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accessibility
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Single-cell chromatin accessibility profiles are extremely sparse but reflect continuous developmental
trajectories. Most existing methods for dimensionality reduction and trajectory analysis optimize
reconstruction error or cluster separation, without encoding temporal continuity in the model or
providing metrics tailored to this objective. We introduce iAODE, a variational autoencoder that
couples a zero-inflated negative binomial likelihood with a latent Neural ODE, low-weight
Kullback–Leibler (KL) regularization, and an interpretable reconstruction bottleneck to learn
generative, temporally continuous latent spaces. Around iAODE, we build a standardized AnnData
benchmark of 248 single-cell Assay for Transposase-Accessible Chromatin using sequencing
(scATAC-seq) and 123 single-cell RNA sequencing (scRNA-seq) datasets and a 20-metric evaluation
suite that quantifies latent-space continuity, embedding quality, and clustering-coupling structure.
Simulations confirm that the metrics respond smoothly to controlled continuity perturbations, and
large-scale benchmarks show that the ODE, low-β, and bottleneck components synergistically
improve trajectory structure and robustness over established generative and manifold-learning
baselines.

Single-cell Assay for Transposase-Accessible Chromatin using sequencing
(scATAC-seq) characterizes open chromatin states at single-cell resolution,
but the resultingdata are typically extremely sparse, high-dimensional, zero-
inflated, and strongly affected by batch effects, making it difficult to dis-
tinguish technical dropouts from truly inaccessible regions1,2. Deep gen-
erative models, especially variational autoencoders (VAEs) and their
extensions, provide a unified probabilistic framework for addressing these
challenges. SCALE builds on aVAE andmodels binarized peak accessibility
as Bernoulli observations3; PeakVI further introduces more flexible like-
lihoods and explicit batch-effect modeling to improve the resolution of
biological heterogeneity4; subsequent work pushes modeling down to
fragment counts to exploit count intensity more directly5. On this basis,
SAILER penalizes information correlated with sequencing depth and batch
to learn “biologically invariant” representations6; scMVPextends generative
modeling to joint scRNA-seq and scATAC-seq in a multimodal setting7;
GFETM integrates pre-trained genomic embeddings into a topic model to
inject prior knowledge8.

Beyond VAEs, diffusion-based generative models provide another
class of techniques. scDiffusion proposes diffusion models for conditional
generation of high-quality single-cell data9; scButterfly performs single-cell
cross-modality translation via dual-aligned variational autoencoders10.
Complementing algorithmic approaches under extreme scATAC-seq
sparsity, large-scale atlas resources provide reference accessibility land-
scapes across tissues and cell types11. However, as sequencing scales increase
and multi-omics measurements become more common, current methods,
though successful for static latent representations, batch correction, and
multimodal integration, largely treat developmental trajectories as a post-
processing task: typically, trajectories are inferred after representation
learning using pseudotime or graph abstraction algorithms applied to the
learned embeddings12,13. Systematic benchmarking further shows that dif-
ferent models emphasize different aspects, such as embedding quality,
clustering performance, or downstream tasks14,making it difficult to answer
the core question: “which type of latent structure is most favorable for
recovering temporal continuity and regulatory trajectories?” Overall, the
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current landscape highlights two key gaps: (i) a lack of generative frame-
works that encode temporal continuity directly inmodel structure, and (ii) a
lack of unified evaluation and benchmarking specifically targeting con-
tinuum modeling.

Continuum modeling aims to recover the ordered evolution of cell
states in latent space and support trajectory inference and time-related
downstreamanalyses15,16. For scATAC-seq, this involves smooth transitions
of open-chromatin patterns across states and preservation of trajectory
topology and temporal consistency under strong noise, motivating a multi-
layer evaluation system. At the clustering level, metrics such as average
silhouette width (ASW), Calinski-Harabasz index (CAL), and Davies-
Bouldin index (DAV) assess separation and organization of cell states17–19.
At the embedding level, distance correlation (DC) evaluates preservation of
pairwise distances; local and global quality metrics (QL, QG) derived from
co-ranking matrices characterize neighborhood preservation at different
scales; trustworthiness and continuity quantify local neighborhood distor-
tion from complementary perspectives20–22. At the trajectory level, the
dynverse framework proposes geodesic distance correlation, Hamming-
Ipsen-Mikhailov (HIM) distance, and branch F1 scores to compare inferred
trajectories with references23–25; partition-based graph abstraction (PAGA)
abstracts cell graphs at the cluster level to identify backbones and branch
structures26; continuity evaluation also considers concordance between
pseudotime orderings and known time labels, and whether key marker
regions exhibit smooth changes along pseudotime15,24. For scATAC-seq,
extreme sparsity makes peak-gene link inference sensitive to noise19,
requiring coherence examination at peak, gene, and multi-modal integra-
tion levels simultaneously27,28.

Recent benchmarks emphasize that evaluations should integrate tra-
jectory topology, differential accessibility, and multi-modal integration
under a unified framework14,18,29. However, thesemetrics aremostly used for
post-hoc evaluation and do not directly constrain temporal dynamics at the
model level, leaving room for explicit dynamical modeling. Unlike earlier
metric suites designed primarily around discrete clustering or specific tra-
jectory inference algorithms, this work focuses on continuous trajectories
and smooth transitions in latent or embedding spaces rather than “con-
tinuity” of raw accessibility counts. Building on previous work, we define a
20-metric evaluation framework focused on latent continuum modeling,
organized along three complementary dimensions: continuum (intrinsic
latent-space continuity), embedding quality, and clustering/coupling,
enabling systematic assessment of whether models can jointly capture
generative distributions, trajectory structure, and interpretable regulatory
modules.

To simultaneously capture temporal continuity and coordinated
changes across multiple features within a deep generative model, we need
explicit constraints on both latent dynamics and information structure—
this is the central designmotivation for iAODE.Neural ordinary differential
equations (Neural ODEs) parameterize a vector field with a neural network
and combine it with an ODE solver, assuming that latent states are con-
tinuously differentiable in time, which fits gradual processes such as
development anddifferentiation.DeepVelousedNeuralODEs tofit smooth
RNA kinetics in single-cell transcriptomics30; related approaches have
extrapolated future transcriptional states, reconstructed past trajectories31,32,
and modeled complex trajectories with stochastic perturbations33. On the
representation side, standard VAE Kullback–Leibler (KL) regularization
encourages independence across latent dimensions, which can break the
modular coupling structures that naturally arise in biological processes34,35.
Reducing the KL weight (low-β configuration) retains correlations between
dimensions, allowing the model to capture coordinated directions corre-
sponding to regulatory modules. Information bottleneck (IB) theory for-
malizes learning compressed yet informative representations36; biolord and
scInfoVAE instantiate this principle for single-cell data, introducing con-
straints that encourage latent variables to be both informative and well-
structured37,38.

Combining these three elements yields a continuous and coupled
dynamical picture in latent space: the information bottleneck retains feature

combinations relevant to trajectories; low-βKLallows these features to form
correlated clusters; the Neural ODE learns a vector field over this space to
model directions of coordinated change and their temporal evolution,
making trajectories appear as paths along which multiple regulatory mod-
ules change in a coordinated fashion30,37–39. This is consistent with classical
results on β-VAE40: when β > 1, stronger KL regularization trades recon-
struction accuracy for more disentangled latent factors; when β is near 1
or slightly below, one can maintain good reconstruction while retaining
correlation across dimensions. In this work, we mainly explore the low-
penalty region β≤1 to study its effects on latent-space continuity
and geometry, using high-β configurations only as controls to verify
that they can impair both reconstruction and continuity. Our goal is
not to seek fully factorized representations but to use low-β
configurations to enhance coupling structures related to regulatorymodules
in latent space.

Existing deep generative models for scATAC-seq excel at static
representation, batch correction, and multimodal integration but do not
explicitly model continuous developmental dynamics; continuity relies on
post-hoc metrics. We ask: how to learn a latent space that is both generative
and endowed with intrinsic continuous trajectory structure under extreme
scATAC-seq sparsity?Wepropose iAODE(interpretableAccessibilityODE-
based variational autoencoder), built on a variational autoencoder (VAE)
with zero-inflated negative binomial (ZINB) likelihood for discrete counts
and zero inflation. The encoder predicts normalized pseudotime and
introduces a Neural ODE vector field in latent space describing continuous
chromatin-state evolution; lowKLweights (β≤0.1) preserve coupling across
latent dimensions associated with regulatory modules; an interpretable
reconstruction (irecon) bottleneck acts as an information-bottleneck con-
straint encouraging interpretable accessibility patterns. We build a stan-
dardized evaluation environmentwith simulated topologies andmulti-scale
real datasets to validate continuum metrics, perform component/ablation
experiments, and benchmark iAODE against deep generative models
(PoissonVI, scVI, PeakVI, scTour) and traditional methods (principal
component analysis (PCA), independent component analysis (ICA), Dif-
fusion Maps). Our contributions are: (1) an ODE-VAE framework jointly
modeling generative distributions and continuous trajectories for scATAC-
seq; (2) standardized benchmark resources and evaluation suite spanning
simulated and multi-scale real data; (3) multi-dimensional benchmarks
demonstrating ODE-based frameworks’ potential for trajectory continuity,
embedding quality, and biological interpretability. We focus on VAEs and
variants—including high-β variant (HB, β = 5) and mutual-information/
total-correlation regularizers (InfoVAE, β-TCVAE, DIP-VAE) that
strengthen decoupling—to enable fair comparisons of latent-structure
constraints under unified probabilistic objectives, contrasting iAODE’s low-
β, coupling-emphasizing, dynamics-centric design. Systematic bench-
marking of diffusion and non-VAE paradigms awaits future work building
on this evaluation framework.

Results
iAODE framework and standardized multi-modal benchmark
resources
We summarize the iAODE framework together with the standardized
benchmark resources and evaluation protocol that support all experiments.
To address the high-dimensional sparsity and heterogeneous origins of
scATAC-seq data, we couple local model training with an online resource
platform (Fig. 1A): core algorithms are implemented in Python/PyTorch,
while a static Next.js/TypeScript site serves curated data samples, metrics,
and documentation. scATAC-seq and scRNA-seq data from multiple
species and platforms are obtained from public repositories and uniformly
processed from Cell Ranger filtered matrices (®ltered_feature_-
bc_matrix.h5; Fig. 1B). The initial collection contains 434 scATAC-seq
samples from 93 studies and 183 scRNA-seq samples from 20 studies; after
stratifying by cell count into Tiny (<5k), Small (5k–10k), Medium
(10k–20k), and Large (>20k) tiers and discarding Tiny data samples, the
final benchmark comprises 248 scATAC-seq and 123 scRNA-seq datasets
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that span diverse real biological topologies. The iAODE architecture
(Fig. 1C) unifies static feature extraction and dynamic trajectory inference in
a single probabilistic model: term frequency–inverse document frequency
(TF-IDF)-normalized, highly variable peak/gene-filtered matrices enter an
encoder that produces low-dimensional latents and a normalized pseudo-
time, which parametrizes a latent Neural ODE; a dual-path decoder
reconstructs counts and aligns static and ODE-propagated latents via

reconstruction and consistency losses under low-β KL regularization. For
each dataset, we apply a fixed protocol (Fig. 1E) with a 70%/15%/15% train/
validation/test split and a 20-metric suite covering continuum quality,
embedding fidelity, and clustering/coupling. An interactive “Dataset
Browser” and “Continuity Explorer” (Fig. 1D) expose these standardized
resources and metrics, providing a reusable platform for single-cell con-
tinuum modeling.
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Topological simulations and continuum metrics on real scATAC
data, behavior and hyperparameter priors
To validate metric behavior under controlled conditions, we evaluate con-
tinuum metrics on simulated datasets with cyclic, linear, and branching
topologies in two scenarios: a Continuum scenario with fine-tuned con-
tinuity (0.85–0.95; Fig. 2A,B) and a Clustering to Continuum scenario
transitioning from discrete clusters to continuous manifolds (0.00–1.00;
Fig. 2C,D). In the Continuum scenario, six core metrics—Spectral Decay,
Anisotropy, Participation Ratio, Trajectory Directionality, Manifold
Dimensionality, and Noise Resilience—exhibit nearly linear, monotonic
relationships with continuity (Fig. 2B; Supplementary Table 1). Across
topologies, goodness-of-fit is consistently high (typically R2 > 0.8), sup-
porting smooth, approximately linear responses to small continuity per-
turbations. Clustering (ASW, CAL, DAV), embedding (DC, QL, QG), and
latent coupling (COR) metrics show consistent patterns (Supplementary
Fig. 1A,B). In the Clustering to Continuum scenario, linearity remains
strong across the full 0–1 interval (Fig. 2D; Supplementary Fig. 1C; Sup-
plementaryTable 1), andmost correlations arehighly significant (p<0.001),
justifying metric use in real-data comparisons.

We then perform hyperparameter prescreening on 248 real scATAC-
seq datasets using a baseline VAE without an ODE module to isolate reg-
ularizer effects. Friedman tests across KL weight β and irecon weight Irec
show significant differences (global p < 0.001; Fig. 2E; Supplementary
Fig. 1D; Supplementary Table 2). Lower β (≤0.1) consistently outperforms
higher-β configurations: in Medium datasets, β = 0.1 achieves advantage
scores of+0.15 and+0.09 forManifoldDimensionality and Spectral Decay
versus β = 10. Increasing Irec improves geometric metrics and especially
NoiseResilience; in Small datasets,β=0.01, Irec =10versusβ=0.01, Irec =0.1
yields+0.87 for Noise Resilience (most p < 0.001). Notably, metric variance
across β and Irec is substantial in this no-ODE setting, indicating high
sensitivity when latent dynamics are absent. These resultsmotivate focusing
on low-β and moderate-to-high Irec ranges for iAODE, while final defaults
are determined by the robustness analyses below.

Component synergy and ablations in multi-scale scATAC data
After validatingmetric behavior and hyperparameter ranges, we investigate
the roles of low-β KL (LB, β = 0.01), irecon bottleneck (IR), and ODE
module via additive and pairwise ablation experiments across 165 Small, 68
Medium, and 15 Large scATAC-seq datasets (Fig. 3A,B; Supplementary
Table 3). In additive experiments (Fig. 3A), full iAODE outperforms
baseline VAE (Base) in Small by+0.57 inOverall intrinsic quality,+0.86 in
Noise Resilience, and +0.60 in Trajectory Directionality, with gains of
+0.30–0.52 in Manifold Dimensionality, Spectral Decay, Participation
Ratio, and Anisotropy (all p < 0.001). Compared to single-component
variants (LB, IR, or ODE), Full gains+0.44–0.47 in Overall quality over LB
and IR but only +0.13 over ODE; for Trajectory Directionality, gains are
+0.48–0.50 relative to LB/IR and +0.08 relative to ODE, suggesting ODE
substantially improves trajectory directionality while LB and IR refine
geometry and denoising. For embedding quality under UMAP, Full versus
Base yields+0.30,+0.26,+0.15, and+0.24 inDC,QL,QG, andOV; versus
LB/IR gains are+0.17–0.25 for DC, QL, OV and+0.11–0.12 for QG, while
versus ODE differences shrink to +0.02–0.05 for DC, QG, OV and +0.11
forQL (Supplementary Fig. 2A; SupplementaryTable 4). Clusteringmetrics

show Full versus Base advantages of +0.15 in ASW, +1,028 in CAL, and
+4.52 in COR; Full versus ODE reduces to +0.11, +659, and +1.39
(Supplementary Fig. 3A; Supplementary Table 5). Medium-group differ-
ences are slightly larger, and Large-group trends remain consistent.

Pairwise ablations clarify component synergy (Fig. 3B; Supplementary
Fig. 3B). In Small, LB+IR (noODE)degradesmost strongly: relative to Full,
Overall quality drops by 0.35, Noise Resilience by 0.65, Trajectory Direc-
tionality by 0.36, while CAL andCORdecrease by 889 and 2.94. In contrast,
LB+ODE and IR+ODE differ minimally from Full: Overall quality is only
0.03–0.04 lower, Trajectory Directionality 0.01–0.04 lower, and Noise
Resilience/COR differ by only 0.04–0.09 and 0.55–0.60, supporting that
ODE provides the global backbone for trajectories while LB and IR refine
geometry and denoising. Embedding metrics mirror these patterns (Sup-
plementary Fig. 2B): Full versus LB+IR shows +0.17, +0.15, +0.09, and
+0.14 for DC, QL, QG, and OV under UMAP, whereas Full versus LB
+ODE/IR+ODE yields near-zero differences in DC, QG, OV (within
0–0.01) and only +0.03–0.06 in QL. Cross-scale results show component
synergy persists: Full versus Base gains in Overall quality increase from
+0.57 (Small) to+0.58 (Medium) and+0.63 (Large); CAL and COR gains
grow from+1,028/+4.52 (Small) to+1,394/+4.67 (Medium) and+4,958/
+5.34 (Large). Overall, the three components form a cooperative system
where low-β KL frees correlated directions, the irecon bottleneck filters
noise, and the ODE encodes trajectories, with the full configuration con-
sistently delivering balanced performance across continuum, embedding,
and clustering metrics.

Continuumandembeddingbenchmarksagainstdeepgenerative
models across multi-scale scATAC data
We benchmark iAODE against VAE-family and deep generative baselines
across Small (165), Medium (68), and Large (15) scATAC-seq datasets
(Fig. 4A-C; Supplementary Table 6). Baselines include high-β variant (HB,
β = 5), disentangling VAEs (DIP, TC, INFO), PoissonVI, scVI, PeakVI, and
ODE-based scTour; Friedman tests and repeated-measures analysis of
variance (RM-ANOVA) indicate significant overall differences (global
p < 0.001). On continuum metrics, iAODE consistently outperforms other
baselines. In Small, Full versus scVI yields +0.29 in Overall quality and
+0.54 in Noise Resilience; versus PeakVI +0.21 and +0.38; versus scTour
+0.13 and+0.27 (all p < 0.001); Manifold Dimensionality, Spectral Decay,
Participation Ratio, Anisotropy, and Trajectory Directionality improve by
+0.15–0.33 versus scVI and+0.05–0.13 versus scTour. Medium and Large
show similar or amplified trends: in Medium, iAODE versus scVI yields
+0.35 and +0.74 in Overall quality and Noise Resilience; in Large, differ-
ences grow to+0.53 and+0.81.HB,DIP, INFO, andTC sometimes achieve
slightly higher Participation Ratios due to stronger decoupling but fall
behind on Noise Resilience and Trajectory Directionality, consistent with
strongly disentangled configurations favoring isolated factors over con-
tinuous trajectories.

Embedding quality under Uniform Manifold Approximation and
Projection (UMAP) and t-distributed stochastic neighbor embedding
(t-SNE) also favors iAODE or places it among top models (Fig. 4A-C;
Supplementary Table 6). In Small (UMAP), iAODE versus scVI yields
+0.07, +0.05, +0.05, and +0.06 in DC, QL, QG, and OV; versus scTour
+0.02, +0.10, +0.02, and +0.05. In Medium, DC(UMAP), QL(UMAP),

Fig. 1 | Overall architecture of the iAODE platform, benchmark resources, and
evaluation protocol. A End-to-end stack and workflow: raw scATAC-seq/scRNA-
seq data are downloaded from public repositories (e.g., GEO), preprocessed with
Scanpy, andmodeled with PyTorch-based deep generativemodels, while results and
curated data are displayed via a Next.js/TypeScript static site; code and tutorials are
hosted on GitHub. B Standardized multi-modal data resources: 434 scATAC-seq
and 183 scRNA-seq datasets are collected and stratified by platform, species, and
scale (Tiny/Small/Medium/Large). All datasets originate from Cell Ranger filtered
matrices for comparability. C iAODE architecture: an overview of the “preproces-
sing-feature selection-encoding-latent ODE-dual-path decoding” pipeline, high-
lighting the roles of the time-encoding layer, latent ODE vector field, and irecon

bottleneck within the unified probabilistic model. D Interactive frontend modules:
the Dataset Browser for browsing and filtering standardized AnnData resources; the
Continuity Explorer for interactive visualization of latent embeddings, pseudotime,
and continuum metrics across different simulated topologies. E Unified evaluation
protocol: an overview of modality-specific preprocessing, the 70%/15%/15% train/
validation/test split, and the 20-metric evaluation suite covering continuum,
embedding quality, and clustering/coupling, which underpins all subsequent
experiments. scATAC-seq single-cell Assay for Transposase-Accessible Chromatin
using sequencing, scRNA-seq single-cell RNA sequencing, GEO Gene Expression
Omnibus, ODE ordinary differential equation, AnnData annotated data matrix.
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andOV(UMAP), differences versus scVI rise to+0.18,+0.09, and+0.12. In
Large, DC/QG differences versus scTour shrink slightly (-0.02 to -0.04,
mostly non-significant), but iAODE remains better in QL and OV, sug-
gesting prioritization of trajectory and noise robustness at high complexity
while scTour retains competitive distance consistency. Clustering/coupling
metrics further highlight iAODE’s advantages (Supplementary Fig. 3C;
Supplementary Table 7). In Small versus scTour, iAODE gains +0.11 in

ASW (p < 0.001), while DAV improves by -0.12 to -0.58 versus scTour/
PoissonVI/PeakVI; CAL increases by +252 to +599; COR by +1.58 to
+2.25 (all p < 0.001). In Medium, gaps are larger: ASW differences versus
scVI/PeakVI/scTour +0.06–0.12; CAL versus PoissonVI +1,431.5; COR
versus scVI/PeakVI+3.62/+3.23. Importantly, iAODE does not dominate
every metric: PoissonVI, scVI, and PeakVI sometimes show slightly larger
Participation Ratios in Medium, and scTour occasionally exhibits
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comparable DC/QG in Large, reflecting trade-offs between local focus and
compact continuity-oriented structures. Yet, combining continuum,
embedding, and clustering dimensions, iAODE offers a more balanced and
stable deep generative solution.

Continuum and clustering benchmarks against linear dimen-
sionality reduction and manifold-learning methods
We compare iAODE with six traditional methods—linear reductions
(principal component analysis (PCA), independent component analysis
(ICA), factor analysis (FA), and non-negative matrix factorization (NMF))
and non-linear manifold tools (Diffusion Maps, Palantir)—across Small
(165), Medium (68), and Large (15) scATAC-seq datasets (Fig. 5A–C;
Supplementary Table 8). Friedman andRM-ANOVA tests show significant
differences for most metrics (overall p < 0.001). On continuum metrics,
iAODE outperforms linear methods consistently: in Small, Overall quality
versus ICA/FA/NMF/PCA differs by +0.74, +0.74, +0.41, and +0.14;
Noise Resilience versus PCA by +0.39 (all p < 0.001); Manifold Dimen-
sionality andParticipationRatio versus ICA/FA/NMF/PCAdiffer by+0.55,
+0.55,+0.28,+0.09 and+0.87,+0.87,+0.27,+0.06, respectively. Similar
patterns hold in Medium and Large, reflecting limitations of linear pro-
jections in capturing complex non-linear manifolds. Comparisons with
Diffusion Maps and Palantir highlight complementary strengths: for Tra-
jectory Directionality, iAODE shows substantially higher values, with dif-
ferences of +0.77, +0.73,+0.77 versus Diffusion Maps and+0.67, +0.72,
+0.76 versus Palantir (Small, Medium, Large; all p < 0.001 or p < 0.01),
consistent with graph-based methods tending to fragment trajectories
whereas iAODE’s latent ODE provides smoother interpolation. Clustering/
coupling metrics amplify these differences (Supplementary Fig. 3D; Sup-
plementary Table 9): in Small, CAL versus Palantir and Diffusion Maps
differ by+8,294 and+8,629; COR by+6.12 and+6.23; in Medium, these
increase to CAL +9,088/+9,317 and COR+5.34/+5.63.

Conversely, Palantir and Diffusion Maps retain advantages on local
compactness. In Small,ASWdifferences versusPalantir andDiffusionMaps
are about−0.17 and−0.15; inMediumandLarge,ASWdeclines by -0.18 to
-0.28;UMAP/t-SNEQLvalues are also sometimes slightly lower for iAODE
versus Palantir, while QG and OV generally favor iAODE (Supplementary
Table 8). This pattern suggests graph-based methods prioritize local
neighborhood preservation, whereas iAODE allows slightly looser local
packing to achieve stronger global topological continuity and coupling—
particularly beneficial for reconstructing continuous trajectories spanning
multiple lineages. Overall, iAODE shows substantial, scale-robust
improvements over linear and classical manifold-learning methods in
continuum and coupling metrics, while Palantir and DiffusionMaps retain
strengths for local compactness. In practice, graph-basedmethods can serve
as complementary tools for fine-grained subpopulation structure, whereas
ODE-baseddeepgenerativemodels aremore suitablewhenglobal trajectory
topology and regulatory interpretability are primary objectives.

Cross-modal transferability of iAODEcomponents in the scRNA-
seq modality and clustering-coupling performance
Although iAODE is designed for sparse scATAC-seq data, its latent ODE-
based continuous dynamical modeling is applicable to scRNA-seq. We
systematically evaluated baseline VAE (Base), single-component variants

(LB, IR, ODE), and full configuration (Full: LB+IR+ODE) on 62 Small and
61 Medium scRNA-seq datasets (Figure 6A,B; Supplementary Table 10);
Friedman tests indicate significant overall differences (global p < 0.001). For
continuum metrics, full iAODE achieves performance patterns in RNA
closelymirroring those inATAC: comparedwithBase, Small showsmedian
gains of approximately +0.73 and +0.95 in Overall intrinsic quality and
Noise Resilience, and +0.79 in Trajectory Directionality; in Medium these
gains are +0.75, +0.95, and +0.80. Manifold Dimensionality, Spectral
Decay, Participation Ratio, Anisotropy, and Core intrinsic quality improve
monotonically as components are added: inMedium, Full versusBase yields
increases of roughly+0.59,+0.41,+0.81,+0.71, and+0.63. Comparisons
with single-component variants showODE contributes most to continuity:
relative to Full, additional gains over ODE-only are only+0.37 (Small) and
+0.50 (Medium) for Noise Resilience, much smaller than gains over Base.
For embedding quality, Full outperforms Base on UMAP/t-SNE metrics
(DC, QL, QG,OV) in both groups: inMedium,UMAP-basedDC,QL, QG,
andOVimproveby+0.46,+0.36,+0.21, and+0.34versusBase. Relative to
ODE-only, QL andOV increase by+0.17 and+0.07, whereas DC is nearly
unchanged, indicating ODEs capture most global distance structure while
LB and IR improve local neighborhood geometry.

For clustering and coupling metrics, iAODE in RNA shows the same
pattern of simultaneously improved cluster separation and continuity as in
ATAC (Fig. 6C). Using Base as reference, Small yields gains of roughly
+0.21,−0.92, and+2,714 inASW,DAV, andCAL; forMedium these reach
+0.24, −1.09, and +4,684 (all p < 0.001). Importantly, latent coupling
(COR) rises markedly: compared with Base, COR increases by +6.38 and
+6.48 in Small andMedium; even relative toODE-only, gains of+2.90 and
+3.03 remain, showing iAODE enhances cluster-level separation while
strengthening coordinated variation. Pairwise ablations clarify cooperative
roles (Supplementary Fig. 4A--D; Supplementary Table 11): LB+IR
(without ODE) degrades most strongly in continuity and clustering; in
Medium, Full versus LB+IR yields gains of +0.42, +0.47, and +0.70 in
Overall quality, Trajectory Directionality, and Noise Resilience, and dif-
ferences of approximately +4,291, -0.40, +0.11, and +3.99 in CAL, DAV,
ASW, and COR. Overall, in scRNA-seq the three-way combination yields
performance patterns highly consistent with ATAC: Full shows stable,
significant gains over Base and single-component variants while main-
taining or improving clustering geometry, supporting iAODE as a con-
tinuous modeling framework that transfers across single-cell modalities.

Robustnessanddeployabilityof iAODEacrosshyperparameters,
encoder architectures, and computational cost
Having established iAODE’s relative performance across scales, baselines,
and modalities, we assess its sensitivity to hyperparameters, encoder
architectures, and computational requirements. iAODE is most sensitive to
KL divergence weight β, while showing relaxed tolerance around recon-
struction weight Irec and mixing coefficient α (Fig. 7A-C; Supplementary
Table 12; Supplementary Fig. 5A–C; Supplementary Table 13). In Medium
(n=68), increasingβ from0.1 to 10.0 causesmonotonic decreases inOverall
intrinsic quality, Noise Resilience, Manifold Dimensionality, Anisotropy,
and Trajectory Directionality; at β = 10.0, Overall quality and Noise Resi-
lience drop by 0.29 and 0.61, CAL ismarkedly reduced, DAV increases, and
COR weakens (all p < 0.001), indicating overly strong KL regularization

Fig. 2 | Validation of continuum metrics on simulated topologies and hyper-
parameter prescreening on real scATAC-seq data. A “Continuum” scenario
visualizations: in cyclic, linear, and branching topologies, continuity is tuned from
0.85 to 0.95 (colored by pseudotime), while topology is fixed.BTrends of continuum
metrics in the Continuum scenario: six core metrics (Spectral Decay, Anisotropy,
Participation Ratio, Trajectory Directionality, Manifold Dimensionality, Noise
Resilience) are plotted against the continuity setting, together with linear fits and
Pearson R, slope, and R2, illustrating monotonic, approximately linear responses to
small continuity changes. C “Clustering to Continuum” scenario: visualization of
transitions from discrete clusters (Continuity = 0) to a continuous manifold
(Continuity = 1) under the same three topologies. D Metric responses in the

Clustering toContinuum scenario: the same sixmetrics as in (B) evaluated across the
full 0--1 interval, summarizing cluster-to-manifold transitions for different topol-
ogies. E Real scATAC-seq hyperparameter prescreening without ODE: baseline
VAE without an ODE module with varying KL weights β ∈ {0.01, 0.1, 1, 10} and
irecon weights Irec ∈ {0.1, 1, 10} in the Medium dataset category. Friedman tests (all
p < 0.001) indicate that low β combined with moderate Irec is associated with higher
manifold-geometry and noise-resilience scores, and that, in the absence of ODE
constraints, these metrics are comparatively sensitive to regularization hyperpara-
meters. VAE variational autoencoder, ODE ordinary differential equation, β, KL-
divergence weight, Irec irecon loss weight. Where shown, significance stars denote
*p < 0.05, **p < 0.01, ***p < 0.001.
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Fig. 3 | Component addition and pairwise ablations across scales. A Component
addition: for Small (n = 165), Medium (n = 68), and Large (n = 15) groups, LB (low
β), IR (irecon bottleneck), and ODE are added sequentially to the Base VAE, and
boxplots of eight continuum and eight embedding metrics are shown. Global
Friedman tests (reported on the plots) yield p < 0.001 in most cases, indicating
systematic differences in metric distributions across configurations. B Pairwise
ablations: within each scale, three two-component combinations (LB+IR, LB
+ODE, IR+ODE) are compared with the full configuration (LB+IR+ODE).

Configurations without the ODE module (LB+IR) display the largest deviations
from the full model on continuum and clusteringmetrics, whereas LB+ODE and IR
+ODE remain closer to the full configuration, consistent with a role of the ODE in
providing trajectory structure while LB and IR mainly refine geometry and
denoising. VAE variational autoencoder, LB low-β regularization, IR irecon bot-
tleneck, ODE ordinary differential equation.Where shown, significance stars denote
*p < 0.05, **p < 0.01, ***p < 0.001.
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substantially impairs continuity. In contrast, varying Irec has milder effects:
reducing Irec from 10.0 to 0.1 mainly lowers Noise Resilience and Overall
quality (Medium declines of 0.42 and 0.15), while core geometric metrics
remain stable. Mixing coefficient α is relatively robust for continuum
metrics but impacts clustering: whenαdecreases from0.75 to 0.25,Medium
shows modest drops of 0.14 in Overall quality, but CAL decreases by 3,200

(p<0.001),much larger thanmaximumCALchanges inducedby Irec tuning
(800). Small (n = 165) exhibits consistent patterns. Based on these analyses,
we use β = 0.1, Irec = 10.0, and α = 0.75 in main benchmarks.

At the encoder level, Transformer-based architectures outperform
multilayer perceptrons (MLPs) for most continuity and clustering metrics,
at the cost of mildly lower distance correlation (DC) (Fig. 7D;
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Supplementary Fig. 5D; Supplementary Tables 12 and 13). In Medium,
Transformers yield gains of 0.073, 0.060, 0.171, 0.129, 0.102, and 0.102 for
Manifold Dimensionality, Spectral Decay, Anisotropy, Trajectory Direc-
tionality, Noise Resilience, andOverall quality (all p < 0.001); for clustering,
CAL increases by 4,979.3,DAVdecreases by 0.336,ASW increases by 0.107,
and COR rises by 1.274 (all p < 0.001). However, DC(UMAP) and DC(t-
SNE) for Transformers are lower thanMLPs by 0.031 and 0.074 (p < 0.001),
while QL improves by 0.062/0.065; QG and OV differences are negligible.

Regarding computational cost (Fig. 7E), we measured per-epoch wall-
clock time and peak GPU memory as functions of cell number and fitted
linear models. Because Large datasets are few and unevenly distributed, the
fits use only Small and Medium datasets (up to ~105 cells), where iAODE,
scVI, PeakVI, and PoissonVI all show approximately linear scaling and
iAODE incurs a modest constant-factor overhead that remains compatible
with a single 24 GB GPU. Extrapolating these Small+Medium fits to a
hypothetical 106-cell dataset yields predicted per-epoch times of 250.5 s
(iAODE), 16.4 s (scVI), 16.0 s (PeakVI), and 17.0 s (PoissonVI), and peak
GPU memories of 64.4 GB, 27.3 GB, 17.1 GB, and 14.9 GB, respectively.
These extrapolated values should be viewed as upper bounds under our
current architecture and fixed-batch protocol—particularly the 64.4 GB
estimate for iAODE,whichwould requirememory-saving strategies such as
gradient checkpointing or multi-GPU training—whereas in the empirically
evaluated regime ( ≲ 105 cells) iAODE is readily trainable on a single
workstation-class GPU.

Multi-scale trajectory reconstruction and biological interpret-
ability of latent dynamics
While the quantitative metrics above systematically compare models on
continuum modeling, intuitive trajectory visualizations and biological
interpretability remain crucial for assessing the practical utility of deep
generative models. We therefore first visually compare iAODE and several
representative baselines across three cell scales (approximately 5k, 10k, and
20k cells) on benchmark datasets (Fig. 8A). In contrast to the fragmented
branches, over-clustered structures, or poorly oriented trajectories that
sometimes appear in scVI, PoissonVI, and PeakVI, the latent embeddings
producedby iAODE at all three scales form smooth, continuous “cell flows”
with consistent directions, closely recovering the expected developmental
backbone and branches.

To investigate biological meaning in latent space, we next align high-
activation regions of specific latent dimensionswith the spatial distributions
of keymarker genes and regulatory elements in amouse brain dataset and a
human peripheral bloodmononuclear cell (PBMC) dataset (Fig. 8B). In the
mouse brain data, high-valued regions in certain latent dimensions strongly
co-localize with the distributions of canonical neurogenesismarkers such as
the Notch1 gene body and the Neurod2 promoter. In the human PBMC
data, promoter regions of immunologically relevant genes such as BICDL1
are enriched along corresponding latent directions. This spatial con-
cordance between “latent axes” and marker features suggests that iAODE’s
latent dimensions are not merely abstract statistical factors but align with
concrete transcriptional regulatory modules and epigenetic states.

Finally, we perform gene ontology (GO) enrichment analysis on genes
associated with high-weight features from iAODE to assess higher-level
functional relevance (Fig. 8C). In the mouse brain dataset, genes linked to
prominent latent features are significantly enriched for terms such as

“central nervous system development” and “neurogenesis”, consistent with
tissue origin; in human PBMC, enriched terms include “lymphocyte acti-
vation” and “hematopoietic process”,matching immune andhematopoietic
context.Overall, these analyses indicate that, in addition to recovering global
trajectory topology and continuity, iAODE’s latent representations are
biologically interpretable across marker genes, regulatory regions, and
functional pathways, providing a foundation for integrating regulatory
network inference and causal intervention design.We stress that themouse
brain and human PBMC analyses are computational case studies on well-
characterized differentiation systems used to check whether iAODE pro-
duces plausible results under establishedmarker and trajectory frameworks.
Stronger biological validation—such as systematic comparisons with line-
age tracing, time-course, and perturbation experiments—remains an
important direction for future work.

Discussion
iAODE is a deep generative framework for single-cell chromatin accessi-
bility thatmodels continuity as a structural prior in latent space. It combines
a Neural ODE vector field with a low-β KL setting and an interpretable
reconstruction (irecon) bottleneck. Across simulated topologies and a
standardized library of real scATAC-seq and scRNA-seq datasets, iAODE
improves continuum geometry metrics, embedding quality, and clustering/
coupling scores relative to VAE-family baselines and time-regularized
models.

A key implication is that continuity can be enforced during repre-
sentation learning rather than recovered only by downstream pseudotime
or graph-based procedures41,42. In ablations, the ODE component primarily
supports global trajectory directionality, while low-β and irecon improve
denoising and local geometry, and the full combination yields the best
balance.

Chromatin accessibility is often shaped by gradual regulatory
remodeling43,44, making smooth latent dynamics a natural inductive bias for
scATAC-seq. iAODE also transfers to scRNA-seq as a model of dominant
trends, althoughRNAexpression can include sharper transient changes that
motivate alternative kinetic priors in some settings45.

iAODE is not intended to replace all existing approaches. Topic and
graph-based methods can be strong for discrete state discovery and local
compactness, and diffusion-based generative models are increasingly
effective for generation and augmentation, but they are not yet standardized
for continuity-focused evaluation under a unified protocol. Our results
suggest that when the primary objective is coherent long-range trajectory
structure under strong sparsity, explicitly parameterizing latent dynamics
(via an ODE) and relaxing overly factorizing regularization can provide a
robust inductive bias.

Beyond the model, we provide a multi-metric evaluation suite span-
ning intrinsic continuum geometry, embedding fidelity, and clustering/
coupling, together with a standardized benchmark collection to promote
reproducible comparisons. These experiments clarify trade-offs between
local compactness and global topology, and highlight iAODE as a practical
option when coherent long-range structure is a priority.

The benchmarking component is an equally important contribution.
By releasing a standardizedmulti-scale dataset collection and amulti-metric
evaluation suite that separates intrinsic continuum geometry, embedding
fidelity, and clustering/coupling behavior, we aim to reduce ambiguity in

Fig. 4 | Continuum and embedding benchmarks across multi-scale scATAC-seq
datasets for deep generative models. A–C For Small (n = 165), Medium (n = 68),
and Large (n = 15) scATAC-seq dataset groups, iAODE is compared with VAE
variants and deep generative models (HB, DIP, TC, INFO, PoissonVI, scVI, PeakVI,
scTour). Each panel summarizes eight continuum/manifold-geometry metrics
(Manifold dimensionality, Spectral decay, Participation ratio, Anisotropy, Core
intrinsic quality, Trajectory directionality, Noise resilience, Overall intrinsic quality)
together with embedding-qualitymetrics (DC,QL,QG,OV) computed fromUMAP
and t-SNE embeddings. Global Friedman or RM-ANOVA p-values (mostly

p < 0.001) are reported above the plots, and stars mark significant pairwise differ-
ences aftermultiple-testing correction. Across scales, iAODE typically attains higher
or comparable continuum and coupling scores and maintains competitive embed-
ding quality relative to the other deep generative models. HB Higgins β-VAE, DIP
DIP-VAE, TC β-TCVAE, INFO InfoVAE, UMAP Uniform Manifold Approx-
imation and Projection, t-SNE t-distributed stochastic neighbor embedding, DC
distance correlation, QL local quality, QG global quality, OV overall embedding
quality. Significance: *p < 0.05, **p < 0.01, ***p < 0.001 (multiple-testing corrected).
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Fig. 5 | Continuum and embedding benchmarks against linear dimensionality
reduction and manifold-learning methods. A–C For Small (n = 165), Medium
(n = 68), and Large (n = 15) scATAC-seq datasets, iAODE is compared with ICA,
FA, NMF, PCA, Diffusion Maps (DIFF), and Palantir. Each panel summarizes
continuum/manifold-geometry metrics together with embedding-quality metrics
computed from UMAP and t-SNE embeddings. Global Friedman or RM-ANOVA
tests (all p<0.001) indicate overall differences acrossmethods. iAODEattains higher
scores on Manifold dimensionality, Participation ratio, Noise resilience, Trajectory
directionality, CAL, and COR than the linear and graph-based methods examined

here, whereas Palantir and Diffusion Maps tend to yield higher ASW and QL,
indicating relatively stronger emphasis on local compactness. DIFFDiffusionMaps,
UMAP Uniform Manifold Approximation and Projection, t-SNE t-distributed
stochastic neighbor embedding, ASW average silhouette width, DAV Davies--
Bouldin index, CAL Calinski--Harabasz index, COR correlation-based coupling
metric, DC distance correlation, QL local quality, QG global quality, OV overall
embedding quality. Where shown, significance stars denote *p < 0.05,
**p < 0.01, ***p < 0.001.
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future comparisons. In practice, the results show clear trade-offs (e.g., local
compactness versus global directionality) that canbeobscuredwhena single
metric or a single downstream task is used as a proxy.

Limitations remain. Performance depends on hyperparameters
(notably β, Irec, and the ODEmixing weight α), and a single smooth vector
field may over-smooth abrupt or multi-phase processes. Some application
settings may require explicit covariate modeling beyond our default pro-
tocol, and biological validation remains indirect when only snapshot
data are available. Future work could incorporate stochastic
or piecewise dynamics, extend the framework to joint multi-modal

(RNA+ATAC) trajectory inference, and use time-course or lineage-
tracing data to directly assess dynamical fidelity beyond marker-based
interpretation46.

Methods
iAODE latent ODE-VAE architecture and irecon
bottleneck design
The encoder network Eϕ transforms preprocessed scATAC-seq input vec-
tors x 2 Rd (e.g., TF-IDF features) derived from raw count vectors xraw to
latent distribution parameters through a hierarchical neural network, where

Fig. 6 | Component addition and ablations in the scRNA-seq modality: con-
tinuity, embedding quality, and clustering-coupling. A,B For RNA Small (n = 62)
and RNA Medium (n = 61) datasets, boxplots compare the baseline VAE (Base),
single-component variants (LB, IR, ODE), and the full iAODE configuration (Full:
LB+IR+ODE) on eight intrinsic continuummetrics and UMAP/t-SNE embedding
metrics. Global Friedman tests (p < 0.001) indicate systematic differences among
configurations in the RNA modality, similar to the patterns observed for scATAC-
seq. C Clustering and coupling metrics (ASW, DAV, CAL, COR) for Base and all
component variants in both size groups. The full configuration yields higher cluster

separation and latent coupling thanBase and single-component variants, supporting
that the combination of low-β regularization, IR, and ODE is also effective for
transcriptomic data. scRNA-seq single-cell RNA sequencing, VAE variational
autoencoder, LB low-β regularization, IR irecon bottleneck, ODE ordinary differ-
ential equation, UMAPUniformManifold Approximation and Projection, t-SNE t-
distributed stochastic neighbor embedding, ASW average silhouette width, DAV
Davies--Bouldin index, CAL Calinski--Harabasz index, COR correlation-based
coupling metric. Where shown, significance stars denote *p < 0.05,
**p < 0.01, ***p < 0.001.
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d is the number of input features (peaks for scATAC-seq):

h ¼ ReLU ðW2 ReLU ðW1x þ b1Þ þ b2Þ: ð1Þ

The latent distribution parameters are computed as

μz; log σ
2
z

� � ¼ W3hþ b3: ð2Þ
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Latent variables are sampled using the reparameterization trick:

z ¼ μz þ σz � ϵ; ϵ � N ð0; IÞ: ð3Þ

To capture temporal dynamics in chromatin accessibility, the encoder
additionally predicts a time parameter

t ¼ σðWthþ btÞ; ð4Þ

where σ( ⋅ ) ensures t∈ [0, 1] and represents the relative position along the
accessibility trajectory.

The temporal evolution of chromatin accessibility states is modeled
with a Neural ODE that learns a velocity field in latent space:

dz
dt

¼ f φðt; zÞ ¼ Wð2Þ
f ELU ðWð1Þ

f zþ bð1Þf Þ þ bð2Þf : ð5Þ

This enables continuous modeling of chromatin-state transitions and
regulatory dynamics inherent in scATAC-seq data.

To enforce biologically meaningful and structured representations, we
implement an interpretable reconstruction (irecon) module that creates a
compressed bottleneck in latent space:

zI ¼ Linear ðz;WI ; bIÞ; bz ¼ Linear ðzI ;WO; bOÞ; ð6Þ

where zI 2 RdI is a compressed irecon representation with dI < dz, dz is the
latent space dimension, capturing essential chromatin-accessibility patterns
while reducing redundancy.

The decoder networkDψ reconstructs scATAC-seq counts from latent
representations. Given the discrete and sparse nature of accessibility mea-
surements, we parameterize the reconstruction with a softmax-normalized
output:

bx ¼ Softmax Wð2Þ
d ReLU ðWð1Þ

d zþ bð1Þd Þ þ bð2Þd

� �
: ð7Þ

For zero-inflated scenarios, the decoder additionally predicts dropout
probabilities

π ¼ Wπhd þ bπ; ð8Þ

where hd ¼ ReLU ðWð1Þ
d zþ bð1Þd Þ is the decoder hidden state.

The overall iAODE-VAE objective combines multiple loss compo-
nents:

Ltotal ¼ Lrecon þ Lirecon þ LODE þ LKL: ð9Þ

For scATAC-seq counts we use a ZINB reconstruction loss:

Lrecon ¼ �EqðzjxÞ log pZINBðxjbx; θ;πÞ� �
; ð10Þ

where bx ¼ Softmax ðDψðzÞÞ� k xrawk1 ensures library-size normalization
with k xrawk1 ¼

P
jxraw;j being the cell library size, θ denotes peak-specific

dispersion parameters, and πmodels technical dropouts.
The irecon module defines a compressed reconstruction loss

Lirecon ¼ �EqðzI jzÞ log pZINBðxjbxI ; θI ; πIÞ
� �

; ð11Þ

where zI 2 RdI with dI ≪ dz enforces an information-constrained latent
space that encourages learning of essential accessibility patterns. Here, θI
and πI play the same roles as θ and π in themain decoder, but are predicted
from the compressed representation zI and thus capture bottleneck-specific
dispersion and dropout patterns. Analogously, bxI denotes the ZINB mean
reconstructed from the compressed representation zI and is rescaled by the
same library size∥xraw∥1 asbx, so that both reconstruction termsoperate on a
comparable count scale.

Temporal consistency is encouraged via an ODE loss:

LODE ¼k z� zODEk22; ð12Þ

where zODE is the evolved latent state produced by integrating dz
dt ¼ f φðt; zÞ.

The standard KL divergence matches the posterior to the prior:

LKL ¼ KL qðzjxÞ k pðzÞ� �
: ð13Þ

For trajectory inference in scATAC-seq data, we construct transition
matrices from ODE-derived velocity fields:

v ¼ f φðt; zÞ; zfuture ¼ zþ ϵ � v: ð14Þ

Transition probabilities use adaptive Gaussian kernels with median-based
bandwidth:

Pij ¼
expð� k zi � zfuture;jk2=2σ2ÞP
k
expð� k zi � zfuture;kk2=2σ2Þ

: ð15Þ

The final representation linearly combines static and dynamic latents:

zfinal ¼ ð1� αÞ zþ α zODE; ð16Þ

where α ∈ [0, 1] controls the strength of ODE dynamics, enabling joint
modeling of chromatin landscapes and regulatory dynamics.

Standardized benchmark library construction andquality control
To ensure reproducibility and facilitate systematic benchmarking, we
constructed a standardized library of scATAC-seq and scRNA-seq datasets
frompublicly available sources in theGeneExpressionOmnibus (GEO).All
datasets were derived from Cell Ranger standard outputs: for scATAC-seq
we collected filtered_peak_bc_matrix.h5 files containing frag-
ment counts per cell for consensus peak regions, and for scRNA-seq we
collectedfiltered_feature_bc_matrix.h5files containing unique
molecular identifier (UMI) counts per gene. Because Cell Ranger applies

Fig. 7 | Hyperparameter sensitivity, encoder architectures, and computational
scalability of iAODE. A–C Hyperparameter sensitivity: for Small (n = 165) and
Medium (n = 68) scATAC-seq datasets, KL weight β ∈ {0.1, 1, 10}, irecon weight
Irec ∈ {0.1, 1, 10}, and ODE mixing coefficient α ∈ {0.25, 0.5, 0.75} are varied, and
distributions of continuum, embedding, and clustering/coupling metrics are com-
pared. Global Friedman or RM-ANOVA tests (p < 0.001) indicate that increasing β
has the strongest negative impact on continuum metrics, whereas Irec and α have
more moderate effects around their baseline values; small α is associated with
reduced CAL.DEncoder architecture comparison: undermatched training settings,
metric differences between Transformer and MLP encoders are shown. Wilcoxon

tests indicate that Transformers tend to increase most continuity and clustering/
coupling metrics, with smaller and partly mixed effects on distance-correlation
metrics (DC). E Computational resources and scalability: per-epoch training time
and peakGPUmemory usage for iAODE, scVI, PeakVI, and PoissonVI as a function
of cell number. All methods show approximately linear scaling with dataset size and
comparable resource requirements, indicating that iAODE remains computation-
ally tractable on a singleGPU. βKL-divergenceweight, Irec irecon lossweight,αODE
mixing coefficient, CAL Calinski--Harabasz index, DC distance correlation. Where
shown, significance stars denote *p < 0.05, **p < 0.01, ***p < 0.001.
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standard quality-control (QC) filters during matrix generation—removing
low-quality cells based on total counts, fraction of reads in peaks or genes,
and other technicalmetrics—thesefilteredmatrices represent data that have
already passed instrument- and protocol-specific QC thresholds. We
therefore use these outputs directly without imposing additional uniform
filtering criteria, recognizing that optimal QC varies across experimental
protocols, tissue types, and sequencing depths.

After loading each filteredmatrix, we categorized datasets by cell count
N into four size groups: Tiny (N < 5, 000), Small (5, 000≤N < 10, 000),
Medium(10, 000≤N<20,000), andLarge (N≥20, 000).Our initial collection
comprised 434 scATAC-seq datasets distributed as 186 Tiny, 165 Small, 68
Medium, and 15 Large, and 183 scRNA-seq datasets. To ensure statistical
robustness formanifold geometry estimation andcontinuumevaluation,we
excluded Tiny-scale datasets and, for scRNA-seq, focused on Small and
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Medium scales due to limited availability of large-scale RNA data. After
these filters, our final standardized benchmark library comprises 248
scATAC-seqdatasets (165Small, 68Medium, 15Large) and123 scRNA-seq
datasets (62 Small, 61 Medium). All datasets were converted to AnnData
objects with consistent structure.

scATAC-seq preprocessing and selection of highly
variable peaks
Across all benchmark datasets we use a unified scATAC-seq preprocessing
and feature selection pipeline. Let X 2 RN × d be the raw fragment count
matrix, whereN is the number of cells and d the number of peaks. For each
cell i we compute its library size

Li ¼
Xd
j¼1

Xij; ð17Þ

and obtain per-cell normalized term frequency (TF):

TFij ¼
Xij

Li
: ð18Þ

For each peak j, we compute the number of accessible cells nj and its
accessible fraction nj/N, and then define the inverse document frequency
(IDF) following standard Signac/SnapATAC2 practice:

idf j ¼ log 1þ N
nj

 !
: ð19Þ

The resulting TF-IDF matrix is

eXij ¼ TFij � idf j � s; ð20Þ

where s is a global scaling factor (default s = 104). We store eX as a sparse
matrix to maximize efficiency for large datasets.

For feature selection, we first pre-filter peaks by accessibility fraction:
we retain only peaks whose accessibility rate lies in ½pmin; pmax� (with default
thresholds pmin ¼ 0:01 and pmax ¼ 0:99) to remove extremely rare and
nearly ubiquitously accessible peaks. Denote the filtered peak set by P. We
then compute variance- or variance-to-mean-based variabilitymeasures for
eachpeak inP, rank them, and select the topntop highly variablepeaks as the
final feature subset, used both for training iAODE and as inputs to com-
parison methods. By default we keep 20,000 highly variable peaks for
scATAC-seq and 5000 highly variable genes for scRNA-seq (using Scanpy’s
default highly variable gene (HVG) selection pipeline).

iAODE training strategy and dataset splitting
After preprocessing and feature selection, each dataset is split into training,
validation, and test sets with a default ratio of 0.7/0.15/0.15, using a fixed

random seed for reproducibility. For each mini-batch, we form pairs
(x, xraw), where x is the TF-IDF-transformed and peak-filtered input and
xraw is the corresponding raw count vector. The encoder estimates the latent
posterior q(z∣x) and time variable t in log-transformed space; the decoder
predicts library-normalized means which are rescaled by the cell-specific
library size L = ∥xraw∥1 to reconstruct counts. These predictions are used to
compute the reconstruction loss Lrecon and irecon loss Lirecon under a
negative binomial (NB) or ZINB likelihood.

We then add theODE consistency termLODE ¼k z� zODEk22 andKL
regularization LKL ¼ KL qðzjxÞ k pðzÞ� �

. In practice, we weight each loss
component as

Ltotal ¼ λreconLrecon þ λireconLirecon þ λODELODE þ βLKL; ð21Þ

where λrecon, λirecon (denoted Irec in hyperparameter analysis), λODE, and β
control the relative contributions of reconstruction, irecon bottleneck, ODE
consistency, and KL regularization, respectively.

We optimize with Adam in a mini-batch setting. After every fixed
number of epochs we compute validation loss and internal clustering/
coupling metrics (ASW, CAL, DAV, COR) and use early stopping with
patience: if validation loss does not improve for a predefined number of
evaluations, training is terminated, and parameters are rolled back to the
best epoch. This ensures convergence while mitigating overfitting and
reducing compute cost.

For the iAODE objective, we set λrecon = 1.0, λirecon = 1.0, and
λODE = 1.0. When illustrating the “LB” configuration we use a low-β KL
weight β = 0.01 to enhance latent correlation. The baseline VAE and other
VAE variants use β = 1 as standard, while a High-Beta (HB) variant uses a
stronger KL weight β = 5 to represent more disentangled, cluster-oriented
configurations. In the hyperparameter sensitivity analysis, we systematically
vary β ∈ {0.1, 1, 10}, Irec ∈ {0.1, 1, 10}, and the mixing coefficient
α∈ {0.25, 0.5, 0.75}. Based on these sensitivity results, themain benchmarks
in this manuscript use β = 0.1, Irec = 10.0, and α = 0.75. Latent ODE
trajectories are solved using an adaptive-step numerical integrator from the
PyTorch ODE stack, which automatically adjusts internal step sizes based
on error control; explicit time-step size is thus not exposed as a separate
hyperparameter.

Baseline models and unified implementation of
regularization terms
For baseline and ablation comparisons we include common regularization
strategies used in deep generative modeling to assess how different latent-
structure constraints affect continuummodeling and representation quality
in a unified framework. These regularizers are only enabled when repro-
ducing classical β-VAE, DIP-VAE, β-TCVAE, and InfoVAE baselines and
are not essential components of iAODE.

The β-VAE framework augments the reconstruction loss with a
weighted KL penalty:

LVAE ¼ Lrecon þ βLKL; LKL ¼ KLðqðzjxÞ k pðzÞÞ; ð22Þ

Fig. 8 | Multi-scale trajectory visualization and biological interpretability of
iAODE latent dynamics. A Latent-space embeddings and flow-field trajectories
across scales. For three benchmark datasets (Small, ~5k cells; Medium, ~ 10k cells;
Large, ~ 20k cells, labeled by GSM IDs), low-dimensional embeddings and inferred
streamlines from iAODE are described alongside embeddings from scVI, PoissonVI,
and PeakVI. In these examples, iAODE forms smooth continuous trajectories at all
scales, whereas baselinemethods sometimes displaymore fragmented or cluster-like
structures. B Alignment between latent features and biological markers. In mouse
brain and human PBMC datasets, activation patterns of selected latent dimensions
(Latent0-8) are compared with the embedded distributions of marker genes or

regulatory regions (for example, Notch1 gene body, Neurod2 promoter, BICDL1
promoter). Spatial co-localization suggests that certain latent directions correspond
to specific regulatory or marker-associated patterns. C Gene Ontology enrichment
analysis. Bubble plots show significantly enriched biological processes for genes
associated with high-weight iAODE features in the mouse brain and human PBMC
(shown in separate subplots). Enriched terms include central nervous system
development and neurogenesis in the mouse brain and lymphocyte activation and
hematopoietic processes in PBMC, indicating that the learned representations
capture biologically meaningful functional programs in these examples. GSM GEO
sample accession, PBMC peripheral blood mononuclear cell, GO Gene Ontology.
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where higher β > 1 encourages more disentangled latent factors while β < 1
retains more correlations40.

DIP-VAE further constrains the covariance of the latent means by
penalizing deviations of Covq(z)[μz] from the identity:

LDIP ¼ offdiag CovqðzÞ½μz�
� ���� ���2

F
þ λdiag diag CovqðzÞ½μz�

� �
� 1

��� ���2
2
;

ð23Þ

where offdiag and diag select off-diagonal and diagonal entries respectively,
and λdiag balances the two penalties

47.
β-TCVAE isolates total correlation (TC) in the KL decomposition and

penalizes it explicitly:

TCðzÞ ¼ KL qðzÞ
��Y

j

qðzjÞ
 !

; ð24Þ

with regularizer LTC ¼ γTCðzÞ, where γ controls the strength of
disentanglement48.

InfoVAE and related mutual-information extensions add mutual
information and maximum mean discrepancy (MMD) terms to balance
reconstruction fidelity and prior matching:

LInfo ¼ Lrecon þ αInfo LKL þ λMMD MMDðqðzÞ; pðzÞÞ; ð25Þ

where MMD measures the discrepancy between q(z) and p(z) in kernel
mean embedding space, and αInfo and λMMD weight KL and MMD
respectively. In our baselines, we use the same encoder/decoder architecture
and switch regularization terms and weights to reproduce or approximate
DIP-VAE, β-TCVAE, InfoVAE, and relatedmethods, enabling quantitative
comparisons of different latent-structure constraints under the same
implementation and metrics49.

Comprehensive evaluation of continuity, embedding quality,
clustering, and coupling
To assess the quality of learned latent spaces—especially the ability to pre-
serve biological coupling and model continuous trajectories of cell states—we
design amulti-dimensional evaluation system. It covers standard clustering
performance as well as co-ranking analysis and spectral-geometric features
to quantify intrinsic manifold properties independently of 2D visualization.
Our final framework uses 20 metrics across three complementary dimen-
sions: 8 intrinsic metrics describing latent-space continuity and manifold
geometry, 8 structure-fidelity metrics based on 2D UMAP/t-SNE embed-
dings, and 4 clustering/coupling metrics.

LetX 2 RN × d be the original high-dimensional data andZ 2 RN × dz

the learned latent representation,whereN is the number of cells and dz is the
latent dimension.

Intrinsic continuity and manifold-geometry metrics.
We consider a set of metrics based on the eigenvalue spectrum λ ¼

½λ1; . . . ; λdz � of the covariancematrix in latent space to characterize intrinsic
geometry, independent of explicit 2D projections.

Manifold dimensionality score (Mdim). This measures representa-
tional compactness.Higher values indicate that essential biological variation
is captured with fewer effective dimensions:

Mdim ¼ 1� deff � 1
dz � 1

; ð26Þ

where deff is the number of dimensions required to explain 95% of the
variance.

Spectral decay (Sdecay). This quantifies howsteeply eigenvalues decline.
A stronger decay suggests a clear hierarchical structure, with dominant

developmental axes and secondary variation patterns:

Sdecay ¼
1

1þ expðjκjÞ �
λ1Pdz

i¼1
λi

; ð27Þ

where κ is the slope of a linear regression on log-eigenvalues.
Participation ratio (Pratio). This measures how evenly variance is

distributed across dimensions. Higher values indicate balanced repre-
sentation of multiple biological processes rather than reliance on a few
dominant factors:

Pratio ¼
ðP

i
λiÞ2

dz
P
i
λ2i

: ð28Þ

Anisotropy score (Ascore). Using a hyperbolic tangent transform of
log-eigenvalues, this quantifies the directional strength of the manifold.
Large values indicate strong anisotropy, often corresponding to clear dif-
ferentiation pathways:

Ascore ¼ tanh
logðλ1Þ � logðλdz þ ϵÞ

4

	 

; ð29Þ

where ϵ = 10−8 is a small constant to prevent division by zero.
Trajectory directionality (Tdir) and noise resilience (Nres). The for-

mer measures dominance of the first principal component as a putative
developmental axis; the latter approximates a signal-to-noise ratio assessing
separation of biological signal from technical noise:

Tdir ¼
λ1Pdz

i¼2
λi þ ϵ

; Nres ¼ min
λ1 þ λ2Pdz
i¼3

λi þ ϵ

� 1
10

; 1

0BBB@
1CCCA: ð30Þ

Composite manifold-quality scores.
We define two composite scores to summarize manifold quality, dis-

tinguishing core geometric integrity from trajectory-oriented performance.
Core intrinsic quality (Qcore). This aggregatesMdim, Sdecay, Pratio, and

Ascore to capture basic geometric properties relevant for generic repre-
sentation learning:

Qcore ¼
1
4

Mdim þ Sdecay þ Pratio þ Ascore

� �
: ð31Þ

Overall intrinsic quality (Qoverall). This task-oriented score combines
core geometry with trajectory-specific metrics via a weighted sum:

Qoverall ¼ wcore � Qcore þ wdir � Tdir þ wnoise � Nres; ð32Þ

with ðwcore;wdir;wnoiseÞ ¼ ð0:5; 0:3; 0:2Þ. This gives highest weight to core
structure (wcore ¼ 0:5), substantial weight to trajectory directionality
(wdir = 0.3) to reflect developmental analysis needs, andmoderate weight to
noise resilience (wnoise = 0.2) to handle sparse, noisy single-cell data.

Embedding-quality metrics.
To assess structural fidelity of high-dimensional latent representations

under commonly used 2D visualizations, we fix UMAP/t-SNE hyperpara-
meters and project each model’s latent space to 2D under this common
protocol, then compute distance-correlation and co-ranking-basedmetrics.
Crucially, we are evaluating how well different latent spaces preserve
structure under the same 2D operator, not comparing visualization algo-
rithms themselves, which here serve only as standard embedding operators
for downstream visualization scenarios.
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Distance correlation (DC). We compute Spearman correlation
between vectorized pairwise distance matrices in high and low dimensions,
capturing global structural preservation:

ρdist ¼ ρs vecðDhighÞ; vecðDlowÞ
� �

; ð33Þ

whereDhigh andDlow are pairwise distances in the original and embedded
spaces, ρs denotes Spearman’s rank correlation, and vec( ⋅ ) vectorizes a
matrix by stacking its columns.

Local andglobal quality (QL,QG). Based on the co-rankingmatrixQ,
whereQkl counts neighbor pairs ranked k-th in high dimension and l-th in
low dimension, we define

QNXðKÞ ¼
1
KN

XK
k¼1

XK
l¼1

Qkl: ð34Þ

We use the local continuity meta-criterion (LCMC) to find the optimal
neighborhood size

Kmax ¼ argmax
K

LCMCðKÞ; ð35Þ

and define

Qlocal ¼
1

Kmax

XKmax

k¼1

QNXðkÞ; Qglobal ¼
1

N � Kmax

XN
k¼Kmaxþ1

QNXðkÞ: ð36Þ

Kmax is an intermediate quantity, not reported as an independent metric.
We define overall embedding quality (OV) as

Qembed ¼
1
3
ðρdist þ Qlocal þ QglobalÞ: ð37Þ

Latent representations, clustering quality, and coupling.
Although our focus is on continuous trajectories and manifold struc-

ture rather than purely discrete clustering, we retain intrinsic clustering
metrics that dependdirectly on latent distances to constrain continuity from
the perspective of “state segments” (e.g., cell types or developmental stages).
Unlike external metrics such as normalized mutual information (NMI) or
adjusted Rand index (ARI), ASW,DAV, andCALhere are computed solely
from latent-space distances and do not rely on external label assignments;
they capture cluster compactness and separation and partly reflect latent
geometry. High scores under continuummodeling indicate that the model
preserves smooth trajectories and topology while maintaining local separ-
ability and group boundaries—important when distinguishing discrete
types within continuous pseudotime.

Average silhouette width (ASW). This measures intra-cluster cohe-
sion and inter-cluster separation:

ASW ¼ 1
N

XN
i¼1

bi � ai
maxðai; biÞ

; ð38Þ

whereai is themeandistance fromsample i topoints in the same cluster and
bi is the mean distance to the nearest other cluster. Values near 1 indicate
well-separated, compact clusters.

Calinski-Harabasz index (CAL). This is the ratio of between-cluster to
within-cluster dispersion:

CAL ¼ SSB=ðC � 1Þ
SSW=ðN � CÞ ; ð39Þ

where SSB and SSW are between- and within-cluster sums of squares and C
is the number of clusters. Larger CAL implies tighter and more separated
clusters.

Davies-Bouldin index (DAV). This averages similarity between each
cluster and its most similar neighbor:

DAV ¼ 1
C

XC
i¼1

max
j≠i

Si þ Sj
Mi;j

 !
; ð40Þ

where Si is the average intra-cluster distance andMi,j is the distancebetween
cluster centroids. Lower values are better.

Latent coupling (COR). We compute the mean absolute Pearson
correlation of latent dimensions:

COR ¼ 1
dzðdz � 1Þ

X
i < j

jcorrðzi; zjÞj; ð41Þ

where zi is the i-th latent dimension across cells. Higher COR indicates
stronger coordinated variation among latent axes, consistent with modular
biological programs.

iAODE software and visualization ecosystem for training, data
browsing, and continuum exploration
To reduce the barrier to entry and ensure reproducibility, we build an
ecosystem around iAODE that integrates model training, data manage-
ment, and continuum evaluation. The core implementation is in Python
3.9+ and PyTorch, packaged as an open-source library iAODE (https://
github.com/PeterPonyu/iAODE) and archived on Zenodo (https://doi.org/
10.5281/zenodo.18453104). We provide a static web frontend hosted on
GitHub Pages (https://peterponyu.github.io/iAODE) for browsing stan-
dardized datasets and interactively inspecting continuity metrics.

In a Python/Scanpy environment, users can pass preprocessed
AnnData objects directly to iAODE, configure latent dimension, loss
weights, and optimization parameters, launch training from the command
line or notebooks, and access latent embeddings, pseudotime, and con-
tinuity metrics via a unified API. Alternatively, they can run the local Fas-
tAPI server and use a browserGUI to upload data, set hyperparameters, and
export results.

The frontend has two main pages. The Dataset Browser shows meta-
data of standardized AnnData resources (cell/feature counts, species, plat-
form, batches, etc.) and supports filtering and subsampling. TheContinuity
Explorer focuses on representative simulated datasets and interactively
visualizes latent embeddings alongwith continuitymetrics suchasmanifold
dimensionality, spectral decay, trajectory directionality, andnoise resilience,
providing geometric intuition for numerical results. To facilitate repro-
duction of all experiments, the GitHub repository includes example scripts
in notebooks/ and examples/ for both ATAC and RNA modalities,
covering raw-matrix loading, TF-IDF normalization, highly variable (HV)
peak/gene selection, iAODE training, trajectory inference, metric compu-
tation, and visualization.

Statistics and reproducibility
Unless noted otherwise, cross-dataset comparisons use dataset-level
aggregation: each dataset yields one summary metric and is treated as an
independent observation. Within a given size category (Small, Medium,
Large) or modality (scATAC-seq, scRNA-seq), we use Friedman tests or
repeated-measures ANOVA (RM-ANOVA) to assess global differences
across multiple models, components, or hyperparameter configurations.
When comparing three or more settings and normality is doubtful, we use
Friedman tests; for smaller sample sizes with approximate homo-
scedasticit,y we use RM-ANOVA. If the global test is significant (typically
p < 0.001), we perform pairwise comparisons: for each dataset, we compare
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metrics between two configurations using paired Wilcoxon signed-rank
tests or paired t-tests for continuous variables; we apply Bonferroni cor-
rection to all pairwise p-values in multi-group comparisons.

For interpretability, we report “advantage scores” in summary tables,
e.g., Δ = Full−Variant for component analysis, representing the difference
between full iAODE and a given variant on a given metric. In hyperpara-
meter analyses, we use “reference configuration - alternative configuration”
to summarize relative gains. For metrics where lower is better (e.g., DAV),
signs are interpreted accordingly; for others, positive Δ indicates the first
configuration is superior. For simulated data, we assess linear relationships
between the user-specified continuum setting and metric scores via simple
linear regression, reporting PearsonR, slope,R2, and two-sided p-values. All
statistical analyses are conducted in Python usingscipy andnumpy, with
visualizations produced via matplotlib and seaborn.

Hardware and computational-resource evaluation
All experiments are run on a single-GPU workstation equipped with an
NVIDIAGeForce RTX 5090 Laptop GPU (24GBVRAM), a 24-core CPU,
and 64GBRAM.To ensure fair comparisons acrossmodels and settings, we
fix the number of mini-batches per epoch across data scales by adjusting
batch sizes: 128, 256, and 512 for Small, Medium, and Large datasets,
respectively, yielding approximately 27 mini-batches per epoch per dataset.
The maximum number of epochs is 400, with validation every 5 epochs.
Early stopping with a patience of 25 validation checks is used: if validation
loss does not decrease across 25 consecutive evaluations, training stops and
parameters are rolled back to the epoch with the minimum validation loss.

Data availability
All datasets analyzed in this study are publicly available from existing
repositories as described in the Methods and in the Supplementary Infor-
mation. Numerical results and summary statistics supporting the figures
and plots are provided in the Supplementary Information (Supplementary
Tables 1–13). The Supplementary Information is also available on Figshare
(https://doi.org/10.6084/m9.figshare.31225099)50.

Code availability
The iAODE source code is available at https://github.com/PeterPonyu/
iAODE. The exact version used in this study is archived onZenodo (https://
doi.org/10.5281/zenodo.18453104)51.
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