels are uniquely encoded within
theimage’s contextual pattern, making it well suited for analysis by the
subsequent CNN. Itisimportant to note that, in our spatial transforma-
tion, the generation of a contextual image representation of the
dynamicbraindatais directly based on the mathematical correlations
among spatial channels, rather than on explicit functional
connectivity analyses.

Convolutional-based embedding and recursive optimization.
Convolutional-based BCNE architecture. Following the construction
of temporospatial correlations, the signal from each participant ateach
time pointis reformatted into animage. This allows the temporospatial
correlation-induced reconfigured datatobeinputinto the BCNE. The
network is established on the basis of convolutional architecture, as
illustrated in Fig. 1b. The architecture initiates with a module that
includes four convolutional layers to extract shallow features from
the input data in image format. The temporospatial structure of the
reconfigured dataensures that points of high correlation are centrally
relocated and positioned close to each other, making convolutional
layers an apt choice for processing this type of data. They focus on
local connections, thus enhancing the depth of the latent space while
incurring asubstantially lower computational cost compared with that
of apurely MLP framework. Following this, a flattening layer converts
the 2D latent featuresinto aone-dimensional format. This conversion
issucceeded by afully connected module, consisting of several dense
layers. Thismodule projects the datafromaglobal perspective to gen-
eratethefinal outputembedding. After the networkis trained, the brain
signals can directly produce participant-specific visualizations. These
visualizations are applicable to the external data embeddings of the
same participant’s analogous dynamic cognitive and behavioral tasks.

Recursive optimization strategy.

(1) Motivation
Animportant function of the multiple dense layers in our BCNE
is to sequentially reduce the dimensionality of the feature
vector representation of the input HD data, from 1,024 in layer
1,512inlayer 2,256 inlayer 3, 8 in layer 4 and finally to 2 or 3
dimensions. Broadly, each step of the dimensionality reduc-
tion here compresses the feature vector to alower dimension
while injecting the vector components with more distant and
global relational information of the data as a result of MLP
optimization, which captures complex relationships across the
data space as information flows through the dense layers®~'.
Our recursive derivation of the brain state trajectory capital-
izes on this unique characteristic of sequential dimensional-
ity reduction to incorporate the information of brain data at
different scales. Specifically, in stage 1 (Fig. 1c), we first optimize
the BCNE embedding by minimizing its KL divergence with the
original HD data. Similar to traditional parametric t-SNE, this
embedding primarily takes into consideration the local interac-
tions of the data. However, it benefits from the introduction of
image representation and the use of convolutional operations

representation vector from the first dense layer, which helps to
integrate the next level of nonlocal data relationships into the
embedding process. The recursion continues to leverage the
rich structural information of the subsequent dense layers until
the quality of embedding saturates. Empirically, two to three
refinement iterations suffice to expose long-range temporal
transitions and subtle spatial interactions that a single embed-
ding pass cannot easily uncover. As shown in Fig. 3a-c and
Fig.4b,g, this strategy markedly improves the identification of
complex stage transitions and inter-region interactions.

(2) Stage 1: initial embedding
BCNE initially trains a deep network using a KL divergence
objective similar to parametric t-SNE. This process yields a map-
ping from the temporospatial preprocessed HD datato an LD
space, primarily preserving local neighborhoods. Analogous to
standard t-SNE, the pairwise similarities (p;, g;) emphasize near
neighbors, potentially overlooking broader ‘global’ structures—
aparticular concern inrich neural data where long-range
interactions or transitions can be critical for understanding
distinct cognitive or behavioral stages. Specifically, this process
involves minimizing the KL divergence between two probabil-
ity distributions, Pand Q, where P corresponds to x in the HD
space, and Q represents the LD space counterpart, . Define the
BCNE loss

Pij

Lgene = KL(PIIQ) = Y pjlog ==, (1
P g

where p;and g;represent normalized pairwise similarities: p;is the like-

lihood thatadata point.x;inthe HD space would select x;as its neighbor

based onthe Gaussian distribution. Conversely, g;is thelikelihood that

adatapointz;inthe LD space would choose i7;as its neighbor based on

the tdistribution. The calculation of p;and g; is executed as follows:

exp(—IIx; — x;[1?/(207))

T B exp(=lxi — x,[2/20)
Py + Py
i = Jli N il j 13
—(a+1)/2
1+|n;,—n |*/0
- o) 14)

= —(a+1)/2°
Dk (1 + |n; — my|12/0)
where orepresents the Gaussiankerneland a is the degrees of freedom
for the t distribution, defined as a = 0 — 1, where O represents the
desired output dimensionality.
(3) Stage r > 1: progressive global refinement

(i) Deeper latent representations
After the network is trained, each input x; is passed through the
intermediate layers—the deeper part of the BCNE architecture—
to extract latent features, denoted by f(x;) € R%, where d, is the
dimensionality of the selected layer under recursion stage r.
These latent representations capture abstract patterns,
transforming local elements into more cohesive, higher-level
structures.

(ii) Constructing an updated HD similarity
We treat set {f"(x;)} as a new HD space and recompute condi-
tional neighbor affinities using a Gaussian kernel. Specifically,
for each point i and candidate neighbor j, we define

exp(=Iff(x) —fT(x))|2/(207))

in embedding. In stage 2 (Fig. 1c), the BCNE embedding network ,5;“ = . (15)
is fine-tuned by replacing the original HD input with the feature s €XP(=IF (X)) = frx0)l12/(207))
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where g; is the bandwidth chosen (as in the initial stage) to match a
specified perplexity for point i. The joint affinities are then sym-
metrized by p; = ’%

(iii) Refining the embedding with updated similarities

Let Pr = A denote the updated HD similarity matrix. We keep

Q =[qy] as the LD Student’s ¢-distribution affinities on the current

embedding coordinates n,. We then fine-tune the same BCNE network
by minimazing L.

nr

" _. P
Lyne = KLPIQ) = 3 P log =
i# lj

(16)

Atevery refinement stage r, the network still ingests the original
image inputx;atlayer 1. Layers [1, r] remain fully trainable and receive
gradient updates from ;.. Empirically, freezing layers 1 through r
degraded performance. Allowing these layers to remainadaptive ena-
blesthe similarity constraints to redistribute representational capacity
toward features identified as informative by deeper layers, resulting
inimproved embedding quality and more stable convergence. Con-
ceptually, each recursive iteration leverages increasingly abstract
latent relationships learned by the network. Consequently, the final
embedding seamlessly integrates detailed local neighborhoods with
overarching manifold topologies.

These three steps are repeated for two to threerecursions (Dense
Layer1atRecur1- Dense Layer 3 at Recur 3 in our implementation).
Each pass ‘zooms out’, weaving the freshly discovered global rela-
tionships into the existing manifold while retaining local fidelity.
The final embedding unites high-resolution local neighborhoods
with coherent long-range topology, exposing subtle state transi-
tions and distributed neural interactions that a single embedding
pass fails toreveal. This property is essential for dynamic brain data,
where behavioral or cognitive shifts are often encoded in extended,
cross-regional patterns.

Dataset

Sherlock dataset (human fMRI BOLD imaging). The Sherlock
dataset® includes functional MRI data from 16 participants who
viewed a 48-min segment from the BBC television series Sherlock.
MRI data were collected on a Siemens Skyra 3-T scanner equipped
witha20-channel head coil. Functional images were acquired using a
T2*-weighted echo-planarimaging sequence, and anatomical images
were obtained using a T1-weighted MPRAGE sequence. The stimulus
was projected onto arear-projection screen within the magnet bore
and viewed through an angled mirror. Data preprocessing followed
established procedures® and included slice-time correction, motion
correction, linear detrending, high-pass filtering with a cutoffof 140 s
and spatial normalization to the Montreal Neurological Institute
template using fMRISoftware Library (FSL). Images were resampled
to isotropic voxels (3 mm?3), z-scored and spatially smoothed with
a 6-mm Gaussian kernel. ROIs were selected on the basis of previ-
ous studies™?°, including EV, EA, HV and PMC regions, chosen for
their consistent activation during audiovisual movie viewing. Voxel
counts within each ROl were 307 for EV, 571 for HV, 1,018 for EA and
481for PMC.

Rat dataset (hippocampal electrophysiology). The rat hippocampus
dataset* detailed electrophysiological recordings from area 1 of the
cornu ammonis (CAl) hippocampal region of four male Long-Evans
rats, obtained using bilaterally implanted silicon probes. Eachrat, dur-
ingthe sessions, navigated al.6-mlinear track to receive water rewards
atbothends. The count of identified putative pyramidal neurons varied
from48t0120 per rat. We followed the data preprocessing procedure™,
where neuronal spikes were segmented into 25-ms bins. The spatial
positionand movement direction (either left or right) of each rat were

represented by a3D vector, incorporating a continuous position value
alongside two binary indicators for the direction.

Macaque dataset (S1 electrophysiology). The macaque dataset®
consists of electrophysiological recordings from area 2 of the soma-
tosensory cortex (S1)inarhesus macaque duringa center-out reaching
task using amanipulandum. In this task, the macaque was required to
performreachesin eight different directions. On half of the trials, the
macaque actively executed center-out movements toward a specified
target. The other half were ‘passive’ trials, during which an unexpected
2 Newton force was applied to the manipulandum in one of the eight
target directions while the macaque was holding it. The data preproc-
essing follows referencel4, which followed the procedure outlined
by Pei et al.*, covering a timeframe from —-100 ms to 500 ms relative
to the onset of movement. The analysis involved segmenting the data
into 1-ms time bins and smoothing with a Gaussian kernel (standard
deviation 40 ms).

Evaluation metrics

We applied comprehensive evaluation metrics across three datasets—
Sherlock fMRI dataset, rat hippocampal electrophysiological record-
ings and macaque S1 electrophysiological data—to assess how
effectively our embeddings capture meaningful neurodynamic struc-
tures. Formally, let Xer"™" denote the original brain-data matrix, where
Nrepresents the number of input features (voxels or electrodes) and
Tisthe number of time points. Our method produces an LD embedding
n(t) € R, where O (typically 2 or 3) isthe target embedding dimension
for brain-state trajectory visualization.

Sherlock dataset (human fMRI BOLD imaging).

(1) KNNscene classification:
We used a KNN classifier to evaluate how well the embeddings n
distinguish brain states corresponding to different movie
scenes. Let L (¢) € {1,..., Ny} be the ground-truth movie-scene
label at time ¢, where N, is the total number of predefined
scenes. We use a KNN classifier, where k € {1,3,5,8,10,30}
denotes the number of neighbors. Let L (¢) be the label predict-
ed by the KNN classifier for time point t. Define classification
accuracy (Acc) as

;
Acc= 1 SALE) = L)), {17
T t=1

where1(¢) is the indicator function, returning 1if its argument is true
and O otherwise

. L fflo=L@
1L =L@)=

0, otherwise.

(18)

This scene-category KNN provides discrete yet comprehensive
assessment, effectively capturing rapid transitions and long-range
dependencies in neural activity patterns. Accuracy was determined
via tenfold cross-validation; higher values indicate better separation
of scene-specific brain states.

(2) Behaviorally rated event boundaries:

To evaluate alignment with behaviorally annotated events, we
assessed embedding similarities relative to externally defined event
boundaries. Eachtime pointthas abehavioral eventlabel L(¢), partition-
ingthe seriesinto discrete events. Boundaries occur at label transitions
(L (¢) # L(t - 1), withseries endpointsincluded. Following refs.13,22,23,
we constructed paired time points at fixed lag d, retaining pairs strad-
dlingeventboundaries. Let peyen:(t, t')denote the embedding similarity
for a pair of time points ¢, ¢’ across or within event boundaries.
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D (O = A @) () = A @)
2 2
\/ Yy (1 (0= A ©) \/ T (0 (0) = A @)

Pevent(L, 1) = s (19)

where n; (¢)is the ith component of the embedding vector n(¢). Define
i = 12/7,- (t) as the mean of the embedding components at time .
Letw (?enote the set of all within-event time point pairs and 3 the set
ofallacross-boundary pairs; |-|denotes set cardinality. We then define

1 1
Wavg = W B z Pevent (L, 1), Bavg = @

tew

> Pevent(t, ). (20)

tt)eB

The behavioral difference Deyene = Wayg — Bavg quantifies how dis-
tinctly the embedding reflects behaviorally defined transitions, with
larger valuesindicating clearer alignment. Itisimportant to note that
our reported event-segmentation results serve as a sanity check to
evaluate whether the visualizable trajectories naturally align with
behavioral boundaries, rather than to maximize downstream scores.
By contrast, T-PHATE" uses higher-dimensional embeddings for this
task, which probably explains the differences in observed outcomes.

Rat dataset (hippocampal electrophysiology).

(1) Learning stage classification:
Each time point t was labeled with learning stage L. (¢) based
on water-reward thresholds (6,10, 12,13, 14 or 18 rewards). To
evaluate the robustness of the embeddings in capturing the
specific behavioral transitions, we evaluated embedding quality
by KNN classification accuracy (as defined previously) for
k €{1,3,5,8,10,30}), using tenfold cross-validation under each
threshold.

(2) Moving direction classification:
We labeled each time point by movement direction and
computed KNN accuracy
on n(¢) similarly to assess directional encoding in the
embedding.

(3) Position-embedding representational similarity:
This metric evaluates how well the spatial relationships among
neural positions are preserved in the embedding. Let t;and ¢ ; be
time points with original spatial coordinates p(¢) and embed-
dings n(¢). Define distance matrices

Dyt 1) = |p(e) — p(@)| @

Dy(t:. ) = (@) - (@) 22)

Extracting the upper-triangle entries (i <), the pgs, is defined as

1D, (£t ) = Dp)(Dy (81, ) = Dy)

(23)
\/ ZigDy (tt)) = Dp)z\/ %10y ()= D)’

PRsA =

where D, and D, are the mean values of the all upper-triangle entries
of D,and D,. A higher pgs, indicates faithful spatial preservation.
(4) Trustworthiness:

This metric measures preservation of local neighborhoods in
the embedding. For neighborhood size k, let N¥(¢,) be the set of
the k nearest neighbors of time point ¢;in the original space, and
let M®(¢,) be the analogous set in the embedding. We define the
set of spurious neighbors

U = MOE)WOE). (24)

Let r(t;, t ;) be the rank of time point ¢ ; sorted by distance from ¢;in
the original space. Trustworthiness is defined as

2

N
T =1~ NN =3k & 2ol () =R (9

Here, the trustworthiness T (k) penalizes points that appear close in the
embedding but are not truly neighbors in the original space. Higher
T (k) values indicate better local structure preservation.

(5) Continuity:

This metric quantifies how well the original temporal ordering is pre-
served. The set of missing neighbors (neighbors presentin the original
space but absent in the embedding) is

U = NO@E) WO, (26)

Let r (¢;,t ;) be the rank of time point ¢ ; sorted by distance from ¢;
inthe embedding space. Continuity is defined as

2

N
€M =1- w3 B e @) =0 @)

Here, C(k) €[0.1], with larger values indicating stronger
temporal-sequence fidelity.

Macaque dataset (S1 electrophysiology).

(1) Arm-angle classification:
Each tis labeled L. (£) €{0°,45 , ..., 315 }. KNN accuracy (as
defined previously) on n(¢t) measures angle encoding.

(2) Position-embedding representational similarity:

For eachangle i, compute Pearson correlation p; between D, and
D, restricted to time points at angle i, analogous to the RSA
defined above.

Roll-shift test. To assess temporal sensitivity, let 6 denote the circular
time-shift offset. We circularly shift the spatial-coordinate series p(¢)
by 6, then recompute pgss(6) (the RSA correlation after shifting by 6)
and p; (the RSA correlationrestricted to time points at reach-direction
anglei). Apeakin pgsa(6)at 6§ = 0 withamonotonic decrease for 6] > 0
indicates correct temporal encoding. Applied to both ratand macaque
datasets, this roll-shift test complements standard RSA to verify
spatiotemporal fidelity.

Compared methods

In our evaluation, we considered six methods for comparison: PCA,
t-SNE, UMAP, PHATE, T-PHATE and CEBRA. PCA is a widely adopted
dimensionality reduction technique frequently used asa preprocessing
step. t-SNE and UMAP are established manifold learning techniques,
commonly applied for visualizing HD data. PHATE, a more recent
method, leverages Markov diffusion to capture and visualize complex
trajectories, particularly in genomic cell differentiation. T-PHATE
builds upon PHATE by incorporating atemporal correlations, rendering
it particularly well suited for brainimaging data such as fMRI. CEBRA is
adeeplearning-based embedding framework specifically designed for
braindataanalysis, offering multiple operational modes. For the com-
parison, we used the CEBRA-Time mode, an unsupervised, data-driven
approachthataligns with the goal of BCNE in uncovering intrinsic neu-
ral structures without relying on predefined labels. All reported results
for CEBRA in this study were obtained using the CEBRA-Time mode.

Parameter tuning. Inthe experiments, we used the default settings for
the PCA reimplementation, as the results were not notably affected.
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For the other methods, we conducted grid searches to optimize key
hyperparameters for each approach.

(1) t-SNE: Perplexitye{5, 10, 20, 30, 40, 503}, early exaggeratione{12,
18,24, 32}.

(2) UMAP: Number of neighborse{s, 12, 24, 48,100, 200}, min_
diste{0.0001, 0.001, 0.01, 0.1, 0.3, 0.5, 0.99}.

(3) PHATE: n_landmarke{500, 1,000, 2,000, N,emporal gim}» t€11, 3, 5,
auto}, knnefs, 10}, decaye{20, 40}.

(4) T-PHATE: n_landmarke{500, 1,000, 2,000, N.emporal dim}» t€{1, 3,5,
auto}, knne{5, 10}, decaye{20, 40}.

(5) CEBRA: Batch sizee{512,1,024, 2,048, 4,096}, learning
ratee{l x1074,3 x 1074}, temperaturee{0.5,1,1.5,2, 3},
distancee{Cosine, Euclidean}.

Here, Niemporat aim d€Nnotes the temporal dimensionality of the input
brain data. We performed these grid searches onarandomly selected
participant from each dataset and then applied the selected hyperpa-
rameterstoallindividual participants within the same dataset, follow-
ing the same procedure as the BCNE implementation.

Final parameter selection. We selected the optimal hyperparameters
for each method and dataset by maximizing average scores across
multiple runs. Below are the final configurations:

(1) Sherlock dataset
t-SNE: perplexity = 30, early_exaggeration =12. UMAP: min_
dist = 0.1, n_neighbors = 5. PHATE: n_landmark = Nmporat dims £ =5,
knn=5, decay =20. TPHATE: n_landmark = Nempora dims £ = 5, knn
=5, decay =20. CEBRA: batch_size = 512, distance = Euclidean,
learning_rate =3 x 104, temperature =1.0.

(2) Rat hippocampus dataset
t-SNE: perplexity =10, early_exaggeration = 16.
UMAP: min_dist = 0.0001, n_neighbors = 24.
PHATE: n_landmark = 2,000, t =auto, knn =10, decay = 40.
TPHATE: n_landmark =2,000, t =1, knn =10, decay = 40.
CEBRA: batch_size = 512, distance = Euclidean, learning_
rate =1x1074, temperature = 2.0.

(3) Macaque dataset
t-SNE: perplexity = 30, early_exaggeration =12.
UMAP: min_dist = 0.1, n_neighbors =15.
PHATE: n_landmark =1,000, ¢ =10, knn =10, decay = 40.
TPHATE: n_landmark =500, ¢ =10, knn =5, decay = 20.
CEBRA: batch_size = 2,048, distance = Cosine, learning_
rate =3 x1074, temperature =1.0.

We observed that PHATE and T-PHATE were the most sensi-
tive to hyperparameter settings across the evaluated datasets,
underscoring the importance of meticulous parameter tuning for
these methods. By contrast, PCA, t-SNE, UMAP, CEBRA and BCNE
demonstrated relatively stable performance across different
parameter configurations.

Inclusion and ethics statement. The research used deidentified, pub-
licly available data, with no directinvolvement of human participants
or animal subjects. The study design and analyses aimed to avoid bias
and ensure equitable representation across datasets.

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

Data availability

Source data are provided with this paper. This study utilized three
publicly available datasets: the Sherlock fMRI dataset* (preprocess-
ing pipeline available via GitHub at https://github.com/Krishnaswa-
myLab/TPHATE), the hippocampus dataset® and the macaque dataset*

(preprocessing code available via GitHub at https://github.com/Adap-
tiveMotorControlLab/CEBRA). All datasets are publicly accessible
without restriction, and no clinical or proprietary third-party data
were used in this work.

Code availability

The BCNE code, including the complete pipeline to reproduce all
analyses and the preprocessed datasets used in this study, is avail-
ableviaCode Ocean at https://codeocean.com/capsule/3710904/tree
(ref. 36). All custom scripts and implementation details supporting the
findings of this work are available via GitHub at https://github.com/
ZixiaZ/BCNE (ref.37).
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Extended Data Fig. 1| 2D Visualizations of the Sherlock fMRI Dataset. Additional 2D visualizations generated using PCA, t-SNE, UMAP, PHATE, T-PHATE, CEBRA, and
BCNE (Recur O and Recur 3) across four ROIs. The colormap is the same as in Fig. 2.
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Extended Data Fig. 2| 3D Visualizations of the Sherlock fMRI Dataset. Additional 3D visualizations generated using PCA, t-SNE, UMAP, PHATE, T-PHATE, CEBRA, and
BCNE (Recur O and Recur 3) across four ROIs. The colormap is the same as in Fig. 2.
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isthe same as in Fig. 2. (b—d) Boxplots, radar maps, and heatmaps displaying

KNN classifier accuracy for the 39-event classification task, computed from
embeddings produced by the ablation experiments across different regions.
KNN accuracies were calculated using a single, randomly selected seed. The same
statistical tests and box plot conventions are applied as in Fig. 2.

Extended Data Fig. 3| Ablation Experiments on the Sherlock fMRI Dataset.

(a) 2D visualizations for multiple ablation experiments, including BCNE without
temporal projection, without spatial projection, with a1D autoencoder as spatial
projection, with a 2D autoencoder as spatial projection, with contrastive loss,
and the proposed BCNE, across the EV, HV, EA, and PMV regions. The colormap

Nature Computational Science


http://www.nature.com/natcomputsci

. .
Article https://doi.org/10.1038/s43588-025-00911-9
4 b
> Early Visual Region ., o N
HV_ CEBRA EA_CEBRA PMC_CEBRA| £ o7 B0 Early Auditory Region -
3 06 r 3 r
£ 04 8 06 % or
203 % 0s o
© 02 S %
g 0.1 | mmpa— Z 02 e :;
¢ Cebra_3D Cebra_3D_timeBNE.noRe: BNERe” & Cebra_3D Cebra_3D_timeBNE_noRe  BNE_Re
-~ }? High Visual Region .. 2z Posterior Medial Cortex,,
EA_CEBRA_T £ §os i
- = g 08 307
< o o
& 06 =
B 2
8 04 b
I5) ©
202 5]
g 7 2
Cebra_3D Cebra_3D_timeBNE_noRe BNE_Re & Cebra_3D Cebra_3D_timeBNE_noRe  BNE_Re
0.23 .-m 075
c EA
- ~ 000 0.01 0.01 0.01
~ ~ 002 0.01 0.06 0.03
© ©  -0.00 0.03 0.05 0.04
< < 000 0.01 0.03 0.04
@ w003 -0.00 - 0.00
© © 001 0.02 0.04 0.01
~ ~ 005 0.00 0.08 0.01
@ 0.04 0.01 -0.00 0.04
0.02 0.00 0.01 0.02 0.01 0.03
° o 000 0.01 -0.00 -0.00
= = max
= = oo -0.00 0.01 001
o ~ 000 0.00 001 0.02
© © 002 0.01 0.08 003
s * 000 -0.00 0.01 0.01
© v 001 0.05 0.02 0.02 0.03
© © 001 0.00 0.02 001 0.02
PCA +SNE UMAP  PHATE  T-PHATE CEBRA  BCNE PCA tSNE UMAP  PHATE  T-PHATE ~ CEBRA  BCNE
EV PMC
~ ol -0.00 0.03 0.01 -0.03 0.04
~ 003 0.02 0.01 0.02 0.01 0.04 =
© 000 0.01 0.02 0.01 0.04 0.01 -
< 001 -0.00 0.01 0.03 -0.01 -0.03 -
w000 0.01 -0.10 0.00 0.01 -0.05 - riin
© 001 0.01 0.01 0.01 -0.01 -0.00 P
~ 002 0.02 0.01 0.02 N
-0.00 0.01 0.01 0.01
©
0.01 0.02 0.01 0.01 '
o
o 002 0.02 0.01 0.02 0.01 °
- 000 -0.00 0.00 0.00 0.04 -
& 000 0.01 0.01 0.01 -0.05 &
© 001 0.01 0.01 -0.00 -0.00 .
*  -000 0.01 0.01 0.01 0.03 -
© 000 0.01 0.01 0.00 0.05 ®
© 000 0.00 -0.00 0.00 -0.01 -0.02 0.02 &
PCA SNE UMAP  PHATE  T-PHATE CEBRA  BCNE = LSNE UMAP®  PHATEI ‘TRHATE  GEBRA

Extended Data Fig. 4| Comparative Visualizations and Classification
Results. (a) 3D visualizations of embeddings generated by CEBRA (3D),
CEBRA (3D with temporal correlation projection), BCNE (Recur 0), and BCNE
(Recur 3). The colormap is the same as in Fig. 2. (b) Boxplots of KNN classifier

accuracy calculated from these embeddings. The same statistical tests and
box plot conventions are applied as in Fig. 2. (c) Heatmap displaying results of
behaviorally-rated event analyses across PCA, t-SNE, UMAP, PHATE, T-PHATE,
CEBRA, and BCNE for the four ROIs.
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Extended DataFig. 5| 2D visualizations under varying BCNE configurations stages 0 and 3. Model-structure experiments evaluate the influence of alternative
and balance parameters. This figure compares BCNE-generated 2D embeddings  convolutional and dense-layer designs, while balance-parameter experiments
ofthe Sherlock dataset under different architectural configurations (top) and assess the effect of varying the allocation ratio between HD- and LD-manifold
arange of balance-parameter settings (bottom). Each panel shows the low- components during training. Colormaps follow the same scene-label scheme

dimensional trajectory for one of the four ROIs (EA, EV, HV and PMC) at recursion asinFig.2.
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Extended Data Fig. 6 | 2D Visualizations from BCNE with Different Random Seeds. Comparison of 2D visualizations generated by the BCNE method with different
random seeds across (a) the Sherlock dataset (colormap asin Fig. 2), (b) the rat dataset (colormap as in Fig. 4), and (c) the macaque dataset (colormap as in Fig. 5).
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Extended Data Fig. 7| Ablation and Spatial Projection Analyses for the Rat
Hippocampus and Macaque Datasets. (a) 2D visualizations from ablation
experiments on the Rat Hippocampus dataset, including BCNE without
temporal projection, without spatial projection, with a1D autoencoder as spatial
projection, with a 2D autoencoder as spatial projection, and the proposed BCNE,
shown for four rats. (b) Boxplot of Pearson correlation values between real rat
positions and embeddings generated by ablation experiments. (c) Boxplot of
KNN classifier accuracy for the learning stage classification task, calculated
from ablation embeddings. (d) 2D input data after rearrangement using the
compared autocorrelation-based spatial projection, displayed for selected

time points (T=0,1,2,100,200,300,1000,1008,1009). (e) 2D input data after

rearrangement using the proposed spatial projection of BCNE, shown for the
same time points. (f) 2D visualizations generated by BCNE with the compared
spatial correlation projection for four rats. (g) Boxplots for Pearson correlation
values and KNN classifier accuracy calculated from embeddings generated by
the ablation experiments. (h) 2D visualizations from ablation experiments on the
Macaque dataset, including BCNE without temporal projection, without spatial
projection, with simple spatial correlation projection, with a1D autoencoder as
spatial projection, with a 2D autoencoder as spatial projection, and the proposed
BCNE under active or passive modes. The colormap, statistical tests, and box plot
conventions are the same as those used in Fig. 4.
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model configurations on the Rat and Macaque datasets. (b) 2D visualizations

generated by the BCNE method with different “balance” parameter settings on

Extended Data Fig. 8| 2D Visualizations with Varying Configurations and
the Rat and Macaque datasets (colormap as in Figs. 4 and 5).

Balance Parameters on the Rat and Macaque Datasets. (a) 2D visualizations
generated by the BCNE method using the default model and various alternative
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