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Abstract
The integration of single-cell multi-omics datasets is critical for deciphering cellular heterogeneities. Mosaic integration, the most general integration task, 
poses a greater challenge regarding disparity in modality abundance across datasets. Here, we present Align and CompletE (ACE), a mosaic integration 
framework that assembles two types of strategies to handle this problem: modality alignment-based strategy (ACE-align) and regression-based strategy 
(ACE-spec). ACE-align utilizes a novel contrastive learning objective for explicit modality alignment to uncover the shared latent representations behind 
modalities. ACE-spec combines the modality alignment results and modality-specific representations to construct complete multi-omics representations 
for all datasets. Extensive experiments across various mosaic integration scenarios demonstrate the superiority of ACE’s two strategies over existing 
methods. Application of ACE-spec to bi-modal and tri-modal integration scenarios showcases that ACE-spec is able to enhance the representation of cel
lular heterogeneities for datasets with incomplete modalities. The source code of ACE can be accessed at https://github.com/CSUBioGroup/ACE-main.  
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Introduction
Single-cell RNA sequencing (scRNA-seq) allows for quantifying 
RNA molecular traits at the single-cell level, enabling applica
tions from cellular heterogeneity characterization [1] to regula
tory network inference [2]. However, biological processes in 
cells involve multiple molecular types, such as DNA, RNA, 
and protein, resulting in an intrinsic need for multimodal 

understanding. Advances in single-cell sequencing have enabled 
technologies that can capture multiple molecule types. For ex
ample, cellular indexing of transcriptomes and epitopes by se
quencing (CITE-seq) captures RNA expression and cell surface 
protein abundance via antibody-derived tag (ADT) [3], 10X 
Genomics Multiome captures RNA expression alongside 
transposase-accessible DNA fragments (ATAC) [4], and DNA, 
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Open chromatin, Gene expression, and surface protein Multi- 
omics Assay sequencing (DOGMA-seq) simultaneously meas
ures chromatin accessibility, gene expression, and protein abun
dance [5]. To gain biological insights from such rich resources, 
data integration has emerged as a key challenge.

Ricard et al. [6] categorize data integration tasks on single- 
cell data into four scenarios: horizontal, vertical, diagonal, 
and mosaic. Horizontal integration, also termed batch cor
rection, refers to the scenario in which all data batches share 
the same modality. Vertical integration refers to the scenario 
where data batch is measured with multiple modalities. 
Diagonal integration refers to the scenario where data 
batches do not share any modality. Mosaic integration refers 
to the most general scenario where different batches are pro
filed with various modalities, like a grid that’s concatenated 
using various horizontal, vertical, and diagonal scenarios. 
Among the four scenarios, mosaic integration is the most 
challenging one.

Similar to horizontal integration, mosaic integration also 
has the goal of preserving cellular heterogeneities and align
ing data batches [7]. The distinction is that in mosaic integra
tion, the inter-batch differences not only exist within the 
same modality but also come from difference in modality 
abundance. Different modalities may carry different informa
tion content and different batches can be measured with dif
ferent modalities. Existing mosaic integration methods 
mainly adopt regression-based strategy to solve this problem. 
In particular, they attempt to recover the unmeasured modal
ity for each batch using their measured modalities. For exam
ple, StabMap [8] sets the batch measured with multiple 
modalities as reference (bridge batch) and calculates its low- 
dimensional embeddings which contain information from 
multiple modalities. Then, on the bridge batch, it trains re
gression models to predict these embeddings based on single- 
modality profile and applies these regression models to other 
batches with single modality only. The core idea of Cobolt 
[9] is similar, which uses multimodal variational autoencoder 
(MVAE) [10] to embed all batches first and then trains 
Extreme Gradient Boosting (XGBoost) [11] to predict the ref
erence embeddings from single modality. CLUE [12] also 
adopts the MVAE framework, but it doesn’t predict the refer
ence embeddings directly. Instead, CLUE predicts the 
unmeasured modality based on the measured information 
and aggregates all modalities for each batch. Some of mosaic 
integration methods adopt non-negative matrix factorization 
to decompose each batch into cell factors and feature-specific 
factors, such as UINMF [13] and scMoMaT [7]. Those cell 
factors are expected to represent shared heterogeneities 
across all batches.

Here, we develop a novel mosaic integration framework, 
Align and CompletE (ACE), which builds on a new integra
tion strategy and can be flexibly adjusted to encompass the 
output of regression-based methods. Specifically, we propose 
to build a modality-aligned latent space in which cells with 
similar biological signals are concentrated rather than batch 
labels or modality labels. In other words, we aim to extract 
the shared latent representations behind modalities. To 
achieve this target, we utilize contrastive learning (CL) to 
align modalities and propose a new learning objective to ad
dress the modality gap phenomena caused by the commonly 
used Information Noise Contrastive Estimation (InfoNCE) 
loss [14,15]. Then, we can construct consensus latent repre
sentations across batches based on modality-aligned outputs. 

However, we also realize that modality alignment can erase 
the unique biological variations in each modality, especially 
when the disparity in the information content between mo
dalities is significant. In this case, we think the regression- 
based strategy is more suitable. Accordingly, our method can 
be flexibly adapted to encompass regression-based outcomes: 
we construct modality-specific embeddings by learning inde
pendent modality encoders and then recover the embeddings 
of missing modalities through a cross-modality matching ap
proach based on prior alignment results. Together, we pro
pose a mosaic integration framework which can provide 
modality alignment-based outputs and regression-based out
puts, facilitating its use in various integration scenarios. For 
convenience, we refer to the alignment-based outputs as 
ACE-align, and regression-based outputs as ACE-spec.

We evaluated the two types of outputs on four integration 
scenarios which cover different modality compositions (e.g., 
CITE-seq and Multiome sequencing), different numbers of 
modalities (2 or 3 modalities), existence of horizontal batch 
effects, different cell type compositions across batches. 
Experimental results show that both outputs of ACE’s frame
work can achieve superior mosaic integration performance. 
Moreover, we showcased that ACE-spec could enhance rep
resentation of cellular heterogeneities, help refine cell type 
annotations, and reveal differences between cell subpopula
tions. Finally, we validated the robustness of our framework 
across various aspects, including the loss function, sensitivity 
to hyperparameters, choice of batch correction methods and 
clustering methods.

Method
Overview of ACE

Let Xmj

bi
¼ xmj

bi;1
;xmj

bi;2
; . . . ;xmj

bi;Nbi

h i
2 RNbi

× Dmj denote inputs of 

one data batch bi measured with modality mj, where Nbi 

denotes the number of cells and Dmj denotes the input dimen

sions of modality mj. Xbi ¼ Xm1
bi
; . . . ;XmMb

bi

h i
2 RNbi ×

P
j
Dmj 

denotes one data batch bi measured with fm1; . . . ;mMbg mo
dalities and m1; . . . ;mMbf g 2 fRNA; ATAC; Histone mark;
Proteing. The general target of the mosaic integration task is 
to project each data batch bi into a consensus latent space 
Zbi ¼ ½zbi ;1;zbi;2; . . . ;zbi;Nbi

�, in which cells with similar biolog
ical signatures are clustered while cells with dissimilar biolog
ical signatures are separated.

ACE requires the existence of “bridge” batches in a mosaic 
dataset. More specifically, if each modality is seen as a node, 
one batch that’s measured with two modalities, RNA and 
protein, connects nodes of RNA and protein. ACE requires 
all modalities in a dataset to be connected through several 
batches. These bridge batches lay the foundation for modality 
alignment. To remove within-modality batch effects across 
batches (if they exist), ACE applies Harmony [16] to perform 
horizontal integration within each modality. Those low- 
dimensional representations are used as inputs of different 
modalities for each batch.

As mentioned in previous section, our framework gener
ates two types of outputs: ACE-align and ACE-spec. ACE- 
align is derived from a modality alignment strategy which 
creates a shared latent space to align representations across 
modalities while preserving biological variations within each 
modality. Building on ACE-align, ACE-spec extends this 
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framework by constructing modality-specific representations 
and imputing missing modalities through a cross-modality 
matching-based strategy. An overview of ACE is shown 
in Figure 1.

ACE-align
To build a modality-shared latent space, we utilize CL to per
form modality alignment. CL is a popular self-supervised 
learning framework which learns representations by concen
trating predefined positive pairs while separating negative 
pairs [15]. CL loss has been validated as an effective objective 
for representation alignment because it can well align batches 
while preserving variations between cells [17], which moti
vates us to apply CL to perform modality alignment. Before 
us, NOVEL [18] and MatchCLOT [19] also used the com
mon CL loss, InfoNCE [15], to learn aligned representations 
between two modalities of the same cells. However, NOVEL 
and MatchCLOT can only integrate datasets with two mo
dalities and cannot be directly extended to datasets with three 
modalities. Additionally, the InfoNCE loss they adopted 
encounters the modality gap problem, which has been ob
served in the field of computer vision [14]. In other words, 
representations from different modalities are still clearly sep
arable after alignment, indicating a poor quality of the 
modality-shared latent space.

For ACE-align, embeddings of different modalities from 
the same cell form positive pairs. For instance, if a cell i is 
measured with three modalities m1; m2, and m3 (with 
embeddings zm1

i ; zm2
i ; and zm3

i ), we define three positive pairs 
ðzm1

i ; zm2
i Þ, ðz

m1
i ;zm3

i Þ, and ðzm2
i ; zm3

i Þ. Negative pairs are con
structed by randomly sampling embeddings from different 
cells, irrespective of modality (Figure S1A). For convenience, 

we first discuss the two-modality situation. During training, 
one mini-batch of cells with size n is sampled from a bridge 
batch: B¼ fxm1

b;1;x
m1
b;2; . . . ;xm1

b;ng[fx
m2
b;1;x

m2
b;2; . . . ;xm2

b;ng. Each mo
dality is projected by a separate encoder fmj into a low- 
dimensional latent space zmj 2 Rd. CL loss is used to train all 
encoders. InfoNCE is a commonly used CL loss function in 
cross-modality alignment research [20]. It is defined as [15]: 

l ið Þ ¼ log
exp

sim zm1
b;i ;z

m2
b;i

� �

τ

� �

Pn
l¼1 exp

sim z
m1
b;i ;z

m2
b;l

� �

τ

� � þ log
exp

sim zm2
b;i ;z

m1
b;i

� �

τ

� �

Pn
l¼1 exp

sim z
m2
b;i ;z

m1
b;l

� �

τ

� �

(1) 

Lnce ¼ �
1
2n

Xn

i¼1

l ið Þ (2) 

where simðzm1
b;i ; z

m2
b;i Þ denotes the cosine similarity between 

two embeddings and τ can be a positive constant or a learn
able parameter. By optimizing the aforementioned objective, 
embeddings of different modalities from the same cell are 
pushed closer than embeddings of different modalities from 
different cells. However, one critical limitation of InfoNCE 
loss is that it ignores the relationships within intra-modality 
embeddings. Specifically, Equation 1 only optimizes inter- 
modality embeddings of the same cell to be closer than inter- 
modality embeddings between different cells, indicating that 
the intra-modality embeddings between different cells can 
still be closer than inter-modality embeddings of the same 
cell. As a result, the modality gap remains. Our solution is to 
add intra-modality embeddings between different cells as 

Figure 1 Architecture of ACE 
ACE assembles two types of outputs: ACE-align and ACE-spec. Before model training, each modality profile is preprocessed through dimension 
reduction and batch correction (Harmony), respectively. ACE-align takes the low-dimensional representations as input and jointly trains the modality 
encoders on bridge batches to achieve a modality-shared latent space. ACE-spec independently trains modality encoders on corresponding modality 
inputs, and then utilizes the modality-aligned latent space to impute the missing modality-specific representations. Finally, both outputs eliminate the 
inter-batch differences in horizontal batch effects and modality abundance. ACE, Align and CompletE; kNN, k-nearest neighbors.
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negative pairs in Equation 1. For convenience, we define s1;2
i;l 

as a shorthand for simðzm1
b;i ; z

m2
b;l Þ. Then, our proposed CL loss 

is defined as: 

l ið Þ ¼log
exp

s1;2
i;i
τ

� �

Pn
l¼1 exp

s1;2
i;l
τ

� �

þ
Pn

l6¼i exp
s1;1
i;l
τ

� �

þ log
exp

s2;1
i;i
τ

� �

Pn
l¼1 exp

s2;1
i;l
τ

� �

þ
Pn

l6¼i exp
s2;2
i;l
τ

� �

(3) 

Lnce ¼ �
1
2n

Xn

i¼1

l ið Þ (4) 

When there are M ðM>2Þ modalities to be aligned, we 
generalize the aforementioned objective to: 

l i; jð Þ ¼
XM

p6¼j

log
exp

sj;p
i;i

τ

 !

PM
v6¼j

Xn

l¼1

exp
sj;v
i;l

τ

 !

þ
Xn

l6¼i

exp
sj;j
i;l

τ

 ! (5) 

Lnce ¼ �
1

M � n

Xn

i¼1

XM

j¼1

l i; jð Þ (6) 

By optimizing this objective, all modalities’ embeddings of 
one cell are concentrated without a modality gap, and embed
dings from different cells are separated. After modality align
ment, we can build the consensus representation across 
batches by combining embeddings from measured modalities. 
One common approach is weighted average: 

zb;i ¼
P

mj2Tb
wmj � z

mj

b;i (7) 

where Tb denotes the set of modalities that batch b is mea
sured with; wmj 2 ½0;1� denotes the weight of modality mj 

and 
P

mj2Tb
wmj ¼ 1.

ACE-spec
We are aware that modality alignment can bring loss of 
unique information inherent in each modality. Especially 
when the differences in biological variations are large be
tween modalities, the modality with richer information will 
be biased to modality with poorer information [21]. To ad
dress this problem, we extend ACE-align to ACE-spec. Our 
approach is straightforward: learning modality-specific repre
sentations effectively preserves their original variations but 
fails to address inter-batch differences in modality abun
dance; thus, we design a strategy to impute the missing mo
dalities for each batch based on the results of ACE-align.

Within each modality mj, we employ CL to train an en

coder network, denoted as bf mj 
to project inputs into a 

modality-specific latent space. The training is conducted in
dependently for each modality. Positive pairs are defined as 
each cell paired with itself, while negative pairs are con
structed by randomly sampling embeddings from different 
cells within the same modality (Figure S1B). For a mini batch 

of n cells sampled from modality mj, denoted as 
fxmj

1 ;x
mj

2 ; . . . ;xmj
n g, the loss function is defined as: 

L ¼ �
1
n

Xn

i¼1

log
exp

sim bzmj

i ;bzi
mj

� �

τ

 !

Pn
l¼1 exp

sim bzmj

i ;bzl
mj

� �

τ

 ! (8) 

where bzi
mj ¼ bf mj

ðxmj

i Þ and sim bzmj

i ;bzi
mj

� �

¼ 1, indicating that 

the objective is to maximize the separation between negative 
pairs. In other words, optimizing this function enables the 
model to learn discriminative features between different cells, 
which we believe helps better preserve biological variations 
within each modality.

To impute embeddings for missing modalities, we combine the 
modality-shared embeddings z and modality-specific embeddings 
bz to infer the embeddings for missing modalities. In detail, let 
Zmj ¼ fzmj

1 ; . . . ; z
mj

Nmj
g denote the aligned embeddings of modality 

mj from all batches, where Nmj denotes the number of cells that 

are measured with modality mj. bZ
mj
¼ fbz1

mj
; . . . ;bzNmj

mj
g denotes 

the modality-specific embeddings of mj from all batches. Let Tbi 

denote the set of modalities that batch bi is measured with. �Tbi ¼

m1; . . . ;mMf g � Tbi denotes the set of missing modalities in 
batch bi. For each modality mj 2 �Tbi , we first perform cross- 

modality matching between Zmj and zmt
bi ;l
jmt 2 Tbi

n o
. 

Specifically, for each zmt
bi;l

, we find its k nearest neighbors Q¼
fq1;q2; . . . ;qkg in Zmj . Then, modality-specific embedding of mj 

imputed from modality mt is defined as: 

bz mt!mj

bi;l
¼

1
k

X

q2Q

bzq
mj (9) 

where mt ! mj denotes that the embedding is imputed based 
on modality mt. For each modality in Tbi , we repeat the 
aforementioned imputation process, and the final imputed 
embedding for missing modality mj of batch bi is: 

bz mj

bi ;l
¼

1
Tbi

�
�

�
�

X

mt2Tbi

bzbi ;l
mt!mj

(10) 

where jTbi j denotes the number of elements in Tbi . After the 
imputation, we average the representations from all modali
ties to get the consensus representation for each batch, which 
is similar to Equation 7.

The workflow of ACE-spec is illustrated in Figure S2. 
Essentially, the computation process of ACE-spec is similar to the 
regression-based methods, but our method completely decouples 
the modality-specific learning process and cross-modality learn
ing process, ensuring better preservation of unique information 
in each modality. Notably, our proposed imputation strategy can 
also be applied to impute raw omics features. The modification is 

to change bZ
mj 

to the expression profiles of modality mj.

Implementation detail
ACE-align employs separate encoder networks to project 
inputs from each modality into a shared embedding space. 
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Each encoder network consists of three fully connected layers. 
The RNA-specific and ATAC-specific encoders have output 
dimensions of 1024, 512, and 256 for the three layers, while 
the protein-specific encoder has output dimensions of 512, 
2048, and 256 for the three layers. In each encoder, the first 
two fully connected layers are followed by an exponential lin
ear unit (ELU) activation [22] and dropout regularization ðP¼
0:2Þ [23]. The CL loss is directly computed on the embeddings. 
The temperature parameter for CL is fixed at 0.1. ACE-align is 
trained using the Adam optimizer [24] with a learning rate of 
2E−4, a batch size of 512, and 100 training epochs. ACE-spec 
shares the same network architecture and the temperature pa
rameter with ACE-align. ACE-spec is trained using the Adam 
optimizer with a learning rate of 1.75E−4, a batch size of 512, 
and 10 training epochs. The models are implemented using 
PyTorch [25]. For embedding imputation, the number of near
est neighbors (k) is set to 2. When combining modality-specific 
embeddings to generate the final embeddings for ACE-spec, 
equal weights are assigned to all modalities. For ACE-align, 
the weights of RNA embeddings (or protein embeddings) are 
set to 1 for multimodal batches. In single-modal batches, ACE- 
align assigns a weight of 1 to the respective modality.

Datasets
We collected six publicly available datasets which covered 
different sequencing technologies, different numbers of mo
dalities, and different scenarios of missing modalities. CITE 
and Multiome datasets are NeurIPS 2021 multimodality 
competition [26] datasets sequenced by two types of technol
ogies, CITE-seq and 10X Genomics Multiome. CITE dataset 
contains two modalities: gene expression (RNA) and protein 
abundance (ADT), while Multiome dataset contains two mo
dalities: gene expression (RNA) and chromatin accessibility 
(ATAC). Following the data splitting scheme in the competi
tion, we first divided all 12 batches in the CITE dataset into 
two sets: training and testing. Training and testing sets con
tain 9 and 3 batches, respectively. Then, the RNA and ADT 
profiles of the testing set were split into two parts: RNA- 
modal part and ADT-modal part, and they were treated as 
originating from different experiments. The task on the CITE 
dataset is to integrate multimodal (RNA þ ADT) part (train
ing set), RNA-modal part, and ADT-modal part. Similar to 
the splitting scheme on CITE, Multiome dataset was split 
into three parts: multimodal part (10 batches), RNA-modal 
part (3 batches), and ATAC part (3 batches). Bone marrow 
dataset [27] was sequenced using CITE-seq (referred to as 
BM-CITE dataset), consisting of 30,672 cells measured 
alongside a panel of 25 antibodies from bone marrow. BM- 
CITE consists of two batches. Following the split scheme of 
CITE and Multiome datasets, the two batches were split into 
three parts: multimodal part (batch 1), RNA-modal part 
(from batch 2), and ADT-modal part (from batch 2). PBMC- 
Mult is a publicly available dataset on the 10X website 
(https://support.10xgenomics.com/single-cell-multiome-atac- 
gex/datasets/1.0.0/pbmc_granulocyte_sorted_10k), where 
paired transcriptomes and ATAC profiles were measured in 
10,412 peripheral blood mononuclear cells (PBMCs). PBMC- 
Mult consists of one batch, and we randomly split it into 
three parts: multimodal part, RNA-modal part, and ATAC- 
modal part. DOGMA dataset [5] contains two batches pro
filed by DOGMA-seq, which measures RNA, ATAC, and 
ADT data simultaneously. Following the split scheme, these 
two batches were split into four parts: multimodal part (from 

“control” batch), RNA-modal batch (from “stim” batch), 
ATAC-modal part (from “stim” batch), and ADT-modal 
part (from “stim” batch). CITE-ASAP dataset [5] contains 
four batches, in which two of them were profiled with CITE- 
seq and the other two were profiled with Assay for Single-cell 
multi-omics chromatin Accessibility and Protein sequencing 
(ASAP-seq). ASAP-seq measures RNA and ATAC. CITE- 
ASAP dataset was not split. Cell type labels of all datasets 
were collected from original studies.

Evaluation metrics
Following existing studies [7,8], we evaluated mosaic integra
tion methods from three aspects: biological preservation, 
batch correction, and modality alignment. In brief, biological 
preservation metrics compromise Normalized Mutual 
Information (NMI) and Adjusted Rand Index (ARI). NMI 
and ARI both evaluate the overlap of two clusterings. Score 0 
corresponds to random clustering and score 1 corresponds to 
the perfect match for both NMI and ARI.

We used graph inverse Local Inverse Simpson’s Index 
(iLISI) [28] as the batch correction metric. iLISI score is a di
versity score to assess batch mixing degree. Following 
StabMap [8], we not only used batch labels (iLISIbatch) to 
compute iLISI but also used modality labels (iLISImod). For 
example, if one batch is measured with RNA and ADT, its 
modality label is RNA þ ADT, whereas if one batch is mea
sured with RNA, then its modality label is RNA. It can be 
regarded as evaluation at two levels of resolution, in which 
the modality label is at coarse-grained resolution. Score 0 cor
responds to separation of batches and score 1 corresponds to 
the perfect mixing of batches.

Modality alignment evaluation metrics compromise 
Fraction of Samples Closer Than the True Match 
(FOSCTTM) [29] and matching score (MS) [26]. Both met
rics evaluate the alignment between embeddings of different 
modalities for the same cells. Score 1 indicates perfect modal
ity alignment for both metrics. The details of calculating each 
metric can be found in Note A1 in File S1.

Following the single-cell Integration Benchmarking (scIB) 
[28], we aggregated all metrics into three scores: bio- 
conservation score, batch correction score, and modality 
alignment score. For each method qi on a dataset, its three 
scores were calculated via: 

Sbio ¼
NMIqi þARIqi

2 

Sbatch ¼
iLISIbatch;qi þ iLISImod;qi

2
(11) 

SmodAlign ¼
FOSCTTMqi þMSqi

2 

Following scIB, each metric was min-max scaled among 
compared methods before metric aggregation so that all met
rics have equal weights [28]. Finally, three scores were aggre
gated into the overall score as follows: 

Soverall ¼ wbio � Sbioþwbatch � SbatchþwmodAlign � SmodAlign

(12) 

If the dataset doesn’t support evaluation of modality align
ment metrics, we used wbio ¼ 0:6 and wbatch ¼ 0:4, following 
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the scIB benchmarking approach [28]. This weighting 
emphasizes the importance of preserving biological informa
tion while accounting for batch effects. When the dataset sup
ports evaluation of modality alignment metrics, we used 
wbio ¼ 0:4, wbatch ¼ 0:3, and wmodAlign ¼ 0:3, following the 
single-cell Multimodal Integration Benchmarking (scMIB) 
benchmarking proposed by MIDAS [30]. This setup similarly 
prioritizes biological conservation by giving it a 
higher weight.

Results
ACE shows superior performance in bi-modal 
mosaic integration
We organized four cases to evaluate mosaic integration meth
ods across various batch effects and cell type composition 
scenarios. Case 1 includes the BM-CITE and PBMC-Mult 
datasets, which lack intra-modality batch effects and have 
similar cell type compositions across batches. Case 2 includes 
the CITE and Multiome datasets, which exhibit intra- 
modality batch effects but maintain similar cell type composi
tions. In case 3, we created multiple datasets by selecting dif
ferent cell types from each part of the BM-CITE dataset and 
adjusted the proportion of shared cell types among batches 
(proportion ¼ 0.1, 0.2, 0.4, and 0.8) to simulate variations in 
cell type composition without batch effects. For case 4, we 
applied the same selection strategy to the CITE dataset to 
generate multiple datasets with both intra-modality batch 
effects and varying cell type compositions. We compared 
ACE with five state-of-the-art bi-modal mosaic integration 
methods: Cobolt, CLUE, MatchCLOT, scMoMaT, and 
StabMap. We used Harmony as a post-processing step for 
Cobolt, CLUE, scMoMaT, and StabMap to enable a more 
thorough benchmarking, which led to four additional meth
ods: Cobolt-Harmony, CLUE-Harmony, scMoMaT- 
Harmony, and StabMap-Harmony. Detailed method settings 
can be found in Note A2 in File S1.

On both datasets of case 1, ACE-spec achieves the highest 
overall scores, followed by ACE-align (Figure 2A, Figure S3A
and B). ACE-spec has the highest bio-conservation scores and 
the highest modality alignment scores. Its batch correction 
scores are also comparable to the top performers. ACE-spec 
outperforms ACE-align by 6% with respect to ARI on aver
age, indicating that using modality-specific representations 
can help preserve cellular heterogeneity. We visualized the la
tent embeddings of all methods on both datasets using 
Uniform Manifold Approximation and Projection (UMAP) 
[31] (Figure 2B, Figure S4A), and the visualization shows 
that in ACE-spec outputs, batches are well mixed and cell 
types are clearly separated. For example, CD4 naïve and 
CD8 naïve are well separated in ACE-spec’s outputs while 
for other methods, those two types are basically connected. 
Notably, MatchCLOT has the third highest modality align
ment scores on BM-CITE dataset, but its embeddings show 
clear separation between batches that are measured with dif
ferent modalities, which is the modality gap phenomenon 
and explains its 0 batch correction scores on this dataset. 
However, such phenomena are not observed in ACE-align’s 
embeddings, demonstrating that our proposed CL loss can 
better align embeddings between batches and is more suitable 
for mosaic integration tasks (refer to Note B in File S1 for fur
ther details). For the reason why MatchCLOT’s embeddings 
on PBMC-Mult dataset do not show the modality gap 

(Figure S4B), we think it’s probably because of greater infor
mation content disparity between protein and RNA, com
pared to that between ATAC and RNA.

In case 2 where each dataset contains a larger number of 
cells and more cell types than case 1, ACE-spec still achieves 
the highest overall scores, followed by ACE-align (Figure 2A, 
Figures S3C, S3D, and S5). The bio-conservation scores of 
ACE-spec are also the highest and its modality alignment 
scores rank the first and the second on two datasets, respec
tively. Its batch correction performance is the best on the 
CITE dataset and competitive on the Multiome dataset. 
Despite ACE-align not achieving the highest scores on these 
datasets, its performance remains comparable to the leading 
method. UMAP visualizations also show that ACE-spec pro
duces well mixed batches and better separation of cell types 
(Figure 2C, Figure S6). Similar to case 1, we observed modal
ity gap phenomena in MatchCLOT’s results for the CITE 
dataset while it does not appear in ACE-align’s results.

In case 3 and case 4, we did not evaluate the modality 
alignment score because the number of matched test cell pairs 
can be scarce. With different proportions of shared types, 
ACE-align and ACE-spec consistently attain the top overall 
scores (Figure 2D, Figure S7A and B). When the proportion 
above certain thresholds, ACE-spec shows superior perfor
mance over other methods. When the proportions are small, 
ACE-align and ACE-spec both rank within the top 5 among 
all methods, indicating their good generalization capabilities. 
Notably, when the proportions are small (<0:1), ACE-align 
shows higher bio-conservation scores (and overall scores) 
than ACE-specin in both cases. The reason is that when the 
number of shared cell types among batches is small, it’s very 
likely to match cells with different cell types, eroding the orig
inal signal of cellular heterogeneity.

Finally, we evaluated the robustness of all methods against 
the number of cells in bridge batches. Specifically, we ran
domly removed certain proportions of cells from the bridge 
batches in the CITE dataset (proportion ¼ 0.1, 0.2, 0.4, and 
0.8, remaining 60,000, 53,000, 40,000, and 13,000 cells, re
spectively) and evaluated all the methods on these new data
sets. Generally, with the proportion of removed cells 
increasing, all methods’ performance decreased with respect 
to specific metrics (Figure S7C). However, ACE-align and 
ACE-spec still attain the top 3 overall scores among all meth
ods (Figure 2E).

ACE achieves competitive performance in tri-modal 
mosaic integration
We further applied ACE to tri-modal integration. DOGMA 
dataset and CITE-ASAP dataset were used in this experiment. 
They both exhibit intra-modality batch effect, and following 
bi-modal settings, we organized tri-modal case 2 and tri- 
modal case 4 on them. Specifically, case 2 includes the 
DOGMA and CITE-ASAP datasets. In case 4, following bi- 
modal settings, we randomly sampled different cell types 
from each part in the DOGMA dataset, respectively, and con
structed multiple datasets with various proportions of shared 
types among batches. We used Cobolt, CLUE, scMoMaT, 
and StabMap for comparisons. MatchCLOT was not in
cluded because it cannot handle tri-modal integration situa
tions. We also added Harmony as the post-processing step 
for CLUE, Cobolt, scMoMaT, and StabMap. Note that the 
CITE-ASAP dataset does not contain test cell pairs, so we 
didn’t evaluate modality alignment on it.
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In tri-modal case 2, ACE-spec achieves the highest overall 
score on the DOGMA dataset, followed by ACE-align 
(Figure 3A, Figure S8A). Their bio-conservation scores rank 
in the top 2 and their batch correction scores rank in the top 

3 among all methods. UMAP plots also show that within 
ACE’s outputs, batches are well mixed and cell types are 
clearly separated (Figure 3B, Figure S9A). Surprisingly, on 
the CITE-ASAP dataset, StabMap reaches much higher bio- 

Figure 2 Bi-modal mosaic integration benchmark 
A. Overall scores for all compared methods in case 1 and case 2. The top 3 methods for each score are labeled. B. UMAP plots for embeddings of ACE- 
align, ACE-spec, MatchCLOT, and scMoMaT on the BM-CITE dataset. Cells in the first row are colored by cell types and colored by modality labels (and 
batch labels) in the second row. C. UMAP plots for embeddings of ACE-align, ACE-spec, MatchCLOT, and scMoMaT on the CITE dataset. Cells are 
colored by cell types in the first row, colored by batch labels in the second row, and colored by modality labels in the third row. D. Overall scores and bio- 
conservation scores of all methods in case 3 and case 4. E. Benchmarking of all methods’ robustness against the number of cells in bridge batches. CITE, 
PBMC-Mult, and BM-CITE are experimental datasets. UMAP, Uniform Manifold Approximation and Projection; ARI, Adjusted Rand Index; NMI, 
Normalized Mutual Information; iLISI, inverse Local Inverse Simpson’s Index; FOSCTTM, Fraction of Samples Closer Than the True Match.
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conservation scores than other methods, helping it achieve 
the highest overall score (Figure 3C, Figure S8B). UMAP 
plots show that StabMap indeed clearly separates four cell 
types in the CITE-ASAP dataset whereas ACE-align and 
ACE-spec separate T cells and myeloid cells into several sub
populations (Figure 3D, Figure S9B). The superior perfor
mance of StabMap on the CITE-ASAP dataset can be 
attributed to the low resolution of annotations, which simpli
fies the task of preserving cellular heterogeneities.

In tri-modal case 4, ACE-align consistently ranks within 
the top 2 in terms of overall scores across various proportions 
of shared types (Figure 3E, Figure S10A and B). With the pro
portion increasing, ACE-spec’s overall scores gradually im
prove and reach similar or even exceed ACE-align, which is 
similar to the case 4 in bi-modal integration. The main reason 
is that low proportions of shared types among batches can 

easily result in incorrect matching of cells. We also evaluated 
the robustness of all methods against the number of cells in 
bridge batches. Specifically, we randomly removed certain 
proportions of cells from the bridge batches in the DOGMA 
dataset (proportion ¼ 0.1, 0.2, 0.4, and 0.8, remaining 6900, 
6100, 4600, and 1500 cells, respectively) and evaluated all 
the methods on these new datasets. Despite all methods’ per
formance decreasing with the removed cells increasing 
(Figure S10C), ACE-align and ACE-spec consistently achieve 
the top overall scores (Figure 3F, Figure S10D).

ACE-spec helps refine cell type annotations of CITE- 
ASAP dataset
Note that in the integration task of the CITE-ASAP dataset, 
StabMap achieves top bio-conservation scores whereas on 
the rest of datasets, its scores are at a low level. This is 

Figure 3 Tri-modal mosaic integration benchmark 
A. Overall scores of all compared methods on the DOGMA dataset in case 2. The top 3 methods for each score are labeled. B. UMAP plots for 
embeddings of ACE-align, ACE-spec, scMoMaT, and StabMap on the DOGMA dataset. Cells in the first row are colored by cell types and colored by 
modality labels (batch labels) in the second row. C. Overall scores of all methods on the CITE-ASAP dataset in case 2. D. UMAP plots for embeddings of 
ACE-align, ACE-spec, scMoMaT, and StabMap on the CITE-ASAP dataset. Cells are colored by cell types in the first row, colored by batch labels in the 
second row, and colored by modality labels in the third row. E. Overall scores of all methods in tri-modal case 4. F. Benchmarking of all methods’ 
robustness against the number of cells in bridge batches. DOGMA and CITE-ASAP are experimental datasets.
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because the annotation resolution of the CITE-ASAP dataset 
is so low that preservation of biological variations is easily 
achieved. However, the embeddings of ACE-spec show stron
ger cellular heterogeneity than the original annotations, 
which inspires us to use ACE to refine the cell type annota
tions. We applied Louvain clustering algorithm on the 
embeddings of four batches using SCANPY [32] (resolution 
¼ 1.0) and obtained 17 clusters (Figure 4A). For a compari
son, we also performed clustering on other methods’ embed
dings with the same resolution.

As shown in Figure 4A, all methods’ embeddings success
fully separate the four annotated cell types. StabMap- 
Harmony produces the largest number of clusters, but many 
appear to be outliers because there are significant discrepan
cies between the outputs of StabMap and StabMap- 
Harmony. When comparing the clustering results of ACE- 
spec, scMoMaT, scMoMaT-Harmony, and Cobolt- 
Harmony, we can observe that ACE-spec achieves the most 
compact clusters and clearest separation boundaries between 
clusters. The mapping of ACE-spec’s clustering labels onto 
the UMAP of other methods is largely consistent with their 
own clustering results, but ACE-spec provides a finer granu
larity in clustering resolution. We also applied weighted near
est neighbors (WNN) analysis [33] on the batches measured 
with CITE-seq and batches measured with ASAP-seq, respec
tively. When projecting ACE’s cluster labels to the WNN 
UMAP plots, we observed that the majority of cluster labels 
are consistent with the grouping in WNN analysis results 
(Figure S11A and B). The differences are as follows: in the 
batches measured with CITE-seq, WNN further separates 
clusters 1 and 2 into two groups, respectively, but mixes clus
ters 7 and 13 as well as clusters 2 and 12. In the batches mea
sured with ASAP-seq, WNN mixes clusters 1 and 9 as well as 
clusters 6 and 14.

Next, we tried to annotate these clusters. Taking the two 
batches measured with CITE-seq as an example, cluster 4 
corresponds to the original natural killer (NK) cell and cluster 
5 corresponds to the original B cell. The upregulated genes 
PRF1, GNLY, and KLRD1 [33] (P<1 × 10� 10 based on 
Wilcoxon test) and MS4A1, CD79A, and RALGPS2 [33] 
(P<1 × 10� 10 based on Wilcoxon test) validate the original 
annotations for clusters 4 and 5, respectively (Figure 4B). The 
annotation refinement mainly happens within T cell and mye
loid cell populations. Clusters 0, 1, 2, 3, 7, 8, 9, 10, 12, 13, 
and 16 have upregulated expression of T cell markers [33] 
(CD3E, CD3D, and CD3G, P<0:05), making them T cells 
(Figure 4B). Clusters 0, 1, 3, 8, and 9 have high expression of 
CD4, indicating they are CD4þ T cells (Figure 4B). Clusters 
2, 7, 12, and 16 with high expression of CD8A and CD8B 
are CD8þ T cells (Figure 4B). Clusters 10 and 13 belong to 
other T cells. Notably, cluster 11 consists of T cells in the 
original annotations, but any of CD3D, CD3E, and CD3G is 
not highly expressed within them (P>0:05). Instead, cluster 
11 has upregulated expression of CD11C (P<1 × 10� 10) and 
CD1C [33,34] (P<0:05), and thus we annotated it as con
ventional dendritic cell (cDC).

Within CD4þ T cells, clusters 0, 3, and 8 have high expres
sion of TCF7 and LEF1 [33], making them naïve CD4þ T 
cells (Figure 4C); cluster 1 has high expression of IL7R and 
IL32 [33], making it CD4þ memory T cells (Figure 4C); clus
ter 9 has high expression of RTKN2, FOXP3, IL2RA, and 
TIGIT [33], making it T regulatory cells (Tregs) (Figure 4B). 
Within CD8þ T cells, clusters 2 and 12 with high expression 

of CCR7, LINC02446, and LEF1 [33] are naïve CD8þ T 
cells (Figure 4C); clusters 7 and 16 with high expression of 
IL7R, CCL5, and CST7 are CD8þ memory T cells [33] 
(Figure 4C). Within other T cells, cluster 13 has high expres
sion of KLRB1 [33] and the surface proteins T-cell receptor 
(TCR) Vα7.2 and CD161 [33,34] (Figure 4B and C), making 
it mucosal-associated invariant T (MAIT) cells. Cluster 10 
shows high expression of TRDC and TRGC1 [33] as well as 
the surface protein TCR-γδ [35] (Figure 4B and C), making it 
gamma delta T (gdT) cells.

Within the original myeloid cells, cluster 6 has high expres
sion of CD14, S100A9, and LYZ [33] (Figure 4B and C), 
making it CD14 monocytes. Cluster 14 is identified as plas
macytoid dendritic cell (pDC) due to its high expression of 
ITM2C, SERPINF1, and IL3RA [33] (Figure 4B). Cluster 15 
is identified as hematopoietic stem and progenitor cell 
(HSPC) due to its high expression of PRSS57, EGFL7, and 
GATA2 [33] as well as the surface protein CD34 [33] 
(Figure 4B and C).

For each cluster, we performed Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway enrichment analysis 
on the top 200 differentially expressed genes (DEGs; based 
on RNA data from CITE-seq) using clusterProfiler [36]. The 
results demonstrate a consistency between the enriched path
ways and our cell type annotations (Figure S12). For instance, 
NK cell-mediated cytotoxicity is the most significantly 
enriched pathway in cluster 4, supporting our annotation of 
NK cells. In cluster 5, pathways such as B cell receptor signal
ing and intestinal immune network for IgA production are 
enriched, further validating the cluster’s identification as B 
cells. Those clusters annotated as T cells display enrichment 
in pathways relevant to T cell function, including TCR signal
ing, primary immunodeficiency, and cell adhesion molecules. 
Additionally, cluster 6, annotated as CD14þ monocytes, 
shows enrichment in pathways like phagosome and lyso
some, which are critical for the phagocytic activity of mono
cytes [37]. For cluster 15, annotated as HSPCs, we observed 
enrichment in the hematopoietic cell lineage pathway.

Moreover, analysis on the other two batches measured 
with ASAP-seq can also validate our annotations. For exam
ple, the surface proteins CD1C and CD11C are highly 
expressed within cluster 11 (P<0:01) (Figure 4D), consistent 
with the results mentioned above. Cluster 13 has high expres
sion of TCR Vα7.2 and CD161, and cluster 15 has high ex
pression of CD34 (Figure 4D, Figure S11C), confirming the 
annotations of MAIT cells and HSPCs. We further used 
chromVar [38] to infer accessibility scores for known motifs. 
We found that peaks in cluster 11 are highly enriched for 
motifs for the transcription factor JUNB [39] (P<1 × 10� 10) 
(Figure 4D) that is essential for cDC identity [39], confirming 
our annotation for cluster 11. Peaks in our annotated MAIT 
cells are highly enriched for motifs for the pro-inflammatory 
transcription factor RORgammat (P<1 × 10� 10) 
(Figure 4D), consistent with existing studies [33]. Other 
motifs’ activity scores also support our annotations 
(Figure S11D).

ACE-spec helps discriminate cellular heterogeneity 
in viral pneumonia datasets
To further demonstrate ACE-spec’s ability in enhancing the 
representation of cellular heterogeneity, we considered a 
more complex task of mosaic integration for atlas-scale data
sets from viral pneumonia patients (referred to as VP 
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Figure 4 Analysis of ACE-spec’s results on the CITE-ASAP dataset 
A. UMAP plots of embeddings from different integration methods on this dataset. Cells are colored by original annotations (the first row), batch labels 
(the second row), Louvain clustering labels (the third row), and clustering labels from ACE-spec (the last row). B. Expression heatmap of marker genes of 
known cell types in all clusters. C. Expression heatmap of known marker genes and marker proteins in the batches measured with CITE-seq. D. 
Expression heatmap of known marker genes and marker motifs in the batches measured with ASAP-seq. CITE-seq and ASAP-seq are 
experimental datasets.
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dataset). We collected a public scRNA-seq dataset [40] (re
ferred as VP-RNA dataset) which analyzed the transcriptome 
of PBMCs from 17 viral pneumonia patients with moderate 
disease (n ¼ 5), acute respiratory distress syndrome (ARDS) 
(severe, n ¼ 6), or recovering from ARDS (recovering, n ¼ 6). 
This dataset contains 69,983 cells and 11 manually anno
tated cell types. A single-cell resolution mass cytometry 
(CYTOF) dataset [41] spanning 160 patients and a total of 
7.11 million cells was collected, which was generated from 
granulocyte depleted whole blood of viral pneumonia 
patients, sepsis patients, and healthy volunteers. We used the 
CITE-seq dataset (referred as CITE2 dataset) of 161,764 
PBMCs from healthy donors [33] as the bridge dataset. 
Following the study by Hao et al. [42], we removed cells 
from individuals with sepsis in the CYTOF dataset, resulting 
in 116 samples and 5.17 million cells. The CYTOF dataset 
was then downsampled to 1000 cells per sample, and finally 
it contains 116,000 cells in total. The CITE2 dataset shares 
31 surface protein features with the CYTOF dataset and 

shares 19,668 gene features with the VP-RNA dataset. 
UMAP visualizations for each dataset and their embeddings 
from ACE-spec are shown in Figure 5A and Figure S13.

ACE-spec enhances the representation of cellular heteroge
neity for the VP-RNA dataset (Figure 5B) (clustering is per
formed on the embeddings using SCANPY with 1.5 
resolution). For example, within originally annotated NK 
cells, ACE-spec separates them into two clusters, 4 and 17. 
DEG analysis between these two clusters shows that GZMK 
is the most significantly upregulated gene in cluster 17 
(P<1 × 10� 10) and GZMB is one of the most significantly 
upregulated genes in cluster 4 (P<1 × 10� 10) (Figure 5C). 
The expression difference between two clusters may be corre
lated with their proportion of cells from different patients. 
Specifically, within cluster 17, cells from moderate patients 
occupy 37% and cells from severe (severe and recovering) 
patients occupy 63%, while within cluster 4, they occupy 
44% and 56%, respectively. Increasing number of cells from 
moderate patients within cluster 4 may lead to higher 

Figure 5 Analysis of ACE-spec’s results on the viral pneumonia-related datasets 
A. UMAP plots for raw expression profiles of the VP-RNA dataset and its embeddings from ACE-spec. Cells are colored by original annotations. B. UMAP 
plot of ACE’s embeddings for the VP-RNA dataset. Cells are colored by clustering labels through performing Louvain on the embeddings. C. The most 
significant DEGs between clusters 17 and 4. D. Clustering labels within original CD8þ T populations by performing Louvain on the embeddings of CD8þ T 
populations. E. Stacked violin plot displaying the top DEGs among four clusters. F. Scatter plot showing the proportion of cells from different severity 
groups within four clusters. G. UMAP plots of CD8þ T populations and MAIT cells in the bridge dataset using embeddings from WNN analysis and ACE. 
The black dotted circle highlights a separated cluster from the CD8 naïve cluster. Cells are colored by the level-3 annotations in the bridge dataset. H. 
Heatmap of expression of TCR Vα7.2 and CD161 for cells in (G). VP, viral pneumonia; DEG, differentially expressed gene; MAIT, mucosal-associated 
invariant T cell; TCR, T-cell receptor.
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expression of GZMB and lower expression of GZMK, which 
is consistent with the finding that GZMB has increased ex
pression in NK cells of mild patients and GZMK has predom
inantly increased expression in NK cells of severe 
patients [43].

Within the originally annotated monocytes/cDCs, ACE-spec 
separates them into clusters 5, 14, 16, and 20. It’s noteworthy 
that ACE-spec groups a part of original erythrocytes into clus
ter 5. We observed that this small part of cells has high expres
sion of S100A8, S100A9, LYZ, and CD14 [33], indicating 
CD14 monocytes (Figure S14). Cluster 14 also highly 
expresses these genes, making it CD14 monocytes. Cluster 16 
highly expresses CDKN1C, FCGR3A, MS4A7, and HES4 
[33], making it CD16 monocytes (Figure S14). Cluster 20 has 
high expression of FCER1A, HLA-DQA1, CLEC10A, and 
CD1C [33], making it cDCs (Figure S14).

Within the original CD8þ T cells, we observed that ACE- 
spec separates them into several groups, and we performed 
Louvain algorithm among them using SCANPY (resolution 
¼ 0.3), resulting in 5 groups (Figure 5D). Cluster CD8T_3 
highly expresses CCR7, LINC02446, LEF1, and OXNAD1 
[33], making it naïve CD8þ T cells (Figure S14). Clusters 
CD8T_0, CD8T_1, CD8T_2, and CD8T_4 highly express 
CD8A, CCL5, GZMH, and KLRD1 [33], making them 
CD8þ T effector memory (CD8 TEM) cells (Figure S14). 
Within these four clusters, CD8T_1 has notable expression 
differences compared to the other three (Figure 5E), which 
may be correlated with its much higher proportion of cells 
from severe patients (Figure 5F).

Moreover, for the bridge dataset, it also obtains enhanced 
representations. For example, within its level-3 annotations, 
ACE-spec isolates a group of cells (n ¼ 742) from the CD8 
naïve cluster (Figure 5G). We found that this group of cells 
has high expression of TCR Vα7.2 but low expression of 
CD161, marking them TCR Vα7.2þ CD161− T cells (a sub
type differing from MAIT cells and TCR Vα7.2− conven
tional T cells) (Figure 5H) [44]. Together, ACE-spec 
enhances the representation of cellular heterogeneity, not 
only helping define fine-grained cell type annotations but also 
revealing changes in phenotype.

Parameter sensitivity and scalability
To test how ACE’s performance is affected by different pa
rameter settings, we evaluated ACE on the CITE dataset as in 
bi-modal case 2 and on multiple downsampled CITE datasets 
as in bi-modal case 4. The hyperparameters in ACE mainly 
include the temperature parameter τ, the latent dimension d, 
and the number of nearest neighbors k for embedding impu
tation in ACE-spec. The learning rate and training epochs 
were fixed across experiments. Figure S15A and B show that 
ACE-align is generally insensitive to the choice of latent di
mension, and it performs better when τ is not greater than 
0.1. When τ is greater than 0.1, modality alignment scores of 
ACE-align will decrease. Also, ACE-spec gets higher modality 
alignment scores when τ is not greater than 0.1. The latent di
mension has a notable impact on ACE-spec’s bio- 
conservation scores and batch correction scores. Specifically, 
batch iLISI scores get higher when d decreasing whereas bio- 
conservation scores get higher when d increasing. However, 
the influence of d on the batch correction scores is compara
tively minor compared to its impact on the bio-conservation 
scores. So, we recommend using higher d (e.g., 256) for ACE- 
spec. As for the reason why bio-conservation scores favor 

large latent dimension, we believe that it’s because better dis
crimination of cellular heterogeneity requires more feature 
dimensions. Varying k has little impact on the NMI and ARI 
scores of ACE-spec, while smaller values of k lead to better 
iLISI scores of ACE-spec (Figure S15C). This is likely because 
the imputed embeddings that are averaged over more neigh
bors’ embeddings will exhibit reduced fidelity to the real 
ones, introducing batch effects within intra-modality embed
dings. We recommend setting k to 2, as this value consistently 
attains superior batch correction and robust bio-conservation 
performance for ACE-spec.

We compared the scalability of ACE (align þ spec) against 
other methods on the CITE2 dataset which simultaneously 
measures RNA and protein expression in 161,764 PBMCs 
from healthy donors [33]. We randomly selected cells from 
them with various proportions (1%, 10%, 20%, 40%, 80%, 
100%) and then randomly partitioned them into three 
groups: multimodal, RNA-modal, and protein-modal parts. 
We evaluated the running time of all methods on a Linux 
server equipped with IntelR CoreTM i9-10980XE Central 
Processing Unit (CPU), 128 GB memory, and a GeForce RTX 
3090 Graphics Processing Unit (GPU). Figure S15D demon
strates that ACE is the most time-efficient method and com
pletes its run on 160,000 cells within 3 min, suggesting its 
scalability for larger-scale datasets.

Discussion
In this study, we present ACE, a mosaic integration frame
work for single-cell multi-omics data analysis. ACE assem
bles two strategies, ACE-align and ACE-spec, to handle the 
disparity in modality abundance across datasets. ACE-align 
applies CL for explicit modality alignment to construct a 
shared latent space across modalities, thereby bridging the 
gap between modalities. We propose a novel CL loss, which 
addresses the modality gap problem and achieves better mo
dality alignment. ACE-spec utilizes the results of ACE-align 
to impute the missing modality-specific representations, 
which helps preserve and better represent cellular 
heterogeneities.

We evaluated ACE-align and ACE-spec under various data 
integration scenarios using comprehensive metrics, and ex
perimental results showed that both strategies achieved supe
rior performance compared to other state-of-the-art methods. 
Each strategy has its own suitable applications. Generally, 
ACE-align fits scenarios with a small proportion of shared 
cell types across batches, whereas ACE-spec is more appro
priate for scenarios with a large proportion of shared cell 
types across batches. Particularly, ACE-spec demonstrates 
outstanding performance in capturing cell-to-cell variations, 
rendering it an advantageous integration method for enhanc
ing cellular representations of existing datasets.

We conducted extensive ablation studies to investigate the 
robustness of our proposed framework. First, we validated 
that the observed cellular heterogeneity was robust regardless 
of the choice of UMAP parameters (Note C in File S1). 
Second, we validated that our proposed loss function signifi
cantly outperformed the InfoNCE loss in terms of batch cor
rection and bio-conservation performance (Note D in File 
S1). Third, we found that ACE was generally robust to the 
choice of batch correction methods applied prior to model 
training (Note E in File S1). Fourth, we observed that ACE 
achieved higher NMI and ARI scores when using shared 
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nearest neighbor (SNN)-based clustering algorithms [45,46] 
compared to K-means, while ACE-spec showed lower unsu
pervised metric scores under the same conditions (Note F in 
File S1).

In most scenarios, the goal of data integration is to extract 
biological insights from the datasets, which is why the bio- 
conservation score is given a larger weight [28,30]. However, 
in some cases, the objective may shift toward aligning batches 
or modalities. For these scenarios, a larger weight should be 
assigned to batch correction or modality alignment scores to 
better reflect the integration target. Based on our experiment 
results, ACE-align and ACE-spec demonstrate superior per
formance in biological conservation and modality alignment. 
Therefore, assigning larger weights to bio-conservation or 
modality alignment scores maximizes the overall perfor
mance of ACE’s framework, whereas placing a higher weight 
on batch correction reduces ACE’s comprehensive 
performance.

ACE can be used not only for data representation, but also 
for reconstruction of raw omics features of missing modali
ties. We performed detailed comparison between our method 
and other reconstruction methods (Note G in File S1), includ
ing scVAEIT [47], totalVI [48], and MultiVI [49]. 
Experimental results showed that our simple reconstruction 
strategy even achieved comparable performance to the state- 
of-the-art method, scVAEIT, and outperformed totalVI and 
MultiVI with respect to overall scores and robustness. 
Moreover, UMAP plots confirmed that our reconstructed 
features showed better separation of cell types compared 
to scVAEIT.

Overall, ACE is a valuable tool for understanding single- 
cell multimodal data. We envisage that ACE will serve as a 
promising tool for the community of single-cell multi-omics 
data analysis.

Code availability
The source code used in this study is available on GitHub 
(https://github.com/CSUBioGroup/ACE-main). The code has 
also been submitted to BioCode at the National Genomics 
Data Center (NGDC), China National Center for 
Bioinformation (CNCB) (BioCode: BT007620), which is 
publicly accessible at https://ngdc.cncb.ac.cn/biocode/ 
tools/BT007620.

Data availability
The processed datasets have been deposited to Zenodo and 
can be accessed at https://zenodo.org/records/10851161.
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