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Abstract

Single-cell RNA sequencing (scRNA-seq) captures gene expression at an individual cell res-
olution, which reveals critical insights into cellular diversity, disease processes, and devel-
opmental biology. However, a key challenge in scRNA-seq analysis is clustering similar
cells across multiple batches, particularly when distinct sequencing protocols are used. In
this work, we present scContrast, a semi-supervised contrastive learning method tailored
for embedding scRNA-seq data from both plate- and droplet-based protocols into a uni-
versal representation space. By leveraging five simple augmentations, scContrast extracts
biologically relevant signals from gene expression data while filtering out batch effects and
technical artifacts. We trained scContrast on a subset of Tabula Muris tissues and evaluated
its zero-shot performance on unseen tissues. Our results demonstrate that scContrast gen-
eralizes effectively to new tissues and outperforms the leading UCE approach in integrating
scRNA-seq data from droplet- and plate-based sequencing protocols.



CHAPTER 1

Introduction

Single-cell RNA sequencing (Jovic et al., 2022) (scRNA-seq) enables researchers to profile
gene expression at the level of individual cells, permitting insights into cellular heterogeneity
(Ximerakis et al., 2019), developmental processes (Qiu et al., 2022), and disease mechanisms
(Mathys et al., 2019). A typical scRNA-seq analysis begins by clustering similar cells and
identifying key marker genes for each cluster to map out differentiation pathways or uncover
disease mechanisms (Su et al., 2022). However, clustering cells based on the full gene expres-
sion profile is particularly challenging due to the high dimensionality, sparsity, and batch
effects inherent to scRNA-seq data (Bouland et al., 2023).

Existing computational methods for clustering scRNA-seq data can be broadly divided
into three categories. The first category includes unsupervised approaches, which typically
involve a highly variable gene selection followed by dimensionality reduction methods such
as Principal Component Analysis (PCA) to get low-dimensional cell-level representations
that cluster similar cells together. While such approaches work well for individual datasets,
these approaches struggle to integrate data from multiple batches because they cannot ac-
count for batch effects or technical artifacts (Yu et al., 2024). To resolve these challenges, a
second category of methods that includes supervised approaches such as scVI (Lopez et al.,
2018) requires batch labels to assign similar representations to similar cells. However, these
supervised approaches need to be retrained for every new integration, making them com-
putationally expensive and impractical for large-scale datasets. More recently, inspired by
the success of large foundational models such as ChatGPT (Brown et al., 2020), LLAMA
(Touvron et al., 2023), and SAM (Kirillov et al., 2023), researchers have developed similar
foundational models for scRNA-seq (Theodoris et al., 2023; Yang et al., 2022; Cui et al.,
2024; Rosen et al., 2023). These foundational models are extremely large transformer-based
architectures trained on atlas-scale datasets with a masked language modeling (MLM) ob-
jective. While these models promise to project arbitrary scRNA-seq data into a universal
embedding space, it has been shown that these models struggle to effectively integrate data
generated from different experimental protocols (Kedzierska et al., 2023).
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Figure 1.1: Overview of scContrast pipeline. First, given a batch of samples as a gene
expression matrix, two augmented views are generated. Then, the views are encoded by a
series of fully connected layers. Next, the encodings are projected into a higher dimension

space by another series of fully connected layers. Finally, the projections are used in a

contrastive learning objective that simultaneously maintain variance across samples,
minimize MSE between augmented views, and minimize covariance between projection
features.

This work introduces scContrast, summarized in Figure. 1.1, which is a semi-supervised
contrastive learning approach designed to embed scRNA-seq data from different experimental
protocols into a universal cell-level representation space. scContrast leverages a simple yet
effective set of five augmentation functions, which simulate the technical artifacts, protocol
biases, and batch effects characteristic of scRNA-seq assays. These augmentation functions



guide scContrast to extract biologically meaningful features of single-cell gene expression
profiles.

We trained scContrast on 21 out of 25 tissue samples from the Tabula Muris dataset
(Consortium, 2018), which includes data from multiple donor mice sequenced using both
droplet- and plate-based sequencing platforms. To simulate a true zero-shot setting, we
tested scContrast on the remaining four held-out tissues. Through our evaluations, we
found that scContrast generalizes well to unseen tissue samples and outperforms the state-
of-the-art UCE model in integrating batches from different sequencing protocols. Specifically,
scContrast scores 0.18 and 0.73 on the kBET and PCR batch integration metrics, while UCE
scores 0.02 and 0.39, respectively. Thus, our findings highlight scContrast’s superior zero-
shot cross-protocol batch integration capabilities. However, scContrast performs slightly
worse on KMeans ARI and ASW bio-conservation metrics compared to UCE, suggesting
opportunities for improvement in the future.



CHAPTER 2

Related Works

2.1 Contrastive Learning

Major inspiration for our model’s contrastive learning approach comes from existing work
originating from computer vision. The following methods all employ augmentations-based
contrastive learning, albeit for image classification, which we have re-engineered to use gene-
expression-specific augmentations.

simCLR. The method simCLR (Chen et al., 2020) generates two augmented views for
each image in a batch. Pairs of augmented views that come from the same original image
are thus called “positive pairs”, whereas those comprising augmented views derived from
different images form “negative pairs.” An InfoNCE loss is then applied over all pairs within
a batch. Beyond this training objective, simCLR also involved several engineering strategies
such as large batch-sizes and the inclusion of a projection head prior to computing the
InfoNCE loss.

Barlow Twins. The method Barlow Twins (Zbontar et al., 2021) generates an empirical
cross-correlation matrix using the embeddings generated from two different distortions of an
original image. The loss function then seeks to push this matrix towards the identity matrix;
an tnvariance term tries to equate the diagonal elements of the feature cross-correlation
matrix to 1, while a redundancy reduction term tries to equate the off-diagonal elements to
0, which de-correlates the different features of the embedding. Crucially, this loss function
does not require negative samples and instead only focuses on the cross-correlations generated
from the embedding features of each sample within a batch. Furthermore, its emphasis
on redundancy reduction allows for larger embedding spaces by combating representation
collapse.

VICReg. The method VICReg (Bardes et al., 2022) combines ideas from both simCLR
and Barlow Twins with its titular, three regularization terms: variance, invariance, and
covariance. Within a batch, embeddings are first generated via augmentation functions
followed by encoding and projection. In the loss term, covariance across the embedding
features are pushed to zero as in Barlow T'wins, but the variance between different embedding
samples is maintained as in the negative pairs of simCLR. Furthermore, the distance between
embeddings derived from the same image is also minimized as in the positive pairs of simCLR.
The mathematical formulation is given in 3.1, and this is the method we chose to explore
furthest for scContrast.



2.2 Batch Integration

Below, we discuss a couple of common batch integration techniques. Note, both methods
explicitly require batch labels and do not transfer well to new datasets unseen during training,
thus needing to be re-trained.

scVI. scVI (Lopez et al., 2018) uses deep neural networks to model the observed gene
expression of cells as a zero-inflated negative binomial distribution (ZINB) conditioned on the
batch annotation plus additional Gaussians to capture residual variations. The expression
of each cell is first encoded into a low-dimensional latent representation of normal random
variables before being decoded by another neural network to generate a posterior estimate
of the parameters associated with the distribution defining each gene for each cell.

scANVI. scANVI (Xu et al., 2021) extends scVI to use cell-type annotations to further
fine-tune the model in a semi-supervised manner. Slotting in-between the latent embedding
module and the ZINB parameterization of scVI, scANVTI introduces an additional cell-type
assignment objective, which allows the model to jointly optimize for batch harmonization
and label prediction.

2.3 Foundational Models in Genomics

Several groups have sought to develop “foundational genomics models” in analogy to modern
large language models. These models generally tend to employ a masked learning objective
as its pre-training task. They are distinguished by their very large parameter and training
data sizes.

scGPT and Geneformer. scGPT (Cui et al., 2024) applies an autoregressive approach
for filling-in masked gene expressions. Geneformer (Theodoris et al., 2023) also employs a
masked-language modeling approach, but the masks are filled in at once; i.e. it is not
autoregressive. Moreover, Geneformer encodes gene expression by rank value, which the
authors suggest helps the model be more robust to technical artifacts. Both models feature
a transformer architecture and are pre-trained on over thirty million samples.

UCE. Universal Cell Embeddings (Rosen et al., 2023) project single cells into a unified
latent space by sampling expressed genes and representing each gene via pre-trained protein
language model. It employs a masked learning objective to predict masked gene tokens using
remaining gene embeddings and learned cell embeddings. UCE is composed of 650 million
parameters and is trained on a mega-scale atlas of over 36 million cells across 8 species.



CHAPTER 3

Methods

As shown in Figure 1.1, scContrast has three main components:

3.1 Augmentations Module

The augmentations module take in a batch of cells from the Tabula Muris dataset to produce
two augmented views X 5ug and X 3ug in a semi-supervised fashion. For each sample, the
corresponding augmented views form a positive pair. This module relies on five augmentation
functions that aim to perturb the gene expression data in a manner that preserves each
sample’s cellular identity. Such functions can be sub-divided into two categories. The first
category of augmentation functions require cell-type annotations (highlighted in green in
Figure 1.1), whereas the second category of augmentation functions does not rely on any
annotations (highlighted with yellow color in the Figure 1.1). A visual summary of the

augmentations is given in Figure 3.1
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Figure 3.1: Summary of augmentations.

3.1.1 Cell-type Specific Augmentations

By leveraging the cell-type annotations of each sample, these cell-type specific augmentations
ensure samples from the same cell-type maintain similar representations while challenging
the model to distinguish between distinct cell-types.

Significant gene noise. This augmentation aims to noise the cell-type defining genes
for each cell. “Gene significance” is determined using sc.tl.rank gene_groups, which uses



a Wilcoxon rank-sum to calculate a p-value associated with how significantly each gene
characterizes a cellular group, here defined as cell-types. For “most significant genes,” a
threshold value of p < 0.05 was used to select relevant genes; for “least significant genes,”
a threshold value of p > 0.05 was used, instead. From preliminary testing, we found that
the “most significant genes” variant was more effective than its “least significant genes”
counterpart in producing well integrated latent spaces.

After the significant genes are identified for each cell-type, a Gaussian across genes cor-
responding to the mean and variance associated with the pseudo-bulk of each cell-type is
then added to the gene expression values of the relevant cell-types. This thus represents the
“Gaussian noise injection” part of this augmentation.

To accelerate training, the pseudo-bulk representation of each cell-type is pre-computed
and fed into the Dataloader as an explicit argument. Such pseudo-bulks are defined as the
average and corresponding variances of the gene expressions across all cells for a particular
cell-type, inclusive of both protocols; a separate 1 and ¢ term is thus associated with each
gene for each cell-type. The pseudo-bulk thus represents a “typical example” of a cell of
that cell-type. This is motivated by the fact that different cells have inherently different
gene expressions even outside of protocol biases, so tailoring augmentations to each cell-type
permits greater control over augmentation strengths.

Cell shuffle. This augmentation is motivated by the idea that cells of the same cell-
type should be considered similar regardless of which protocol they are measured by. Given
a batch of cells, this augmentation loops through the unique cell-types represented in the
batch and randomly swaps the gene-expression profile of cells of the same cell-type.

This augmentation proves to be very strong at overcoming batch effects (see Table. 5.2;
however, the assumption that different samples of the same cells are interchangeable can be
problematic if certain cell-type labels are very large, such as stem cells.

3.1.2 Cell-type Agnostic Augmentations

Dropout. This augmentation applies a zero-mask to the entire gene-expression profile of
randomly selected cells. It is motivated by the idea that replicates of scRNA-seq assays will
be performed on similar but never identical samples of cells, which will affect population
membership. A uniform distribution is used to select cells to dropout, which means already
rare cell-types are proportionally more affected than more common cell-types.

Random Scaling. This augmentation is inspired by the idea that, depending on assay
conditions such as reagent sensitivity, overall expression patterns can vary. For example,
suppose the DNA replication agents were partially denatured; then, measured expression
during gene amplification will be reduced for all genes. As before, this augmentation is aimed
to build the models robustness towards differing distribution characteristics of samples.

Gene Subsample. This augmentation can be thought of as the transpose of the dropout
augmentation, where now genes are randomly selected to be zero-masked across all cells.
Intuitively, this can represent genes that fail to be amplified. This also intensifies the inherent
sparsity of scRNA-seq data, as there are now more zero-values in the expression matrix.

10



3.2 Cell Encoding Module

The core purpose of the Cell Encoding Module is to encode cells into a low-dimensional rep-
resentation space that preserves biological semantic properties such as cell-type similarities,
relationships, and developmental trajectories. Unlike existing scRNA-seq foundational mod-
els such as UCE (Rosen et al., 2023), Geneformer (Theodoris et al., 2023), scGPT (Cui et al.,
2024), and scBERT (Yang et al., 2022) that have transformer blocks with self-attention, we
rely on simple, fully connected neural networks to extract relationships between all genes in
the cell. Specifically, we have two fully connected layers with batch normalization to stabi-
lize the learning process and ReLU to capture non-linear relationships, followed by a single
fully connected layer to produce cell encodings Yalug and Ya2ug. The entire Cell Encoding
Module has 5.2 million parameters, which is 10100 times smaller than existing scRNA-seq
foundational models (Theodoris et al., 2023; Rosen et al., 2023).

3.3 Contrastive Learning Module

The Contrastive Learning Module is responsible for comparing the two augmented encodings
generated by the Cell Encoding Module. It is inspired by VICReg (Bardes et al., 2022)
and aims to ensure Variance, Invariance, and Covariance among each batch of projected
sample encodings to further enrich latent space representation. We use the same encoder
and projection head for each augmented view.

More specifically, outputs from the Cell Encoding Module are first projected into Zéi)g and
Zﬁ)g, respectively, using a lightweight, trainable projection head. Then, a loss comprising
three terms are calculated from these projected augmentations as shown in the equation
below, where X and Y are Zé})g and Zéi)g, respectively:

Lviore(X,Y) = 1 (LX) + bar¥)) + MX = VIZ 40 (Ceon(X) + Leon(Y)).

J (. J/

g invariance .
variance covariance

where the variance term is ly, (V) = éz;l:l max (O, v —+/Var(V.;) + e), the invariance

: N : : 2
term is [| X —Y||3 = & >;L; |lzi—will3, and the covariance term is leo, (V) = % Doisi [C(V)]i,j’
such that V € {X,Y}, v is the target standard deviation, € is a small constant (e.g., 10™%)
for numerical stability, and C'(V') is the empirical covariance matrix of embeddings V', which
is squared and summed over all off-diagonal elements. Coefficients p, A, and v are tunable

hyperparameters that weigh each loss term.

3.4 Implementation details

We implemented the entire pipeline in Python==3.9.16 using Pytorch==2.5.1+cu118 and
Pytorch-Lightning==2.4.0. scContrast produces cell encodings with 128 dimensions and

11



cell projections with 256 dimensions. We use the cell encodings Y for all of our evaluations
and visualizations. We use cell projections Z;,, and Z7,, to calculate the VICReg (Bardes
et al., 2022) contrastive loss with a batch size of 8192. We employ an AdamW optimizer
with default parameters to calculate the gradients used to update all the weights.

12



CHAPTER 4

Experimental Setup

4.1 Datasets

We obtained scRNA-seq data from the Tabula Muris dataset, which is a comprehensive col-
lection of single-cell transcriptomics data generated from both droplet-based (10x Genomics
(Zheng et al., 2017)) and plate-based (Smart-Seq2 (Picelli et al., 2014)) sequencing plat-
forms for Mus musculus (mouse). The Tabula Muris dataset contains 25 distinct tissues
and has more than 350,000 cells. In order to evaluate the performance of scContrast on
out-of-distribution data in a zero-shot setting, we randomly selected four of the twenty-five
tissues for testing and kept the rest for training scContrast.

We preprocessed all datasets by first filtering out all cells with ‘UKWN’/NULL annota-
tions. Next, we normalized gene expressions of each cell by scaling the total counts to 10000.
Finally, we applied a log-transformation to minimize technical artifacts (Su et al., 2022).
Note, while we do compute the highly variable genes (HVGs) associated with a dataset, we
do not subset our data to just those HVGs as is commonly done in other methods such as
scVI (Lopez et al., 2018); rather, we used the computed dispersions as the variance input
for our Gaussian noise injection augmentations.

4.2 Baselines

In order to comprehensively compare the performance of scContrast against existing ap-
proaches, we include:

(a) PCA: A fully unsupervised method that decomposes the cell-by-gene matrix into its
principal components, producing low-dimensional cell representations.

(b) scVI (Lopez et al., 2018): A supervised batch-integration approach that explicitly
requires batch annotations. We train scVI with n_layers=3 and n_latent=128 to
match the size and shape of the Cell Encoding Module of scContrast.

(c) UCE (Rosen et al., 2023): A scRNA-seq foundational model with over 650 million
parameters trained on an expansive corpus of scRNA-seq dataset containing over 36
million cells and spanning across eight diverse species. UCE can reportedly integrate
scRNA-seq datasets with batch effects across unseen tissues and species without any
finetuning. We use UCE with its default configurations without any finetuning to
generate cell-level representations.

13



4.3 Evaluation Metrics

We evaluate the quality of cell encodings across bio-conservation and batch integration met-
rics defined by the scib-metrics package (Luecken et al., 2021), which is commonly used
for benchmarking scRNA-seq models. For the sake of conciseness, we show two out of five
metrics for each category. The rest of the scores can be found in the Supplementary (Table
6.1, Table 6.2).

We present the following four metrics:

(a) Bio-conservation metric ARI: Calculates the Adjusted Rand Index from the KMeans-
clustered embedding space of each model.

(b) Bio-conservation metric ASW: Calculates the average silhouette width with re-
spect to cell-type.

(c) Batch integration metric kBET: Conducts the k-nearest-neighbor batch effect test,
which rewards neighborhoods of embeddings having the same distribution of batch
labels as that of the full dataset.

(d) Batch integration metric PCR: Performs a principal component regression com-
parison by comparing the explained variance before and after integration.

14



CHAPTER 5

Results

5.1 scContrast successfully integrates gene expression data from
plate- and droplet-based sequencing platforms in unseen tis-
sues

scContrast is distinguished from existing approaches by its comparatively light model size,
small training set, lack of explicit batch labels during training, and most importantly, its
ability to generalize to unseen tissue samples in a zero-shot manner. For baselines, we choose
PCA, scVI, and UCE to represent existing unsupervised, fully-supervised, and large-scale
foundational model paradigms that are currently used for batch integration, respectively. For
evaluation, we use four held-out tissues from Tabula Muris: skin, liver, pancreas, and limb
muscle. These tissues feature diverse cellular landscapes ranging from organ-specific cells to
common immune cells such (e.g. macrophages and resident variants). In order to visualize
the quality of the cell representation spaces, we use UMAP (McInnes et al., 2020), which is
a commonly employed visualization method. Moreover, we quantified these representations
using ARI, ASW, kBET, and PCR.
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Figure 5.1: Qualitative comparisons of different models integrating scRNA-seq samples
from plate (SS2)- and droplet (10x)-based sequencing platforms in unseen tissues in Tabula
Muris

As shown in Figure 5.1, we find that both PCA and UCE struggle to integrate scRNA-seq
data from droplet- and plate-based sequencing protocols. Specifically, from the UMAP visu-
alizations, we observe that cells of the same cell-type but different sequencing protocol form
very distinct and dense clusters in PCA; those of UCE tend be closer to each other, but they
still do not integrate to form homogeneous clusters. In contrast, both scVI and scContrast
successfully integrate across sequencing protocols: the plate-based SS2-colored embeddings
(orange) overlay atop the droplet-based 10X-colored embeddings (blue), highlighting that
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representations of the same cell-type across both protocols homogeneously cluster together.

Bio-Conservation Batch Integration

Model KMeans ARI ASW kBET PCR

PCA 0.42 0.60  0.00 0.00
scVI 0.40 0.56 0.25 0.93
UCE 0.51 0.65 0.02 0.39
scContrast 0.43 0.60  0.18 0.73

Table 5.1: Quantitative comparison of different models on bio-conservation and batch
integration of unseen tissues from Tabula Muris. The best score is bolded and the second
best scores are underlined.

Quantitatively, UCE performs best on the bio-conservation metrics, highlighting its ca-
pacity to cluster cells of the same type closer to each other in the cellular representation
space. However, the batch integration metrics reflect findings in Figure. 5.1, showing that
both PCA and UCE perform worse than scContrast and scVI in integrating samples from
different sequencing protocols.

While these results show that our contrastive learning-based approach is promising in

learning a universal cell representation space, there is potential to further refine our approach
to learn better representation spaces.
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5.2 scContrast qualitatively exhibits biological conservation in scRNA-
seq data collected from an unseen protocol following self-
supervised fine-tuning

Using the same scContrast model as before, which was previously trained on a subset of the
Tabula Muris dataset, we then explored scContrast’s ability to be transferred to a funda-
mentally different dataset, HIRES (Liu et al., 2023), which is a simultaneous single-cell Hi-C
and RNA-seq dataset of post-implantation mouse embryos. Most importantly, HIRES uses
a different protocol compared to the droplet- and plate-based assays featured in the Tabula
Muris dataset that scContrast was trained on.

We fine-tune the previously trained scContrast model on the new HiRES data in a self-
supervised fashion; under the same VICReg training regime, this time we use only cell-
type agnostic augmentations. Thus, unlike scVI which likewise requires re-training but also
explicitly cell-type annotations, scContrast can instead be fine-tuned in a self-supervised
manner as the only input for training are each cell’s gene expressions themselves.

@® EXE ectoderm ® intermediate mesoderm
® ExE endoderm ® mitosis
EXE mesoderm mix late mesenchyme
NMP myocytes
® blood neural ectoderm
@® early mesenchyme neural tube
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Figure 5.2: scContrast transfer performance on HiRES single-cell RNA expression data.
Top left: UMAP colored on cell-type. Top right: legend of cell-types. Bottom Left:
UMAP colored on developmental stage.

Bottom Right: legend of developmental stages
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Figure 5.3: UCE zero-shot performance HiRES single-cell RNA expression data. Left:
UMAP colored on cell-type. Right: UMAP colored on developmental stage.

From Figure 5.2, although we observe overall inhomogeneous clustering based on cell-
type, there are certain cell-types that do form distinct clusters, namely blood cells, ExE
ectoderm, ExE endoderm, ExE mesoderm, and mitosis cells. Furthermore, there is a general
trend of subclustering based on developmental trajectories. This is especially present in
blood cells (their subclustering follows from E70 to EX15 sequentially).

Nevertheless, the qualitatively inhomogeneous clusters suggest scContrast has room for
improvement to more strongly distinguish between different cell-types provided they are
truly dissimilar.

In comparison, Figure 5.3 qualitatively shows that UCE produces more inhomogeneous
clusters, where cells of distinct cell-types tend to form overlapping clusters. Focusing on
the blood cells, we see that there is some subclustering based on developmental trajectory,
though only clearly for E85 and beyond samples.

5.3 The cell shuffling augmentation is crucial for integrating across
protocols

To determine the contributions of each augmentation to overall latent representation quality,
an ablations study was performed with results tabulated in Table 5.2. In general, removing
cell shuffling expectedly had the greatest impact across all batch integration methods, though
it did perform better on certain bio-conservation methods. Removing the significant genes
noise injection also negatively impacted performance on batch integration methods, which
makes sense given it weakens the contribution of the “positive-pair” dependent invariance
term of the VICReg loss, as the model is no longer pushed to have softer understandings of
cell-types.
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Bio-Conservation Batch Integration

Model KMeans ARI ASW Labels kBET PCR

All Augmentations 0.39 0.60 0.16 0.75
No Cell Shuffle 0.57 0.55 0.00 0.00
No Significant Genes 0.39 0.58 0.07 0.60
No Dropout 0.39 0.60 0.17 0.62

No Random Scaling 0.44 0.62 0.21 0.65
No Gene Subsample 0.37 0.59 0.19 0.71

Table 5.2: Quantitative comparison of scContrast with different augmentation functions
ablated on bio-conservation and batch integration of unseen tissues from Tabula Muris.
The best scores are bolded and the second best scores are underlined.

Qualitatively, Figure 5.4 reaffirms the importance of the cell shuffling augmentation, for
its loss leads to essentially the complete separation of the two protocols; there is minimal
overlap between 10x and SS2 samples. Without the significant gene augmentation, there
is also separation of the protocols to a lesser degree. Lastly, individual removal of the cell-
type agnostic augmentations (dropout, random scaling, gene subsampling) tends to impact
cluster homogeneity and separation.
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Figure 5.4: Left: UMAP colored on cell-type. Right: UMAP colored on tech. From top
to bottom: all augmentations, no cell shuffling, no significant genes, no dropout, no
random scaling, no gene subsampling, legend.
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CHAPTER 6

Discussion

6.1 Summary of Main Findings

In this work, we have demonstrated a semi-supervised contrastive learning-based approach
scContrast for encoding single-cell RNA-sequencing data into a universal cell representation
space. We compared our model against PCA, scVI, and UCE, which exemplify current un-
supervised, fully supervised, and large foundational model approaches. Results demonstrate
that PCA understandably struggles to integrate the batches, since protocol-inherent gene
expression biases likely produce spurious axes of variability, which is exacerbated by PCA’s
reliance on covariances. More interestingly, UCE also struggles, which may reflect the limi-
tations of a purely masked modeling approach. Finally, while scVI performs comparatively
best at cross-protocol integration, it explicitly requires batch labels, which scContrast does
not.

Additionally, scContrast features an interesting degree of biological conservation when
fine-tuned on a dataset collected from an unseen protocol in a self-supervised manner. This
manifests in subclustering based upon development trajectories, particularly in blood cells.

Lastly, ablation experiments suggest that the cell shuffling augmentation plays a major
role in the successful integration of the different protocols. Without it, qualitative and
quantitative results demonstrate a near complete separation of droplet-assayed samples from
plate-assayed samples despite both being of the same cell-type.

6.2 Limitations

Although scContrast appears to perform reasonably well on batch integration metrics, quan-
titative and qualitative observations from Table 5.1 and Figure 5.1 suggest scContrast pro-
duces relatively diffuse clusters compared to the supervised method scVI. This is especially
apparent in mesenchymal stem cells from the UMAP representations in Figure 5.1, where
PCA and scVI tends to form two, distinct clusters, whereas scContrast coalesces all mes-
enchymal stem cell embeddings into a single, arrowhead-shaped cluster. We reason that this
may be a drawback of relying on cell shuffling as the main protocol-integration augmenta-
tion, as random permutations of cells within a cell-type can destroy sub-cell-type hierarchical
semantics.

Furthermore, our current bio-conservation seek only to separate clusters of cell-types
from one another. This fails to capture richer biological information such as developmental
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trajectories, or the fact that certain cell-types should be more similar to one another than
others. Measuring such a degree of bio-conservation would require either more informed
metrics (i.e. those that can refer to cell-type-interactions from an external atlas) or more
informed datasets (i.e. they must include potentially a graph outlining cell-type-to-cell-type
relationships). Such improved metrics can counter potential over-separation of representa-
tions.

6.3 Future Work

In the future, we aim to extend scContrast across three dimensions. First, we seek to develop
better augmentation functions to closer simulate batch effects and technical artifacts to im-
prove scContrast’s zero-shot capabilities. One possible augmentation would be to project
cells to another protocol’s representation using a pseudo-bulk method. Another augmenta-
tion may involve simulating noise injections after a zero-inflated noise binomial distribution
as in scVI (Lopez et al., 2018) instead of simple Gaussians.

Second, we plan to scale up our training datasets and explore deeper architectures to learn
richer cell representations. Furthermore, we are also interested in the capability of scContrast
to produce more consistent latent spaces across identical models trained with different seeds.
Compared to methods like VAE, we reason that the “positive” and “negative pairs” in the
contrastive learning objective anchors sample-to-sample relationships, which may influence
more concordant latent codes across different training routines.

Lastly, we intend to investigate techniques like X-sample Contrastive Learning (Sobal
et al., 2024) to explicitly impose hierarchical cell ontologies in the representation space.
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Supplementary

Supplementary metrics from scib-metrics are given in table 6.1 and table 6.2. Our scCon-
trast model’s architecture is given here here.

Bio-Conservation

Model Isolated Labels KMeans NMI KMeans ARI ASW Labels c¢LISI kNN

PCA 0.67 0.76 0.42 0.60 1.00
scVI 0.67 0.76 0.40 0.56 1.00
UCE 0.67 0.80 0.51 0.65 1.00
scContrast 0.62 0.75 0.43 0.60 1.00

Table 6.1: Additional quantitative comparison of different models on bio-conservation
metrics of representation spaces of cells from unseen tissues from Tabula Muris. The best
scores are bolded and the second best scores are underlined.

Batch Integration
Model ASW Batch iLISI kNN kBET Graph Connectivity PCR

PCA 0.54 0.00 0.00 0.76 0.00
scVI 0.85 0.02 0.25 0.92 0.93
UCE 0.73 0.00 0.02 0.79 0.39
scContrast 0.77 0.01 0.18 0.80 0.73

Table 6.2: Additional quantitative comparison of different models on batch integration
metrics of representation spaces of cells from unseen tissues from Tabula Muris. The best
score is bolded and the second best scores are underlined.
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Bio-Conservation

Model Isolated Labels KMeans NMI KMeans ARI ASW Labels cLIST kNN
All Augmentations 0.61 0.72 0.39 0.60 1.00
No Cell Shuffle 0.66 0.73 0.57 0.55 1.00
No Significant Genes 0.59 0.73 0.39 0.58 1.00
No Dropout 0.60 0.73 0.39 0.60 1.00
No Random Scaling 0.61 0.74 0.44 0.62 1.00
No Gene Subsample 0.61 0.72 0.37 0.59 1.00

Table 6.3: Additional quantitative comparison of scContrast with different augmentation
functions ablated on bio-conservation metrics of representation spaces of cells from unseen
tissues from Tabula Muris. The best scores are bolded and the second best scores are
underlined.

Batch Integration

Model ASW Batch iLISI kNN kBET Graph Connectivity PCR

All Augmentations 0.75 0.00 0.16 0.78 0.75
No Cell Shuffle 0.26 0.00 0.00 0.72 0.00
No Significant Genes 0.66 0.00 0.07 0.80 0.60
No Dropout 0.78 0.00 0.17 0.79 0.62

No Random Scaling 0.76 0.00 0.21 0.80 0.65
No Gene Subsample 0.77 0.00 0.19 0.79 0.71

Table 6.4: Additional quantitative comparison of scContrast with different augmentation
functions ablated on batch integration metrics of representation spaces of cells from unseen
tissues from Tabula Muris. The best score is bolded and the second best scores are
underlined.
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scRNASeqE_VICRegExpander (
(encoder) : scRNASeqgEncoder (
(encoder) : Sequential(

(0):
(1):

(2):
(3):
4):

(5):
(6):

)

Linear (in_features=20116, out_features=256, bias=True)

BatchNorm1d (256, eps=1e-05, momentum=0.1, affine=True,
track_running_stats=True)

ReLU()

Linear (in_features=256, out_features=128, bias=True)

BatchNorm1d (128, eps=1e-05, momentum=0.1, affine=True,
track_running_stats=True)

ReLU()

Linear(in_features=128, out_features=128, bias=True)

(projector): scRNASeqgProjectionHeadExpander (
(projectionHead): Sequential(

(0):
(1):

(2):
(3):
(4):

(5):
(6):

)

Linear (in_features=128, out_features=256, bias=True)

BatchNorm1d (256, eps=1e-05, momentum=0.1, affine=True,
track_running_stats=True)

ReLU()

Linear (in_features=256, out_features=256, bias=True)

BatchNorm1d (256, eps=1e-05, momentum=0.1, affine=True,
track_running_stats=True)

ReLUQ)

Linear (in_features=256, out_features=256, bias=True)

(vicreg_loss_fn): VICRegLoss()

)
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