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Abstract

Mitochondria segmentation from electron microscopy (EM)
images plays a crucial role in biological and medical re-
search. However, models trained on source domains often
suffer from performance degradation when applied to target
domains due to domain shift. Unsupervised domain adapta-
tion (UDA) methods have been proposed to address this is-
sue, but they often overlook the reliability of pseudo-labels
and the effectiveness of supervision signals. In this paper, we
propose R4MITO, a novel UDA framework for robust mi-
tochondria segmentation. First, we introduce Reliable Pro-
totype Pseudo-labels to mitigate the inconsistency of class-
level features between across domains by leveraging source
prototypes to model target prototypes. Second, we devise
Correlation-wise Consistency Regularization to exploit inter-
pixel correlations, aligning agent-level correlations under var-
ious perturbations. Third, we propose Rank-aware Relation-
ship Consistency Regularization to fully utilize the rich in-
formation encoded in inter-agent relationships by imposing
rank-aware constraints on agent-ranking probability distribu-
tions. Extensive experiments on multiple EM datasets demon-
strate the superiority of our R4MITO over existing state-of-
the-art UDA methods for mitochondria segmentation.

Introduction
Mitochondria are essential cellular organelles maintaining
cellular functions (Picard et al. 2011). Automatic mitochon-
dria segmentation (Ascoli 2002; Donohue and Ascoli 2011)
is crucial in biological and medical research. Deep learning-
based segmentation methods (Çiçek et al. 2016; Oztel et al.
2017; Sun et al. 2021; Wang et al. 2022; Pan et al. 2023;
Luo et al. 2023; Sun et al. 2023b; Luo et al. 2024; Li et al.
2025) have advanced significantly, albeit requiring extensive
labeled data. Models trained on source domains tend to suf-
fer severe performance degradation when used directly on
target domain due to distribution discrepancies from equip-
ment, sample, and parameter variations. While manual target
dataset annotation resolves this, it remains impractical due to
resource constraints. Bridging this domain gap for improved
model generalization presents a significant challenge.

*These authors contributed equally.
†Corresponding author.
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In this work, we focus on the unsupervised domain adap-
tation task for mitochondria segmentation (UDAMS), which
aims to adapt a model trained on source domain equipped
with segmentation annotations to target domain in the ab-
sence of accessible labels. Existing methods can be broadly
categorized as adversarial learning and consistency regu-
larization. Adversarial learning (Huang et al. 2022; Sun
et al. 2023a) leverage adversarial learning to learn domain-
invariant information. However, this approach often tends to
suffer from training instability and convergence challenges.
Recently, consistency regularization (Du et al. 2019; Huang
et al. 2020; Yin et al. 2023) dominate this feld credited to
its simplicity yet competitive performance. The core idea is
to align features or outputs of the same image under dif-
ferent perturbations, using a weakly augmented branch as a
pseudo-label for the strongly augmented counterpart.

After an in-depth analysis of the consistency regulariza-
tion paradigm, we argue that pseudo-labels are crucial for
UDAMS, aligning with the intuitive understanding derived
from the task’s definition; pseudo-labels play a dual role
- minimizing the inter-domain discrepancy and maximiz-
ing the target domain’s perturbation consistency. Nonethe-
less, our analysis reveals that pseudo-labels become a per-
formance bottleneck due to two key inadequately addressed
components in previous works: (1) Reliability of pseudo-
labels. Without target annotations, models trained solely on
the source domain with significant domain shift are prone
to suffer from limited coverage of the underlying target
class features (e.g., Figure 1 (a) shows source prototypes
are not suitable for direct application to the target domain,
due to incorrect decision boundary). Furthermore, Lack of
labeled target data can also lead to error accumulation,
severely hampering the model’s ability to generalize effec-
tively. Therefore, it is highly desirable to mitigate the impact
of noisy pseudo-labels and ensure that the truly reliable ones
are highlighted for enhance efficacy and utility. (2) Effec-
tiveness of supervision signals from pseudo-labels. In order
to fully explore the essential information within the images,
existing methods (Wu et al. 2021; Yin et al. 2023) construct
supervision signals through pixel-level consistency regular-
ization strategy, which aligns intermediate features and out-
puts, thereby mitigating some domain discrepancies (Fig-
ure 1 (c), left). However, independently treating each pixel
and heavily relying on strong i.i.d. assumptions potentially
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Figure 1: (a) illustrates that utilizing only source domain prototypes can lead to incorrect decision boundaries in the target
domain, whereas generating prototypes from high-confidence target features can result in correct decision boundaries. (b) The
similarity between pixels and prototypes of the same class is high within the same domain and low across domains. (c) depicts
the differences between independent pixel-wise consistency regularization and correlation-wise consistency regularization. (d)
shows the straightforward implementation of correlation-wise consistency regularization. (e) illustrates rank-aware correlation
consistency. We harness the inter-agent relationship by considering every possible agent rank permutation probability.

misses optimization opportunities.
In this paper, we analyze the limitations of previous

methods from the perspective of pseudo-labels, and ex-
plore the potential of leveraging inter-pixel correlations to
construct more reliable and effective supervision signals
for UDAMS. Based on the Gestalt law (Koffka 2013) of
intra-class pixel similarity (Fig. 1(b)), we propose Reliable
Prototype Pseudo-labels to address domain shift-induced
feature inconsistency. The method generates target-aware
prototypes from high-confidence features of initial source-
prototype segmentation, improving pseudo-label reliability.

Intuitively, most existing methods overlook the fact that
dense pixel prediction tasks inherently possess rich inter-
pixel information beyond basic individual pixel-wise con-
sistency. Inspired by affinity learning (Lee et al. 2017), we
note that the remarkable success of affinity learning suggests
that the relationships between pixels typically encapsulate
far richer information compared to considering individual
pixels in isolation. Therefore, we devise Correlation-wise
Consistency Regularization which is synergistic collabo-
ration between inter-pixel correlation and consistency reg-
ularization. Specifically, We model the inter-pixel correla-
tion using a set of representative reference points (referred
to as agents) and align the agent-level correlation (i.e., a
likelihood vector) of each pixel with the agents under var-
ious perturbations, as illustrated in Figure 1 (c) and Figure 1
(d). In essence, the agent-level correlation reflects the con-
sensus among representative agents with a broader recep-
tive field, thus encoding a higher-order consistency regular-
ization. However, it is crucial to obtain suitable agents that

encapsulate diverse semantic cues from the original image.
Therefore, we select the most representative K agents from
the feature map, preserving as much critical information as
possible from the original pixels. By leveraging the richer
description of the data distribution in the agent-level corre-
lation, we can better exploit the unlabeled data.

Further analysis demonstrates that since the agents in-
herently encapsulate significant semantic cues, relationships
among them also encode rich information. For example,
agent a represent the foreground, agent b represent the back-
ground, and agent c represent the boundary. Thus, the rela-
tionship between a and c should be closer than that between
a and b. To fully utilize the information inherent in the inter-
agent relationships, instead of considering each agent in-
dependently, we design Rank-aware Relationship Consis-
tency Regularization, as illustrated in Figure 1 (e). Specif-
ically, we argue that the order of agents is not random but
follows a fixed permutation. Thus, we define different agent
relationship models based on this ranking. For instance, a
pixel’s relationship with other agents can be defined in terms
of ranking probability. The probability of being ranked first
for agent a might be 0.7, while it could be 0.1 for agent b.
From this perspective, the ranking permutation reflects the
relationship of agents with respect to the pixel. In this way,
for a given pixel, we consider every possible rank permuta-
tion of the agents (e.g., abc, cba, etc.) and transform agent-
level correlations into an agent-ranking probability distri-
bution. By imposing rank-aware constraints, we can obtain
stronger and more effective supervision signals. Ultimately,
we term our final method as R4MITO.
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In this work, our contributions can be summarized as
follows: (1) We analyze the limitations of existing meth-
ods, including the unreliability in prototype construction and
the neglect of consistency regularization for inter-pixel re-
lationships. (2) We propose the R4MITO method, which
includes reliable prototype pseudo-labels to extract proto-
types suitable for the target domain and rank-aware consis-
tency regularization to fully exploit effective information.
(3) Comprehensive experiments on four challenging bench-
marks demonstrate the favorable performance of our method
against state-of-the-art methods for UDAMS.

Related Work

UDA for Semantic Segmentation

Unsupervised domain adaptation for semantic segmenta-
tion (UDASS) comprises two main approaches: adversar-
ial learning and pseudo-labeling. Adversarial learning-based
methods (Kim and Byun 2020; Hong et al. 2018; Tsai et al.
2019) employ adversarial learning to assist the model in
learning representations that are invariant across domains.
Pseudo-labeling techniques (Zou et al. 2018; Li, Yuan, and
Vasconcelos 2019; Melas-Kyriazi and Manrai 2021; Hoyer,
Dai, and Van Gool 2022; Hoyer et al. 2023; Chen et al. 2019;
Du et al. 2019; Feng et al. 2023; Wangkai et al. 2023; Mai
et al. 2024a, 2023, 2024b; Sun et al. 2024; Li, Sun, and
Zhang 2024) align the feature or output space of different
perturbations of the same image. However, directly applying
UDA methods designed for natural images to the problem
of mitochondrial segmentation can result in a decline in seg-
mentation performance. This is due to the high complexity
of EM images, similar morphologies between mitochondria
and other structures, scarce discriminative features, and the
presence of imaging artifacts

UDA for Mitochondria Segmentation

Existing UDAMS approaches follow UDASS paradigm, de-
veloping in two directions. In the field of adversarial learn-
ing, Advent (Vu et al. 2019) first proposes the UDAMS
task. DA-ISC (Huang et al. 2022) building upon the Ad-
vent framework, employs an XOR-based method to miti-
gate inter-slice differences. SAPAN (Sun et al. 2023a) fur-
ther eliminates long-range structural differences. In the field
of Pseudo-labeling, UALR (Wu et al. 2021) proposes an
uncertainty-aware model to rectify noisy labels. DAMT-Net
(Peng, Yi, and Yuan 2020)then devises a reconstruction de-
coder to align the encoder features from different domains.
CAFA (Yin et al. 2023) further leverages source domain pro-
totypes and discrepancy minimization methods to enhance
the effectiveness of transferring domain-invariant knowl-
edge. Although these methods significantly reduce the im-
pact of the domain gap, they have not effectively established
a reliable bridge between the source and target domains.
Moreover, they have neglected the relational information be-
tween pixels, leading to suboptimal results.

Method
Preliminary
The UDAMS aims at learning an accurate segmentation
model in the target domain based on labeled source domain
EM volume PS = {xS

i ,y
S
i }Ni=1 and unlabeled target do-

main EM volume PT = {xT
j }Mj=1. N and M denote the

number of sequential sections in S and T . Given an EM
section xi ∈ RH×W (omit the superscript S/T for conve-
nience) from either domain, the encoder first extracts its fea-
ture map Fi ∈ Rc×h×w, where h, w and c denote the height,
width and channel number of the feature map respectively.
The supervised loss on the source domain Lsup:

Lsup =

N∑
i=1

CE(f(xS
i ), y

S
i ), (1)

where CE denotes Cross-Entropy loss. Additionally,
Pseudo-label methods are utilized to align features and out-
put spaces across different perturbations. Specifically, two
different levels of random perturbations are applied to the in-
put target data xT

i . Here, aug(xT
i ) represents a weak pertur-

bation, which will serve as the pseudo-label for the strongly
perturbed version Aug(xT

i ). Then, We incorporate two con-
sistency losses on the feature level Lcf and the prediction
level Lcp, respectively:

Lcf =

M∑
i=1

MSE(FAug
i , F aug

i ),Lreg =

M∑
i=1

CE(yAug
i , ŷaug

i ),

(2)
where MSE denotes the standard mean squared error loss,

the original total loss can be expressed as:

Lorg = Lsup + λcfLcf + λregLreg. (3)

Reliable Prototype Pseudo-labels
Directly using source domain prototypes can lead to subp-
timal results due to the inherent large domain discrepancies
in EM images. Considering the lack of annotations in the
target domain, directly generating target domain prototypes
is challenging. Nevertheless, there are numerous domain-
invariant features shared between the source and target do-
mains. These can be leveraged by using prototypes gener-
ated from the source domain as an intermediate bridge to
identify reliable prototypes in the target domain. As shown
in Figure 3, we first derive the source prototypes PS =
{pS

k }Kk=1 from the source features with the corresponding
labels. The prototypes can be calculated as the centroid of
each class in the feature space:

psk =

∑hs
h=1

∑ws
w=1 f

s
h,w1[Y

s
h,w = k]∑hs

h=1

∑ws
w=1 1[Y

s
h,w = k]

, (4)

where 1 refers to indicator function, fs
h,w ∈ R is the source

feature vectors, and hs, ws is the height and width of the
features. k is the index of class number K. Then, regarding
the original prototypes {pS

k }Kk=1 as query, the target feature
map F as keys, and the kth correlation map Ck is given as:

ck = psk · FT, (5)
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where the T refers to the matrix transpose operation. We
apply softmax(·) operation along the k dimension and get
the initial attention maps A = {ak}Kk=1:

[a1,a2, ..., aK ] = softmax([c1, c2, ..., cK ]), (6)

where[·, ·] denotes concatenate operation. With the attention
maps, We can get masks {mk}Kk=1 with high confidence:

[m1,m2, ...,mK ] = [a1,a2, ..., aK ] > τ, (7)

where τ is a threshold that needs to be set based on Em-
pirical. {mk}Kk=1 constitutes high-confidence pseudo-labels
ỹpro in the target domain. Subsequently, we can utilize
Equation (4) to derive reliable prototypes {pT

k }Kk=1 of the
target domain. Next, we can achieve prototype-based seg-
mentation results ypro without the need for any additional
segmentation head:

ypro
i = pTk · FAug

i

T
, (8)

the obtained prototype-based predictions can be supervised
using pseudo-labels generated from the outputs of weakly
perturbed inputs:

Lpro =

M∑
i=1

CE(ypro
i , ŷaug

i ). (9)

Correlation-wise Consistency Regularization
Simply enforcing the correlations of all pixels (i.e., the self-
correlation matrix) to be consistent is not desirable. Lots of
noise in the self-correlation matrix interferes with the op-
timization of model. Meanwhile, its quadratic complexity
will result in a significant computational burden. In order to
better model the inter-pixel correlation for consistency regu-
larization, instead of using relationships between all pixels,
we select a set of agents. Intuitively, it follows that agents
should capture most of the semantic cues. Specifically, we
select K features from feature map F ∈ Rc×h×w as agents
A = {fa

i }Ki=1 ∈ RK×c. We first obtain the self-attention
matrix s ∈ Rhw×hw for F , calculate s along the pixel di-
mension, and select the K highest score as agents. This strat-
egy helps in preserving as much critical information as pos-
sible in the original pixels. then, we obtain the agent-level
correlation cij ∈ R1×K :

cij = softmax(f ·AT), (10)

For unlabeled data with different perturbation intensities,
we can directly use KL divergence loss to enforce consis-
tency regularization on the agent-level correlation c:

Lcorr =
1

M

M∑
i=1

1

HW

HW∑
j=1

ℓkl
(
cAug
ij , caugij

)
. (11)
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Methods VNC III → Lucchi (Subset1) VNC III → Lucchi (Subset2)
mAP(%) F1(%) MCC(%) IoU(%) mAP(%) F1(%) MCC(%) IoU(%)

Oracle 97.5 92.9 92.3 86.8 99.1 94.2 93.7 88.8
NoAdapt 74.1 57,6 58.6 40.5 78.5 61.4 62.0 44.7
DANN (2016) - 68.2 - 51.9 - 74.9 - 60.1
AdaptSegNet (2018) - 69.9 - 54.0 - 79.0 - 65.5
Y-Net (2019) - 68.2 - 52.1 - 71.8 - 56.4
Advent (2019) 78.9 74.8 73.3 59.7 90.5 82.8 81.8 70.7
DAMT-Net (2020) 74.7 60.0 81.3 68.7 94.8 85.8 85.4 75.4
UALR (2021) 80.2 72.5 71.2 57.0 87.2 78.8 77.7 65.2
DA-VSN (2021) 82.8 75.2 73.9 60.3 91.3 83.1 82.2 71.1
DA-ISC (2022) 89.5 81.3 80.5 68.7 92.4 85.2 84.5 74.3
SAPAN (2023a) 91.1 84.1 83.5 72.8 94.4 86.7 86.1 77.1
CAFA (2023) 91.1 83.4 82.8 71.8 94.8 85.8 85.4 75.4
R4MITO(Ours) 92.6 85.4 84.3 73.7 95.0 87.9 87.5 78.6

Table 1: Comparison with other SOTA methods on the Lucchi dataset. “VNC III → Lucchi(subset1)” means training the model
with VNC III as source domain and Lucchi training set as target domain and testing it on Lucchi testing set, and vice versa.

Methods MitoEM-R → MitoEM-H MitoEM-H → MitoEM-R
mAP(%) F1(%) MCC(%) IoU(%) mAP(%) F1(%) MCC(%) IoU(%)

Oracle 97.0 91.6 91.2 84.5 98.2 93.2 92.9 87.3
NoAdapt 74.6 56.8 59.2 39.6 88.5 76.5 76.8 61.9
Advent (2019) 89.7 82.0 81.3 69.6 93.5 85.4 84.8 74.6
DAMT-Net (2020) 92.1 84.4 83.7 73.0 94.8 86.0 85.7 75.4
UALR (2021) 90.7 83.8 83.2 72.2 92.6 86.3 85.5 75.9
DA-VSN (2021) 91.6 83.3 82.6 71.4 94.5 86.7 86.3 76.5
DA-ISC (2022) 92.6 85.6 84.9 74.8 96.8 88.5 88.3 79.4
SAPAN (2023a) 93.9 86.1 85.5 75.6 97.0 89.2 88.8 80.6
CAFA (2023) 92.8 86.6 86.0 76.3 96.8 89.2 88.9 80.6
R4MITO(Ours) 94.9 87.5 86.7 77.3 97.2 90.5 89.8 81.8

Table 2: Comparison with other SOTA methods on the MitoEM dataset. “MitoEM-R → MitoEM-H” means training the model
with MitoEM-R training set as the source domain and MitoEM-H training set as the target domain and testing it on MitoEM-H
validation set, and vice versa.

Rank-Aware Consistency Regularization
Furthermore, we observe that there exists also a relationship
between each agent. Consequently, we design a rank-aware
consistency regularization to further enhance the model’s
learning capability. Specifically, we treat class ranking as
a random event rather than a deterministic permutation. In
other words, every permutation of the classes exists with
some probability, rather than only the permutation from
largest to smallest being considered. The probability of one
permutation π ∈ P (|P| = K!) given c can be derived as:

P (π|c) =
K∏

k=1

cπ(k)∑K
k′=k cπ(k′)

, (12)

where π(k) denotes the kth agent index of this permutation.
For example, suppose we have three agents: a, b and c. One
permutation of these three agents is π = (a, b, c). Based on
the agent-level correlation c, we can derive the probability
of permutation π :

P (π|c) = c(a)

c(a) + c(b) + c(c)
· c(b)

c(b) + c(c)
· c(c)
c(c)

. (13)

By calculating the probability of each possible order, we

model the agent-level correlation c as an agent-ranking prob-
ability distribution P (P|c) ∈ R1×|P|, However, computing
the relationships among all agents results in a complexity
of K!, which is impractical in real scenarios. For computa-
tional efficiency, we focus on the permutations of the top-4
agents for each pixel, based on our observation that in ev-
ery agent-level correlation, the top-4 agents have captured
almost all semantic information. The rank-aware correlation
consistency regularization can be obtained by:

Lrank =
1

M

M∑
i=1

1

HW

HW∑
j=1

ℓkl
(
P (P|cAug

ij ), P (P|caugij )
)
.

(14)

Training and Inference
The total training objective Ltotal is formulated as :

Ltotal = Lorg + λproLpro + λrankLrank, (15)

where λpro and λrank and are hyperparameters for balanc-
ing different terms. During validation, we only adopt the
trained feature extractor and decoder to predict the target im-
ages.
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Figure 4: Qualitative comparison with different methods. Note that the red and green contours denote the ground-truth and
prediction. And we mark significant improvements using yellow boxes.

Experiments
Datasets
We evaluate our approach on three widely used EM datasets:
the VNC III (Gerhard et al. 2013) dataset, the Lucchi dataset
(Lucchi, Li, and Fua 2013), and the MitoEM dataset (Wei
et al. 2020). These datasets exhibit significant diversity and
domain discrepancies, making domain adaptation both chal-
lenging and realistic. VNC III Dataset Contains 20 sections
(1024 × 1024) from the Drosophila, imaged with serial-
section transmission electron microscopy (ssTEM) at a reso-
lution of 50 × 5 × 5 nm³. Lucchi Dataset Consists of two sub-
sets (165 × 1024 × 768) from mouse, imaged with focused
ion beam scanning electron microscopy (FIB-SEM) at a res-
olution of 5 × 5 × 5 nm³. MitoEM Dataset Comprises two
subsets (1000 × 4096 × 4096) from rat and human, imaged
with multi-beam scanning electron microscopy (mbSEM) at
a resolution of 30 × 8 × 8 nm³.

Evaluation Metrics
Following the works (Yin et al. 2023; Wei et al. 2020), four
widely used metrics are employed for evaluation, namely,
mean Average Precision (mAP), F1 score, Matthews Cor-
relation Coefficient (MCC), and Intersection over Union
(IoU).

Implementation Details
The experiments are implemented on PyTorch (Paszke et al.
2017), utilizing an NVIDIA 3090 GPU with 24GB memory.
A 4-stage U-Net is selected as the network architecture, with
dimensional changes of [64, 128, 256, 512]. Data augmenta-
tion methods follow the principles of DA-ISC (Huang et al.
2022), such as flipping, normalization. The augmented EM
images are randomly cropped into patches of size 512×512.
All models are trained using the Adam optimizer with a
batch size of 2, β1 = 0.9 and β2 = 0.999. The learning
rate is initially set at 1× 10−4. The balancing weights λpro,
λrank are set as 0.1 and 0.1, respectively. The reliable tar-
get domain feature threshold τ is 0.7, and the number K of

Reliable Prototype Correlation Rank IoU(%)
71.8

✓ 72.9
✓ 72.2
✓ ✓ 72.8

✓ ✓ ✓ 73.7

Table 3: Ablation studies of different components.

agents is 128. The values of λcf and λreg in Lorg are based
on the settings used in CAFA (Yin et al. 2023). The models
are trained for a total of 100k iterations.

Comparison with State-of-the-art Methods
In addition to comparing our approach with current state-
of-the-art UDA for mitochondrial segmentation, we include
two baselines: ”Oracle” which refers to directly training the
model on the target domain dataset with the ground truth la-
bels, and ”NoAdapt” which refers to training the model only
using the source domain dataset without the target domain
data. Table 1 and Table 2 present the performance compari-
son between our method and other competitive methods.

We observe that our proposed method outperforms the
state-of-the-art method CAFA (Yin et al. 2023) across all
metrics and settings. On the VNC III → Lucchi (Subset1)
and VNC III → Lucchi (Subset2) setups, the IoU reach
73.7% and 78.6%, respectively. Compared to the current
SOTA method CAFA (Yin et al. 2023) the improvement
is 1.9% and 3.2%. In the MitoEM-R → MitoEM-H and
MitoEM-H → MitoEM-R settings, the IoU reach 77.3% and
81.8%. Compared to the current SOTA method CAFA (Yin
et al. 2023) the improvement is 1.0% and 1.2%. It is worth
noting that the ’Oracle’ method exhibits only a marginal im-
provement of 1.0% in terms of mAP when transitioning from
the MitoEM-H to the MitoEM-R dataset. This indicates that
our method possesses a level of supervision capability close
to that of the ground truth.
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Figure 5: During training, features with similarity greater
than τ to different prototypes are visualized.

Strategy IoU(%)
All 73.4

Random 73.1
TopK 73.7

Table 5: Ablation studies
of different components.

Agents Num IoU(%)
32 73.3
64 73.5

128 73.7
256 73.6

Table 6: Evaluation of
Agents number K.

Ablation Study and Analysis
We conduct comprehensive ablation studies on our proposed
method in the VNC III → Lucchi(Subset1) setting. We use
CAFA (Yin et al. 2023) as our baseline. Table 3 summarizes
the results of module ablation studies under different config-
urations. (1) Compared to the baseline, the reliable prototype
pseudo-labels has brought a 1.1% performance improve-
ment. This enhancement can be attributed to it being more
suitable for classifying the features of target domain, result-
ing in more accurate decision boundaries. (2) With the uti-
lization of correlation-wise consistency regularization, IoU
is improved by 0.4%, indicating that the relationships be-
tween pixel and the agents contain valuable information.
(3) By constructing an agent-ranking probability distribu-
tion, more effective supervision signals can be generated,
which is reflected in further performance improvements of
1.0%. (4) Our method improves upon the baseline by 1.9%,
demonstrating its effectiveness. (5) To explore component
effectiveness, including top K agents selection strategy, co-
efficients λpro and λrank, agent number and threshold set-
tings, as shown in Tabel 4.

Coefficient Threshold
λpro IoU(%) λrank IoU(%) τ IoU(%)
0.05 73.3 0.05 73.4 0.5 73.2
0.1 73.7 0.1 73.7 0.6 73.6
0.3 73.6 0.3 73.5 0.7 73.7
0.5 73.4 0.5 73.2 0.8 73.6

Table 4: Coefficient λpro and λrank and Threshold τ .

Visualization
Visualization of Predictions. To visually assess the effec-
tiveness of our method, we conduct qualitative analysis, as

Agent 1 Agent 2 Agent 3 Agent 4

Figure 6: Visualization of agent activation maps. The yellow
cross denotes the position of agents in the original image.

shown in Figure 4. We visualize a series of segmentation
results, where red represents the ground truth contour, and
green represents the model’s predicted contour. It is clear to
observe (within the yellow frame) that, compared to other
methods, our method has more correctly activated areas and
fewer incorrectly activated areas, indicating better segmen-
tation performance.

Visualization of Reliable Prototype. To demonstrate the
effectiveness of reliable prototype, we visualize the pix-
els predicted to be above the threshold using prototypes,
with green representing the foreground, blue representing
the background, and red representing the ground truth, As
shown in Figure 5. At both the halfway point and the end
of the training process, compared to the CAFA (Yin et al.
2023) method, our method exhibits more accurate activa-
tions. This indicates that our reliable target domain proto-
types more closely match the true decision boundaries of
target domain.

Visualization of Agents. In Figure 6, we visualize the sig-
nificant information represented by different agents. It can
be observed that these agents activate different parts of im-
age and resonate favorably with diverse semantic cues de-
rived from the original pixels. From left to right, the vi-
sualizations depict the foreground of other organelles, the
boundaries of these organelles, the gaps between organelles,
and the foreground of mitochondria. These carefully se-
lected agents retain as much critical information as possi-
ble from the original image, which facilitates the subsequent
construction of correlation consistency.

Conclusion
In this paper, we propose R4MITO, a novel unsupervised
domain adaptation framework for robust EM image mito-
chondria segmentation. Our contributions include: (1) Reli-
able Prototype Pseudo-labels to mitigate domain shift, es-
tablishing a reliable bridge for knowledge transfer between
the source and target domains; (2) Correlation-wise Con-
sistency Regularization that exploits inter-pixel correlations
through agent-level correlation alignment, exploring more
unlabeled supervision signals, and (3) Rank-aware Relation-
ship Consistency Regularization that utilizes inter-agent re-
lationships, further exploring higher-order semantic supervi-
sion signals. Extensive experiments demonstrate R4MITO’s
superiority over state-of-the-art methods for UDAMS, ef-
fectively addressing pseudo-label reliability and supervision
signal efficacy limitations.
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