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Abstract

Discovering rare subpopulations in single cell multiomics data remains challeng-
ing due to their sparse representation and transient nature. Integrating multiple
omic modalities often leads to information loss when heterogeneous feature spaces
are forced into joint embeddings. We present VenusGT, a trajectory-aware graph
transformer pipeline that integrates multimodal single-cell data while preserving bi-
ological heterogeneity. VenusGT constructs a heterogeneous cell–gene–peak graph,
learns embeddings through attention-based message passing, and incorporates
lineage-aware pseudotime information to guide learning. To emphasise transitional
dynamics, it applies rarity-weighted, trajectory-guided sampling and a weighted
objective that amplifies gradients from rare populations. The model captures tem-
poral continuity through smoothness regularisation and biases attention toward
temporally adjacent neighbors. Applied to matched lymphoma dataset, VenusGT
improves identification of rare and transitional cell states over existing approaches,
enabling interpretable discovery of rare, lineage-specific, and reprogramming cell
types in complex single-cell systems.

1 Introduction

The development of modern single-cell (sc) sequencing technologies has provided unprecedented
detail of cellular heterogeneity generating deep insights into rare cell populations, and not available
in conventional bulk RNA-seq[1].

Rare populations are particularly relevant to tumour initiation, progression, and immune responses.
For example, rare stem cell-like memory T cells in premanufacture of CD8+ chimeric antigen receptor
T cell therapy proved predictive of outcome for treating patients with diffuse large B-cell lymphoma,
highlighting the utility of accurate rare cell identification [2].

Targeting rare subpopulations remains critical for tailored treatment of certain conditions, but can
be hindered by limited identification methods, e.g. in acute myeloid leukaemia (AML) quiescent
leukaemic stem cells can survive chemotherapy and re-enter the cell cycle, triggering relapse [3, 4].

Learning from one omic modality is often insufficient for identifying very rare cellular subpopulations,
as transcriptomic data alone is unable to resolve molecularly similar yet functionally distinct groups
[5].
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Since highly detailed insight into cellular complexity requires multimodal approaches, this necessi-
tates the selection of an appropriate sc data integration framework. In the context of robustness and
cellular complexity, different data points related to rare subpopulation are often scarce within modali-
ties and computational tools struggle to maintain both accuracy and efficiency [6], and overcorrect
batch effects or suppress rare signals during alignment (Sec. A.1). Joint embeddings of scRNA-seq
and scATAC-seq can further obscure modality-specific diversity [7]. Vertical integration of paired
data is limited by experimental cost, while horizontal integration across donors introduces batch
variability that may mask true rare populations [8]. Early rare-cell discovery methods such as RaceID,
GiniClust, CellSIUS, and FiRE prioritised sensitivity but struggled with sparsity and scalability
[9]. Graph-based and deep probabilistic models improved multimodal integration. MarsGT [10]
applied a graph transformer to scRNA-seq and scATAC-seq data for rare-cell detection but relied on
preprocessed inputs and lacked trajectory modelling. scCross [11] identifies cross-sample biclusters
robust to batch effects but is restricted to scRNA-seq. Lightweight clustering tools such as scSID [9]
improve runtime but assume separable rare clusters, limiting application to continuous trajectories.

Despite progress, existing methods seldom incorporate biological priors such as lineage structure
or pseudotime continuity. VenusGT addresses this gap by extending MarsGT with lineage-aware
trajectory inference, rarity-aware sampling, and temporally biased attention, enhancing the detection
of rare and transitional populations in heterogeneous single-cell graphs.

2 VenusGT: Lineage-Aware Graph Transformer

VenusGT integrates scRNA-seq and scATAC-seq data within a unified heterogeneous graph trans-
former framework that embeds biological and temporal structure directly into model learning.
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Figure 1: Overview of the VenusGT workflow. The pipeline sequentially constructs a heterogeneous
cell–gene–peak graph, augments cell features with pseudotime and lineage information, performs
rarity- and trajectory-guided sampling, and learns embeddings through temporally biased attention.
Training is guided by a rarity-weighted objective and temporal smoothness regularisation to emphasise
rare and transitional cellular states.

The method consists of four core components (Figure 2): (1) heterogeneous graph construction,
(2) trajectory-augmented representation, (3) rarity- and trajectory-guided sampling with temporal
attention bias, and (4) a rarity-weighted objective with temporal smoothness regularisation.

2.1 Methodology

Heterogeneous Graph Construction: The representation of the input data is formed as a heteroge-
neous graph with nodes of cells, genes, and peaks. The graph captures their complex interactions
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in a unified framework, enabling joint embeddings that reveal cross-modal relationships. This
structure also supports effective message passing to improve data integration and reduce issues like
dropout in single-cell data. Assuming G = (V, E) to be a heterogeneous graph with node sets:
V = V C ∪ V G ∪ V P and E = EGC ∪EPC ∪EGP , where V C , V G and V P are all cells, genes and
peaks; EGC , EPC and EGP represent cell-gene, cell-peak, and gene-peak interactions, respectively.
Each node v ∈ V is initialized with a feature vector xv ∈ Rdv .

Data Embedding: We use h
(ℓ)
v ∈ Rd representing the embeddings of each note from the

ℓth layer. The embeddings are learned via stacked multi-head attention layers: h
(ℓ+1)
v =

GNNLayer(ℓ)
(
h
(ℓ)
v , {h(ℓ)

u : u ∈ N (v)}
)

, where N (v) denotes type-aware neighbors of v.

Trajectory-Augmented Representations: Each cell c ∈ V C is annotated with pseudotime tc ∈ R
and branch label bc ∈ {1, . . . , B}. We define the augmented feature vector: x′

c = [xc; tc; ebc ],
where ebc is a one-hot vector encoding the cell’s branch. This embeds both temporal progression and
lineage identity into the model.

Rare-Aware and Trajectory-Guided Sampling: To prioritize rare and transitional states, we
define a rarity score: rc = 1

πbc+δ , where πbc = #{c:bc=b}
|V C | denotes the number of cells c

whose branch label bc equals b, and δ > 0 prevents division by zero. We define the frontier
set [F = {c ∈ V C : ∃ j ∈ kNN(c) with bj ̸= bc}], consisting of cells that have at least one
neighbor with a different label. They indicate cells at lineage transitions. Then cells are sampled with
[ρc ∝ rαc · 1[tc ∈ (tmin, tmax)] + γ · 1[c ∈ F ]], focusing on rare (rc) and mid-pseudotime (tc) cells.
Neighborhoods are expanded 1-2 hops around these seeds to form subgraphs.

Attention Bias via Temporal Proximity: Attention scores in GNN layers are biased toward
temporally adjacent nodes αij = softmaxj

(
a⊤[Whi

∥Whj
]− λ|ti − tj |+ logMij

)
, where λ is

weight controlling how strongly temporal distance suppresses attention; Mij = 1[i ∈ R ∪ F ∨ j ∈
R ∪ F ] · 1[j ∈ top-k(i)] means only edges involving rare or frontier cells are considered and only
among the top-k neighbors, reinforcing local structure. This mask restricts attention to edges relevant
for rare or transitional dynamics. The attention mechanism is biased to focus on neighbors that are
temporally close in pseudotime, and specifically for rare or transition cells. Connections that are not
in top-k neighbors or not involving rare or frontier cells are effectively masked out. This ensures that,
during message passing, more attention is paid to neighbors that are both close in pseudotime and
part of rare or transitional dynamics.

Weighted Objective Function: The final weighted objective function up-weights loss contributions
from rare cells and potential rare gene–peak pairs, ensuring the model pays more attention to
rare biological signals. Loss terms are reweighted by rarity to prioritize meaningful gradients:
Ltotal =

∑
c wc (LKL,c + Lcluster,c) +

∑
(g,p) wgp Lgp,(g,p) + β Lrare

smooth, where wc = rαc indicates
standard rarity-based reweighting. Rare cells get larger weights because rc is higher when the
population is small. α controls how aggressively rarity influences weighting. Lrare

smooth is temporal
smoothness regularisation which is introduced below.

∑
c wc (LKL,c + Lcluster,c) are standard VAE-

style KL divergence loss and clustering loss, but scaled to prioritize rare cells. This weighted objective
function enables training with smaller batches focused on rare populations without sacrificing gradient
fidelity. In other words, rare cells matter more during training.

Temporal Smoothness regularisation: Temporal smoothness is imposed on rare and frontier
cells Lrare

smooth =
∑

i∈R∪F
∑

j∈N (k)
ϵ (i)

∥hi − hj∥22, where N (k)
ϵ (i) = {j ∈ kNN(i, k) : |ti − tj | <

ϵ} represents neighbors that are both spatially close (kNN) and temporally nearby (pseudotime
constraint), ensuring locally smooth embeddings along pseudotime; R denotes rare cells. For rare or
transitional cells, it ensures their embeddings change smoothly over pseudotime by forcing them to
stay close to their temporally adjacent neighbors in latent space.

2.2 Efficiency and Trade-Offs

By restricting sampling, message passing, and regularisation to the subset R∪ F , VenusGT reduces
computation and memory usage, while maintaining rare-cell detection and temporal continuity. This
makes it scalable to large single-cell multimodal datasets.
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3 Experimental Evaluation
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Figure 2: Trajectory-aware graph learning highlights rare and transitional cellular states. (A) UMAP
embedding highlighting rare-cell candidates identified by VenusGT’s rarity-aware sampling. (B)
Latent representations learned by the VenusGT reveal 63 discrete cellular clusters capturing fine-
grained transcriptional states. (C) and (D) Lineage milestones, pseudotime and branch ordering
utilised in trajectory-augmented representations in the augmented feature vector.

We evaluated VenusGT on a matched scRNA-seq and scATAC-seq dataset from a patient with diffuse
small lymphocytic lymphoma (DSLL) (Sec. C.1). MarsGT identified four B-cell clusters, including
one normal and three malignant subtypes: B lymphoma-state-1 (BLS1), B lymphoma-state-2 (BLS2),
and B lymphoma-state-3 (BLS3). BLS1 is the rare population. VenusGT reproduced these clusters
but additionally resolved subclusters within malignant groups, revealing finer-grained heterogeneity
and transitional states.

When comparing clustering results of VenusGT to commonly used Leiden clustering, VenusGT was
able to resolve the B cell clusters 1 and 9 which were represented as a single cluster by Leiden
clustering (Figure 3). Cluster 9 was identified by marker gene expression as the rare cell state
presenting DSLL state-2.

Temporal ordering of embeddings aligned with lineage milestones and pseudotime progression,
validating that the model preserves developmental continuity while enhancing rare states sensitivity.

4 Discussion

VenusGT extends multimodal graph transformers by embedding lineage and temporal priors into
graph representation learning. Unlike MarsGT, which operates on static batch-corrected embeddings,
VenusGT dynamically integrates pseudotime and branch identity to guide attention, sampling, and
optimisation. The rarity-weighted objective ensures that rare cell states contribute proportionally more
to learning, mitigating imbalance inherent in biological data. Temporal smoothness and attention bias
further stabilise embeddings, maintaining both global structure and local trajectory coherence.

We reduced computational cost (Sec. D) by limiting message passing and regularisation to informative
subsets (rare and frontier cells), achieving scalability without sacrificing detection accuracy. Concep-
tually, VenusGT bridges multimodal graph learning with trajectory inference, forming a biologically
informed manifold representation suited to both rare-cell discovery and lineage reconstruction.

5 Impact and relevance

VenusGT introduces a principled framework for dynamic single-cell representation learning that
couples heterogeneous graph modeling with pseudotemporal inference. Methodologically, it gener-
alises transformer-based graph learning to dynamic manifolds, enabling interpretable, temporally
coherent embeddings under multimodal sparsity. Beyond single-cell analysis, this paradigm could be
readjusted to other temporal graph systems, such as disease progression modeling, developmental dy-
namics, or evolving biological networks, where entities interact through heterogeneous relationships
that evolve over time.
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A Paper motivation

Cellular differentiation and disease progression often unfold through continuous, branching trajec-
tories, where rare and transient cell states carry disproportionate biological importance, including
playing a role as treatment resistant precursors, reprogramming intermediates, or early malignant
transformations. Traditional sc analysis methods struggle to detect these states because they are
sparsely represented, often obscured by noise, and easily lost when multimodal data (e.g., RNA and
chromatin accessibility) are forced into joint embeddings. At the same time, pseudotime relationships
and lineage structure, which are central to understanding how cell states evolve, are usually ignored
during multimodal integration, leading to embeddings that preserve global clusters but miss dynamic
biological transitions. VenusGT addresses this gap, enabling the discovery of rare and transitional
populations while preserving the biological continuity of developmental lineages.

A.1 Modal gap

Modality 1

scRNA-seq
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scATAC-seq

Integration of multiple modalities
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Figure 3: The multimodal integration aims to reduce the modality gaps whilst preserving biological
heterogeneity. Unfortunately, many algorithms end up removing rare cells, treating them as noise.

B Limitations

Although VenusGT improves rare-cell discovery by integrating multimodal signals with trajectory-
aware graph learning, several limitations should be acknowledged. First, the framework needs to be
validated across multiple datasets and the model relies on pseudotime and branch labels computed
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using diffusion pseudotime. These labels depend on the quality of the RNA derived manifold and may
be sensitive to preprocessing choices, root cell selection, or branching resolution. As a consequence,
trajectory structure is imposed rather than jointly inferred, and inaccuracies in pseudotime may
propagate into the attention mechanism and loss weighting.

Second, our evaluation uses a single patient-derived lymph node sample profiled with a specific 10x
Genomics Multiome chemistry. Although paired scRNA-seq and scATAC-seq data enable multimodal
integration, the dataset is restricted to one tissue, one disease context, and one acquisition platform.
Broader benchmarking across donors, tissues, disease states, and sequencing platforms is required to
assess generalisability and robustness to biological and technical variability.

Finally, although VenusGT reduces computational burden by restricting temporal masking, sampling,
and regularisation to rare and frontier subsets, the approach still requires computing kNN graphs,
diffusion maps, and large heterogeneous graph embeddings. Scaling to atlas-level datasets or higher
modality counts may require additional optimisations or approximate neighborhood search.

Overall, VenusGT provides a principled framework for rare cell discovery, but future work should
incorporate cross dataset evaluation, and expanded regulatory modeling.

C Experimental setup

C.1 Dataset

Dataset. We analyzed a paired scRNA–seq and scATAC–seq dataset which we downloaded from
10x genomics platform. The dataset is available at: Dataset link (10x Genomics). It was generated
from a flash-frozen intra-abdominal lymph node tumour obtained from a patient with diffuse small
lymphocytic lymphoma (BioIVT Asterand®).

Paired scATAC-seq and gene expression libraries were prepared using the Chromium Next GEM
Single Cell Multiome ATAC + Gene Expression chemistry (CG000338 Rev A). Libraries were
sequenced on an Illumina NovaSeq 6000 v1.5 instrument using the reverse-complement dual-index
workflow. Nuclei loading targeted a recovery of approximately 15,000 nuclei to account for potential
overcounting following FACS cleanup.

The final dataset contained an estimated 14,566 nuclei. For the scATAC modality, the data comprised
a mean of 32,248 raw read pairs per cell, a median of 8,396 high-quality fragments per cell, and
109,789 called peaks. For the gene expression modality, nuclei had a mean of 25,917 raw reads per
cell, a median of 1,186 detected genes, and a median of 1,671 UMI counts per cell. Across modalities,
12,382 genes were linked to 58,474 peaks.

The dataset is publicly released by 10x Genomics under the Creative Commons Attribution 4.0
International (CC BY 4.0) license.

C.2 Methodology

Pseudotime inference. Pseudotime for VenusGT was derived using diffusion pseudotime (DPT)
implemented in Scanpy, following standard preprocessing steps for scRNA–seq data. Raw counts
were normalised to 104 reads per cell, log-transformed, and the top 2,000 highly variable genes
were selected. Gene expression values were scaled to unit variance (clipped at 10) and a principal
component analysis was performed using up to 50 components.

We first computed a global DPT pseudotime by selecting a biologically early root cell based on
canonical early B-cell markers and its position along the leading diffusion component. This provides
a smooth one-dimensional ordering along the dominant trajectory.

Since DPT alone does not infer branching structure, we used Partition-based Graph Abstraction
(PAGA) to identify the coarse-grained topology of the transcriptomic manifold. Branch labels were
assigned to cells based on their most likely PAGA lineage paths, and pseudotime was used as an
additional continuous descriptor within each branch.
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D Other

MarsGT took over 4h on the same dataset.

Table 1: Computational cost and graph statistics for the VenusGT pipeline.

Wall-clock runtime
Matrix loading (Step 01) 116.50 s
Node feature SVDs (Step 02) 203.11 s
Scanpy pseudotime (Step 03) 0.42 s
kNN graph construction (Step 04) 4.81 s
Training loop (100 steps, Step 05) 5.40 s

Graph size
Number of cells (Ncells) 14,148
Number of genes (Ngenes) 19,107
Number of peaks (Npeaks) 109,789
Cell–gene edges 21,402,192
Cell–peak edges 65,122,974
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