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ABSTRACT

The fast-growing single-cell analysis community extends the horizon of quan-
titative analysis to numerous computational tasks. While the tasks hold vastly
different targets from each other, existing works typically design specific model
frameworks according to the downstream objectives. In this work, we propose a
general single-cell analysis framework by unifying common computational tasks
as posterior estimation problems. In light of conditional diffusion generative mod-
els, we introduce scDiff through the proposed framework and study different con-
ditioning strategies. With data-specific conditions, scDiff achieves competitive
performance against state-of-the-art in various benchmarking tasks. In addition,
we illustrate the flexibility of scDiff by incorporating prior information through
large language models and graph neural networks. Additional few-shot and zero-
shot experiments prove the effectiveness of the prior conditioner on scDiff. Our
implementation is publicly available at https://github.com/OmicsML/scDitf.

1 INTRODUCTION

Recent advances in single-cell technology enable extensive computational tasks for quantitative un-
derstanding of underlying biological principles (Wen et al. 2022 [Elmentaite et al., |2022; [Heath
et al., 2016). Some typical examples of these tasks include cell-level classification (Ma & Pelle-
grini, [2020; |Xu et al.| [2021)), missing value imputation (Eraslan et al.,2019; Huang et al., 2018) and
generalization to novel conditions (Hetzel et al.,2022; |[Roohani et al., 2023} |Lotfollahi et al.,[2019).
Existing works often design distinct frameworks for different tasks according to their objectives.
For example, cell type annotation algorithms (e.g., ACTINN (Ma & Pellegrini, 2020)), typically
model the class attributes with multi-class cross-entropy loss; single-cell imputation methods (e.g.,
DCA (Eraslan et al.l 2019)) aim to recover the true counts from dropouts by specifying some prior
distribution; and perturbation prediction frameworks (e.g., GEARS (Roohani et al., 2023))) explicitly
model the change in expression between perturbed cells and control cells.

In this work, we provide a new perspective by formulating common single-cell tasks through the
lens of distribution estimation. While the tasks are derived from diverse biological perspectives,
we articulate that their objectives can be described as posterior distribution estimation problems
under task-specific conditions, as detailed in Section [2| For example, cell type annotation can be
considered as classifying each cell to the cell type that maximizes the conditional likelihood of its
expression (Li et al) [2023)); and imputation can be treated as drawing samples from the learned
posterior given the partially observed expression data. This perspective brings new opportunities
to single-cell analysis. It allows a general posterior estimation framework that enables us to handle
multiple single-cell analysis tasks with a single unified objective. In the meantime, many conditional
generative models can be plugged into the framework. However, it also introduces new challenges.
Within the framework mentioned above, the choice of the generative model plays a crucial role
in how well they can conduct downstream tasks (Dhariwal & Nichol, 2021). An expected model
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would bring out accurate distribution estimation and high-quality sample generation. Meanwhile,
better conditioning strategies are desired to trade off the influence across different conditions.

To address the challenges mentioned above, we delve into diffusion generative models (DGMs).
DGMs have shown great successes in generation tasks since the introduction of denoising diffusion
probabilistic models (Ho et al., [2020), which are further extended to conditional scenarios through
classifier guidance (Dhariwal & Nichol, [2021) and classifier-free guidance (Ho & Salimans, [2021).
Various types of conditions have been applied to guide the DGMs, like image (Poole et al., |[2022),
text (Rombach et al., 2022} [Kim et al., 2022b)), and audio (Ruan et al., 2023; [Leng et al., [2022).
Compared to class guidance, those approaches paved ways to guide DGMs with prior knowledge.
This flexibility allows us to construct the posterior estimation process through conditional DGMs
in single-cell analysis with internal and external information. We demonstrate that internal-guided
DGMs can match state-of-the-art performance in standard settings while prior knowledge enables
better transferability under zero-shot and few-shot settings. We summarize our main contributions
as follows:

* We present a general single-cell analysis framework by formulating various tasks as posterior
estimation problems. Through this framework, we introduce scDiff with a conditional DGM.

* We study the conditioning strategies of scDiff. With cell-label conditioning, scDiff achieves com-
petitive performance with state-of-the-art models in various benchmarking tasks.

* We incorporate prior knowledge with large language models (LLMs) and graph neural networks.
Experimentally, scDiff shows outstanding few-shot and zero-shot results.

2 A GENERAL POSTERIOR ESTIMATION FRAMEWORK

In this section, we detail our proposed framework. Section[2.1]aims to formulate the various single-
cell tasks as posterior estimation questions. Section introduces the background of conditional
DGMs and the structure of the scDIiff .

2.1 SINGLE-CELL TASKS AS POSTERIOR ESTIMATION

Single-cell analysis is a vast topic that involves a large number of computational and biological
tasks. While existing works provide novel and effective solutions for individual tasks, few can
address multiple challenges. A natural reason is that the tasks are quantifying distinct perspectives
of the underlying mechanisms. Hereafter, we will argue that many common tasks in single-cell
analyses amount to quantifying the cell identities given the biological context. In other words, we
are actually estimating the posterior distribution of the cells’ expression given specific conditions.

Formally, we denote the expression of all cells as X € R"*™, where n is the number of cells
and m stands for the number of genes. We categorize the common tasks into three classes: cell
labeling, expression completion and knowledge transfer. The notations for task-specific conditions
are detailed subsequently.

Cell labeling. One of the most critical single-cell tasks is to label cells by their expression. Specif-
ically, let us denote the labels as Cjpe; € R™, which can either be discrete (e.g., cell type) or
continuous (e.g., spatial cell type ratio). For the cell labeling task, we estimate the posterior of the
labels given the expression X. Inspired by [Li et al.| (2023)), we formulate the posterior with the
Bayesian theorem

P (Craver) P (X | Crabet) _ P (X | Chaper)
Eclabel"’pclabe] [p (X | Clabel)] fp (X | Clabel) dClabel’

P (Chapel | X) = (1)

where we assume a uniform prior on the support of Cjye;. Consequently, the problem shifts from
estimating label posterior to approximating expression posterior.

One representative task of cell labeling is cell type annotation, where the labels become the func-
tional types of the cells. The integration in the denominator of equation|[I]then reduces to summation
on the support of classes. From the data perspective, the ground truth annotation is typically given
by experts’ curations. Most existing works directly model the posterior of the labels with multi-class
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cross-entropy loss. Another typical task is cell trajectory inference, where the labels become the de-
velopmental trajectories of biological progression through processes such as cell differentiation (Qiu
et al.,|2022). Similar ideas can be extended to spatial transcriptomics. For example, for cell type
deconvolution, the labels become the ratios of cell types within each spot (Biancalani et al., 2021}
Ma & Zhoul, [2022). More details can be found in Appendix D]

Expression completion. A crucial category of single-cell analysis tasks is expression completion.
It includes both filling in missing values or predicting the whole expression. In some scenarios,
the task may require external information from reference datasets. To account for the majority of
the settings, we denote the observed expression as M ® X, where ® denotes matrix element-wise
multiplication and M € {0, 1}™*™ is the element-wise indicator with ones be observed and zeros
be missing. The task is defined to estimate the posterior p((J,, ., — M) ®@X | M © X), where J,, ,,,
is an all-ones matrix of dimensions n x m. Equivalently, we write the objective as

p(X | Mo X). 2)
In missing value imputation, the partially observed expression is produced by manually dropping
out none-zero counts (Eraslan et al., 2019; [Van Dijk et al., 2018)). The dropout mechanism can be
extended to molecular cross validation (Batson et al., [2019), where a continuous M € [0, 1]**™
becomes the element-wise dropout rate specified by the partition of molecules. When some genes
are completely unobserved, the objective shifts to missing gene imputation (Arisdakessian et al.,
2019; Biancalani et al.,[2021)). Specifically, in equation the indicator matrix Ml = [J,, 5, Oy, yp—s]
describes s seen genes and m — s unobserved genes, where O, ,,,_ is an all-zeros matrix with
dimensions n x (m — s). In the multiomics setting, the previous formulation can be extended to
modality prediction tasks, where the objective is to predict the expression of the target modality X
from source modality (Yang et al., 2021 Wu et al.|[2021). We detail the formulation in Appendix

Knowledge transfer. While the exact condition control in single-cell experiments is both time-
consuming and resource-consuming, it is desired to have the computational method to transfer
known results to unseen conditions (Roohanti et al.| 2023} [Hetzel et al.| 2022)). Let C, be the source
condition set and C; be the target condition set with C;, N C; = @, we aim to estimate the expres-
sion under target conditions. External reference conditions may also be included to enhance the
estimation with prior information. The knowledge transfer task can be formulated as:

Estimate p(X | C;) given p(X | Cy). 3)
Common single-cell knowledge transfer tasks mainly focus on perturbation prediction, which in-
cludes predicting novel gene perturbation responses (Roohani et al., [2023), predicting novel drug
perturbation responses (Hetzel et al.l [2022) and cell type transfer of perturbation (Lotfollahi et al.|
2019). Considering the first two tasks, prior knowledge is often needed to generalize to unseen
perturbation types. For the remaining task, we focus on only one type of perturbation and aim to
generalize the perturbation effect across cell types. Specifically, the training set contains both per-
turbed and control cells for the source cell types but only control cells for the target cell types, and
the model is expected to approximate the perturbed state of the target cell types.

A general objective. The objectives of the aforementioned tasks are to estimate the posterior dis-
tribution of the cells’ expression given task-specific conditions. Thus, a general objective can be
formally stated as:

p(X | C), where C € C = {Cppar } U{M © X} UC,. 4)
Without loss of generality, we write x as X on sample level. In the following section, we focus on
objective p(x¢ | c) for one cell.

2.2 CONDITIONAL DIFFUSION MODEL FOR POSTERIOR ESTIMATION

To estimate the posterior distribution, we delve into Diffusion generative models (DGMs). Follow
the notations in denoising diffusion probabilistic models (DDPM) (Ho et al.,|2020), we denote x1.7
as the latent variables that have the same dimension as xy. Utilizing the Bayesian theorem, we
model the posterior by a Markov chain:
po (X0 | €) = / po (Xo.7 | €) dx1.7, where
X1:T

T &)
Do (XO:T | C) = p(XT) Hpe (Xt—l | XuC) .
t=1


https://doi.org/10.1101/2023.10.13.562243
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562243; this version posted October 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Ol Op S

-
—_— H- KV m EIIT-’ Xt—1
: &

cell types :”:I 0 ¢: embedder
o : conditioner
= e jl:l & : encoder

text perturbation ' lI) cross-attention D: decoder

-

Figure 1: An Overview of scDiff.

The above process (i.e., reverse process in DDPM) learns to recover the original data from Gaussian
white noise. Conversely, the forward process gradually corrupts data by adding Gaussian noise:

T
g(xir | x0) = [Jatxe [ xeo1), q(xe | xe1) =N (Xt; V1= 5txt7136t1) : (6)
=1

where {f3;}]_, is the variance schedule. Next we detail the parameterization of the reverse process.
We empirically find that the widely-used predict-e objective fails to recover the expression. Since
single-cell data often shows extreme sparsity with more than 95% of the entries as zeros, the cor-
rupted input at time-step ¢, i.e., Xy, will mostly be pure noise. Under predict-e parameterization,
the model would likely learn to reverse the noise schedule instead of estimating the data posterior.
Therefore, we turn to predict-xg parameterization. Denote oy = 1 — §; and a; = szl g, WE
write the reverse process as:

Po (X¢—1 | X¢,€) = N(thl;lie (x¢,¢,1) 702521) , Where
Mo (x¢,¢,1) = Vauxg (x4, ¢,1) + V1 — qe.

Due to the integral in equation[5] the data posterior is intractable. Alternatively, the parameters are
optimized by minimizing the variational lower bound (ELBO):

(7

®)

X0: (¢
E|[-logpy (xo | €)] < E, |~ log pe<Tl>] |

q (x1.7 | X0)

As detailed in Appendix[A] we start from the ELBO and arrive at the simplified training objective:
_ — 2
Et xo,e [HXO —xo (Vauxo + V1 = age, ¢, t)| } : 9)

Next we introduce our scDiff model architecture, which is depicted in Fig[I] From a high level, scD-
iff aims to recover the clean single cell gene expression x( given the corrupted signal x; with added
Gaussian noise to time step ¢. The associated conditions of the cell are also fed into the model to
provide conditional information. Specifically, scDiff follows a general encoder-decoder design and
consists of four main components: (1) input expression embedder ¢; (2) various conditioners, 1,
where each converts a specific condition of the input cell into a sequence of dense numerical vec-
tors; (3) a cross-attention encoder, £, which combines the input embeddings with the corresponding
conditioners and transforms them into the hidden representation of the input cell; and (4) a linear
decoder, D, that projects the hidden representation back to the gene expression space to recover the
input cell’s noise free expression. We detail each component in the followings.

Embedder. We use a linear mapping W € R™*4 to project the noised gene expression x; € R™
into R¢ and further mix it with the sinusoidal time embedding (Appendix [B.1) to inject diffusion
time step information, following previous work (Ho et al.,|[2020).

d(x¢,t) = x¢ W + TimeEmbed(t). (10)
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Conditioner. The goal of each conditioner is to extract a set of L numerical representations of an
input condition c. Among these representations, each is used as the basis for the key and value
embeddings in the cross-attention encoding step, as described in the next section. Formally, each
conditioner v; is a multilayer perceptron (MLP) that converts the raw representation extracted by f

into the final condition representation se{}

Vy(e) = {wffi) (C)}iEL...,L = {MLPi (f(c))}iel,..,,L' (1

where f € F is a function that maps an input condition into a d dimensional vector and F is the set
of mappings. The mapping here can be designed to suit the specific needs of different input types.

Context. A cell context is a randomly masked expression X = m ©® x, where m € {0,1}™ is the
element-wise mask indicator. We process the context condition similarly as the input embedding
using a linear projection, but without the time embedding: fex (X) = XW .

Class. We use learnable d dimensional embeddings to represent each class, fes(c) = he. The class
attribute is an important information of the input sample, and can be used to guide the diffusion
generation process (Ho & Salimans, |2021). In our case, class attributes can describe the cell type or
the perturbation state of a given cell.

The two conditioners above utilize internal information obtained from the given training data. How-
ever, effectively incoporating prior information into the model is the key to more generalizable and
transferable knowledge. We next describe two distinct approaches to incorporate prior knowledge
as examples to illustrate the extendability of the conditioners.

LLM. Besides encoding the cell type attribute using class embeddings, we can alternatively leverage
LLM to extract rich representations of different cell types using their textual descriptions. Specifi-
cally, the cell type definitions are first obtained from the cell ontology (Bard et al., 2005). We then
feed these descriptions into the pre-trained BioLinkBERT (Yasunaga et al., 2022) model, and use
the resulting class token embeddings as fim(c).

GEARS. Roohani et al.| (2023) proposed a novel approach to encode gene perturbation information
using a graph neural network (GNN) on a gene similarity graph G. This graph is constructed such
that each edge represents the number of shared gene ontology terms (Ashburner et al., 2000) between
each pair of genes, which reflects their functional similarities. The gene perturbation embeddings are
then computed using simple graph convolution (SGC) (Wu et al., 2019), foears(c) = SGC(c, G).

Encoder. Once the input embedding ¢(x;,t) and the condition representations {1¢(c)}ser are
calculated, we combine them through multiple layers of cross-attention (Appendix [B.3).

I4+1) _ l l @
h(*Y = CrossAttn® (h®), {5} (c)}fef). (12)
Decoder. Finally, the cell latent embedding is linearly projected back to the gene expression space
to recover the clean expression signals xg. We follow Lopez et al.| (2018]) and mix in an additional

learnable batch embedding with the latent embedding according to the batch label of the input cell.
This approach can better disentangle the non-biological variations in the data.

D(h'™), cpyen) = (hX) + BatchEmbed (chucn)) W (13)
Combining the above components, we summarize the full scDiff model in equation [T4]

xo(X¢, ¢ 1) = D(S(qﬁ(xt,t), {wf(c)}fef)). (14)

3 RELATED WORK

We introduce some existing works that study generative models in single-cell analysis. A large pro-
portion of the single-cell generative models are variational autoencoders (VAEs). scVI (Lopez et al.|
2018)) led the trend of VAEs with a negative binomial prior to the raw expression. scVI achieved

!'The only exception is the processing of the context embeddings, which we achieve by extracting the dif-
ferent hidden layers from a single MLP (Appendix[B.2)
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satisfactory integration results by explicitly incorporating library size and batch information in the
model. Including those conditions helps to regress out the technological variance within the latent
space. Many other existing works extended the design space of VAEs in single-cell analyes. sc-
VAE (Grgnbech et al.| 2020)) incorporated a Gaussian-mixture latent space to model the underlying
clustering structure. scDHA (Tran et al., |2021) formed a hierarchical framework consisting of two
VAEs. In a broader application scenario, scGen (Lotfollahi et al.l [2019) utilized the VAE structure
for out-of-distribution prediction, while scMM (Minoura et al.,|2021)) aimed at multiomics analysis
with a mixture-of-experts VAE model. Meanwhile, several existing works applied generative adver-
sarial networks (GANSs) (Goodfellow et al.l [2014)) to single-cell analysis. cscGAN (Marouf et al.,
2020) incorporated a conditional GAN for data augmentation. scIGANs (Xu et al} [2020) adapted
GAN for single-cell imputation via generation. Despite existing works applying generative models
in single-cell analysis, they are typically designed for one or a few tasks. This fundamentally limits
their extendability to broader classes of problems.

4 EXPERIMENT

In this section, we conduct experiments to validate the effectiveness of scDiff. Datasets used in
experiments are summarized in Appendix Through the experiments, we aim to answer the
following research questions:

* RQ1: How does scDiff perform against the state-of-the-art with internal data-specific conditions?
* RQ2: Can scDiff extend to other application scenarios with external prior knowledge?

4.1 PERFORMANCE OF INTERNAL-CONDITIONED scDiff

To answer the first question, we choose one representative task from each of the three categories
in Section[2.1] i.e., cell type annotation, missing value imputation, and perturbation prediction for
novel cell type. It is worth noting that in this section, we implement scDiff with the same structure
across three Representative tasks. More implementation details can be found in Appendix [E.T]

4.1.1 CELL TYPE ANNOTATION

Experimental settings. Cell type annotation is one of the fundamental tasks in single-cell analy-
sis. We collect 6 benchmark datasets: PBMC12K (Zheng et al., [2017} |Lopez et al., [2018), Pan-
creas (Luecken et al., 2022), HLCA (Sikkema et al., 2023)), Immune (Dominguez Conde et al.,
2022), Brain (Seeker et al.,[2023) and Liver (MacParland et al.,2018]). We randomly hold out 10%
of the cells for each dataset as the test set and train all the models on the remaining cells. For scD-
iff, we annotate the cells by evaluating the mean square error between input expression and model
posterior in a classifier-free approach (L1 et al., [2023)). We elaborate on the details in Appendix
The classification results are quantified by the macro multi-class accuracy score and F1 score.

Baselines. We evaluate the performance of scDiff against the representative cell type annotation
methods. The baselines are listed as follows. CellTypist (Dominguez Conde et al., [2022)) is an
automated tool for cell annotation based on logistic regression. SingleCellNet (Tan & Cahan| 2019)
utilizes random forest along with top pair transformation. ACTINN (Ma & Pellegrini, [2020) is a
three-layer MLP classifier. scANVI (Xu et al., [2021)) is a variational autoencoder with auxiliary
classifiers. All the baselines are evaluated based on their default settings provided by the authors.

Experimental results. Table[I]illustrates the cell type annotation results, where we report the macro
accuracy scores with mean and standard deviation across five runs. Note that the colors in the result
table in this section refer to the performance rank within one dataset, which is depicted as first
place, second place, and third place. We highlight that scDiff achieves top performance in four out
of six datasets without explicitly training a classifier, which extends the results in (L1 et al., [2023).
This observation offers a solid support for the proposed posterior estimation framework, suggesting
that well-established generative models can even outperform discriminative models in the single-cell
context. We include the macro F1 score results in Appendix [E.3]
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Table 1: Macro ACC of cell type annotation

PBMC12K Pancreas HLCA Immune Brain Liver
SingleCellNet ~ 0.8446 4 0.0064  0.6436 & 0.0006  0.8113 £ 0.0046  0.7752 £ 0.0009  0.8768 4 0.0033  0.8723 + 0.0023
ACTINN 0.6141 +0.0709  0.5277 £0.0926  0.2176 £ 0.0440  0.2361 £ 0.0300  0.6950 4 0.0624  0.6138 + 0.0349
SCANVI 0.9297 + 0.0148  0.9632 + 0.0083  0.7081 £ 0.0183  0.8505 £ 0.0133  0.9325 £ 0.0010  0.9084 + 0.0144
CellTypist 0.8828 + 0.0055  0.8816 + 0.0011 0.7762 + 0.0079  0.8217 4 0.0020  0.9011 + 0.0031 0.7642 4+ 0.0132
scDiff 0.9670 £+ 0.0042  0.9680 + 0.0143  0.8931 £ 0.0070  0.8442 £+ 0.0076  0.9473 £ 0.0074  0.8439 + 0.0042

4.1.2 MISSING VALUE IMPUTATION

Experimental settings. Missing value imputation aims to recover the true expression levels from
the dropout events in sequencing (Hou et al., [2020). We choose three datasets, i.e., Jurkat, 293T,
and PBMCIK, from [Hou et al.| (2020). For evaluation purposes, existing works typically create
the corrupted matrix by dropping out some non-zero entries. Specifically, we follow the setting
of DCA (Eraslan et al., 2019) and MAGIC (Van Dijk et al., 2018) to mimic the dropout events
by masking 10% of the none-zero counts to zeros, where the masking probability is given by the
exponential distribution. We evaluate the imputation performance based on the Pearson correlation
between the prediction and ground truth on masked entries.

Baselines. We choose the following top-performing baselines according to [Hou et al.| (2020).
DCA (Eraslan et al., 2019) parameterizes negative binomial distribution with an autoencoder.
MAGIC (Van Dijk et al.| [2018) is a graph imputation method based on Markov affinity. ALRA (Lin-
derman et al.l |2022) imputes zero counts with low-rank matrix approximation. scVI (Lopez et al.,
2018)) utilizes a variational autoencoder to approximate negative binomial distribution with cell con-
ditions. SAVER (Huang et al.,[2018])) estimates the parameters of negative binomial distribution with
Poisson LASSO regression. All the baselines are implemented with default settings.

Experimental results. The results are illustrated in Table 2a| with standard deviation across five
runs, where the best result in each dataset is highlighted in bold. We observe that scDiff and MAGIC
bring out similar performance on Jurkat and 293T, while scDiff outperforms the others on PBMCI1K.
Meanwhile, scDiff delivers significant performance gain compared to the other generative model
sc VL. This highlights the capability of scDiff to recover the true expression from dropout events.

Table 2: Results of imputation and perturbation prediction.

(b) Squared Pearson correlation of change in expres-

(a) Pearson correlation of imputation. sion on top 100 differential expressed genes.
Jurkat 293T PBMCIK Salmonella H.poly PBMC
ALRA  0.8070 +0.0001  0.7862 +0.0001  0.6693 %+ 0.0003 CPA 0.0756 +0.0558  0.2582 +0.1562  0.0742 % 0.0235
SAVER 07898 0.0002  0.7735 £ 0.0003  0.7143 % 0.0009 Vec 0.8777 +0.0081  0.8606 + 0.0063  0.8346 + 0.0008
MAGIC ~ 0.8249 + 0.0001  0.8103 + 0.0001  0.7693 % 0.0001 PCA-Vec  0.87520.0058  0.8615 = 0.0050  0.8350 = 0.0007
seVI 07285 +0.0013  0.7149 +0.0007  0.6222 % 0.0013 CVAE 0.8605 + 0.0095  0.8964 + 0.0146  0.9194 %+ 0.0149
DCA 0.8189 4+ 0.0002  0.8040 £ 0.0002  0.7547 + 0.0007 scGen 0.8568 +0.0186  0.9115 +0.0060  0.9271 % 0.0098
seDiff  0.8228 £ 0.0001  0.8110 = 0.0002  0.7743 + 0.0003 seDiff 0.9318 +0.0074  0.9169 + 0.0160  0.9435 % 0.0155

4.1.3 PERTURBATION PREDICTION FOR NOVEL CELL TYPE

Experimental settings. Previous tasks intend to assess how well the model can estimate the poste-
rior given conditions. On the contrary, the perturbation prediction task requires the model to gen-
eralize to novel combinations of conditions. Following scGen (Lotfollahi et al.,|2019), we include
three datastes, i.e., Salmonella (Haber et al.| [2017), H.poly (Haber et al., 2017) and PBMC [Kang
et al.[(2018)). Each dataset contains eight different cell types and two perturbation states (perturbed
and control). During training, the model is given the full dataset except for the perturbed cells of
one cell type, which are held out for testing. Then, the model generates the unseen perturbed cells’
expressions for the held-out cell type in the testing stage. The evaluation metric is based on changes
in expression between perturbed and control cells. We aggregate the expression of a given condi-
tion by calculating the mean expression across cells. The changes in expression are given by the
difference between perturbed and control of the held-out cell type in the mean expression. Squared
Pearson correlation is calculated among the top 100 differential expressed genes.
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Figure 2: Macro accuracy score of one-shot cell type annotation.

Baselines. For evaluation purposes, we implement existing baselines and benchmark their perfor-
mance. scGen (Lotfollahi et al., | 2019) is a variational autoencoder combined with latent space vector
arithmetics. Along with scGen, we also include some baselines mentioned in|Lotfollahi et al.[{(2019),
i.e., a conditional variational autoencoder (CVAE), vector arithmetics on expression space (Vec) and
vector arithmetics in the latent space of principal component analyses (PCA-Vec). In addition, we
include CPA (Lotfollahi et al.,|2023)), which is an autoencoder with disentangled latent space.

Experimental results. We summarize the results in Table 2b, where the bold numbers represent
the top performance of each dataset. Remarkably, scDiff outperforms all baselines on all datasets.
These results highlight that scDiff shows superior generalizability to novel conditions compared
to the baseline counterparts. Consequently, scDiff shows great potential in single-cell applications
where condition transfer is needed.

4.2 PERFORMANCE OF EXTERNAL-CONDITIONED scDiff

In Section we evaluated scDiff in three representative tasks where all individual conditions
are observed. In practice, we may encounter extreme cases when only a few or even no labeled
samples are available for the query conditions. Given only the internal information, the few-shot or
zero-shot settings are challenging, if not intractable. Here, we showcase ways to extend scDiff by
incorporating prior information as external conditions to enable the handling of unseen conditions.
To test the performance of scDiff under these settings, we conduct experiments with one-shot cell
type annotation and zero-shot gene perturbation prediction.

4.2.1 ONE-SHOT CELL TYPE ANNOTATION

While some rare cell types play a crucial role in particular researches (Khalilia et al.l [2011), accu-
rately annotating them is incredibly challenging because of the limited availability of labeled sam-
ples (Jindal et al., [2018). Under the few-shot setting, prior information on cell types would signifi-
cantly enhance the model. The cell ontology provides a comprehensive vocabulary and definitions
of different cell types written in natural language, which can be readily encoded by LLMs into em-
beddings. We use BioLinkBERT (Yasunaga et al.,[2022) as the backbone LLM since it is specifically
trained on the biomedical corpuses. We extracted textual descriptions of all cell types from the cell
ontology terms that appeared in our datasets except for the mucus-secreting cell (CL:0000319) and
pulmonary artery endothelial cell (CL:1001568). For these two terms, we utilize GPT4 (OpenAl,
2023)) to depict their descriptions given available definitions as query contexts.

Experimental settings. For the six datasets in Section [d.1.1] we use the four datasets from CEL-
LxGENE (Megill et al, 2021)) since they come with manually annotated cell ontology terms. To
mimic the rare samples setting, we simulate an extreme one-shot scenario. Particularly, for a spe-
cific dataset, we count the number of cells within every cell type and set a threshold to filter out
about half of the cell types. We pick the cell types with fewer cells than the threshold as target cell
types and randomly sample one cell per type as the one-shot set. We first pre-train scDiff on the
remaining cell types and then fine-tune the whole model on the one-shot set for 50 epochs. Similar
to the evaluation in Section[4.1.1] we calculate the macro average of the multi-class accuracy score
and F1 score for performance comparison.


https://doi.org/10.1101/2023.10.13.562243
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562243; this version posted October 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Experimental results. We summarize the results in Fig. 2] where we increase the number of cell
types by gradually adding target cell types from top to bottom in the descending order of their
original cell counts. We directly train a CellTypist (Dominguez Conde et al.,[2022)) on the one-shot
set to provide a reference of the macro accuracy scores. Notably, the LLM variant of scDiff shows
performance gain against the class-conditioned scDiff on three out of four datasets. The conclusion
can be drawn from the results that utilizing BioLinkBERT in scDiff-LLM enhances the model in the
one-shot setting. More results and analysis are in Appendix [E.4]

4.2.2 NOVEL GENE PERTURBATION PREDICTION

Understanding the transcriptional responses to genetic perturbations is a crucial step towards delin-
eating the regulatory circuits in the biological system (Jaitin et al., 2016} [Sachs et all, 2005). Its
realization has many vital applications in translational medicine and health science (Réda et al.)
[2020). However, exhaustively screening all possible genetic perturbations is impractical, given the
high cost of such experiments. Here, we follow GEARS (Roohani et al [2023) and leverage scDiff
to predict the effects of novel gene perturbations. Under such zero-shot setting, we incorporate bio-
logical prior for the unseen genes by adapting the gene ontology-based graph neural network from
GEARS, as detailed in Section [2.2]

Experimental settings. To access the zero-shot gene

c
2 o8
perturbation prediction performance, we follow the set- %E
ting of GEARS by holding out part of the perturbations 58 0.6
as the test set. We include two one-gene perturbation Lg) o
datasets (Adamson et all 2016} [Dixit et al. and 2% o4
a two-gene perturbation dataset (Norman et al.,2019). To &35,
be consistent with GEARS, we use the same metrics, i.€., %5
Pearson correlation of change in expression (Delta Pear- © 0.0 Dixit Adamson  Norman
son Correlation) and mean squared error of change in ex-
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20 DE). 8e
. . . Q&03
Experimental results. The results are illustrated in G g
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sults with smaller variance across five runs. This obser- 0.0 ——mim
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be readily adapted to scDiff as a conditioner without any

modification. The numeric results are summarized in Ap- . ) bati o
pendix [E3) Figure 3: Gene perturbation perfor-

mance comparison.
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5 CONCLUSION

In this work, we have unified common single-cell tasks with a posterior estimation framework. Sub-
sequently, we developed scDiff using a conditional diffusion generative model to approximate the
posterior. scDiff showed decent performances in diverse single-cell benchmarking tasks using a sin-
gle training objective. More importantly, the proposed scDiff is versatile and accommodates various
conditioning strategies. As two showcases, we incorporated prior information with large language
models and graph neural networks. Our results demonstrated that scDiff successfully leveraged this
prior information through conditioning. Together, our work paves the way for diffusion genera-
tive models in single-cell analysis, ultimately accelerating the development from health science to
therapeutic discovery.

Future work and limitation. The flexibility of scDiff enables extensive conditioning strategies.
Besides LLMs and GNNSs, we can enhance scDiff with other guidance methods, like CLIP
let al, 2021} [Kim et al, [2022b). In addition, the proposed posterior framework can be promptly
extended to multiomics or multi-modality tasks. A natural future direction is to explore the possibil-

2We directly copied GEARS’ performance on the Dixit dataset from the manuscript due to reproducibility
issues (Appendix [E.3)


https://doi.org/10.1101/2023.10.13.562243
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562243; this version posted October 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

ity of scDiff in spatial transcriptomic. There, histological images can also be used as an additional
condition, further opening up the possibilities in single cell analyses such as predicting gene expres-
sion from histology (Shmatko et al., 2022). On the other hand, there are intrinsic limitations of the
current framework. Particularly, representation learning plays a crucial role in several single-cell
tasks, such as single-cell integration (Luecken et al.,[2022). Yet, scDiff at its current form still needs
further adaptation to accommodate those tasks. With recent works in vision (Preechakul et al.,2022;
Kim et al.||2022a), a promising future direction of scDiff is meaningful representation learning.
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A PARAMETERIZATION DETAILS

As described in DDPM (Ho et al., 2020), the ELBO in equation [§|can be written as:

Eq[Dxr (¢ (x7 [ %0) [[p (x7)) + D251 Dxr (g (%1 | X¢,%o0) [Ipo (X¢—1 | X¢, €)) —logpe (%o | X1, )]

Lt Ly Lo
(15)
Following [Rombach et al.| (2022), the posterior mean in equation[7|has the form:
Var(l — az—1) Vag(l - %)
) = 1), 16
Mo (X¢,1) aa(—a) t + 1—a Xp (X, 1) (16)
Replacing x; with \/ayx¢ + /1 — &€, the KL divergence term L;_; simplifies to:
1 Oy— a — — 2
Eyye | = (e — —) %0 — ¢ (Vauxo + V1 — e, ct)||]| . (17)
21— Q1 1-— Ot
Since the term L7 has no trainable parameters, the complete training objective becomes:
T
ZEXO’E Q-1 ||X07X9 (\/ X0 + V1 — aye, c t)” (18)
2 1 — Qi1 1 — O

t=1

Apply the simplification process described in DDPM, the training objective reduces to equation 9]
by ignoring the weights of every time-step.

B FURTHER DETAILS OF scDiff

B.1 SINUSOIDAL TIME EMBEDDING

In equation[I0} we implement sinusoidal time embedding as:

sin ((t/7)*74) if 1 <i < |d/2]
TimeEmbed; ;) = (19)
cos ((4/1)*/%)  otherwise
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context Xg

Figure 4: Illustration of context conditioner.

B.2 CONTEXT EMBEDDING PROCESSING

As illustrated in Fig. [4] unlike the parallel processing done with parallel MLP for other conditioners
mentioned in section [2.2] the masked gene expression context conditioner vy, extracts the hidden
representations within a single MLP. Formally,

Wi (%) = MLPL ) (5), (20)
where MLP&;EL*HU] is the output of the MLP at the I last layer. Subsequently, the processed
condition embeddings are fed into the cross attention blocks in reverse, where the highly processed
context embeddings are first mixed with the raw input embeddings. This reversed mixing approach
is inspired by the similar design of the DiffMAE model (Wei et al., |2023)), where the masked and
visual patches are mixed in reversed order. We found that, empirically, using the reversed mixing
strategy leads to better reconstruction of the gene expresison (x( predictions) during training, as
opposed to using the multihead MLP processing.

B.3 CROSS ATTENTION

We specify the cross-attention in equation [I2] as:

(bW
CrossAttn(h, {z;}; FFN( exp(hWiyz, ) zin> . 1)
— > exp( hsz )
The feed-forward network (FFN) can be formulated as:
FFN(z) = GELU(LayerNorm(z)W1 + by )W3 + b + z. (22)

C DIFFUSION MODEL AS A CLASSIFIER

L1 et al.| (2023) introduced a density estimation approach to probe the class prediction of an input
sample out of the diffusion model. The core idea of the method lies in evaluating the prediction error
of the noise ¢, at various time steps ¢ given different conditions c. Consequently, the condition that
leads to the smallest noise prediction error is taken as the prediction to the input sample. Here, we
adapt this approach to the predict-x scenario. Recall that the posterior for a discrete class variable
c can be describe as

p(ci) po (x | c;) Do (x \ c;)

Yp(ei)po(xlej)  Xipo(x]e))’

po (ci | x) = (23)
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assuming a uniform prior over {c;}. Since the data posterior is intractable for the diffusion models,
we replace py (x | ¢;) with the exponential of negative simplified training objective

exp { By e [ [x0 — 0 (Va0 + VT = are,1)|[']}
5, exp { By e [0 — %0 (VAo + VI —are,c;) 7]}

A unbiased estimation of the simplified training objective can be obtained by Monte Carlo esti-
mation. This can be done by repeatedly sampling ¢ from uniform distribution ¢/[1,1000], € from
standard Gaussian, and calculating

po(ci | x) = (24)

N
3 JIxo — %0 (Vaixo + VI —are, )|, (25)
=1

where N is the number of Monte Carlo samples. In practice, we follow |Li et al.[(2023) and use 5
equally spaced-out time-steps between 0 and 7.

D FURTHER DETAILS OF SINGLE-CELL TASKS

Cell type deconvolution is to estimate the proportions of different cell types within mixed-cell
spatial transcriptomics data. Due to the nature of the spatial transcriptomics profiling technologies,
the true cell type compositions are unknown. This task typically requires some external reference,
in most cases using annotated scRNA-seq data as a reference (Biancalani et al., [2021; |Cable et al.,
2022;Ma & Zhou, 2022)).

Modality prediction aims to estimate expression levels of target modality from the input modality.
As in equation 2| let X = [Xource; Xtarget| be the concatenation of measures of source modality
Xource € R™™= and target modality Xieee € R™™*, then the indicator matrix can be written as
M = [J,, m., On,m,], where m, and m, are the number of source genes and target genes. Note that
for ease of notation, we present the above formulation assuming that the two modalities have same
number of cells, which can be readily satisfied by appending all-zeros sample.

E EXPERIMENTAL SETTINGS AND RESULTS
E.1 IMPLEMENTATION DETAILS

Table 3: Task specific hyperparameter settings and the choice of conditioners enabled. t indicates
that the LLM conditioner can be optionally turned on to replace the cell-type class conditioner.

Conditiners
Max epochs Base Learning Rate Context Cell type Perturb state Gene perturbation LLM

Denoising Jurkat 3000 1.00e-8 v 4

293T 3000 1.00e-8 v v

PBMCIK 3000 1.00e-8 v v
Annotation PBMCI2K 2000 1.00e-8 v v

Pancreas 2000 1.00e-8 v v

HLCA (subset) 2000 1.00e-8 v v T

Immune (subset) 2000 1.00e-7 v v T

Brain 2000 1.00e-8 v v T

Liver 2000 1.00e-8 v v T
Perturbation Salmonella 1000 1.00e-8 v v v

HPoly 1000 1.00e-8 v v v

PBMC 1000 5.00e-9 v v v
Gene Pert Adamson 50 1.00e-8 v v v

Norman 100 1.00e-8 v v v

Dixit 150 1.00e-8 v v v

We used a unified scDiff model architecture throughout the paper for different tasks. The only
changing parts across tasks are the number of epochs, and base learning rate of the optimizer (Ta-
ble[3). These two choices are adjusted according to the sizes of the particular dataset.

Architecture We used six layers of cross attention blocks to encode the cell latent representations.
Accordingly, each conditioner v ¢ is a collection of six MLPs. We set the latent dimension to 512 and
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used 8 stacking attention heads. More specifically, each attention head is 64 dimensional, and we
combine outputs from all the attention heads by concatenating them into a 512 dimensional vector.

Optimizer We used the decoupled Adam (AdamW) (Loshchilov & Hutter] [2018)) to optimizer the
model’s parameter. The learning rate is computed by scaling the base learning rate with the batch
size, learning_rate = base_learning_rate x batch_size. We use batch size of 2048 throughout the
experiments.

E.2 DATASETS
We summarize the information of all processed datasets in Table [}

Table 4: Summary of datasets

Dataset #cells #genes #batchs #celltypes # conditions Reference Link
Denoising Jurkat 3,258 12,635 - - - Zheng et al. 2020 10x Genomics'
293T 2,885 13,555 - - - eng et al. 10x Genomics'
PBMCIK 1,087 12,811 - - - ou et al. (2020 10x Genomics
Annotation PBMCI12K 11,990 3,254 2 9 - Zheng et al.|(2017};[Lopez et al.|(2018 scvi-tools.
Pancreas 16,382 16,587 9 14 - uecken et _ﬂ 2022 Open Problems
HLCA (subset) 58,484 28,024 166 47 - 1kkema et al. Eﬁigl CELLXGENE
Immune (subset) 32,964 20,661 12 33 - Dominguez Conde et al.|(2022 CELLXGENE'
Brain 45528 26,469 20 14 - eeker et al. CELLXGENE'
Liver 8,444 22461 5 13 - MacParland et al. 8 CELLXGENE'
Perturbation Salmonella 5,010 15,215 2 8 2 Lotfollahi et al.|(2019}; Haber et al. GSE92332
HPoly 5,951 15,215 2 8 2 ;|Haber et al. GSEY2332
PBMC 17,082 15,109 3 8 2 ottollahi et al. K Eang etal. GSEY6583
Gene Perturbation Dixit 44,735 5,012 - - 20 Dixit et al. GSE90063
Adamson 68,603 5,060 - - 87 GSEY0546
Norman 91,205 5,045 - - 284 GSE133344

E.3 CELL TYPE ANNOTATION

We present the macro F1 scores of the cell-type annotation task in Tabke [5] It implies the same
conclusion that scDiff outperforms the baselines in four out of six datasets.

Table 5: Macro F1 score of cell type annotation

PBMC12K Pancreas HLCA Immune Brain Liver
CellTypist 0.9081 +/- 0.0029  0.8946 +/- 0.0013  0.8253 +/- 0.0068  0.8523 +/- 0.0013  0.9229 +/- 0.0023  0.8001 +/- 0.0080
SingleCellNet ~ 0.8789 +/- 0.0062  0.6489 +/- 0.0006  0.8449 +/- 0.0052  0.8045 +/- 0.0008  0.9047 +/- 0.0032  0.8889 +/- 0.0020
ACTINN 0.6243 +/-0.0790  0.5307 +/-0.1023  0.1955 +/- 0.0456  0.1988 +/- 0.0370  0.6865 +/- 0.0760  0.6174 +/- 0.0374
sCANVI 0.9107 +/- 0.0089  0.8738 +/- 0.0269  0.6119 +/- 0.2285  0.8227 +/- 0.0204  0.8094 +/-0.0152  0.8352 +/- 0.0131
scDiff 0.9485 +/- 0.0062  0.9626 +/- 0.0089  0.8949 +/- 0.0057  0.8193 +/- 0.0106  0.9534 +/- 0.0065  0.8663 +/- 0.0100

E.4 FEW-SHOT CELL TYPE ANNOTATION

Table 6: Dataset statistics of few-shot annotation

threshold  # pre-train cell types ~ # pre-train cells
Brain 3000 6 43750
Liver 600 5 4613
HLCA 1000 14 49279
Immune 1000 14 16969

We summarize the statistics of the datasets used in few-shot cell type annotation in Table[§] Under
the few-shot setting, we pre-train scDiff for 1000 epochs with the base learning rate as 1e — 8. Then
we fine-tune scDiff on the few-shot set for 50 epochs, as mentioned in Section d.2.1]

We illustrate the macro F1 score of one-shot cell type annotation in Fig.[5] Note that there is a
significant drop of performance when the number of cell types reaches 5 in Liver dataset. The
fifth cell type is B cell, and we observe that plasma cell have been included as the third cell type.
Since B cells and plasma cells are from lymphocyte of B lineage (Hoffman et al.} [2016)), their gene
expression levels are similar to each other. In the one-shot setting, two cells from different cell types
share similar expression measurements, which will obscure the model. This observation reveals one

17


https://www.10xgenomics.com/resources/datasets/jurkat-cells-1-standard-1-1-0
https://www.10xgenomics.com/resources/datasets/293-t-cells-1-standard-1-1-0
https://www.10xgenomics.com/resources/datasets/1-k-pbm-cs-from-a-healthy-donor-v-3-chemistry-3-standard-3-0-0
https://docs.scvi-tools.org/en/stable/api/reference/scvi.data.pbmc_dataset.html#scvi.data.pbmc_dataset
https://openproblems.bio/results/label_projection/
https://cellxgene.cziscience.com/e/066943a2-fdac-4b29-b348-40cede398e4e.cxg/
https://cellxgene.cziscience.com/e/1b9d8702-5af8-4142-85ed-020eb06ec4f6.cxg/
https://cellxgene.cziscience.com/e/c05e6940-729c-47bd-a2a6-6ce3730c4919.cxg/
https://cellxgene.cziscience.com/e/a43aa46b-bd16-47fe-bc3e-19a052624e79.cxg/
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE92332
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE92332
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE96583
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE90063
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE90546
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE133344
https://doi.org/10.1101/2023.10.13.562243
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.13.562243; this version posted October 17, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

drawback of diffusion classifier: it becomes increasingly challenging for diffusion classifier when
the distributions of different classes are indistinguishable.

Brain Liver HLCA Immune

ATy S N

F1 score

0.25
2 4 6 8 2 4 6 8 2 4 6 8 2 4 6 8

Number of cell types
—— CellTypist = —— scDiff-Class —— scDiff-LLM

Figure 5: Macro F1 score of one-shot cell type annotation.

We summarize the macro accuracy score of few-shot cell type annotation in Fig. [ and macro F1
score in Fig.[7] We fix the number of target cell type to 5. In Brain and Immune, LLM-guided scDiff
shows significant performance gain against class-guided scDiff. In the other two datasets, the two

variants of scDiff achieve comaprable performance.

Brain Liver HLCA Immune
Q 7
<
0.6
0 5 10 O 5 10 0 5 10 0 5 10
Number of cells per type
—— scDiff-Class = —— scDiff-LLM
Figure 6: Macro accuracy score of few-shot cell type annotation on top 5 cell types.
Brain Liver HLCA Immune
o
S 0.8 r
b
0.6
0 5 10 0 5 10 0 5 10 0 5 10

Number of cells per type
—— scDiff-Class —— scDiff-LLM

Figure 7: Macro F1 score of few-shot cell type annotation on top 5 cell types.
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Table 7: Gene perturbation performance comparison.

Dataset Adamson Dixit Norman
GEARs ~ ComDelt?  0.4869+/-0.0890  0.6191+/-0.1156 04018 +/-0.0719
MSEDE20] 03169 +-0.1103  0.0319 +/- 0.0068  0.3583 +/- 0.0802
Diff CorrDelt T 0.6269 +/-0.0820  0.7483 +/-0.0922  0.4702 +/- 0.0280
sl MSEDE20] 02709 +/-0.0187  0.0106 +/- 0.0041  0.4238 +/- 0.0175

E.5 NOVEL GENE PERTURBATION PREDICTION

We used the official GEARS code baseE] to reproduce the performance on the three benchmarking
datasets. We need to rerun the experiments because the data splits used from the original paper were
not published. Thus, directly comparing our results with the reported metrics from the GEARS
paper is infeasible. We obtained results comparable with the reported scores from the paper for
the Adamson and Norman datasets. However, we cannot produce reasonable results for the Dixit
dataset and have obtained negative Pearson correlations. Thus, we decided to directly copy the
reported metrics for Dixit rather than using the doubtful results.

*https://github.com/yhr91/GEARS_misc/tree/6d34e646£c878£897625dc4d5¢cc10c30234aaced
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