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Abstract. Accurate cell-type annotation across modalities is critical for
single-cell multi-omics studies. However, integrating assays like scATAC-
seq with well-annotated scRNA-seq references is hindered by substantial
modality shifts and severe label scarcity. Under extreme low-label regimes
(e.g., ≈1% source labels), existing semi-supervised transfer methods suf-
fer from severe error accumulation and boundary collapse among closely
related cell states due to unconstrained noisy pseudo-labeling. To address
this, we propose CADENCE (Cycle-verified Assistant-driven DANCE
with confusing pair corrEctioN), a unified semi-supervised framework
designed to safely transfer knowledge under extreme label scarcity. For
source data, CADENCE expands supervision via optimal transport with
a curriculum-guided, class-balanced selection. For unlabeled target data,
we replace direct pseudo-labeling with a robust teacher-assistant-student
architecture, where an assistant branch absorbs noisy target supervision
and distills only clean representation knowledge to the primary student
model. To further guarantee reliability, a lightweight cycle-consistent la-
tent translator acts as a structural gate to dynamically filter and reweight
ambiguous target cells. Finally, a prototype-based confusing-pair cor-
rection mechanism explicitly rectifies systematic pairwise misclassifica-
tions. Extensive experiments on public benchmarks demonstrate that
CADENCE significantly mitigates boundary collapse and improves an-
notation robustness among similar cell types, yielding highly reliable
cross-modality cell atlases without requiring paired measurements.

Keywords: Single-cell multi-omics · Cross-omics label transfer · Confusion-
aware learning · Cycle consistency.

1 Introduction

Single-cell multi-omics technologies, particularly scRNA-seq and scATAC-seq
[2, 10], are essential for characterizing gene regulation across complementary
molecular layers. While integrating these modalities enables the construction
of comprehensive cell atlases, annotating scATAC-seq data remains challenging
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due to its high sparsity, high dimensionality, and substantial modality shift from
well-curated scRNA-seq references. Consequently, scATAC-seq datasets are often
weakly labeled or entirely unlabeled, necessitating cross-modality label transfer
pipelines rather than direct supervised learning.

To bridge the modality gap, various computational methods have been devel-
oped. Typical approaches tackle cross-modality integration by learning shared
embeddings or aligning heterogeneous representations, including scalable kNN-
based transfer (e.g., scJoint [12, 7]), reliability-aware alignment (e.g., scBridge
[5]), and methods incorporating biological priors or contrastive objectives (e.g.,
scNCL [14]). Despite their success, most of these methods implicitly assume the
availability of abundant, high-quality source labels or rely on expensive paired
measurements. To relax these stringent requirements, recent semi-supervised
frameworks like DANCE employ optimal transport (OT) [1, 16] for pseudo-
labeling and a divide-and-conquer strategy for target learning. However, under
extreme label scarcity—a realistic regime where as few as ≈1% of source cells
are annotated—even these advanced methods rapidly degrade. Early pseudo-
labeling errors are easily reinforced, and training directly on ambiguous target
samples leaks noise into the prediction head, leading to severe boundary collapse
between closely related cell states.

To solve this harsh low-label problem, we propose CADENCE, a robust semi-
supervised transfer framework designed to mitigate noise propagation and refine
decision boundaries. Building upon OT-based expansion and cross-omic mixup,
CADENCE fundamentally restructures the target learning process through a
gentle teacher-assistant-student architecture [4]. Instead of exposing the primary
classifier to unreliable target pseudo-labels, an assistant network absorbs this
noisy supervision, transferring only clean representation knowledge to the stu-
dent via exponential moving average (EMA) updates. To further guarantee tar-
get supervision quality, we introduce a lightweight bidirectional latent translator
trained with cycle consistency [6]. By evaluating the cycle-reconstruction error,
CADENCE dynamically gates and reweights ambiguous target cells, providing
a reliable internal check for cross-modal translation. Furthermore, to address
persistent misclassifications among neighboring cell subtypes, we incorporate a
prototype-based confusing-pair correction mechanism that dynamically identifies
and rectifies soft labels in the feature space [17].

By systematically controlling pseudo-label reliability rather than merely ex-
panding their quantity, CADENCE prevents noisy supervision from collapsing
decision boundaries. In summary, our main contributions are three-fold:

1. Problem Focus: We identify and address the severe vulnerability of semi-
supervised cross-modality transfer under extreme label scarcity (≈1% source
labels), where unconstrained noisy target supervision inevitably leads to
boundary collapse.

2. Methodological Innovation: We propose CADENCE, a novel framework
that prevents noise propagation via a gentle teacher-assistant-student rep-
resentation distillation, structurally gated by a cycle-consistent reliability
metric for ambiguous targets.
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3. Target Refinement & Impact: We introduce a prototype-based confusing-
pair correction mechanism that dynamically rectifies systematic pairwise
misclassifications, achieving significantly more robust cell-type annotations
without paired multi-omic data.

2 Method

2.1 Problem Definition and Overview

We tackle semi-supervised cell-type transfer from a source scRNA-seq dataset to
a target scATAC-seq dataset under extreme label scarcity. Let the source domain
be

Ds = Ds
l ∪ Ds

u, Ds
l = {(xs

i , y
s
i )}

Nl

i=1 , Ds
u = {xs

i}
Nu

i=1 , (1)

where the labeled fraction is extremely small (e.g., Nl/(Nl + Nu) ≈ 1%). The
target dataset Dt = {xt

i}
Nt
i=1 is entirely unlabeled but shares the same C cell

types. We employ a shared encoder F (·) and classifier H(·) to extract latent
features z = F (x) ∈ Rd and predictive probabilities p = softmax(H(z)) ∈ ∆C .

The goal is to maintain discriminability despite the sparse source supervi-
sion and transfer robustly across the modality gap. To achieve this, CADENCE
partitions target cells into source-like (high-confidence) and ambiguous (low-
confidence) subsets. The model is trained via a two-phase process: a supervised
warm-up on Ds

l , followed by end-to-end semi-supervised learning comprising op-
timal transport (OT) source expansion, divide-and-conquer target training, and
cross-modality alignment.

2.2 Curriculum OT Expansion on Source

To overcome the selection bias caused by the 1% label regime, we estimate
pseudo-labels for Ds

u from a global distributional perspective. For a mini-batch
of B unlabeled source samples with predictions P ∈ RB×C , we solve an entropic-
regularized OT problem to find a coupling matrix Q⋆:

Q⋆ = arg min
Q∈Q( 1

B 1, 1
C 1)

∑
i,j

(− logPij)Qij +
1

σ

∑
i,j

−Qij logQij , (2)

where Q is the transport polytope and σ controls the entropy regularization
strength. Normalizing each row of Q⋆ yields OT-derived soft pseudo-labels ŷi ∈
∆C .

To prevent early error amplification, CADENCE employs a curriculum sched-
ule that gradually expands the pseudo-label budget Ke = ⌊ρ(e) ·Nu⌋ over epochs
e, where ρ(e) ∈ [0, 1] is a monotonically increasing budget ratio. We select a class-
balanced subset Ie ⊂ Ds

u based on confidence. The selected samples are merged
with the labeled set and trained with a discounted weight wpl:

Ls =
1

|Ds
l |

∑
(x,y)∈Ds

l

CE(p(x), y) + wpl
1

|Ie|
∑
x∈Ie

CE
(
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)
. (3)
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Fig. 1. Overview of CADENCE. (a) Warm-up initializes the Student, Teacher, and
Gentle Teaching Assistant (GTA). (b) Source expansion generates OT-based pseudo-
labels for unlabeled scRNA-seq. (c) Target learning splits scATAC-seq cells into
high-/low-confidence subsets; SWITCH estimates cycle reliability and CPC performs
prototype-based confusing-pair correction. (d) Mixup alignment reduces cross-omic
shift, with GTA→Student encoder EMA and Student→Teacher full-model EMA.

Here, argmax ŷ(x) converts the OT-derived soft assignment into a hard pseudo-
label for source CE training, rather than using the model prediction argmax p(x)
directly.

2.3 Reliability-Aware Divide-and-Conquer on Target

Target pseudo-labels are inherently noisier due to modality shift. We partition
target samples using the teacher model’s confidence si = maxc p

T
i [c]:

Dt
SL = {xt

i | si > τ}, Dt
AMB = {xt

i | si ≤ τ}, (4)

where τ is a confidence threshold. For source-like targets (Dt
SL), we apply con-

sistency regularization against perturbations x̃:

LSL =
1

|Dt
SL|

∑
x∈Dt

SL

CE
(
pS(x̃), argmax pT (x)

)
. (5)

Ambiguous targets (Dt
AMB), conversely, require a dedicated reliability frame-

work to prevent noise from corrupting the classifier.
Gentle Teacher–Assistant–Student Distillation. We isolate noisy su-

pervision by introducing an assistant branch A alongside the teacher T and stu-
dent S. The assistant learns from ambiguous targets using weak partial labels. To
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shield the student’s prediction head from corrupted gradients, the student only
absorbs representation knowledge via an exponential moving average (EMA) of
the assistant’s encoder θAf :

θSf ← αθSf + (1− α)θAf , θT ← βθT + (1− β)θS . (6)

Partial-Label Learning and Cycle Gating. For each xt
i ∈ Dt

AMB , we
initialize a candidate mask mi using the teacher’s top-k predictions Yi, yield-
ing a normalized soft pseudo-label qi. The assistant minimizes the partial-label
objective:

LAMB =
1

|Dt
AMB |

∑
xt
i∈Dt

AMB

wi

C∑
c=1

−qi[c] log pAi [c]. (7)

To determine the reliability weight wi, we introduce a lightweight bidirectional
latent translator (Gs→t, Gt→s) trained via cycle consistency:

Lcyc = E
[∥∥Gt→s

(
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s)
)
− zs

∥∥2
2

]
+ E

[∥∥Gs→t

(
Gt→s(z

t)
)
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∥∥2
2

]
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The cycle error ei = ∥Gs→t

(
Gt→s(z

t
i)
)
− zti∥22 provides the per-cell reliability

score wi = exp(−ei/σc) and a binary gate gi = I[ei < δ], where σc controls
the reliability weighting scale and δ is the cycle-error threshold. We iteratively
refine qi using the assistant’s predictions (qi ← Normalize((mi ⊙ qi)⊙ pAi )) and
progressively drop unlikely candidates based on a running average q̄i, shrinking
the candidate set safely based on gi.

Prototype-Based Confusing-Pair Correction. To mitigate persistent
pairwise errors among neighboring cell states, CADENCE dynamically maintains
EMA class prototypes µc using reliable source features:

µc ← ηµc + (1− η) ·Mean{zi | ŷi = c}. (9)

By tracking the teacher’s top-2 predictions for ambiguous targets passing the
gate gi, we identify the most frequently confused class pair (a, b). For affected
samples, we evaluate the distances da = ∥Gt→s(z

t
i)−µa∥22 and db = ∥Gt→s(z

t
i)−

µb∥22. Letting m = qi[a]+ qi[b] be their combined probability mass, we reallocate
it toward the closer prototype:

qi[a]← (1− γ)qi[a] + γm, qi[b]← m− qi[a] if da ≤ db, (10)

with the symmetric operation applied if db < da, where γ controls the correction
strength.

2.4 Cross-Modality Mixup and Overall Objective

To align the latent spaces without paired data, we form semantic embeddings ut
i

and us
j using the classifier weights W , compute their similarity Sij , and construct

a multi-sample Mixup feature z̃si =
∑

j softmax(S)zsj . The alignment loss is:

Lalign =
1

B

B∑
i=1

∥∥zti − z̃si
∥∥2
2
. (11)
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The entire framework is trained end-to-end. The student network minimizes
the primary objective (with an optional entropy regularizer Rent):

Lstudent = Ls + λSLLSL + λalignLalign + λentRent, (12)

while the assistant optimizes λAMBLAMB and the translators optimize Lcyc.
Unless otherwise specified, the default loss weights are set to λSL = 0.1,

λalign = 0.1, and λent = 1.0.

3 Experiments

3.1 Datasets Processing and Experiment Setup

To validate the effectiveness and robustness of CADENCE, we conduct exten-
sive experiments on two widely used benchmark single-cell multi-omics datasets.
In our setup, scRNA-seq serves as the source domain and scATAC-seq as the
unlabeled target domain.

Mouse Atlas Data. Derived from the Tabula Muris consortium, this dataset
provides comprehensive multi-omics profiles of mouse tissues. Following standard
evaluation protocols, the dataset is partitioned into multiple sub-tasks based on
various sequencing technologies. We utilize the scRNA-seq gene expression matri-
ces and the corresponding scATAC-seq quantitative gene activity score matrices
for cross-modality transfer [15].

CITE-ASAP PBMC Data. This PBMC dataset contains cells profiled un-
der both control and stimulated conditions. CITE-seq captures antibody-derived
tag (ADT) and gene expression matrices, whereas ASAP-seq simultaneously
captures ADT and chromatin accessibility matrices. For our experiments, we
extract the gene expression matrices from CITE-seq (source) and the chromatin
accessibility matrices from ASAP-seq (target) to construct the cross-modality
integration tasks [10].

Evaluation Protocol under Label Scarcity. To rigorously simulate the
extreme label scarcity scenario, we randomly sample only ≈ 1% of the cells in the
source scRNA-seq dataset to serve as the labeled set Ds

l , leaving the remaining
99% of the source data and the entirety of the target scATAC-seq data unlabeled.

3.2 Baselines

We evaluate CADENCE against a comprehensive suite of baselines under the
same ≈ 1% source label regime. General domain adaptation methods include
DAN [8] (minimizing MMD), CDAN [9] (conditional adversarial networks),
and MCC [3] (minimizing pairwise class confusion), which address domain
shifts but are not explicitly tailored for single-cell multi-omics sparsity. Gen-
eral semi-supervised learning is represented by FixMatch [13], demonstrating
the vulnerability of naive thresholding under severe cross-modality shifts. Tar-
geted single-cell integration methods include scJoint [7] (joint embeddings and
kNN), scNCL [14] (neighborhood-aware contrastive learning), and scBridge
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Table 1. Accuracy (%) under the 1% source-label setting. Best and second-best
results are shown in bold and underlined. T1–T4 denote scRNA_SMARTer-snmC,
scRNA_SMARTer-ATAC, snRNA_SMARTer-ATAC, and CITE-ASAP.

Method Task 1 Task 2 Task 3 Task 4

DAN [8] 41.96 21.23 22.02 29.68
CDAN [9] 34.66 22.05 20.99 27.32
MCC [3] 32.09 21.73 20.99 22.53

FixMatch [13] 31.55 22.07 21.25 25.71

scJoint [7] 23.94 19.62 11.05 23.42
scNCL [14] 45.28 19.93 19.89 22.95
scBridge [5] 13.13 28.32 26.44 26.76

DANCE [16] 51.56 46.40 47.43 46.83
Ours 55.80 49.82 50.22 55.82

Table 2. Ablation study on CITE-ASAP.

Seg-GTA SWITCH CPC Acc (%)

46.83
✓ 48.82

✓ 48.95
✓ 51.62

✓ ✓ ✓ 55.82

[5] (reliability-aware alignment), which often implicitly assume abundant source
supervision. Finally, DANCE [16], our direct predecessor, expands source la-
bels via optimal transport and employs a confidence-based divide-and-conquer
strategy. It serves as our primary baseline to explicitly demonstrate that our
reliability-enhancing modules (SWITCH, CPC, and Seg-GTA) are essential to
prevent boundary collapse under extreme label scarcity.

3.3 Results

Main Results on Benchmark Datasets. Table 1 presents the quantitative
classification accuracy across four cross-modality transfer tasks under the ex-
treme ≈ 1% source label regime. Overall, our proposed framework achieves the
highest accuracy across all tasks, demonstrating superior robustness against se-
vere modality shifts and extreme label scarcity.

General domain adaptation methods (e.g., DAN [8], MCC [3]) and standard
semi-supervised frameworks (e.g., FixMatch [13]) exhibit significant performance
degradation, with accuracies dropping to the 20%–30% range on Tasks 2, 3,
and 4. This indicates that standard global distribution alignment and naive
confidence thresholding are insufficient to overcome the high background noise
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Fig. 2. Additional analysis on Task 4 under the 1% source-label setting. (a) t-SNE
visualization of source scRNA-seq and target scATAC-seq embeddings. (b) Hyperpa-
rameter sensitivity of CADENCE.

and modality discrepancies inherent in single-cell multi-omics when supervision
is severely limited.

While traditional single-cell integration methods (e.g., scNCL [14], scJoint
[7]) typically perform well under standard settings, they suffer from severe bound-
ary collapse in our extreme low-label scenario. For instance, although scNCL [14]
achieves a moderate 45.28% on Task 1, its performance drastically falls to 19.89%
on Task 3. Similarly, scJoint [7] collapses to 11.05% on Task 3, and scBridge [5]
dramatically fails on Task 1 (13.13%). These failures highlight that existing
single-cell methods heavily rely on abundant source labels or high-quality cross-
modality pseudo-pairs; without them, the models are easily misled by erroneous
pseudo-labels, leading to local class collapse.

Compared to the recent semi-supervised baseline, DANCE [16], which es-
tablishes a relatively stable performance, our framework achieves consistent and
substantial performance gains. Notably, on the highly challenging Task 3, our
method is the only one to exceed the 50% accuracy threshold (50.22%). It also
yields a substantial absolute improvement of exactly 8.99% on Task 4 (increasing
from 46.83% to 55.82%). On Task 4, CADENCE achieves a Macro-F1 of 58.27%,
supporting the accuracy-based comparison under class imbalance.

Ablation Study. We conduct an ablation study on Task 4 (CITE-ASAP)
to validate each proposed component (Table 2). Adding Seg-GTA [4] or SWITCH
[6] to the base architecture (DANCE [16]) yields improvements of +1.99% (48.82%)
and +2.12% (48.95%), respectively. This confirms that isolating the classifier
from noisy gradients and filtering distorted samples effectively enhance pseudo-
label reliability. Notably, CPC [17] improves accuracy by +4.79 percentage points
to 51.62%, highlighting the importance of prototype based confusing-pair cor-
rection. Finally, the full CADENCE model synergizes all components to achieve
a peak performance of 55.82%. The modules are highly complementary: Seg-
GTA and SWITCH filter generalized noise, while CPC refines challenging local
boundaries, forming a robust solution against extreme label scarcity.

Visualization and Sensitivity Analysis. Fig. 2 provides qualitative and
sensitivity analyses on Task 4. Compared with DANCE, CADENCE produces
a more connected cross-modal embedding, with target scATAC-seq cells better
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aligned to the source scRNA-seq manifold. The sensitivity curves show that
CADENCE remains stable around the default loss weights.

4 Conclusion

In this paper, we introduced CADENCE, a robust semi-supervised framework
designed to tackle the severe challenges of cross-modality cell-type annotation
under extreme label scarcity (≈1% source labels). By shifting the focus from
merely expanding pseudo-labels to strictly controlling their reliability, our method
effectively mitigates cross-omic error accumulation. Specifically, the synergis-
tic integration of a gentle teacher-assistant-student distillation scheme, cycle-
consistent target gating, and prototype-based confusing-pair correction success-
fully prevents the classification boundary collapse that plagues existing methods.
Extensive experiments across diverse multi-omics benchmarks demonstrate that
CADENCE significantly outperforms previous state-of-the-art baselines. Ulti-
mately, this work provides a highly reliable and practical computational tool for
constructing comprehensive single-cell atlases in realistic, resource-constrained
biomedical scenarios.
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