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Abstract. Glioma grading and molecular subtyping are challenging due
to significant intratumoral heterogeneity and inter-task interference in
multi-task learning settings. Existing multi-task learning approaches of-
ten fail to effectively disentangle shared and task-specific representa-
tions, limiting their ability to capture complex biological patterns. To ad-
dress these issues, we propose the Distillation Expert Collaboration Net-
work (DEC-Net), which comprises two key modules. First, a Distillation
ResModule utilizes a knowledge distillation mechanism to guide a ResNet
backbone in learning discriminative multimodal representations from
tumor-relevant regions. Second, a Progressive Mixture-of-Experts mod-
ule hierarchically integrates shared and task-specific experts, enabling
layer-wise adaptation of representation spaces to mitigate inter-task in-
terference. Furthermore, a multi-task dependency loss is introduced to
explicitly model the biological correlation between glioma grades and
subtypes, thereby improving prediction consistency. Extensive experi-
ments conducted on a large hybrid cohort comprising UCSF-PDGM and
EGD datasets, along with external validation on the TCGA dataset,
demonstrate that DEC-Net achieves superior performance and robust
generalization compared with state-of-the-art methods for non-invasive
glioma diagnosis.

Keywords: Glioma · Multi-task learning · Grading · Molecular subtyp-
ing.
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1 Introduction

Gliomas are the most common and aggressive primary brain tumors [19]. The
2021 WHO classification emphasizes molecular biomarkers, such as IDH muta-
tion and 1p/19q codeletion, alongside histological grade for precise diagnosis [11].
However, current methods for determining these biomarkers rely on invasive tis-
sue sampling, which is costly and prone to sampling bias due to intratumoral
heterogeneity [15]. In contrast, multimodal MRI offers a non-invasive and re-
peatable alternative for comprehensive tumor characterization [4, 6]. Therefore,
developing non-invasive approaches to predict glioma grade and molecular sub-
types is of great clinical significance.

Multimodal MRI is widely used for glioma grading and molecular subtyp-
ing, providing complementary information on tumor structure and biological
heterogeneity [9, 14]. While grading typically relies on macroscopic characteris-
tics linked to tumor aggressiveness [18], molecular subtyping identifies subtler
imaging phenotypes correlated with IDH mutation and 1p/19q codeletion [13].
Multimodal MRI approaches face several limitations. Most methods rely on ac-
curate tumor segmentation, increasing complexity, computational cost [27], and
dependence on manual annotation, which suffers from inter-observer variabil-
ity [28]. Despite the clinical and biological links between glioma grading and
molecular subtyping, many studies model them independently [17], neglecting
intrinsic correlations and shared representations, thus limiting multi-label pre-
diction. Therefore, developing a unified framework that jointly models grading
and subtyping remains a key challenge.

To address these challenges, we propose a distillation expert collaboration
network for glioma grading and molecular subtyping. First, the Distillation
ResModule (DRModule) leverages a knowledge distillation framework, where
an anomaly-detection-guided [10] teacher directs the student ResNet to focus
on discriminative tumor-related regions. Second, a Progressive Mixture of Ex-
perts (PMoE) employs a routing network to coordinate shared and task-specific
experts, effectively balancing common and task-unique features. Additionally, a
Dependency Loss (D-Loss) is introduced to model inherent biological correla-
tions among tasks. Extensive experiments validate the effectiveness and clinical
potential of our approach. Our main contributions are summarized as follows:

1. We propose a DRModule that employ an anomaly-detection-guided teacher-
student mechanism, the module enables the network to adaptively focus on
and refine discriminative tumor-relevant features.

2. We introduce a PMoE module to mitigate inter-task interference. This mod-
ule dynamically balances shared and task-specific experts through a routing
mechanism to enhance both grading and subtyping accuracy.

3. We develop a multi-task D-Loss to model the inherent biological correlations
among grading and molecular subtyping. Extensive experiments on large-
scale cohorts demonstrate our DEC-Net achieves SOTA performance.
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Fig. 1: Overview of the proposed DEC-Net.

2 Method

As illustrated in Fig. 1, the proposed DEC-Net is designed for glioma grading and
molecular subtyping using multimodal MRI. Let Xi =

[
XT1

i ,XT1ce
i ,XT2

i ,XFLAIR
i

]
denote the input modalities. DEC-Net integrates two key modules: the DRMod-
ule for adaptive tumor-relevant extraction and the PMoE for alleviating inter-
task interference.

2.1 Distillation ResModule with a Pre-trained Network

The DRModule employs a Teacher-Student paradigm to address inter-modal
discrepancies and enhance feature representation through knowledge distillation.
To capture tumor-relevant regions, we first utilize an unsupervised pre-training
framework. Specifically, patch features are extracted from multi-modal MRI. By
applying Gaussian noise to create perturbation features, we train a discrimi-
nator to identify discrepancies between normal and anomalous patch features.
This process yields a discrepancy map, which functions as anomaly-aware prior
knowledge. This prior is then fed into the four stages of the teacher branch to
enhance the accuracy of the learned features. Following this, we employ a ResNet
backbone to extract multi-scale feature maps F = {Fi}4i=1, where i indexes the
network stages. Each feature map Fi ∈ RCi×Di×Hi×Wi denotes the feature map
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with channel, depth, height, and width dimensions. F0 denote the init input
four modalities. In DRModule, the student branch generates a set of multi-scale
features: FS = {FS

i }4i=1. To improve the learning capability of student branch,
a teacher branch is introduced. The teacher branch shares the same backbone
architecture as the student branch but is additionally guided by the discrepancy
map produced during the pre-training stage. The teacher network is not updated
via gradient descent. Instead, its parameters are maintained as an exponential
moving average (EMA) [22] of the student parameters throughout training. This
EMA update ensures stable and consistent supervisory signals for the student.
The discrepancy map is upsampled to match each backbone scale:

FT
i = ResLayeri

(
FT

i−1 ⊙UpSample(M)
)
, (1)

Specifically, FT
i−1 denote the input activation of the i-th backbone stage in the

teacher branch. The discrepancy map M is upsampled to match the spatial
resolution of the stage input. UpSample(·) denotes spatial upsampling. ⊙ de-
notes element-wise multiplication. ResLayeri(·) representing the i-th backbone
stage. Through this anomaly-guided fusion, the teacher branch produces a set of
anomaly-aware feature representations: FT = {FT

i }4i=1, which emphasize modal-
ity discrepancies. This mechanism preserves deployment efficiency while trans-
ferring discrepancy aware knowledge to the student branch.

To enforce alignment between the student and teacher feature hierarchies,
DRModule employs a multi-scale feature distillation objective. The distillation
loss is formulated as:

Ldistill = λ

4∑
i=1

∥∥FS
i − FT

i

∥∥2
2
, (2)

where FS
i and FT

i denote the student and teacher features at stage i, and λ
controls the overall strength of distillation.

2.2 Progressive Mixture-of-Experts Module

To effectively balance shared representation learning and task-specific special-
ization, we introduce a PMoE module that adopts soft parameter sharing to
dynamically allocate model capacity across tasks. PMoE performs hierarchi-
cal, layer-wise expert routing to progressively disentangle task-invariant features
from task-specific patterns. This design alleviates negative transfer among tasks
and enables stable and robust multi-task optimization.

The fused multi-scale feature FS extracted by the DRModule is first pro-
cessed, yielding the initial representation Z(0) = FS. The representation is sub-
sequently fed into a cascade of L PMoE layers, where shared and task-special
knowledge is progressively refined through expert routing.

Each PMoE layer consists of an expert pool and task-specific gating networks.
The expert pool contains two types of experts. A set of shared experts {E(l)

sh,i}
nsh
i=1

is accessible to all tasks and is responsible for modeling task-invariant represen-
tations. In parallel, for each task t ∈ {Grade, IDH, 1p/19q}, a set of task-specific
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experts {E(l)
sp,t,j}

nsp

j=1 is introduced to capture task-exclusive patterns. Dense rout-
ing is adopted throughout all experiments, allowing each task to attend to both
shared and task-specific experts. The task-specific representation at layer l is
computed as:

Z
(l)
t =

nsh+nsp∑
k=1

Softmax(G
(l)
t,k(Z

(l−1))) · E(l)
t,k(Z

(l−1)), (3)

where E
(l)
t,k denotes the k-th expert available to task t. Each expert is imple-

mented as a lightweight residual feed-forward network:

E(Z) = Z+ LayerNorm
(
WE

2 · ReLU(WE
1Z)

)
, (4)

where WE
1 and WE

2 are learnable projection matrices. For each task t at layer
l, a task-specific gating network G

(l)
t produces routing scores over all accessible

experts. The scores are normalized via a softmax function:

G(Z) = WG
1 · Z + b, (5)

After L PMoE layers, the final shared representation Z(L) is fed into task-
specific classification heads:

pt = Classifiert
(
Z

(L)
t

)
, t ∈ {Grade, IDH, 1p/19q}. (6)

Each head consists of a two-layer fully connected network with ReLU activation
and dropout regularization.

2.3 Multi-Task Loss

We adopt focal loss to mitigate class imbalance and emphasize hard-to-classify
samples for each task. The loss for task t is defined as:

L(t)
focal = −

(
1− pt,yt

)γ
logpt,yt , (7)

where pt,yt
is the predicted probability assigned to the ground-truth class yt of

task t, and γ is a focusing parameter that down-weights easy examples, thereby
shifting the model’s focus toward harder, more informative samples.

Given the strong statistical and biological dependencies inherent in predict-
ing glioma grade, IDH mutation, and 1p/19q codeletion status, we introduce a
dependency-aware regularization term. To this end, we leverage a data-driven
conditional probability matrix to explicitly model these relationships as priors.

Each binary task contributes two class states, yielding six class-level vari-
ables: C = {g0, g1, i0, i1, q0, q1}, corresponding to Grade, IDH, and 1p/19q, re-
spectively. To capture inter-task dependencies, we construct a conditional de-
pendency matrix P ∈ R6×6, where each element Pi,j represents the empirical
conditional probability of class ci given class cj :

Pi,j =
Count(ci ∩ cj)

Count(cj)
, (8)
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Table 1: Clinical Characteristics of Internal and External Datasets.
Internal Cohert External Cohert

UCSF-PDGM EGD TCGA
Total 495 (100%) 719 (100%) 167 (100%)
Grade
LGG 99 (20%) 197 (27%) 65 (39%)
HGG 396 (80%) 474 (66%) 102 (61%)
Unknown 0 (0%) 48 (7%) 0 (0%)
IDH Status
Mutated 103 (21%) 139 (20%) 58 (35%)
Wildtype 392 (79%) 276 (38%) 91 (54%)
Unknown 0 (0%) 304 (42%) 18 (11%)
1p/19q Status
Co-deleted 15 (3%) 68 (10%) 13 (8%)
Intact 389 (79%) 160 (22%) 148 (89%)
Unknown 91 (18%) 491 (68%) 6 (3%)

This matrix is estimated from the joint label distribution of the training set to
encode realistic statistical correlations among tasks. Accordingly, the dependency
loss is defined as:

Ldep = −
6∑

k=1

uk

6∑
z=1

Pz,k log
(
pz + ϵ

)
, (9)

where pz is the predicted probability of class z, and ϵ is a small constant for
numerical stability. uk ∈ {0, 1} is a binary indicator that equals 1 if class k is a
ground-truth label, and 0 otherwise. The final training objective is formulated
as:

Ltotal =
∑
t

L(t)
focal + αLdep + β Ldistill. (10)

where α and β are balancing coefficients. In this work, α and β are set to 0.3
and 0.1, respectively, reflecting their relative contributions to the total loss.

3 Experiments

3.1 Datasets

The framework was evaluated on an internal cohort (UCSF-PDGM [1] and
EGD [24]) and an external test cohort (TCGA-GBM/LGG [20,21]). Both include
multimodal MRI (T1, T1ce, T2, FLAIR). Preprocessing involved co-registration
to the SRI24 atlas, resampling to 1 mm isotropic resolution, bias field correc-
tion, skull-stripping, and z-score intensity normalization [7, 16]. Patient clinical
characteristics for all cohorts are summarized in Table 1.
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Table 2: Performance Comparison with SOTA Methods on Internal and External
Test Datasets.

Grade IDH 1p/19q
Methods AUC (%) ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%)
Internal Test
ASCP-Net [5] 81.24±3.86 82.80±3.47 77.07±6.99 72.19±7.86 78.28±4.41 74.21±2.80 73.22±7.58 78.39±6.30 78.85±2.80 70.68±1.63 61.10±8.16 76.84±3.47

MTTU-Net [3] 91.78±5.42 84.44±6.40 85.33±6.84 82.97±4.64 88.75±5.22 80.01±4.57 74.45±8.12 82.31±8.15 78.27±6.09 76.39±1.72 66.18±7.94 75.99±3.99

GliomaNet [23] 84.09±5.56 81.67±6.68 77.54±9.91 73.44±8.58 79.16±5.46 72.55±6.80 73.94±8.81 75.55±9.91 77.31±3.48 72.10±3.30 60.40±8.33 78.06±6.52

PSNet [25] 93.96±6.41 88.56±7.09 86.62±7.04 91.21±8.01 89.31±5.13 82.03±6.83 81.09±5.13 79.70±8.66 82.38±4.55 79.51±4.31 78.16±7.61 66.28±5.98

MFEFNet [29] 81.39±1.71 81.15±2.73 80.66±5.43 79.26±4.19 84.61±2.02 77.47±2.72 74.10±2.02 78.72±4.10 81.09±2.93 75.20±2.88 66.87±9.19 71.37±2.89

MDLNet [26] 92.83±4.62 87.76±5.30 86.88±4.12 84.64±11.15 89.34±1.16 84.65±2.15 83.29±6.70 83.91±3.52 84.05±2.58 74.49±6.38 72.12±7.22 72.10±8.76

CMTLNet [2] 91.38±4.50 86.93±4.02 83.11±5.34 79.37±4.38 89.28±4.68 82.46±3.18 78.71±4.96 83.81±3.29 76.69±4.28 70.38±3.33 62.96±4.25 76.08±3.28

MTAFNet [12] 85.26±1.64 84.37±1.92 84.29±4.21 73.87±8.36 84.93±1.54 80.48±2.24 74.06±5.77 82.64±3.80 77.81±4.38 76.23±4.32 68.62±5.76 72.66±5.17

MLNet [8] 83.73±1.26 81.38±1.88 87.69±2.84 79.64±3.81 80.52±1.43 82.93±1.82 76.58±4.89 82.92±2.71 78.27±4.09 75.98±2.88 62.06±10.87 78.28±2.50

Ours 95.11±1.86 89.14±1.34 88.14±1.83 91.55±2.47 90.96±2.74 85.45±1.14 84.99±5.57 85.47±2.79 85.45±2.70 80.73±2.98 79.48±5.25 79.89±4.28

External Test
ASCP-Net [5] 77.83±7.62 74.66±8.43 73.53±12.77 64.15±16.22 72.77±8.53 70.60±5.20 61.66±14.68 64.84±15.45 64.62±7.78 80.99±8.11 33.08±6.88 87.84±7.81

MTTU-Net [3] 83.48±5.79 76.77±4.98 84.31±10.02 64.92±15.23 78.25±4.09 71.41±6.36 65.52±16.38 75.16±15.22 67.88±9.35 73.54±7.36 36.92±6.65 76.76±12.08

GliomaNet [23] 77.57±6.21 75.66±9.36 73.73±13.09 63.85±17.93 73.04±4.71 69.80±5.16 62.17±12.26 66.37±15.32 66.64±10.13 79.69±3.99 31.54±3.44 87.43±4.64

PSNet [25] 85.81±6.77 80.12±5.39 82.35±3.82 60.92±12.56 78.53±5.97 74.17±7.84 63.79±14.11 79.42±9.92 68.14±8.48 78.14±8.09 29.23±7.54 82.43±10.31

MFEFNet [29] 75.38±7.50 70.96±4.27 79.61±8.54 60.31±12.69 70.52±5.36 68.81±4.77 66.03±10.54 78.90±11.55 62.26±11.67 81.93±7.82 26.12±8.12 90.13±6.12

MDLNet [26] 82.32±7.23 77.96±6.90 86.43±4.35 61.54±16.06 75.65±5.32 74.77±6.45 62.07±10.42 78.86±15.58 66.74±11.17 83.11±5.39 36.15±6.44 89.86±6.34

CMTLNet [2] 82.95±6.02 76.89±7.33 81.18±9.94 70.15±15.69 78.65±6.58 72.46±4.89 71.03±12.82 66.81±13.28 68.97±8.59 68.20±8.62 35.38±4.08 71.08±8.66

MTAFNet [12] 70.38±6.78 72.93±6.27 75.10±13.84 65.85±16.34 70.35±4.91 71.69±9.47 64.31±18.15 62.86±18.34 67.05±8.91 77.33±6.52 28.16±8.45 85.40±7.10

MLNet [8] 79.44±4.34 79.76±4.47 83.53±11.48 62.46±18.96 74.19±7.07 67.07±2.73 61.03±16.92 76.95±12.90 63.20±2.26 81.30±10.88 27.42±3.82 89.32±4.96

Ours 88.82±3.67 81.32±3.34 87.45±7.22 71.69±11.65 81.37±3.88 74.90±3.96 72.86±15.32 80.06±10.15 74.58±5.19 85.22±4.88 39.23±3.44 91.89±5.41

3.2 Implementation Details

All experiments were implemented in PyTorch and conducted on NVIDIA RTX
4090 GPUs. The input size was fixed to 128×128×128 after center cropping and
random flipping for data augmentation. The DEC-Net was optimized using the
AdamW optimizer with an initial learning rate of 1 × 10−4. Batch size was set
to 8, and the total number of epochs was 100. Samples with missing labels were
excluded from model training, P-matrix estimation, and evaluation. For internal
test, we conducted 5-fold cross-validation on the combined UCSF-PDGM and
EGD cohort. The TCGA cohort was used exclusively as the external test cohort.
Our five-fold cross-validation is site-stratified. To ensure a fair comparison, all
experiments were evaluated under identical experimental settings.

3.3 Overall Performance on Internal and External Test Datasets

To comprehensively evaluate the effectiveness and generalization capability of
the proposed method, we conducted experiments on both internal and external
test datasets, comparing it with nine SOTA methods (ASCP-Net [5], MTTU-
Net [3], GliomaNet [23], PSNet [25], MFEFNet [29], MDLNet [26], CMTLNet [2],
MTAFNet [12], and MLNet [8]) on three key glioma classification tasks using
Area Under the Curve (AUC) and Accuracy (ACC) with mean and standard de-
viation as evaluation metrics, with detailed results in Table 2. On the internal test
dataset, DEC-Net consistently achieved the highest performance across all met-
rics. Notably, for Grade classification, our method reached an AUC of 95.11%,
achieving a 1.22% improvement over the strongest baseline. In the more challeng-
ing IDH and 1p/19q subtyping tasks, DEC-Net also surpassed the second-best
methods by 1.81% and 1.67% in AUC, respectively. The external validation on
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Table 3: Module Ablation Study with Performance Metrics On Internal Dataset
Module Grade IDH 1p/19q

DRModule PMoE D-Loss AUC (%) ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%) AUC (%) ACC (%) SEN (%) SPE (%)
– – – 88.87 ±8.16 84.88 ±6.27 86.40 ±4.09 81.22 ±9.63 87.17 ±5.86 81.50 ±4.33 79.54 ±9.36 80.91 ±2.57 79.81 ±4.30 72.10 ±7.82 67.90 ±9.42 73.45 ±8.49

√
– – 89.78 ±6.04 85.22 ±6.72 84.82 ±6.83 79.33 ±6.78 88.07 ±4.68 82.14 ±5.82 81.67 ±4.65 82.26 ±7.19 81.53 ±4.17 79.25 ±9.02 71.61 ±6.29 75.46 ±8.93

–
√

– 90.02 ±4.47 85.60 ±5.65 83.28 ±7.34 84.61 ±1.59 89.08 ±1.71 81.96 ±4.12 82.91 ±0.37 80.13 ±5.48 81.35 ±6.25 75.68 ±0.67 73.33 ±8.11 73.94 ±1.31

– –
√

92.63 ±2.03 86.84 ±2.65 87.72 ±2.70 90.59 ±4.77 89.00 ±2.85 83.52 ±3.12 83.37 ±5.78 83.46 ±4.00 84.77 ±2.05 76.57 ±4.62 75.74 ±6.34 78.29 ±6.48

–
√ √

91.68 ±3.98 86.05 ±4.91 84.13 ±5.04 84.18 ±7.87 89.14 ±4.29 84.34 ±5.12 81.35 ±6.42 82.48 ±5.57 82.37 ±4.55 77.89 ±5.16 72.08 ±9.26 74.01 ±6.13

√
–

√
92.14 ±5.51 87.66 ±5.15 85.25 ±4.58 83.20 ±9.59 89.34 ±4.58 82.86 ±4.48 81.57 ±7.90 83.45 ±4.52 83.75 ±4.92 78.68 ±3.43 77.44 ±9.49 75.94 ±4.63

√ √
– 91.13 ±6.11 86.94 ±6.52 84.74 ±4.96 85.21 ±8.04 89.05 ±1.65 82.72 ±4.32 84.58 ±6.26 81.93 ±5.43 82.64 ±4.14 78.11 ±5.80 77.81 ±7.50 76.18 ±9.38

√ √ √
95.11 ±1.86 89.14 ±1.34 88.14 ±1.83 91.55 ±2.47 90.96 ±2.74 85.45 ±1.14 84.99 ±5.57 85.47 ±2.79 85.45 ±2.70 80.73 ±2.98 79.48 ±5.25 79.89 ±4.28

the TCGA dataset further underscores the robustness of our approach. While
most SOTA methods experienced a sharp performance decline due to domain
shift, DEC-Net retained leading results. Specifically, it achieved AUCs of 88.82%
for Grade, 81.37% for IDH, and 74.58% for 1p/19q classification, outperforming
the best competing model by 3.51%, 3.46%, and 8.13% in AUC, respectively.

3.4 Ablation Study

We conducted ablation studies on our internal dataset to validate the con-
tribution of each proposed component (Table 3). The baseline model without
any proposed modules achieved moderate performance. Introducing D-Loss im-
proved prediction consistency across all tasks by modeling biological correlations
between glioma grades and molecular subtypes, indicating the effectiveness of
task-level relational regularization. Incorporating DRModule further guided the
backbone to learn discriminative representations from tumor-relevant regions via
knowledge distillation, while PMoE hierarchically integrated shared and task-
specific experts to mitigate inter-task interference. In addition, the improvements
of DRModule and PMoE are not strictly monotonic when combined with D-
Loss separately, suggesting that these modules introduce complementary effects
and may benefit different tasks or metrics to different extents. Ultimately, the
full model integrating all three modules attained the best overall performance,
outperforming all ablated variants on most metrics. These results confirm that
DRModule, PMoE, and D-Loss are complementary and collectively enhance the
model’s generalization capability.

4 Conclusion

In this paper, we proposed the DEC-Net to address the challenges of task inter-
ference and representation learning in joint glioma grading and subtyping. By
integrating the DRModule, PMoE module, and D-Loss, our network effectively
captures discriminative multimodal representations, mitigates inter-task interfer-
ence, and explicitly models the biological correlations between glioma grades and
molecular subtypes. Extensive experiments on a large hybrid cohort of UCSF-
PDGM and EGD, and external validation on the TCGA dataset, demonstrate
that DEC-Net consistently outperforms SOTA methods. Our approach provides
a powerful, non-invasive tool for comprehensive glioma profiling, holding signif-
icant potential to support precise clinical decision-making in neuro-oncology.
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