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Abstract. Semi-supervised learning (SSL) has achieved promising re-
sults in medical image segmentation by leveraging unlabeled data via
consistency regularization. However, in multi-modal settings, heteroge-
neous modality characteristics and imbalanced reliability make effec-
tive consistency learning challenging. Existing methods typically im-
pose prediction- or representation-level consistency on entangled fea-
tures, which may suppress modality-specific cues and limit the exploita-
tion of complementary cross-modal information in unlabeled data. To
address this limitation, we propose HDCL, a hierarchical disentangled
consistency learning framework to promote reliable and robust semi-
supervised multi-modal medical image segmentation. Specifically, Dis-
entangled Representation Learning (DRL) explicitly decomposes multi-
modal features into shared and modality-specific representations, en-
abling targeted modeling of invariant semantics and modality-specific
cues. We then propose Shared-Specific Dual-path Decoding (SSDD),
which simultaneously decodes shared, specific, and fused representa-
tions to produce diverse modality-conditioned predictions. Furthermore,
Multi-level Prediction Consistency Learning (MPCL) is proposed to
enforce prediction consistency across different semantic spaces, allow-
ing more effective utilization of unlabeled data without compromising
modality-specific characteristics. Extensive experiments on two bench-
marks demonstrate that our method consistently outperforms existing
methods across different annotation settings. The source codes will be
available at https://github.com/FeixiangZhou/HDCL .
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Fig. 1. Comparison of different consistency learning paradigms on unlabelled data
for semi-supervised multi-modal segmentation. (a) Prediction-level consistency using a
dual-encoder–decoder framework. (b) Representation- and prediction-level consistency
with feature fusion. (c) Our proposed HDCL, which disentangles shared and modality-
specific representations and performs hierarchical consistency learning.

1 Introduction

Multi-modal medical image segmentation [22,10,19] plays a crucial role in a
wide range of clinical applications, as different imaging modalities provide com-
plementary information for accurate anatomical and pathological delineation.
By jointly leveraging heterogeneous imaging sources, multi-modal learning has
demonstrated clear advantages over unimodal approaches [23] in tasks including
lesion segmentation [6], disease diagnosis [20], and prognosis prediction [8]. How-
ever, most existing multi-modal segmentation methods are developed under a
fully supervised learning paradigm, relying on large-scale voxel-level annotations.
Despite their effectiveness, acquiring dense annotations across multiple modali-
ties is time-consuming, costly, and requires substantial expert effort, which sig-
nificantly limits the scalability and clinical applicability of these methods.

To mitigate the heavy reliance on large annotated datasets, SSL [2,9,16]
has attracted increasing attention in medical image segmentation. SSL methods
aim to exploit abundant unlabeled data by introducing additional regulariza-
tion signals or pseudo-supervision during training. However, most of the exist-
ing methods are designed for single-modality scenarios. Recently, a few studies
[3,4,5] have investigated semi-supervised learning for multi-modal medical image
segmentation. Zhang et al. [21] and Zhu et al. [25] encouraged multi-modal inter-
action by minimizing consistency losses across different modalities on abundant
unlabeled data. However, these methods mainly enforce prediction-level consis-
tency on unlabeled data, as shown in Fig. 1 (a), which limits the full utilization
of multi-modal information. To address this issue, Meng et al. [11] and Zhou
et al. [24] proposed cross-modal collaboration strategies that perform feature
fusion or alignment across modalities (Fig. 1 (b)). While these approaches en-
hance representation-level consistency, they still rely on entangled features and
do not explicitly distinguish shared semantics from modality-specific characteris-
tics, which may suppress modality-specific cues and hinder effective exploitation
of complementary multi-modal information under semi-supervised settings.
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Fig. 2. Overview of the proposed HDCL. DRL disentangles multi-modal features into
shared and modality-specific representations (Sec. 2.1). SSDD employs dual-path de-
coders to generate diverse predictions from shared, specific, and fused spaces (Sec. 2.2).
MPCL enforces intra- and inter-space prediction consistency across disentangled se-
mantic spaces (Sec. 2.3).

To overcome the above limitations, we propose HDCL, which imposes consis-
tency constraints in a hierarchical manner. Specifically, inspired by multi-modal
disentangled learning [14,17], we propose DRL to decompose multi-modal fea-
tures into shared and modality-specific components and enforce consistency on
the shared representations to align invariant cross-modal semantics. Then, we
introduce SSDD to construct three decoders for shared, specific, and fused fea-
ture spaces, respectively, each equipped with dual inputs to promote prediction
diversity. Finally, we propose MPCL to regularize unlabeled data by enforcing
prediction consistency across different semantic spaces (i.e., different decoders).
Compared with prior semi-supervised multi-modal segmentation methods, the
key novelty of HDCL lies in hierarchical consistency learning over disentangled
semantic spaces. Existing approaches mainly impose consistency on predictions
or entangled fused features, whereas HDCL first separates shared and modality-
specific representations, then performs targeted representation- and prediction-
level consistency learning. This enables the model to exploit unlabeled data while
preserving complementary modality-specific information.

The main contributions are summarized as follows: 1) We propose a novel
HDCL framework for semi-supervised multi-modal medical image segmenta-
tion, which enforces hierarchical consistency at the representation and predic-
tion levels. 2) We introduce DRL to separate multi-modal features into shared
and modality-specific components. 3) We develop SSDD to produce modality-
conditioned predictions from shared, specific, and fused semantic spaces, promot-
ing prediction diversity. 4) We propose MPCL to enforce intra- and inter-space
prediction consistency across different semantic spaces.
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2 Methodology

An overview of the proposed method is illustrated in Fig. 2. We consider a
semi-supervised multi-modal segmentation setting with two modalities, denoted
as modality a and b. Following [11,24], the labeled and unlabeled datasets are
defined as Da

l = {(xa
i , yi)}Mi=1,Da

u = {xa
i }Ni=1 and Db

l = {(xb
i , yi)}Mi=1,Db

u =
{xb

i}Ni=1, where xb
i and xb

i denote the input images of modality a and modality b
with the size of H×W×D. yi ∈ RC×H×W×D is the ground truth with C classes.
M and N denote the number of labeled and unlabeled samples and M ≪ N .

2.1 Disentangled Representation Learning

Inspired by multi-modal disentanglement methods [14], we adopt a shared en-
coder Es(·) and two modality-specific encoders Ea(·) and Eb(·) to learn shared
and specific representations. Given an input xm from modality m ∈ {a, b}, we
obtain zms = Es(x

m) and zmp = Em(xm), where zms , zmp ∈ RC
′
×H

′
×W

′
×D

′

. To
align shared representations across modalities, we minimize the L1 distance be-
tween zas and zbs, defined as:

Lali = Exa,xb∼D
[∥∥zas − zbs

∥∥
1

]
(1)

where the expectation is taken over D = {Dm
l ,Dm

u |m ∈ {a, b}}. By applying this
constraint to unlabeled samples, the model learns modality-invariant semantics
without ground-truth supervision, improving the utilization of unlabeled data.
Meanwhile, to avoid redundancy between shared and specific representations, we
enforce their disentanglement by minimizing the cosine similarity between zms
and zmp for each modality. Thus, we have:

Ldis = Exa,xb∼D

 ∑
m∈{a,b}

∣∣∣∣ ⟨z̄ms , z̄mp ⟩
∥z̄ms ∥2 ∥z̄mp ∥2 + ϵ

∣∣∣∣
 (2)

where z̄ms , z̄mp ∈ RC′
are obtained by global average pooling on zms and zmp ,

respectively. ⟨·, ·⟩ denotes the inner product and ϵ is a small constant added
for numerical stability. The overall DRL loss is then defined as Ldrl = Lali +
Ldis. Through joint shared alignment and shared–specific disentanglement, DRL
learns a structured representation space that decouples invariant and modality-
specific information.

2.2 Shared-Specific Dual-path Decoding

Unlike existing methods [11,24] that decode mutually enhanced single-modality
features separately, our SSDD explicitly organizes decoding in shared, specific,
and fused semantic spaces. This structured multi-space design enables coordi-
nated supervision of invariant and modality-specific information, thereby pro-
moting prediction diversity and more complementary supervision.
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The shared decoding branch aims to leverage modality-invariant semantics
for consistent prediction. Specifically, zas and zbs are directly fed into a modality-
shared decoder Ds(·), yielding the corresponding predictions ŷas = Ds(z

a
s ) and

ŷbs = Ds(z
b
s). Although modality-specific representations preserve complemen-

tary information, their distributional discrepancy across modalities poses a chal-
lenge for joint decoding. To reduce the modality gap while maintaining modality-
specific characteristics, we introduce a cross-attention (CA) based enhancement
mechanism for the specific decoding branch. Given zap and zbp, we apply two
symmetric cross-attention modules, where each modality attends to the other:

z̃ap = Softmax

(
(WQz

a
p)(WKzbp)

⊤
√
C ′

)
(WV z

b
p)

z̃bp = Softmax

(
(WQz

b
p)(WKzap)

⊤
√
C ′

)
(WV z

a
p)

(3)

where WQ, WK , and WV are learnable projection matrices. Through cross-
attention, each modality selectively incorporates complementary cues from the
other modality while preserving its own modality-specific structure. z̃ap and z̃bp
are then fed into a modality-specific decoder Dp(·) to produce two predictions
ŷap = Dp(z̃

a
p) and ŷbp = Dp(z̃

b
p). To integrate complementary shared and specific

information, we introduce a fused decoding branch. The shared and enhanced
specific representations of each modality are combined to obtain modality-aware
representations, which are further aggregated into a unified fused feature. Specif-
ically, the fused feature is defined as:

zf =
[
MLP([zas ; z̃

a
p ]) ; MLP([zbs; z̃

b
p])
]
∈ R2C

′
×H

′
×W

′
×D

′
(4)

where [·; ·] denotes concatenation and MLP(·) is a lightweight multilayer per-
ceptron. The resulting zf aggregates invariant semantics and modality-specific
cues, providing a compact yet expressive representation for joint decoding.

Inspired by data augmentation [18,9] in SSL, we further introduce feature per-
turbation (FP) in the fused space to improve robustness. Specifically, stochastic
perturbations (i.e., noise or dropout) are applied to zf to generate z̃f , encourag-
ing the decoder to produce stable predictions under feature-level variations. zf
and z̃f are subsequently fed into a fused decoder Df (·) to generate two predic-
tions ŷf = Df (zf ) and ŷpf = Df (z̃f ).

2.3 Multi-level Prediction Consistency Learning

MPCL is designed to fully exploit the diverse predictions generated by the
shared, specific, and fused decoding branches, including both intra- and inter-
space prediction consistency. For labeled samples, each decoder produces two
predictions, resulting in six predictions P =

{
ŷas , ŷ

b
s, ŷ

a
p , ŷ

b
p, ŷf , ŷ

p
f

}
in total. All

predictions are supervised using cross-entropy and Dice losses [24]:

Lsup = Exa,xb,y∼Dl
[
∑

ŷk∈P(LCE(ŷk, y) + LDice(ŷk, y))] (5)
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where Dl =
{
Da

l , D
b
l

}
. For unlabeled data, intra-space consistency is imposed

on the shared and fused spaces to promote prediction stability, while the specific
space is excluded to preserve modality-specific cues. The loss is defined as:

Lintra
unsup = Exa,xb∼Du

[ ∥∥ŷas − ŷbs
∥∥2
2
+ I(max ŷf ≥ τ)LDice(ŷ

p
f , ϕ(ỹf ))

]
(6)

where Du =
{
Da

u, D
b
u

}
and ϕ(·) is the stop-gradient function. ỹf is the pseudo

labels (PL) generated from ŷf , which encourages the fused decoder to produce
stable predictions under feature-level perturbations. The confidence threshold τ
is set as 0.95. Beyond intra-space regularization, MPCL enforces inter-space con-
sistency across semantic spaces. Since the fused space integrates both shared and
modality-specific information, it provides more reliable predictions. Accordingly,
the inter-space consistency loss is defined as:

Linter
unsup = Exa,xb∼Du

[∑
m∈{a,b}I(max ŷf ≥ τ)

(
LDice(ŷ

m
s , ϕ(ỹf )) + LDice(ŷ

m
p , ϕ(ỹf ))

)]
(7)

Overall, the total loss of our HDCL is Ltotal = Lsup + αLdrl + βLunsup,
where Lunsup = Lintra

unsup +Linter
unsup. α and β are hyperparameters that balance the

contributions of different losses.

3 Experiments

3.1 Experimental Setup

Datasets and Evaluation Metrics. We evaluate our method on two brain
lesion datasets. ISLES-2022 [7] contains 250 multi-channel MRI scans (DWI,
ADC, FLAIR) for ischemic stroke lesion segmentation. We use DWI and ADC,
following [1], with 200 images for training and 50 for validation and testing.
BraTS-2019 [12] includes preoperative MRI scans (FLAIR, T1, T1ce, T2) from
335 glioma patients. Following [11], we use T1ce and T2 for whole tumor seg-
mentation. As in [9], 250 samples are used for training, 25 for validation, and 60
for testing. Performance is evaluated using Dice, Jaccard, 95HD, and ASD.
Implementation Details. All experiments are conducted using PyTorch 2.1.1
with two NVIDIA H100 GPUs. We utilize the SGD optimizer with an initial
learning rate of 0.01. The batch size is set to 2, and the number of iterations is
set to 60k. Training images undergo 3D augmentations, such as random cropping,
flipping, and rotation, to improve generalization. Patches of size 96 × 96 × 64
are used for ISLES-2022, and 96 × 96 × 96 for BraTS-2019. α is set to 0.01 and
β represents warm-up function β = 0.1 e−5(1− t

tmax
)
2

, where t denotes the current
number of iterations and tmax represents the maximum number of iterations.

3.2 Results

Comparison with State-of-the-art Methods. We compare our proposed
HDCL with several representative methods on the ISLES-2022 and BraTS-2019



Hierarchical Disentangled Consistency Learning 7

Table 1. Quantitative comparison of our method with other state-of-the-art methods
on the ISLES-2022 and BraTS-2019 datasets.

Dataset Method 5% / 10 labeled data 10% / 20 labeled data

Dice (%) ↑Jaccard (%) ↑95HD ↓ASD ↓Dice (%) ↑Jaccard (%) ↑95HD ↓ASD ↓
IS

L
E
S-

20
22 MT [13] 62.75 48.95 20.02 6.17 64.37 50.35 19.72 6.29

SGRS-Net [15] 67.24 54.95 13.32 4.34 70.18 58.67 8.67 2.98
MMCML [21] 65.19 51.65 17.09 5.11 68.03 54.64 16.41 4.50

CMC [24] 68.07 55.32 11.79 2.50 71.15 58.85 9.79 2.17
MECF [5] 71.35 58.63 10.83 2.25 74.47 62.25 7.47 2.22
SMMS [11] 72.57 59.80 8.32 1.63 75.61 63.20 6.70 1.71

Ours 75.95 63.52 7.08 0.90 78.01 66.32 4.73 0.79

B
ra

T
S-

20
19 Method 5% / 13 labeled data 10% / 25 labeled data

MT [13] 77.60 65.84 17.56 3.59 80.22 68.70 15.20 3.11
SGRS-Net [15] 80.40 68.03 15.57 3.01 81.35 69.67 16.78 2.92
MMCML [21] 73.25 60.80 18.27 7.85 77.96 66.88 17.83 6.68

CMC [24] 79.21 67.99 14.11 2.90 80.67 69.60 14.00 2.79
MECF [5] 80.84 70.31 14.01 2.71 82.28 71.85 13.23 2.12
SMMS [11] 81.22 69.94 13.57 2.52 82.50 72.43 12.94 2.27

Ours 84.08 74.00 12.65 2.42 85.15 75.37 10.43 1.79

datasets under different labeled data settings, including semi-supervised learning
approaches (e.g., MT [13], SGRS-Net [15]) and semi-supervised multi-modal
learning approaches (e.g., MMCML [21], CMC [24], MECF [5], and SMMS [11]).

As shown in Table. 1, under the extremely limited 5% labeled setting, HDCL
achieves the best Dice of 75.95%, outperforming the strongest competing method
(i.e., SMMS) by 3.38%. Meanwhile, our method achieves the lowest 95HD and
ASD, indicating more accurate boundary delineation and better structural preser-
vation of stroke lesions. When increasing the labeled ratio to 10%, HDCL consis-
tently outperforms all compared methods across all evaluation metrics, achiev-
ing 78.01% Dice and further reducing 95HD to 4.73. These results demonstrate
the robustness of our hierarchical disentangled consistency learning framework,
particularly in low-annotation regimes. On BraTS-2019, a similar trend can be
observed. HDCL consistently achieves the best performance under both 5% and
10% labeled settings. Overall, the improvements on two datasets validate the ef-
fectiveness of enforcing hierarchical consistency constraints within a disentangled
multi-modal framework for better use complementary information.
Qualitative Analysis. Fig. 3(a) presents qualitative results under the 10%
labeled setting. Compared with CMC and SMMS, our method produces lesion
regions that are more complete and closer to the ground truth. In particular,
HDCL better preserves small or fragmented lesions on ISLES-2022 and generates
smoother and more accurate boundaries on BraTS-2019. We also visualize the
learned shared and modality-specific representations, as shown in Fig. 3(b). The
shared representations from different modalities are well aligned and exhibit
overlapping distributions, indicating effective cross-modal semantic consistency.
In contrast, modality-specific representations form clearly separated clusters,
demonstrating that HDCL successfully disentangles shared and specific features.
Ablation Study. In Table 2, we conduct ablation experiments under the 10%
labeled setting to evaluate the contribution of each component. Starting from
the baseline, introducing DRL improves Dice from 72.71% to 74.76% on ISLES-
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Fig. 3. (a) Segmentation results on two datasets under the 10% labeled setting. (b)
t-SNE visualization of the learned shared and modality-specific representations.

Table 2. Ablation study on the key components using 10% labeled data.

Settings ISLES-2022 (20 labeled data) BraTS-2019 (25 labeled data)

DRL SSDD MPCL Dice ↑ IoU ↑ 95HD ↓ ASD ↓ Dice ↑ Jaccard ↑ 95HD ↓ ASD ↓
72.71 60.16 9.15 1.93 79.00 67.53 14.33 2.78

✓ 74.76 62.46 7.73 1.77 81.84 70.50 13.73 2.53
✓ ✓ 76.71 64.74 6.28 1.25 83.23 72.83 12.34 1.91
✓ ✓ ✓ 78.01 66.32 4.73 0.79 85.15 75.37 10.43 1.79

Table 3. Ablation study of intra- and inter-space prediction consistency losses.

Settings ISLES-2022 (20 labeled data) BraTS-2019 (25 labeled data)

Dice ↑ Jaccard ↑ 95HD ↓ ASD ↓ Dice ↑ IoU ↑ 95HD ↓ ASD ↓

Lintra
unsup 77.23 65.40 5.09 1.07 84.58 74.94 11.63 2.06

Linter
unsup 76.91 65.01 6.16 1.23 83.81 73.47 12.08 2.23

Lunsup 78.01 66.32 4.73 0.79 85.15 75.37 10.43 1.79

2022 and also brings consistent gains on BraTS-2019, indicating that disen-
tangling shared and modality-specific representations enhances feature learning.
Adding SSDD further boosts performance, increasing Dice to 76.71% and reduc-
ing boundary errors. This can be attributed to the dual-path decoding strategy,
which provides complementary prediction signals from disentangled semantic
spaces. Finally, incorporating MPCL achieves the best results across all metrics.
These results show that each component contributes positively and that their
combination leads to consistent performance improvements. We further evalu-
ate the effects of intra- and inter-space prediction consistency losses in Table 3.
Using only intra-space consistency yields strong performance, while inter-space
consistency alone performs slightly worse. Combining both achieves the best
results across all metrics, demonstrating their complementary effects.
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4 Conclusions

In this paper, we propose a novel HDCL framework that performs hierarchi-
cal representation- and prediction-level consistency leaning across disentangled
semantic spaces for semi-supervised multi-modal medical image segmentation.
We introduced DRL to disentangle shared and modality-specific representa-
tions, followed by SSDD to produce predictions from different semantic spaces,
thereby enhancing prediction diversity. MPCL is further proposed to enforce
intra- and inter-space prediction consistency, leading to improved segmentation
reliability. Extensive experiments on two datasets demonstrate that our method
achieves state-of-the-art performance under different labeled data settings. Al-
though HDCL is evaluated on two-modality brain lesion segmentation tasks, its
shared-specific representation design is modality-agnostic and can potentially
be extended to more modalities by introducing additional modality-specific en-
coders and aggregating their shared and specific representations in the fused
space. In future work, we will further investigate its generalization to missing-
modality scenarios, larger modality combinations, and more diverse clinical ap-
plications.
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