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Abstract
Single-cell RNA sequencing (scRNA-seq) offers
insights into cellular heterogeneity and tissue com-
position, yet leveraging this data for patient-level
clinical predictions remains challenging due to the
set-structured nature of single-cell data, as well
as the scarcity of labeled samples. To address
these challenges, we introduce scSet, a diffusion-
based autoencoder that learns patient-level repre-
sentations from sets of single-cell transcriptomes.
Our method uses a transformer-based encoder to
process variably sized and unordered cell inputs,
coupled with a conditional diffusion decoder for
self-supervised learning on unlabeled data. By
pre-training on large-scale unlabeled datasets, sc-
Set generates robust patient representations that
can be fine-tuned for downstream clinical predic-
tion tasks. We demonstrate the effectiveness of
scSet patient embeddings for clinical prediction
across multiple real-world datasets, where they
outperform existing patient representations, even
with limited labeled data. This work represents an
important step toward bridging the gap between
single-cell resolution and patient-level insights.
Code is available at https://github.com/
clinicalml/scset.

1. Introduction
Single-cell RNA sequencing (scRNA-seq) provides a de-
tailed view of the cellular composition of a tissue, en-
abling insights such as the identification of cell type specific
biomarkers (4; 16), tumor heterogeneity (1; 4), the com-
position of the tumor-immune microenvironment (42; 35),
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and the diverse cell states that can exist for a single-cell
type (30; 38). While it is widely acknowledged that single-
cell features correlate with clinical outcomes of interest
(32), few machine learning (ML) tools exist to make patient-
level predictions based on scRNA-seq data. We identify
two major hurdles for ML for patient-level prediction from
single-cell data: (1) Patient single-cell datasets do not im-
mediately lend themselves to predictive machine learning
methods which assume that the input features are either con-
sistently or meaningfully ordered (e.g. logistic regression or
recurrent/convolutional networks, respectively), since their
features (the cells) have no consistent or meaningful order.
(2) The numbers of single-cell samples with clinical labels
for any given disease state is often too small to employ ma-
chine learning methods to automate the discovery of features
which correlate with clinical outcomes of interest. This is
due to a combination of single-cell data being expensive
to generate, clinical samples requiring patient consent and
potentially invasive biopsies, and clinical labels requiring
careful annotation and patient follow-up.

Most commonly, single-cell samples are simply averaged
across cells prior to being input to an ML model, or else
manual feature engineering and statistical analysis are used
to find correlations between single-cell features with patient-
level information (33; 43). Machine learning architectures
that predict sample-level information from a parametrized
embedding of single-cell data have only recently started to
emerge (10; 20; 22).

In this work, we introduce scSet, a diffusion-based au-
toencoder for learning patient-level representations from
scRNA-seq data. Our method addresses both of the above
challenges, first by developing an encoder that can handle
variably sized and unordered cell inputs, and second by
leveraging unlabeled samples for self-supervised learning
via a denoising diffusion objective. Taken together, scSet
learns patient representations in an unsupervised manner,
which can then be fine-tuned to predict clinical features of
interest from a limited cohort of clinically-labeled samples.
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2. Related Work
2.1. Representation Learning for Sets

Representation learning for sets has been explored through
various approaches, both supervised and unsupervised, with
applications spanning multiple domains, including point
clouds, graphs, and multi-instance learning (MIL). Early
work such as DeepSets (41) proposed permutation-invariant
architectures that aggregate unordered inputs using pool-
ing functions like sum or mean. Transformer-based models
for sets, such as Set Transformer (18) and Attention-based
Deep Multiple Instance Learning (15), introduced attention
mechanisms to capture higher-order interactions between
set elements. More recently, unsupervised approaches such
as SetVAE (17) incorporate principles from Set Transformer
into a variational autoencoder framework to learn unsu-
pervised latent representations of sets, using the Chamfer
Distance as a proxy reconstruction loss in order to handle
unordered set data. A noise prediction loss as used in diffu-
sion models (14; 27) is less computationally expensive and
can also handle unordered set data, and thus we were moti-
vated to explore a diffusion-based decoder for unsupervised
set learning. Others have recently begun to explore this
direction too, with applications in 3D point clouds instead
of biology (44). Our work builds on these foundational prin-
ciples but extends them to the biomedical domain, enabling
unsupervised patient representation learning from sets of
single cells.

2.2. Representation Learning for scRNA-seq

Representation learning in the single-cell space has mostly
focused on learning representations of individual cells, with
methods such as scVI (23), Geneformer (37), and scGPT
(7), as well as multimodal models such as totalVI (11).
Any of these cell embeddings can be used as input to our
model, which instead focuses on encoding a set of cells
into a patient-level representation, and decoding a patient
representation back to individual cells through conditional
denoising diffusion. Other approaches for learning sample-
level encodings of single-cells have only recently started
to emerge and have focused on supervised methods, as
described in Section 2.3.

2.3. Patient-Level Representations from scRNA-seq

The simplest and most common method for summarizing
sample expression is to take the average gene expression
across all cells in the sample, referred to as pseudobulk.
However, pseudobulk obscures the granular view of cell
states afforded by single-cell. Recently, a few methods
have been proposed for learning patient-level representa-
tions from scRNA-seq data (20; 10; 22; 8; 25; 12; 31).
These have mostly built off of the deep set (41) or attention-

based multiple instance learning (ABMIL) (15) frameworks.
While these works propose architectures that learn to aggre-
gate single-cell data into patient-level representations, they
are all trained on (semi-)supervised tasks. By contrast, a
key contribution of our work is our self-supervised training
objective, which allows learning representations from un-
labeled data and improves the quality of our downstream
supervised predictions.

2.4. Diffusion Models for scRNA-seq data

Diffusion models have been used for a variety of tasks in
machine learning, ranging from image generation (14) to
drug discovery (6). Recently, diffusion models have been
applied to scRNA-seq data for gene expression imputation
(24; 21; 9). While these methods use diffusion models to
generate scRNA-seq data, they do not condition the model
on a patient-specific representation, or leverage it as part of
an autoencoding framework for learning a patient represen-
tation.

3. Method
Single-cell RNA sequencing profiles the transcriptomes of
individual cells in a patient sample. Each cell’s transcrip-
tome is represented as a vector of gene expression values,
x 2 RG, where G denotes the total number of all genes de-
tected across cells in our dataset. A scRNA-seq sample from
a given patient is observed as an unordered set of single-cell
transcriptomes, X = fxigNi=1: Our goal is to learn a mean-
ingful vector representation z 2 Rd of the set of cells for
each patient.

To this end, we propose scSet, a diffusion-based autoen-
coding framework for learning patient-level representations
from scRNA-seq data. The following sections detail the
decoder, encoder, and training procedure for scSet. A
schematic overview of the model is provided in Figure 1.

3.1. Diffusion-based Decoder

We employ a conditional Denoising Diffusion Probabilistic
Model (DDPM) (14; 27), which uses the patient representa-
tion z for conditioning and, starting from noise, generates
sample cells matching the patient profile.

Given a number of time steps T 2 N and a variance schedule
�1; :::; �T 2 R>0, we model the diffusion forward-process
as

q(x0:T jz) = q(x0jz)
T�1Y
t=0

q(xt+1jxt; z) (1)

where q(x0jz) is the data distribution of cell profiles condi-
tioned on a patient representation z and

q(xt+1jxt; z) = N (xt+1;
p

1� �t+1xt; �t+1I): (2)
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(a) A set of cells are embedded to a patient representation using
a transformer. The patient representation conditions a diffusion
model that learns to denoise individual cells, effectively modeling
p� (x0:T j patient rep).

(b) Model and training components are shown in orange; inputs
and outputs in blue.

Figure 1.Two complementary overviews of theSCSET model: (a) schematic of the patient-conditioned diffusion model, and (b) model
and training �owchart.

As a decoder, we learn a denoising backward-process

p� (x0:T jz) = p� (xT jz)
TY

t =1

p� (x t � 1jx t ; z) (3)

parametrized as

p� (xT jz) = N (xT ; 0; � 2I ) (4)

p� (x t � 1jx t ; z) = N (x t � 1; � � (x t ; t; z); � 2
t I ); (5)

with mean predictor� � (x t ; t; z) given by

� � (x t ; t; z) =
1

p
� t

�
x t �

� tp
1 � �� t

� � (x t ; t; z)
�

: (6)

Here� � (x t ; t) is a noise-predicting neural network,� t =
1 � � t and �� t =

Q t
s=1 � s.

A key assumption of our paper is that cells in a sample are
conditionally independent givenz, and thus the probability
of the set of cellsX is the product of the probability of each
cell in the set,p� (X jz) =

Q
x 2 X p� (x t = xjz). Due the

presence of multiple cell types in each sample, we expect
p� (x t = xjz) to be a complex, multimodal distribution.

The noise-predicting network is an adapted multilayer per-
ceptron with residual connections. The patient represen-
tations and sinusoidal time step embeddings are each pro-
cessed by feed-forward networks, summed and incorporated
into the noise prediction through Adaptive Layer Normaliza-
tion (28). For the diffusion process, we use a cosine noise
schedule (27) andT = 1000 time steps.

3.2. Transformer-based Encoder

The scSet encoder,f � , maps the unordered set of cells in a
patient samplef x i gN

i =1 to a �xed-dimensional representa-
tion z 2 Rd, whered = 256 in our model. To address the

challenges posed by the variable size and lack of ordering
in the input data, we employ a transformer-based architec-
ture with a learnable[CLS] token that serves as a global
representation of the input set.

The architecture begins with a linear embedding layer that
projects each cellx i 2 RG into d-dimensional space:

x0
i = Linear(x i ); x0

i 2 Rd:

A learnable[CLS] token is appended to the set of cells,
forming the input to the encoder:

X 0 = [ [CLS] ; x0
1; x0

2; : : : ; x0
N ] 2 R(N +1) � d:

The transformed setX 0 is then passed through a series of
transformer encoder blocks (39), each consisting of multi-
head self-attention, feedforward networks, and layer nor-
malization. These layers are intended to model interactions
between cells and to encode information about cells in the
context of their tissue environment. Formally, each encoder
layer is de�ned as:

X 0(` + 1
2 ) = LN(MHSA(X 0(` ) ) + X 0(` ) ) (7)

X 0(` +1) = LN(FFN(X 0(` + 1
2 ) ) + X 0(` + 1

2 ) ) (8)

whereMHSA denotes multi-head self-attention,LN Layer
Normalization andFFNa feed-forward network. Dropout
is applied to attention and feed-forward layers to prevent
over�tting.

After passing throughL transformer blocks, the embedded
[CLS] token is extracted as the patient representationz.
This representationz serves as the input to the diffusion-
based decoder for patient-speci�c cell generation, and the
encoder is jointly optimized with the decoder during train-
ing, as described in Section 3.3.
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When usingz as input for a downstream clinical prediction
task, the weights of the encoder can optionally be further
updated to tailor the patient embedding for the downstream
task (see Section 4.2.3).

3.3. Training Procedure

The encoderf � and the decoderp� are jointly trained using
the noise prediction loss

L(�; � ) = Et � [1;T ];x 0 ;� t

h
k� � � � (x t ; t; f � (f ~x i g

N anchor
i =1 )k2

i

(9)

wheret � U (f 1; :::; Tg), � � N (0; I ), x t � q(x t jx0; z),
andx0 as well as~x i for i 2 1; :::; Nanchor are drawn uni-
formly without replacement from the cells of patientj .
To estimate the loss during training in practice, mutually
exclusive subsets ofX are used as input to the encoder
(f ~x i g

N anchor
i =1 , referred to as “anchor cells”) and to the noise-

prediction network (x0, referred to as a “target cell”). Note
that this objective functions allows back-propagation of the
gradients through both the denoising decoderp� and the
sample encoderf � .

The training procedure without mini-batching is described
in detail in Algorithm 1. For training, we use the AdamW
optimizer with learning rate1� 10� 3. Gradients are clipped
at a threshold of0:1.

4. Experiments

We evaluate scSet's learned patient embeddings through (i)
qualitative and quantitative evaluations of the unsupervised
trained embeddings and (ii) using the patient embeddings as
input to downstream clinical prediction tasks. We describe
the datasets, metrics, baselines and results for each of these
approaches in Sections 4.1 and 4.2, respectively.

4.1. Training Patient Representations via Conditional
Diffusion

In this section, we validate that the patient representations
learned by scSet capture known variations between patients.
First, we show that the diffusion model decodes the expected
distribution of cell types for each patient, and then we use
real and semi-synthetic data to validate that patients with
known differences are separated in the latent space.

4.1.1. DATA

The scSet autoencoder was trained on data from the CZ
CELLxGENE (CxG) Discover Census (3), containing 7,342
samples from diverse tissue and disease contexts. scVI
embeddings provided in the Census were used to represent
input cells; we retained 14 scVI latents by �ltering to latents

with standard deviation> : 4 across the pretraining corpus.
We chose to represent cells using scVI embeddings rather
than raw gene expression as it already partially corrects
for batch effects and reduces the dimensionality of inputs.
We used 90% of patients for training and held out 10% for
evaluation.

For our semi-synthetic data, we created patient samples by
resampling cells from a pool of 8064 immune cells (nat-
ural killer cells, helper T cells, CD8+ cytotoxic T cells,
and monocytes) from 32 patients from a multiple myeloma
study (42) that was not part of the pretraining corpus, in
order to create synthetic patients belonging to different syn-
thetic “patient subtypes.” For each subtyping experiment,
we simulated 12 patients, each with 200 cells. For our cell
type composition experiment, we created samples that were
enriched for a given cell type: we randomly sampled cells
of the dominant cell type to account for 55% of the sample
composition, and the remaining cell types to each account
for 15%. For our perturbation subtyping experiment, we cre-
ated a “perturbed” subtype in which cell types were present
in equal proportions to their unperturbed counterparts, but
with a slight phenotypic shift in helper T cells, and an equal
and opposite shift in CD8+ cytotoxic T cells (more details
provided in Appendix G).

4.1.2. RESULTS

If the model has learned meaningful patient representations,
we expect the diffusion decoder—which is conditioned on
those representations—to generate sets of cells that closely
resemble a patient's true cells. Thus, we ran inference on
the CxG evaluation set (10% of patients that were not used
to train scSet), decoding 500 cells per patient (the number
of decoded cells is arbitrarily set by the user). Starting
from Gaussian noise at time stepT = 1000, we visualize
via UMAP (26) the reconstructed cell pro�les of patients
grouped by tissue as they are denoised over time steps in
the diffusion decoder (Figure 2). Color-coding cells by
their cell types shows that for each tissue, the model gener-
ates the same cell types which were present in the ground
truth single-cell data, and in relatively similar proportions
(the Pearson correlation coef�cient between the true and
reconstructed cell type proportions for each tissue was con-
sistently high: 0.95 for lung, 0.97 for breast, 0.89 for heart,
and 0.91 for blood). We include tables showing the true
and reconstructed cell type proportions for each tissue in
Appendix H. Note that since generated cells have no ground
truth cell type labels, we predicted instead pseudo-cell type
labels from their simulated pro�les att = 0 using ak-
Nearest Neighbors classi�er trained on the true cells from
these patients.

While Figure 2 and Appendix H show that the landscape of
true cells for each tissue matches the landscape of generated
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Figure 2.UMAP visualizations of cells over timesteps of the denoising process, starting from random noise (X T =1000 ). Test set patient
samples were embedded usingf � and used to condition the denoising network; the union of these cells is shown in the right column,
labeled “true cells.” 500 cells per patient were generated. For visualization purposes, each row contains the union of cells from a given
tissue, with the number of patientsN indicated in parentheses. True cells are colored by their ground-truth cell type and simulated cells
are colored by pseudo-cell type labels, obtained by predicting cell types using ak-Nearest Neighbors classi�er trained on all cells in the
test set.

Figure 3.Pearson correlations between true and reconstructed cell
type proportions for evaluation set patients from each tissue (the
same patients shown in Figure 2). scSet reconstructs a set of cells
per patient which matches the relative proportions of cell types in
the true patient sample.

cells, we wanted to con�rm that the patient representations
condition the model to generatepatient-speci�cpro�les,
rather than simply tissue-speci�c pro�les. We calculated
the Pearson correlations between the cell type proportions
vectors of the true and generated cells for each sample in a
tissue, and observed that the generated cell type distribution
for a given patient is usually most strongly correlated with
the ground-truth distribution of cell types in the patient used
for conditioning. We visualize these results in Figure 3.

Finally, we qualitatively validate that the patient represen-
tations learned are reasonable. First, we inspect the em-
beddings for 1,500 patient samples from the CxG Discover
Census. Coloring each patient sample by its tissue type,
Figure 4 reveals that scSet representations separate patient
samples by their tissue origin, as expected. We next ran hi-
erarchical clustering on patient embeddings from our semi-
synthetic data, and observed that scSet separates patients
based on differences in cell type proportions (Figure 5a) as
well as shifts in cell states, or phenotypes (Figure 5b). For
the perturbation experiment, we intentionally induced a per-
turbation that could not be detected between samples whose
cells had simply been averaged (since equal and opposite
perturbations were imposed on different cell types), high-
lighting that scSet captures signal in its patient embeddings
that pseudobulk would not be able to (Figure 5c).
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