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Abstract

The rapid development of single-cell RNA sequencing
(scRNA-seq) technology allows us to study gene expression
heterogeneity at the cellular level. Cell annotation is the basis
for subsequent downstream analysis in single-cell data min-
ing. Existing methods rarely explore the fine-grained seman-
tic knowledge of novel cell types absent from the reference
data and usually susceptible to batch effects on the classifica-
tion of seen cell types. Taking into consideration these lim-
itations, this paper proposes a new and practical task called
generalized cell type annotation and discovery for scRNA-
seq data. In this task, cells of seen cell types are given class
labels, while cells of novel cell types are given cluster labels
instead of a unified “unassigned” label. To address this prob-
lem, we carefully design a comprehensive evaluation bench-
mark and propose a novel end-to-end algorithm framework
called scGAD. Specifically, scGAD first builds the intrin-
sic correspondence across the reference and target data by
retrieving the geometrically and semantically mutual near-
est neighbors as anchor pairs. Then we introduce an anchor-
based self-supervised learning module with a connectivity-
aware attention mechanism to facilitate model prediction ca-
pability on unlabeled target data. To enhance the inter-type
separation and intra-type compactness, we further propose a
confidential prototypical self-supervised learning module to
uncover the consensus category structure of the reference and
target data. Extensive results on massive real datasets demon-
strate the superiority of scGAD over various state-of-the-art
clustering and annotation methods.

Introduction

As more and more well-annotated scRNA-seq reference data
become available, many new automatic annotation methods
sprung up in order to simplify the cell annotation process on
unlabeled target data (Cao et al. 2019; Chen et al. 2020b,c;
Yuan, Chen, and Deng 2022). On this basis, assume that C,.
and C; represent the label sets of reference data and target
data, respectively. In earlier developed cell annotation meth-
ods, it is assumed that all cell types in the target data need
to be present in the reference data, that is C; C C,- (Wagner
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and Yanai 2018; Xie et al. 2019; Chen et al. 2021). How-
ever, this assumption is difficult to satisfy for data in the
wild. To take into account a more realistic situation, many
researchers have begun to settle the open-set scenario, that
is C, C C; (Kimmel and Kelley 2020; Lotfollahi et al. 2022;
Chen et al. 2022a,b). For ease of understanding, we define
the cell types shared by the reference and target data as seen
cell types and the cell types that only exist in the target data,
but not in the reference data, as novel cell types.

Under the open-set assumption, many methods have been
continuously proposed to solve this cell annotation problem,
setting a goal whereby target cells are either labeled with
seen cell types or uniformly classified into an “unassigned”
group (De Kanter et al. 2019; Xu et al. 2021). Although they
have achieved remarkable progress, simply annotating cells
from novel cell types with an “unassigned” label is not con-
ducive to subsequent downstream analysis, and it is univer-
sally vital to cluster them according to different cell types.
Besides, the distribution shift of gene expression between
reference and target data, namely batch effect, also affects
annotation accuracy of the model (Shaham et al. 2017; Wang
et al. 2019b; Lakkis et al. 2021). Thus, this paper focuses on
arealistic and challenging scenario for cell annotation called
generalized cell type annotation and discovery where cells
in novel cell types are given cluster labels instead of “unas-
signed.” Naturally, it can be argued that we could use the
annotation methods for an open-set scenario to find “unas-
signed” cells first and then use clustering methods to divide
them into groups. However, we show that such a two-step
approach does not work well in practice. Therefore, it is nec-
essary to develop a new annotation strategy dedicated to ad-
dressing this new setting in an end-to-end framework.

Here, we propose a novel method called scGAD for Gen-
eralized cell type Annotation and Discovery. It efficiently
achieves label transfer over seen cell types and group pack-
ing of novel cell types. First, we build the intrinsic corre-
spondences on seen and novel cell types by retrieving geo-
metrically and semantically mutual nearest neighbors as an-
chor pairs. To reduce the potential negative impact of incor-
rectly identified anchors, we introduce a connection-aware
attention mechanism to weigh the supervision of anchors.
To transfer the known label information from reference data
to target data and aggregate the new semantic knowledge
only in the target data, we design a soft anchor-based self-



supervised learning module to supervise the discriminative
training on target data. Considering the compactness and
separability of the embedding space, we propose a confi-
dential prototype self-supervised learning paradigm to im-
plicitly capture the consistent category structure of refer-
ence and target data. To evaluate the performance of scGAD
fairly, we select various comparison baselines and carefully
construct the single-data and cross-data benchmarks based
on massive, highly imbalanced scRNA-seq data. Finally, by
leveraging the clustering accuracy on reference data, we pro-
pose a solution to address the challenging and heretofore
poorly investigated problem in single-cell annotation: esti-
mating the number of cell types in unlabeled data.
We highlight the main contribution as follows:

* We propose a new, realistic, and challenging task called
generalized cell type annotation and discovery in the
single-cell annotation field. To effectively tackle this
task, we further propose a novel method named scGAD.

* We introduce an anchor-based self-supervised learning
module with a confidential prototypical self-supervised
learning paradigm to achieve seen cell type annotation
and novel cell type clustering simultaneously.

* We propose an easy, yet effective, solution to the chal-
lenging problem of estimating the total cell type number
in target data.

* We design the comprehensive comparison baselines and
evaluation benchmarks to validate the practicality of sc-
GAD, and deeper analyses show the effectiveness of its
proposed individual components.

Related Work
Single-Cell RNA-Seq Data Clustering

Recently, deep learning technologies have been applied to
analyze scRNA-seq data (Talwar et al. 2018; Wang et al.
2019a; Arisdakessian et al. 2019). These technologies ex-
hibit superior performance over traditional machine learn-
ing algorithms in various learning scenarios (Mereu et al.
2020; Flores et al. 2022). For example, scziDesk (Chen
et al. 2020a) introduces a soft self-training k-means algo-
rithm to cluster the cell population in the latent space, and
it can correct the bias caused by hard clustering techniques.
Also, scCNC (Wang et al. 2022) proposes a semi-supervised
cell clustering method based on a capsule network which
integrates domain knowledge into the clustering process.
Finally, scNAME (Wan, Chen, and Deng 2022) designs a
mask estimation task and a neighborhood contrastive learn-
ing framework to better exploit the cell’s intrinsic structure
and detect rare cell types. However, although these methods
can discover the novel types in target data, they cannot rec-
ognize seen cell types that previously exist in reference data.

Single-Cell RNA-Seq Data Annotation

In addition to cell clustering, annotating each cell with the
corresponding true cell type is also critical for downstream
analysis. Traditional cell annotation involves searching for
marker genes in each cluster (Vieth et al. 2019), which is
not an accessible task for non-biologists. As more and more
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annotated scRNA-seq data become available, many research
teams have turned to automatic annotation methods to sim-
plify this step. Based on deep transfer learning, ItClust (Hu
et al. 2020) utilizes cell-type-specific gene expression infor-
mation learned from reference data to annotate target data.
MARS (Brbi¢ et al. 2020) introduces a meta-learning frame-
work that can obtain cell-type knowledge by identifying
commonality in the meta-dataset. scNym (Kimmel and Kel-
ley 2020) integrates gene expression knowledge from refer-
ence and target data by applying a semi-supervised, adver-
sarial learning technique. scArches (Lotfollahi et al. 2022)
proposes a transfer learning and parameter fine-tuning strat-
egy to leverage conditional neural network models adapted
to target data. Overall, these methods can only roughly label
cells from novel cell types with “unassigned” label, which is
not conducive to subsequent downstream analysis.

Method

We first give some notations. We have access to a labeled
reference data D, = {(z}, y!);", } and unlabeled target data
Dy = {(zf, y!) | }, which can come from the same scRNA-
seq dataset or different scRNA-seq datasets. Moreover, the
label sets of reference data and target data are denoted as C,
and Cy, respectively. In our problem, we assume that C,, C
C;; furthermore, the seen label set is defined as Cs = C, Ny,
and the novel label set is defined as C,, = C;\C,. To meet
our goal, we either assign cell type labels of reference data
or clustering labels to cells in the target data.

Considering the traits of scRNA-seq data, we assume that
{z;}7m ™ follows zero-inflated negative binomial distri-
bution, and we use an autoencoder model to denoise data
(Eraslan et al. 2019). Inspired by the recent progress in
self-supervised learning (He et al. 2020; Chen et al. 2020d,
2022c), we use a data augmentation strategy to generate dif-
ferent views of gene expression in order to better capture
the correlations across genes. The detailed information can
be seen in the Supplementary Information (SI). In order to
assign a classification or clustering label for each cell, we
attach a classifier @ to the latent layer, thereby mapping the
embedding feature z; to one of the C, U C; cell types to-
gether with a predictive probability vector p; (see Figure 1).
Without loss of generality, we assume that the first Cs heads
correspond to the seen cell types while the remaining C,
heads correspond to the novel cell types. The number of C,,
can be estimated and entered into the model as known infor-
mation. The specific estimation method will be introduced
later. Since we also take the augmented data matrix as input,
its embedding representation and predictive probability can
be written as Z; and p;, respectively.

Anchor-Based Self-Supervised Learning

Based on the known labels of reference data, we can directly
use the standard cross-entropy loss to train the classifier ®
on the reference data,
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Figure 1: Schematics of scGAD. (A) Overall model consists of an autoencoder and a classifier. Anchor-based loss L, and
Prototype-based loss L., are designed to train the model. (B) The definition of geometic and semantic anchor pair. (C) We
add confidence splitting procedure into prototypical learning to avoid error propagation.

where y! is written as the |C, U C,,|-dimensional one-hot
vector to facilitate calculations.

Training the classifier only on seen cell types without la-
bel supervision for novel cell types would lead to a predic-
tion imbalance between two kinds of cell types, thus directly
causing the model to misclassify novel cells into seen cell
types. However, even though the target data possess the cate-
gory shift, cells from the same cell types are still expected to
be geometrically and semantically close to each other based
on the manifold assumption (Lin and Zha 2022). Thus, we
propose to align each target sample to the intimate anchors
in reference data and target data.

Here, we introduce mutual nearest neighbors (MNN) as
the geometric anchors between the reference and target data.
Assume that the embedding features of reference and target
data are {2/ }1'"; and {2/}, respectively. Then, for every
cell 2, we find g closest cells to cell z; in Euclidean dis-
tance from D; and denote this set as Ng. Similarly, we can
construct M g; that is, find g closest cells to z§ from D,.
For a pair of cells (2], zjt), assuming they are in each other’s
neighborhood, namely 2] € M] Az} € N, we call such pair
an anchor pair between D,. and D,. However, the above defi-
nition of anchor pair is only based on the geometric distance
in the embedding space and ignores the semantic informa-
tion of cells expressed by the classifier, which may lead to
negative knowledge transfer. Therefore, we further restrict
the anchor pair semantically consistent, namely

zi € Mg NZe N; & argmaxp;; = argmaxpél, 2)
l l
where 1 <1 <|C, UCy.

In order to represent the anchor pairs between D,. and D,
as a whole, we use A,; = A}, to denote their anchor adja-
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cency matrix, and A (i,7) = 1 when (27, 2%) is an anchor
pair, otherwise A,.(4, ) = 0. Similarly, we can also define

the anchor pairs within Dy; that is, (2!, 2¢) is an anchor pair

[ . A
only if it meets the following condition:

2t e Ng A z; € N; & arg?axpﬁl = arggnaxpz-l. 3)

Define Ay as the anchor adjacency matrix within Dy, and

we have Ay = 1 if and only if (2!, 2%) is an anchor pair,

otherwise Ay = 0. Although the anc}for adjacency matrix
A, within D,. can be directly obtained by the labels of ref-
erence samples, the information asymmetry may lead to an
imbalance in the prediction of anchor pairs, so we still add

geometric constraints on A, namely

r N i T — gyt
Arr(i,j){ L 2l e MINzf € My&yl =yj,

0 otherwise,

where y; denotes the label of cell ] and is known.

Robust identification of anchor pairs is essential for im-
proving the discrimination on target data. To reduce the in-
fluence of false anchor pairs on prediction, we normalize the
anchor adjacency matrix with a connectivity-aware weight.
First of all, we concatenate different kinds of anchor adja-
cency matrices together to get the global adjacency matrix:

A A
A= rr Tt .
(Atr At
Let r; be the degree of the i-th cell, i.e., the number of an-
chor pairs where the ¢-th cell is located, and then we can get
a diagonal matrix R = diag{ri,r2, - ,"n,+n, }- Thus, the
normalized symmetric Laplace matrix I can be denoted as
A(i, g
W = RYAR-Y — I, where W(i, ) = 20

T’Z‘T'j

“4)

(&)



We regard W (3, j) as the weighted affinity values of anchor
pairs such that the larger the W (i, ), the stronger the con-
nectivity between the ¢-th cell and the j-th cell, thereby in-
creasing reliability and, hence, believability that they belong
to the same cell type. Similar to anchor adjacency matrix A,
we can also write W in the form of a block matrix to facili-
tate the following discussion:

W = <Wrr Wrt) .

We Wi ©)

To propagate the known label message from D, to D,
and aggregate the novel semantic knowledge within D, it-
self, we use the prediction consistency between anchor pairs
to supervise the discrimination training on D;. We then ap-
ply the affinity values of anchor pairs as attention weights.
The anchor-guided self-supervised learning objective func-
tion can be given as

Lo = =50 Z [ Yo Wil ) wy'pl + 575
1=1 {] Wtr(77])>0}
(N
+ Y Wi, )l + 5P|

{7: W (i,5)>0}

With the affinity value as weight, we push prediction consis-
tent to their associated anchors with strong connectivity and,
to a lesser degree, to those with weak connectivity. As stated
above, we can get the training loss function in the discrimi-
nation space, namely

Lanc = Lsce + Lssl- (8)

Confidential Prototypical Self-Supervised Learning

The prediction consistency constraint on matched anchors
can be regarded as a cellular level self-supervised learning
regularization. Despite alleviating the issue of imbalanced
discriminative states, cell annotation may still encounter
some potential risks. First, since the cells are classified at
the cellular level, individual deviating cells can have a se-
vere impact on the overall result; that is, our model may be
sensitive to abnormal samples. Second, since weights of the
classification head for novel cell types could be arbitrary,
the loss function L, may not be able to accurately sepa-
rate seen and novel cell types in target data. Therefore, we
propose to perform confidential prototypical self-supervised
learning to implicitly encode the consensus category struc-
ture of reference and target data in the embedding space.
Compared to cellular level alignment, matching a sample to
a prototype is more robust to abnormal samples and makes
the optimization converge faster and smoother.

In order to perform prototypical self-supervised learning
on Dy, we first perform k-means clustering on {z}}1, in
the embedding space to obtain the correspondlng class pro-

totypes {M}\c Y| and the clustering labels {e;}it,. Since
the embedding features are not fully d1scr1m1nat1ve in the
early stages of training, the clustering labels are very noisy.
Relying on them to supervise model training can easily lead
to error accumulation. Therefore, to avoid error propagation,
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we introduce a normalized confidence score to divide the
target data into reliable set Dj and fuzzy set D{ . This score
is obtained by calculating the ratio of the distance between
the sample and its own cluster center and the distance be-
tween the sample and the nearest non-self cluster center. The
smaller the score, the more reliable the clustering label of the
sample. In each training epoch, we default to select the top
a% samples with the lowest score in each cluster into Dy,

otherwise into DZ . Then for samples in Dy, we use their
clustering labels to supervise the learning of their represen-
tations, while for samples in D/, we perform assignment
entropy minimization to move them near the intimate proto-
types. Specifically, we use the t-distribution kernel function
to measure the similarity between each cell and the proto-
types. Assuming that g;;, g;; represents the affinity between
the i-th prototype and the j-th cell, we have

PO 0 R 1| o)
e |2t ptl3)-
S E ) 10
) C, C, _

izlu (142 _/~Ll||2) !

Then the within D; prototypical self-supervised learning ob-
jective can be written as

n

1 -
L, o > [(log ., +log gt ) Ticp;
=1

pro -

Y
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+ Z (qgj log qu + (ﬁj log qu)jiepﬂ-
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By minimizing L;m, the model can improve the compact-
ness within clusters and the separability between clusters in
the embedding space. Moreover, using L! , as regulariza-
tion can effectively satisfy the issue of blurred classification
boundaries across cell types that may be caused by the con-

nection of paired samples.

To better utilize the label knowledge of reference data to
assist in prototype learning, we consider performing cell-
prototype dual alignment from reference data to target pro-
totypes to enforce learning category-aligned and discrimina-
tive embedding features. Specifically, we discover the posi-
tive matching, as well as negative matching, between labeled
cells and cluster prototypes across D, and D;. Similarly, g
and ¢; , the similarity distribution vectors on D,., can be com-
puted as

L (=B 1)
DY (e

=1 i Hill2
L lE ) .
ij Cr [ _

Sl @1z — |2

Considering that reference samples come with accurate cell
types, we naturally anticipate that the similarity distributions



in the same labels will be consistent. Thus, our cross-data
prototypical self-supervised objective for D, is defined as

1 Ny |CTUC’£|
Lyvo==5— > > (dlogd}; +d;log ;) (14)
=1 j=1
1 Ny Ny
=3 D> ol = Gl =
T i=1s=1

By minimizing L;,.,, the alignment between reference sam-

ples and target prototypes can be achieved. Such dual align-
ment is also conducive to better information exchange. Com-
bining.L;m With L, ., we give the total prototypical self-
supervised learning loss as
Lyro =L

pro

+ L,

pro*

15)

Lastly, together with the data denoising loss L., (see SI),
we give the overall training objective as

Ltol = Lden + Lanc + Lp’!'()' (16)

Estimation of the |C;| Value

Here, we propose a solution to a challenging and under-
investigated problem in cell annotation: estimating the cell
type number |C;| in target data. Almost all annotation meth-
ods assume that the number of |C;| is a prior. However,
this assumption is unrealistic in the real world. This calls
on the community to develop a method for estimating |C|.
Our main idea derives from the information available in D,..
Specifically, we perform k-means clustering on the whole
dataset D,. | D; and then evaluate clustering accuracy only
on the reference data D,. Let |C}| represent the estimated

value. If |C;| > |Cy|. then C; — C; can be called the extra cell
types, and all cells assigned to extra cell types are mispre-
dicted. Similarly, if |C;| < |Cy|, then C; — C; can be called
the extra true cell types, and all cells with those cell types are
predicted incorrectly. Based on this analysis, whether |@t|
is higher or lower than |C;| will have a negative impact on
the clustering accuracy on D,.. In other words, the cluster-
ing accuracy on D, will be maximized when |C;| = |Cy|.
According to this intuition, we use AC = f(|C;|,D,) to
measure the clustering accuracy on D,., which we optimize
with Brent’s algorithm to find the optimal |C;| (Brent 2013).

Experiment
Setup

Dataset. Our experiment consists of two parts: intra-data
annotation and cross-data annotation. For the former, we
collect 10 datasets sequenced from different organisms and
platforms. The cell numbers range from 6462 to 110704,
and the cell type numbers vary from 9 to 45. Unless oth-
erwise noted, we first divide all cell types into 50% seen
and 50% novel. Then we select 50% samples in seen cell
types as D, and the rest as D;. For the latter, we select
10 groups of datasets. Each group consists of a reference
dataset and a target dataset, and batch effect exists between
them. Their cell numbers range from a few thousand to tens
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of thousands, and the cell type number in the reference data
is nearly half that of the target data. The basic information
of these datasets can be seen in SI.

Baselines. Our task is to establish a new cell annotation
setting for which no ready-to-use baselines exist. Thus, we
compare scGAD with recently developed scRNA-seq clus-
tering and annotation algorithms, including three clustering
methods (scziDesk, scCNC, and scNAME) and four anno-
tation methods (MARS, ItClust, scNym, and scArches). For
clustering methods, only scCNC participates in training with
both D, and D,, while the other two train only on D,. We
report their clustering performance on seen and novel cell
types. For annotation methods, we first use them to clas-
sify target cells into seen cell types and identify the “unas-
signed” group. Next, we apply k-means clustering on the
“unassigned” group to obtain novel clusters. The detailed
information of these baselines can be seen in SI.
Evaluation protocols. We report the classification accuracy
on seen cell types and clustering accuracy on novel cell types
for scGAD and annotation baselines, while report clustering
accuracy on both seen and novel cell types for clustering
baselines. Specifically, to compute the clustering accuracy,
we apply the Hungarian algorithm to solve the optimal as-
signment problem (Kuhn 1955). When reporting accuracy
on all cell types, we solve the optimal assignment problem
on both seen and novel cell types. The reported accuracies
are the mean values of three runs.

Implementation details. Our algorithm is implemented by
PyTorch, and we conduct the experiments with 2 Tesla A100
GPUs. The two layers of the encoder are sized as 512 and
256, respectively, and the decoder has the reverse structure
of the encoder. The bottleneck layer has a size of 128. The
training mini-batch size is set to 256, and the optimizer is
Adam with learning rate 1e-4. The neighbor number g is set
to 10, and the quantile « is set to 20. We first pretrain the
whole model using Lg., loss with 600 epochs. Then, we
apply the standard k-means algorithm on target embedding
features to obtain cluster centers as the initial values of pro-
totypes. Finally, we train the model with the overall loss L,
until the predictions no longer change.

Results Comparison

Intra-data annotation. We begin by exploring the intra-
data annotation scenario without batch effect, and Table 1
summarizes the performance of scGAD and other baselines
on ten datasets. Overall, sScGAD performs better than other
methods, indicating the effectiveness of our strategy. Espe-
cially, scGAD beats other baselines on both annotation ac-
curacy and clustering accuracy, thereby validating the su-
periority of it on this new setting. In other words, the re-
sults indicate that the two-step methods of first classifying
and then clustering can only provide suboptimal results. For
example, scNym can always achieve impressive results in
annotation accuracy, even surpassing scGAD on individual
datasets. Such result is not surprising since scNym prefers
to recognize some confusing cells as seen cell types, and
the catastrophic failure of scNym in clustering accuracy is
enough to illustrate this point. As a competitive annotation
method, MARS can also annotate novel cells with clustering



Cao Hochane Park Quake 10x Quake Smart-seq2
seen novel overall seen novel overall seen novel overall seen novel overall seen novel overall
scziDesk 852 74.1 63.8 910 839 844 973 729 850 841 585 733 767 725 70.7
scNAME 79.1 785 751 91.0 857 843 56.6 795 734 822 620 698 765 612 635
scCNC 502 609 527 941 700 704 924 610 76,6 850 49.8 613 650 40.8 39.0
MARS 88.6 758 643 969 745 788 616 782 683 921 528 689 803 70.6 692
ItClust 145 623 56.6 33.1 495 453 763 426 624 705 473 523 327 555 494
scNym 992 694 662 989 498 460 99.8 489 452 984 528 608 969 592 564
scArches 734 46.5 522 826 915 893 866 368 657 883 566 69.1 723 547 572
scGAD 924 810 783 995 938 849 977 809 884 958 621 837 913 763 757
Wagner Zeisel Zheng Chen Guo
seen novel overall seen novel overall seen novel overall seen novel overall seen novel overall
scziDesk 72.1 482 54.6 78.0 89.1 825 577 520 457 788 922 90.8 99.6 800 75.1
scNAME 744 484 548 934 88.1 843 577 520 457 79.8 92.1 91.1 998 764 720
scCNC 858 514 550 772 50.8 550 615 56.6 486 798 92.1 91.1 998 764 720
MARS 816 42.6 509 989 83.3 84.1 725 595 506 80.1 941 904 99.7 72.6 68.8
ItClust 18.5 322 364 527 573 541 207 509 438 20.8 825 722 195 747 678
scNym 96.5 423 442 996 646 627 988 565 514 974 777 722 998 604 568
scArches 58.1 359 41.7 781 60.0 633 604 729 684 744 856 829 610 789 748
scGAD 92.1 496 564 99.7 89.7 881 976 748 663 983 930 941 999 824 752
Table 1: Performance comparison on ten real datasets in intra-data annotation experiments.
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Figure 2: Accuracy on all cell types. (a, b) Changing novel cell type number in Quake 10x and Quake Smart-seq2 datasets,
respectively; (c, d) Changing labeled ratio in Quake 10x and Quake Smart-seq2 datasets, respectively.

label, but scGAD still beats it with clear margins. This evi-
dence again emphasizes the necessity of scGAD to balance
the prediction states of cells in seen and novel cell types by
introducing anchor pairs. The clustering methods scziDesk
and scNAME do not utilize the label information of the ref-
erence data and thus lose competitiveness in annotation ac-
curacy on seen cell types. Furthermore, they can only label
each cluster with clustering label, rather than true cell type
label, which is a common limitation with clustering methods
in the real-world scenario. In summary, we can conclude that
scGAD outperforms other baselines on three evaluation in-
dexes in the intra-data annotation task.

Cross-data annotation. Next, we study the performance
of each method on the cross-data annotation scenario with
batch effect. As shown in Table 2, the batch effect does, in-
deed, have a certain influence on the accuracy of all meth-
ods. This is reasonable because batch effect makes cells of
the same cell type move away from each other, thus lead-
ing to a more challenging annotation task. Even so, scGAD
still achieves an impressive performance that is only slightly
affected by the batch effect, indicating that our confiden-
tial prototypical self-supervised learning strategy removes
batch effect to a certain extent implicitly. However, the per-
formance of other methods is severely degraded. Especially,
MARS and Itclust separate reference and target data in train-

ing, elevating susceptibility to batch effect and, in turn, lead-
ing to model overfitting and false cell type annotations.

Ablation Study

Robustness Analysis. Since novel cell type number |C,|
determines the difficulty of clustering novel cells, it is im-
perative to explore the impact of |C,,|. We chose to conduct
experiments on Quake 10x and Quake Smart-seq2 datasets,
which have the most cell types. Here, |C,,| varies in the range
of [4,11, 18,25, 32] for Quake 10x and [5, 14, 23, 32, 41] for
Quake Smart-seq2. For ease of illustration, the results are
shown in Figure 2(a) and 2(b) in the form of line graphs. No
matter what value |C,,| takes, it is easy to see that scGAD
always performs better than other baselines, validating its
superiority. Moreover, the polyline of scGAD is smoother,
which demonstrates its robustness. The overall accuracy of
scNym, scArches and scCNC drops catastrophically with in-
creasing |C,,| which is reasonable because they focus more
on annotating cells of seen cell types, and increasing |C,,|
will give them more interference. The result for ItClust rises
dramatically on Quake 10x and drops significantly on Quake
Smart-seq2, indicating its instability. MARS, scziDesk and
scNAME are relatively stable for the variety of |C,|, but
their overall accuracy is lower than that of scGAD. As stated
above, we can conclude that scGAD is more robust and sta-
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Enge (R) Lawlor (R) Muraro (R) Xin (R) Vento _10x (R)
Baron_human (T) Baron_human (T) Baron_human (T) Baron_human (T) Vento_Smart-seq2 (T)
seen novel overall seen novel overall seen novel overall seen novel overall seen novel overall
scziDesk 81.6 81.5 81.6 81.3 80.3 812 81.6 8l1.5 81.6 75.1 84.2 81.3 81.7 79.0 81.5
scNAME 81.0 819 812 80.7 794 799 958 714 912 73.6 853 777 874 803 86.0
scCNC 47.6 38.5 38.8 54.0 439 409 750 40.8 61.1 466 547 365 92.1 634 84.8
MARS 903 86.2 79.8 80.9 90.7 80.3 79.5 823 80.0 936 780 88.6 71.3 78.6 70.3
ItClust 834 523 727 885 489 771 809 564 692 84.5 80.7 84.1 79.8 50.7 70.4
scNym 97.7 719 847 902 522 828 882 555 639 979 40.0 523 987 66.5 75.9
scArches 89.2 58.0 80.3 473 66.8 525 893 52.8 809 61.5 522 527 87.6 529 78.2
scGAD 963 826 938 96.6 826 903 96,5 832 937 936 860 91.3 98.8 80.5 924
Vento Smart-seq2 (R) Plasschaert (R) M Smart-seq2 (R) Haber largecell (R)  Haber region (R)
Vento 10x (T) Montoro 10x (T) M 10x (T) Haber region (T) Haber largecell (T)
seen novel overall seen novel overall seen novel overall seen novel overall seen novel overall
scziDesk 88.4 98.4 90.9 679 746 683 940 89.3 91.2 439 609 530 853 80.8 71.0
scNAME 86.5 98.2 92.8 95.1 90.2 96.0 937 990 968 46.0 626 543 89.1 809 716
scCNC 834 47.1 43.7 79.7 73.1 73.0 924 655 76.2 627 694 559 757 504 51.6
MARS 945 78.6 83.8 88.6 945 89.1 815 975 869 57.1 75.1 68.2 83.8 64.1 67.1
ItClust  64.3 75.0 58.2 90.1 75.1 83.2 36.8 705 672 534 582 564 62 645 536
scNym 98.1 704 80.6 96.1 77.7 83.1 951 486 498 958 444 512 842 537 530
scArches 83.4 66.8 75.2 914 674 853 62.0 555 59.0 723 51.7 59.6 719 454 504
scGAD 984 99.2 97.4 93.6 940 962 941 991 971 862 974 936 898 815 72.2

Table 2: Performance comparison in cross-data annotation experiments. “R”: reference data;

“T”: target data. Specially, M

Smart-seq2 and M 10x stand for Mammary Smart-seq2 and Mammary 10x respectively.

increment -12 -6 0 6 12
Quake 10x 922 947 951 949 936
Quake Smart-seq2 | 78.1 905 91.6 912 90.1

Table 3: Clustering accuracy on seen cell types when vary
|C¢|-value on Quake 10x and Quake Smart-seq2 datasets.

ble than other baselines.

Since the ratio of labeled data determines how much in-
formation can be provided from the reference dataset, we
also explore its impact by conducting experiments on Quake
10x and Quake Smart-seq2 datasets. Figures 2(c) and 2(d)
show the line graphs of overall accuracy with the change
in the ratio of labeled data, which varies in the range of
[0.1,0.3,0.5,0.7,0.9]. We find that scGAD still achieves
consistently better results than the other baselines and can
maintain its excellent performance without being affected
by the ratio of labeled data. However, the other methods are
affected by the varied ratio of labeled data and tendency to-
ward providing suboptimal results. In conclusion, scGAD
can provide reliable and remarkable performance, even with
a few labeled data. Because of limited space, we put other
experimental results in SI.

Validity of the |C;| value estimation method. The |C;|
value represents the cell type number in target data, and
its estimation plays an important role in discovering novel
cell types. To verify the validity of our estimation method,
we conduct experiments on Quake 10x and Quake Smart-
seq2 datasets, which have 36 and 45 cell types, respectively.
We study the case where the increment of |C;| varies in the
range of [—12, —6, 0, 6, 12], and increment=0 means that the
estimation of |C;| gets the true value. The results on these
two datasets are shown in Table 3. We see that the accuracy
rises to maximum value at increment=0, regardless of the
datasets, indicating the validity of our estimation method.
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Figure 3: Ablation Study. (a, b) Comparing the accuracy on
all cell types with or without L, and Ly, respectively.

Effect of L,; and £,,,. Here, we study the contribution of
different components in scGAD on ten datasets by removing
the anchor-guided self-supervised learning module £,; and
the confidential prototypical self-supervised learning mod-
ule L,,. The results are shown in Figure 3. When L, or
Lyro is dropped, we can see that the performance of scGAD
decreases significantly for all datasets, which fully verifies
the roles of L and L,,, in the whole framework.

70
without L,

Conclusion

In this paper, we introduce a new and practical generalized
cell type annotation and discovery task for scRNA-seq data
and propose a novel algorithm called scGAD to address it. In
scGAD, we design two effective modules, namely weighted
anchor-based self-supervised learning framework and con-
fidential prototypical self-supervised paradigm. To evaluate
the algorithm’s performance, we construct comprehensive
baselines and benchmarks. Extensive results verify the su-
periority and robustness of scGAD compared to competing
annotation and clustering methods.



References

Arisdakessian, C.; Poirion, O.; Yunits, B.; Zhu, X.; and
Garmire, L. X. 2019. Deeplmpute: an accurate, fast, and
scalable deep neural network method to impute single-cell
RNA-seq data. Genome biology, 20(1): 1-14.

Brbi¢, M.; Zitnik, M.; Wang, S.; Pisco, A. O.; Altman, R. B.;
Darmanis, S.; and Leskovec, J. 2020. MARS: discover-
ing novel cell types across heterogeneous single-cell experi-
ments. Nature methods, 17(12): 1200-1206.

Brent, R. P. 2013. Algorithms for minimization without
derivatives. Courier Corporation.

Cao, Z.-1.; Wei, L.; Lu, S.; Yang, D.-C.; and Gao, G. 2019.
Cell BLAST: searching large-scale scRNA-seq databases
via unbiased cell embedding. BioRxiv, 587360.

Chen, L.; Du, Q.; Lou, Y.; He, J.; Bai, T.; and Deng, M.
2022a. Mutual nearest neighbor contrast and hybrid proto-
type self-training for universal domain adaptation. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence,
volume 36, 6248—-6257.

Chen, L.; He, Q.; Zhai, Y.; and Deng, M. 2021. Single-cell
RNA-seq data semi-supervised clustering and annotation via
structural regularized domain adaptation. Bioinformatics,
37(6): 775-784.

Chen, L.; Lou, Y.; He, J.; Bai, T.; and Deng, M. 2022b. Ev-
idential neighborhood contrastive learning for universal do-

main adaptation. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 36, 6258—6267.

Chen, L.; Lou, Y.; He, J.; Bai, T.; and Deng, M. 2022c. Geo-
metric anchor correspondence mining with uncertainty mod-
eling for universal domain adaptation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 16134—-16143.

Chen, L.; Wang, W.; Zhai, Y.; and Deng, M. 2020a. Deep
soft K-means clustering with self-training for single-cell
RNA sequence data. NAR genomics and bioinformatics,
2(2): 1gaa039.

Chen, L.; Wang, W.; Zhai, Y.; and Deng, M. 2020b. Single-
cell transcriptome data clustering via multinomial modeling

and adaptive fuzzy k-means algorithm. Frontiers in genetics,
11: 295.

Chen, L.; Zhai, Y.; He, Q.; Wang, W.; and Deng, M. 2020c.
Integrating deep supervised, self-supervised and unsuper-
vised learning for single-cell RNA-seq clustering and anno-
tation. Genes, 11(7): 792.

Chen, T.; Kornblith, S.; Norouzi, M.; and Hinton, G. 2020d.
A simple framework for contrastive learning of visual repre-
sentations. In International conference on machine learning,
1597-1607.

De Kanter, J. K.; Lijnzaad, P.; Candelli, T.; Margaritis, T.;
and Holstege, F. C. 2019. CHETAH: a selective, hierarchical
cell type identification method for single-cell RNA sequenc-
ing. Nucleic acids research, 47(16): €95—€95.

Eraslan, G.; Simon, L. M.; Mircea, M.; Mueller, N. S.; and
Theis, F. J. 2019. Single-cell RNA-seq denoising using a
deep count autoencoder. Nature communications, (1): 1-14.

5409

Flores, M.; Liu, Z.; Zhang, T.; Hasib, M. M.; Chiu, Y.-C;
Ye, Z.; and Paniagua, K. e. a. 2022. Deep learning tackles
single-cell analysis—a survey of deep learning for scRNA-
seq analysis. Briefings in Bioinformatics, 23(1): bbab531.

He, K.; Fan, H.; Wu, Y.; Xie, S.; and Girshick, R. 2020.
Momentum contrast for unsupervised visual representation
learning. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 9729-9738.

Hu, J.; Li, X.; Hu, G.; Lyu, Y.; Susztak, K.; and Li, M. 2020.
Iterative transfer learning with neural network for clustering
and cell type classification in single-cell RNA-seq analysis.
Nature machine intelligence, 2(10): 607-618.

Kimmel, J. C.; and Kelley, D. R. 2020. scNym: Semi-
supervised adversarial neural networks for single cell classi-
fication. bioRxiv, 2020-06.

Kuhn, H. W. 1955. The Hungarian method for the assign-
ment problem. Naval research logistics quarterly, 2(1-2):
83-97.

Lakkis, J.; Wang, D.; Zhang, Y.; Hu, G.; Wang, K.; Pan,
H.; Ungar, L.; Reilly, M. P;; Li, X.; and Li, M. 2021. A
joint deep learning model enables simultaneous batch effect
correction, denoising, and clustering in single-cell transcrip-
tomics. Genome research, 31(10): 1753—-1766.

Lin, T.; and Zha, H. 2022. Riemannian manifold learning.
IEEE transactions on pattern analysis and machine intelli-
gence, 30(5).

Lotfollahi, M.; Naghipourfar, M.; Luecken, M. D.; Kha-
javi, M.; Biittner, M.; Wagenstetter, M.; Avsec, Z.; Gayoso,
A.; Yosef, N.; Interlandi, M.; et al. 2022. Mapping single-

cell data to reference atlases by transfer learning. Nature
Biotechnology, 40(1): 121-130.

Mereu, E.; Lafzi, A.; Moutinho, C.; Ziegenhain, C.; Mc-
Carthy, D. J.; Alvarez Varela, A.; and Batlle, E. e. a. 2020.
Benchmarking single-cell RNA-sequencing protocols for
cell atlas projects. Nature biotechnology, 38(6): 747-755.

Shaham, U.; Stanton, K. P.; Zhao, J.; Li, H.; Raddassi, K.;
Montgomery, R.; and Kluger, Y. 2017. Removal of batch ef-
fects using distribution-matching residual networks. Bioin-
formatics, 33(16): 2539-2546.

Talwar, D.; Mongia, A.; Sengupta, D.; and Majumdar, A.
2018. AutoImpute: Autoencoder based imputation of single-
cell RNA-seq data. Scientific reports, 8(1): 1-11.

Vieth, B.; Parekh, S.; Ziegenhain, C.; Enard, W.; and Hell-
mann, I. 2019. A systematic evaluation of single cell RNA-
seq analysis pipelines. Nature communications, 10(1): 1-11.

Wagner, F.; and Yanai, 1. 2018. Moana: a robust and scalable
cell type classification framework for single-cell RNA-Seq
data. BioRxiv, 456129.

Wan, H.; Chen, L.; and Deng, M. 2022. scNAME: neighbor-
hood contrastive clustering with ancillary mask estimation
for scRNA-seq data. Bioinformatics, 38(6): 1575-1583.

Wang, H.-Y.; Zhao, J.-P.; Zheng, C.-H.; and Su, Y.-S. 2022.
scCNC: a method based on capsule network for clustering
scRNA-seq data. Bioinformatics.



Wang, J.; Agarwal, D.; Huang, M.; Hu, G.; Zhou, Z.; Ye, C;
and Zhang, N. R. 2019a. Data denoising with transfer learn-
ing in single-cell transcriptomics. Nature methods, 16(9):
875-878.

Wang, T.; Johnson, T. S.; Shao, W.; Lu, Z.; Helm, B. R;;
Zhang, J.; and Huang, K. 2019b. BERMUDA: a novel deep
transfer learning method for single-cell RNA sequencing
batch correction reveals hidden high-resolution cellular sub-
types. Genome biology, 20(1): 1-15.

Xie, P.; Gao, M.; Wang, C.; Zhang, J.; Noel, P.; Yang, C.;
Von Hoff, D.; Han, H.; Zhang, M. Q.; and Lin, W. 2019. Su-
perCT: a supervised-learning framework for enhanced char-
acterization of single-cell transcriptomic profiles. Nucleic
acids research, 47(8): e48—e48.

Xu, C.; Lopez, R.; Mehlman, E.; Regier, J.; Jordan, M. L;
and Yosef, N. 2021. Probabilistic harmonization and annota-
tion of single-cell transcriptomics data with deep generative
models. Molecular systems biology, (1): €9620.

Yuan, M.; Chen, L.; and Deng, M. 2022. scMRA: a robust
deep learning method to annotate scRNA-seq data with mul-
tiple reference datasets. Bioinformatics, 38(3): 738-745.

5410



