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Abstract
Bulk transcriptomics is widely used in clinical
research, yet existing methods struggle to ex-
tract single-cell-level structure from bulk measure-
ments, which aggregate signals across heteroge-
neous cell populations. Here we introduce POPPY,
a framework which uses ontology-based con-
trastive learning to align single-cell and bulk tran-
scriptomic foundation models and construct cell-
type-aware bulk patient embeddings. Trained on
1,458 single-cell tumor samples from the Curated
Cancer Cell Atlas (3CA) and 1,286 bulk profiles
derived from sorted cell populations, POPPY re-
covers cell type and gene program structure from
bulk tumor transcriptomes without fine-tuning.
Using a single-cell melanoma atlas, POPPY pre-
dicts immunotherapy response across six bulk
melanoma cohorts and identifies individual cells
associated with response in bulk tumors. These
results demonstrate single-cell foundation models
can be leveraged to build bulk embeddings that
capture cellular biology, enabling interpretable
patient stratification from bulk data.

1. Introduction
Despite their high resolution and potential to yield clini-
cally actionable biomarkers, single-cell technologies are not
typically used for clinical decision-making due to financial,
conceptual, and computational constraints (Skinnider et al.,
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2025). Instead, bulk transcriptomic sequencing, which mea-
sures the average expression across entire samples rather
than individual cells, is a more routine part of patient care
and clinical research. Approaches that derive patient endo-
types and predict phenotypes from bulk data alone, however,
often exhibit poor generalizability across cohorts due to the
reliance on predefined biomarker sets (Shen et al., 2025).

Foundation models for single-cell data, e.g. (Theodoris
et al., 2023; Cui et al., 2024; Hao et al., 2024; Pearce et al.,
2026), learn flexible representations of cellular states, but
are not designed for bulk transcriptomic inputs. Conversely,
foundation models trained on bulk data (Kang et al., 2025;
Shen et al., 2025) do not incorporate single-cell-level data or
supervision. An approach to construct a shared representa-
tion space bridging these modalities would uniquely enable
the generalization of single-cell representations to the bulk
setting, unlocking their utility in clinical workflows.

We present POPPY, a framework for transferring represen-
tations from single-cell foundation models to the bulk tran-
scriptomic setting via ontology-aware contrastive learning.
POPPY models cell type composition from single-cell, pseu-
dobulk, and sorted bulk data as signals on the Cell Ontology
graph (Diehl et al., 2016), then aligns cross-modal pairs to
preserve pairwise similarities defined by optimal transport
between signals. We further propose a sampling strategy to
encourage patient alignment across cohorts. Trained with
1,458 single-cell tumor samples from the 3CA (Gavish et al.,
2023; Tyler et al., 2025) and 1,286 bulk profiles constructed
from sorted cell populations (Zaitsev et al., 2022), POPPY
substantially improves cohort and assay integration, cell
type proportion preservation, and gene program preserva-
tion over bulk-only encoders. Moreover, an optional cross-
attention module enables fine-tuning for patient phenotype
prediction by querying a single-cell reference atlas with the
learned bulk patient embedding, producing per-cell attri-
bution scores reflecting relevance to the prediction. In a
case study of 330 bulk melanoma tumors across six cohorts,
POPPY improved immunotherapy response prediction over
the bulk-only encoder and the fine-tuned model without con-
trastive training, identifying T cells, NK cells, and memory
B cells as associated with responder profiles, as shown in
prior literature (Mellman et al., 2023). Together, these re-
sults support using POPPY to extend single-cell foundation
models to cellular-level mapping of bulk transcriptomes.
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2. Methods
We outline the POPPY framework by detailing how we com-
pute patient-patient similarity from cell type composition,
then learn cross-modal representations (Figure 1).

Figure 1. (a) From large-scale single-cell RNA-seq data and sim-
ulated bulk RNA-seq tumors constructed from sorted bulk data,
we derive cell type composition vectors and represent them as
patient-level signals on the Cell Ontology graph. Patient-patient
similarity is then computed using graph signal optimal transport.
(b) POPPY uses these similarity scores as soft supervision for con-
trastive alignment across modalities. (c) This framework enables
downstream analysis of bulk RNA-seq data, including construction
of cell type-informed representations, bulk and cell-level pheno-
type prediction, and single-cell-level attribution via cross-modal
fine-tuning. Abbreviations: prop., proportion.

2.1. Patient similarity from Cell Ontology transport

We first define a patient-level similarity metric grounded
in cell type composition to serve as supervision for bulk
representation learning (Figure 1a). As high-quality cell
type composition labels are limited for bulk samples, we
construct surrogate bulk profiles in two ways: pseudobulk
profiles, formed by aggregating counts across all cells per
patient from single-cell datasets, and in silico bulk profiles
derived by taking weighted averages of sorted populations.

We then define patient-level similarity based on cell types
and gene programs derived from dataset annotations. These
proportion vectors are represented as graph signals on the
Cell Ontology (Section A.1), where graph signals are func-
tions defined on the nodes of the graph. The distance be-
tween two patients is then computed as the Earth Mover’s
Distance (EMD), or optimal transport, between two signals
over the graph. This endows the metric with biological
structure and robustness to annotation differences: two sam-
ples whose compositions differ only in closely related cell
types receive a lower distance than samples that differ across
unrelated lineages.

Let pi,pj ∈ ∆K−1 denote the cell type composition vec-

tors of samples i and j, where K is the number of cell
types and ∆K−1 is the probability simplex (each vector is
ℓ1-normalized such that

∑
k pik = 1). The entry pik gives

the proportion of cells in sample i belonging to type k. Pair-
wise sample similarity is measured via the Earth Mover’s
Distance (EMD) and solved exactly (Bonneel et al., 2011):

EMD(i, j) = EMD(j, i) = min
T∈Π(pi,pj)

∑
k, l

Tkl dkl,

Π(pi,pj) =
{
T ≥ 0 : T1 = pi, T

⊤1 = pj

}
.

(1)

Π is the set of joint transport plans and D ∈ RK×K
≥0 is a

ground metric with dkl giving the cost of transporting mass
from cell type k to cell type l. D is derived from the Cell
Ontology, where the distance dkl reflects the shortest path
between types k and l in the ontology graph so that bio-
logically proximate types incur lower transport cost than
distantly related types. These pairwise values populate the
similarity matrix S after conversion of distances to similari-
ties with a graph diffusion kernel (Section A.2). S is used
as a soft supervision target in the objective described below.

2.2. Overview of POPPY model

Given S, we train cell-level encoder Ec and bulk-level en-
coder Eb to map single-cell and bulk profiles into a shared
embedding space via relationships defined in S (Figure 1b).
Notably, both encoders can be applied independently; bulk
analysis does not require paired single-cell data.

2.2.1. CELL-LEVEL ENCODER

The single-cell encoder Ec maps a variable-size set of cells
to a fixed-size embedding zc ∈ Rd. Formally, for a given
patient sample, let {x(i)

c }Nc
i=1 denote the set of Nc cell vec-

tors, each of dimension mc (the number of measured genes),
where we suppress the patient index for clarity. Ec first
projects each cell into a unified latent space Rdc using any
pretrained single-cell model, then applies a learned scor-
ing function f : Rdc → R that assigns a scalar attention
logit to each cell. The pooled representation is the attention-
weighted sum, following (Ilse et al., 2018):

hc =

Nc∑
i=1

αix
(i)
c , αi =

exp(f(x
(i)
c )∑Nc

j=1 exp(f(x
(j)
c ))

, (2)

where f(x
(i)
c ) = w⊤x

(i)
c + b. The pooled vector hc ∈

Rdc is passed through a two-layer FFN and ℓ2-normalized,
resulting in a final patient embedding zc ∈ Rd.

2.2.2. BULK-LEVEL ENCODER

For each patient sample, the bulk encoder Eb maps a bulk
expression measurement to a fixed-size patient embedding
zb ∈ Rd. Given a bulk measurement xb ∈ Rmb of mb
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genes, a pretrained transcriptomic encoder first embeds each
gene into a shared db-dimensional token space, producing
matrix H ∈ Rmb × db . The token matrix is then pooled
across genes using the attention-weighted sum of Equation
2, yielding pooled vector hb ∈ Rdb . Finally, hb is passed
through a two-layer FFN and ℓ2-normalized, resulting in a
final patient-level representation zb ∈ Rd.

2.2.3. MULTI-POSITIVE CONTRASTIVE ALIGNMENT

Let Zc,Zb ∈ RNxd denote row-stacked embeddings of N
cell and bulk encoder outputs in a given batch, respectively.
We form pairwise logit matrices scaled by temperature τcl:

L× = Zc(Zb)⊤/τcl,L
c = Zc(Zc)⊤/τcl,L

b = Zb(Zb)⊤/τcl,
(3)

where Lc and Lb have their diagonals masked to −∞ to ex-
clude self-similarity. Per-direction logit matrices are formed
by concatenating the cross-modal and intra-modal blocks:

L̃c→b =
[
L× ∣∣ Lc

]
, L̃b→c =

[
(L×)⊤

∣∣ Lb
]
. (4)

The label distribution S ∈ [0, 1]N×N is the cell type-
proportion-derived similarity matrix defined in Section 2.1.
Each row is normalized to a valid probability distribution
Ŝ, where Ŝij =

Sij∑
k Sik

. A zero block of equal width is

appended, i.e. S̃ =
[
Ŝ
∣∣ 0N×N

]
, encouraging the model to

align representations across modalities.

The loss in each direction is the KL divergence between
the soft label distribution and the log-softmax predictive
distribution. The final objective is the average:

Lc→b = KL
(
S̃
∥∥∥ softmax

(
L̃c→b

))
,

Lb→c = KL
(
S̃
∥∥∥ softmax

(
L̃b→c

))
L = 1

2

(
Lc→b + Lb→c

)
.

(5)

2.2.4. CROSS-COHORT POSITIVE SAMPLER

To encourage cross-cohort and cross-assay generalization,
we introduce a structured sampling strategy. Positive candi-
dates are restricted to samples from a different cohort with
non-zero similarity under S. For each anchor i, a cross-
cohort positive p is sampled uniformly from the positive
candidate set. Then, other samples are drawn without re-
placement from those strictly less similar to i than p, with
preferential sampling to same-cohort samples.

2.2.5. FINE-TUNING MODULE

The POPPY multimodal framework can be utilized here to al-
low bulk samples to attend to different regions of the cellular
state space for making patient-level predictions. In the set-
ting where we have phenotype labels associated with each

patient, POPPY is trained with an additional module in which
each bulk patient sample attends over a fixed reference set of
cell embeddings {x(i)

c }Ni=1, constructed by encoding cells
from a new tissue or disease-relevant atlas, or from the pre-
trained cell embedding space. Suppressing patient index
(s) for clarity, a query is formed from the bulk embedding
q = WQzb, and a key from each atlas cell embedding
k(i) = WKx

(i)
c . Attention weights are computed via scaled

dot-product attention: αi =
exp(q⊤k(i)/τft)∑
j exp(q⊤k(j)/τft)

. Each cell

additionally receives a scalar value score vi = WV x
(i)
c . The

final patient phenotype score is the attention-weighted sum
of cell scores ŷ =

∑
i αivi + b, where b is a learned bias.

Per-cell attention αi is retained for post-hoc interpretation to
decompose patient prediction into single cell contributions.

POPPY can be flexibly optimized for patient-level tasks.
We evaluate POPPY in a two-class setting and use a binary
cross-entropy loss L = − 1

S

∑
s[y

(s) log σ(ŷ(s)) + (1 −
y(s)) log(1− σ(ŷ(s)))], where S is the number of training
samples, y(s) ∈ {0, 1} is the true label, and ŷ(s) is the
predicted logit for sample s.

3. Results
3.1. Datasets

We train POPPY on two sources of single-cell and bulk pro-
files. From the Curated Cancer Cell Atlas (3CA), we retain
2,732,789 cells from 1,631 patient samples across 85 co-
horts and 15 cancer types, reserving 6 cohorts for evaluation.
We additionally construct 2,286 simulated bulk profiles from
sorted cell populations drawn from the Kassandra database
(full details in Section A.3).

3.2. Pre-trained model details

POPPY uses frozen pretrained encoders for both modalities.
For single-cell profiles, we use TranscriptFormer-Sapiens;
for bulk profiles, we evaluate two initializations: Bulk-
Former, pretrained on bulk data (POPPY-BULKFORMER) and
TranscriptFormer-Sapiens, pretrained on single-cell data
(POPPY-TRANSCRIPTFORMER). We then compare POPPY
to the respective base encoder to assess transfer in both
directions: a bulk-pretrained model applied to single-cell-
level tasks, and a single-cell-pretrained model applied to
bulk transcriptomics.

3.3. Cross-modal alignment across cohorts

To evaluate the fidelity of cross-modal alignment, we con-
structed paired single-cell and pseudobulk profiles using the
six cohorts held-out from 3CA and visualized both modali-
ties (Becht et al., 2018) (Figure 2a). POPPY performs zero-
shot alignment of single-cell and bulk representations per
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Figure 2. (a) POPPY improves fidelity of cross-modal alignment
and (b) integration across cohorts and technologies over corre-
sponding baseline bulk encoder.

sample, with improved recall@k for matched single-cell-
pseudobulk pairs compared to without our alignment. We
next assessed the utility of the embeddings from the bulk
encoder alone. We demonstrate that, compared to baseline
encoders, POPPY better integrates patient representations
across cohorts and assays (Figure 2b, c), with up to 73%
improvement in silhouette score.

3.4. Cell type proportion preservation

We next evaluated our pseudobulk sample embeddings for
organization by cell type proportion, where we have ground
truth from the corresponding single-cell dataset. Visualiz-
ing T cell proportion over the bulk embedding latent space
clearly demonstrates our embeddings organize by cell type
proportion better than the baseline embeddings (Figure 3a).
To quantify this across all cell types, we compute the pair-
wise patient embedding distance and the ground truth pair-
wise patient cell type-based distance, then present the Spear-
man correlation between these distances (Figure 3a). These
results show performance gains within cohorts for both cell
type proportion and gene program proportion correlation
(up to 117% increase); cross-cohort correlation improves
even more dramatically (up to 714%), highlighting POPPY’s
ability to capture cross-cohort patient composition similar-
ity.

We verify this result in true bulk transcriptomic data using
1,000 simulated tumors constructed by sampling sorted pop-
ulations from a held out set, with cell type ratios drawn
uniformly. Computing the correlation between true and
embedding-based patient-patient distances demonstrates up
to 120% increase compared to baseline (Figure 3b).

Figure 3. (a) POPPY preserves cell type and gene program propor-
tion over baselines in held-out 3CA pseudobulk datasets, with high
patient-patient similarity within and across-cohorts. (b) POPPY
preserves cell type proportion in simulated tumors from held out
sorted bulk profiles. Abbreviations: corr., Spearman correlation.

3.5. Single-cell-guided bulk phenotype prediction

We hypothesized POPPY could be fine-tuned to predict
patient-level phenotypes and, through the addition of the
cross-attention module, distinguish cells that are differen-
tially attended to for the prediction. We evaluated POPPY on
330 pre-treatment bulk tumor samples from six melanoma
cohorts (Van Allen et al., 2015; Gide et al., 2019; Hugo
et al., 2016; Freeman et al., 2022; Riaz et al., 2017; Liu
et al., 2019), where each bulk sample was derived from a
patient responsive (R) or non-responsive (NR) to the admin-
istered immunotherapy. For a reference single-cell atlas,
we used 120 melanoma tumors from 3CA, where 62 sam-
ples were from cohorts held out of the initial training stage.
POPPY cell embeddings organize much more consistently
by cell type than the TranscriptFormer embeddings for the
same datasets (Figure 4a). We freeze the cell encoder and
fine-tune a cross-attention module and bulk classifier head,
allowing bulk embeddings to attend over cell embeddings
for response prediction. Using a leave-one-cohort-out split,
POPPY outperforms both baselines: BulkFormer with a clas-
sification head, and the cross-attention setup without prior
cross-modal alignment (POPPY w/o stage 1) (Figure 4b).

Of the 120 single-cell patient samples, 45 had labels
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Figure 4. (a) 3CA melanoma single-cell embeddings show better
cross-dataset cell type integration with POPPY than Transcript-
Former. (b) Leave-one-cohort-out classification of responders
versus non-responders across six bulk melanoma cohorts shows
improvement over baseline methods. (c) POPPY responder scores
align with ground-truth response labels at single-cell resolution in
Gide et al. (d) Responder score visualized at the level of individual
cell types and gene programs.

corresponding to response status. We visualized cells from
this subset and calculated an enrichment score for each
individual cell (Burkhardt et al., 2021), where a cell with
score >0.5 is enriched in responders, and a cell with score
<0.5 is enriched in non-responders (Figure 4c). Then,
for bulk samples from (Gide et al., 2019), we retrieved
the per-cell attention scores and calculated a responder
enrichment score. This correlated to the original single-cell
dataset (ρ = 0.59), suggesting attention weights may
reflect true biological associations. Aggregating per cell
type, T cells and NK cells are most strongly associated
with response, whereas malignant cells are associated with
non-response, following literature on immune infiltration
in the tumor microenvironment (Mellman et al., 2023).
Within B cells, activated memory B cells, characterized by
memory markers CD27 and CXCR3 and activation markers
CD86 and IFI30, showed strongest responder association,
consistent with their role in anti-tumor immunity (Kim
et al., 2021).

4. Conclusion
Recent advances in single-cell foundation models have en-
abled unique insights into cellular biology, but have shown
limited progress in transfer learning across modalities (Xie
et al., 2025). POPPY bridges this gap by constructing bulk
transcriptomic representations informed by cell type com-
position. Through the cross-attention module, bulk patient
embeddings can be decomposed as weighted combinations
of single-cell reference profiles, enabling attribution of bulk
phenotypes to individual cells. Together, these results sug-
gest the structure captured by biological foundation models
can be transferred to lower-resolution transcriptomic data,
broadening their applicability across experimental contexts.
Future work will demonstrate generalizability of the frame-
work in diverse tissue, cell type, and disease contexts at
larger sample scales.
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A. Appendix
A.1. Cell Ontology

The Cell Ontology (CL) is an ontology designed to offer a controlled vocabulary for cell types, proposed as a basis for
consistently annotating large-scale single-cell atlases (Diehl et al., 2016). As the CL contains valuable information about the
hierarchical relationship between cell types, it has been leveraged in machine learning models for classification of unseen
cell types (Wang et al., 2019) and supervised metric learning (Heimberg et al., 2025).

Here, we first identify all cell types annotated in 3CA samples, then add 3CA-annotated metaprograms, or gene programs
defined within cell types, as child nodes to the corresponding cell types. We additionally map cell types associated with
sorted bulk populations to the ontology. For both sets of cell types, we retrieve the set of all ancestors where the root is the
“cell” node (CL:0000000), and we prune the cell ontology to these nodes, resulting in 248 cell types total.

For each single-cell dataset, we retrieve the cell type annotations and, if gene programs are calculated, assign each cell to a
gene program if its program loading is positive and exceeds 75th percentile across all cells. We then compute the proportion
of cells belonging to each gene program and cell type and propagate these proportions hierarchically (such that the root
node has a proportion of 1.0).

A.2. Similarity calculation from EMD

Raw pairwise distances dij computed from the cell-type EMD are not directly suitable as contrastive supervision targets:
they are unbounded, may not reflect the manifold structure of the data, and assign non-zero similarity to all pairs regardless of
their true relationship. We convert distances to similarities using a graph diffusion kernel which respects local neighborhood
geometry and produces a sparse, globally consistent affinity matrix.

A weighted k-nearest-neighbor graph G = (V, E) is constructed over the training samples using the precomputed EMD
distance matrix D. Each node i is connected to its k = 100 nearest neighbors under D, where restricting connections to the
k-NN neighborhood enforces sparsity and ensures that similarity is propagated only through locally consistent paths. Edge
weights are computed via an adaptive-bandwidth Gaussian kernel applied to the k-NN adjacency. For connected nodes i and
j the kernel entry takes the form:

Kij = exp

(
−

d2ij
σiσj

)
, (6)

where σi is a locally adaptive bandwidth set to the distance from node i to its k-th nearest neighbor (Coifman & Lafon,
2006), normalizing for non-uniform sampling density. The kernel matrix K constructed on training samples is used directly
as the similarity matrix S introduced in Section 2.2.3. Its entries are non-negative, concentrated on local neighborhoods
(zero or near-zero for non-neighbors), and lie in [0, 1], satisfying the requirements of the soft label normalization procedure.

A.3. Training datasets

A.3.1. CURATED CANCER CELL ATLAS (3CA)

To train encoders for bulk tumor transcriptome analysis, we leveraged the Curated Cancer Cell Atlas (3CA), curated across
a large collection of scRNA-seq cancer datasets (Tyler et al., 2025; Gavish et al., 2023). We retain samples where raw
scRNA-seq is available and prune cells to those that have cell type annotations and at least 1000 gene counts. Then,
all samples with less than 10 cells are removed. After preprocessing, this preserves 2,732,789 cells from 1,631 patient
samples across 85 cohorts, 16 single-cell technologies, and 15 high-level cancer types. Reserving 6 cohorts for evaluation
(comprising 380,967 cells, 173 patient samples, and 3 cancer types), we construct a single-cell and pseudobulk dataset for
each sample to train POPPY.

A.3.2. SORTED BULK POPULATIONS

We additionally construct tumor profiles from bulk RNA-seq datasets in the Kassandra database, comprised of 9,056 bulk
RNA-seq samples from 505 datasets of sorted cells, cancer cells and cell lines (Zaitsev et al., 2022). As in the original
work, we resample datasets within each cell type to improve dataset variability and, for each simulated tumor, aggregate
the expression of one cancer cell line and the average expression of nine non-cancer cell lines. Using 7,245 samples (and
reserving the remaining for the test set), we construct simulated bulk tumors from a weighted average of different sorted
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populations using the cancer model-based annotations from the original work. To learn a common manifold between the
single-cell, pseudobulk, and bulk data, we construct simulated bulk tumors that are similar to the proportions of single-cell
datasets in 3CA. For each training single-cell dataset with overlapping cell types with the sorted data, we construct a
simulated bulk tumor with the same proportions for shared cell types, resulting in 1,286 in silico bulk profiles derived from
sorted populations.
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