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Abstract. Deep learning models face challenges in medical image seg-
mentation under limited annotations, particularly in pediatric brain tu-
mor cases. Simply augmenting pediatric datasets with adult cases is
suboptimal due to anatomical and developmental differences. We pro-
pose a two-stage meta-reweighting framework: a coarse stage that per-
forms cross-domain binary segmentation for stable localization, and a fine
stage that refines pediatric-specific subregions with gradient-alignment-
based reweighting. To further improve pediatric relevance, we introduce
a gradient-similarity–driven retrieval mechanism that selects representa-
tive pediatric meta-cases as a stable reference set for weight computation,
avoiding reliance on noisy online samples. This design enables effective
loss reweighting while maintaining computational efficiency. Experiments
on BraTS-PEDs demonstrate that the proposed method significantly
outperforms state-of-the-art reweighting approaches, achieving a 6.1%
improvement in Dice score and a 20.84 mm reduction in HD95, high-
lighting its robustness for pediatric brain tumor segmentation in low-data
settings. Code is available at https://github.com/abod-alfakih/MDR2.
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1 Introduction

Deep learning has advanced medical image segmentation, yet pediatric brain
tumor segmentation remains critically challenging due to severe data scarcity.
Unlike adult gliomas with thousands of annotated cases, pediatric datasets com-
prise only 99 labeled cases, reflecting tumor rarity (incidence 1 per 100,000) [1],
high annotation costs, and ethical constraints [2, 3]. To address this scarcity, aug-
mentation with adult glioma cases has become necessary [4]. However, this in-
troduces domain shifts from fundamental differences in patient populations and
tumor biology—including variations in brain anatomy, tissue composition [5],
and tumor types [6]. As shown in Fig. 1, adult glioblastomas and pediatric dif-
fuse midline gliomas differ substantially in their internal subregion composition
and spatial characteristics.

Models trained on mixed datasets naturally overfit adult-dominant features
due to population imbalance, limiting pediatric generalization [17, 6]. While
meta-learning offers a principled framework for handling such imbalance through
adaptive sample reweighting, it remains largely unexplored for this problem. We
address this gap with a two-stage meta-reweighting framework designed to mit-
igate pediatric-adult domain discrepancy.

We propose a two-stage meta-reweighting framework that strategically de-
composes the problem (Fig. 2). Recognizing that tumor localization shows cross-
domain consistency while subregion characteristics are population-specific, the
coarse stage learns robust binary segmentation from mixed data, while the fine
stage focuses on pediatric-specific refinement through adaptive sample reweight-
ing.

One of the key innovation is our dynamic retrieval mechanism: instead of
reweighting against random pediatric samples as in prior meta-learning [7–10],
we identify and maintain a stable set of representative cases based on gradient
similarity. This ensures reweighting is guided by informative references that truly

Fig. 1. Comparison of adult and pediatric brain tumors. Adult glioblastomas (i) involve
the frontal/temporal lobes with typical peripheral enhancement, central necrosis, and
pronounced peritumoral edema, whereas pediatric diffuse midline gliomas (DMGs) (ii)
involve midline structures such as the brainstem with relatively reduced peritumoral
edema.
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Fig. 2. Comparison of two training strategies for pediatric brain tumor segmentation:
(a) naïve joint training on combined pediatric and adult datasets, and (b) the proposed
adaptive meta-reweighting strategy.

reflect pediatric characteristics, not noisy individual samples. Combined with ef-
ficient gradient alignment, this achieves substantial gains (10.7% Dice, 24.6mm
HD95) without bi-level optimization overhead. Our main contributions are: (1)
A coarse-to-fine framework that exploits cross-domain consistency while address-
ing population-specific differences; (2) A gradient-similarity retrieval mechanism
for stable meta-case selection; (3) Efficient gradient-based reweighting achieving
state-of-the-art pediatric segmentation performance.

2 Materials and Methods

2.1 Datasets

We utilize the BraTS 2021 (1,251 adult cases) [11] and BraTS-PEDs 2024 (99
pediatric cases) [12] labeled training cohort. Annotations comprise Edema (ED),
Enhancing Tumor (ET), and Non-Enhancing Component (NC). From these la-
bels, Tumor Core (TC = NC ∪ ET) and Whole Tumor (WT = ED ∪ NC ∪ ET)
are derived. BraTS-PEDs is randomly divided into 70 training and 29 testing
cases. To mitigate variance caused by the small sample size, we repeat experi-
ments under a 4-fold cross-validation scheme and report each results. At each
training epoch, 10 pediatric subjects are sampled as a meta dataset using the
proposed dynamic retrieval strategy.

2.2 Proposed Framework

The proposed framework consists of two stages (Fig. 3). The coarse stage per-
forms cross-domain binary segmentation to obtain robust tumor localization,
while the fine stage refines these predictions into pediatric-specific subregions.
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Fig. 3. Overview of the proposed two-stage meta-reweighting framework: (a) binary
coarse localization; (b-1) pediatric multi-class refinement; (b-2) gradient-based dynamic
retrieval.

In the fine stage, a meta-reweighting strategy with dynamic retrieval adaptively
reweights training samples, prioritizing pediatric cases and adult samples that
align with pediatric gradients.
Coarse Stage (Cross-Domain Binary Segmentation): As shown in Fig. 3(a),
the coarse stage trains a binary segmentation model on both adult and pediatric
data by collapsing all tumor subregions into a single class. The rationale is
that overall tumor appearance and whole-tumor features are broadly consistent
across populations, making binary segmentation a stable cross-domain task. Let
X = {xi}Ni=1 denote the MR volumes and Y(b) = {y(b)i }Ni=1 the binary masks
(y(b)i ∈ {0, 1}). The model fθ is trained with the sum of Dice and BCE losses:

Lbinary = LDice(fθ(xi), y
(b)
i ) + LBCE(fθ(xi), y

(b)
i ), (1)

The resulting coarse masks m̂i provide auxiliary input to the fine stage, which
then focuses on refining population-specific subregion differences through meta-
reweighting.
Fine Stage (Multi-Class Segmentation): The second stage (Fig 3(b-1))
refines binary tumor segmentation into subregions specific to pediatric cases
(i.e., ET, TC, and ED). The binary tumor mask m̂i predicted in Stage 1 is
concatenated with the original MR modalities xi to form the augmented input.

x̃i = concat(xi, m̂i), x̃i ∈ RH×W×D×(K+1), (2)

where K is the number of MR modalities and (K+1) accounts for the additional
binary mask channel. The multi-class segmentation model fθ maps x̃i to C
output channels, with C = 3 representing the tumor subregions. The objective
is a weighted combination of Dice and CE losses:

Lmulti(θ) =
1

|B|
∑
i∈B

[
Lmulti

Dice (fθ(x̃i), yi) + LCE(fθ(x̃i), yi)
]
, (3)

where yi ∈ {0, 1, . . . , C}H×W×D are voxel-wise labels, and B is the batch. This
stage emphasizes pediatric-specific subregion characteristics, guided by meta-
reweighting.
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Dynamic Meta-Cases Retrieval: We use a gradient-based meta-reweighting
strategy with two components: (i) selecting representative pediatric meta-cases
through gradient similarity, and (ii) reweighting training samples based on their
alignment with these meta-cases.
(i) Retrieval-Based Meta-Case Selection. Every 5 epochs, we construct a dynamic
set of pediatric reference samples, termed meta-cases. Let P denote the set of
pediatric training samples. For each p ∈ P, we compute its gradient:

gp = ∇θLmulti(xp, yp; θ). (4)

The reference pediatric gradient is the mean over P:

Gref =
1

|P|
∑
p∈P

gp. (5)

Each pediatric sample is then scored by cosine similarity with Gref:

S(gp, Gref) =
gp ·Gref

∥gp∥ ∥Gref∥
. (6)

The top 10 samples form the meta-case set M . This design ensures that
reference cases are not chosen arbitrarily but are representative of the over-
all pediatric distribution, making gradient alignment more stable. Because M
is updated as parameters evolve, it reflects the current training state as well
(Fig. 3(b-2)).
(ii) Meta-Gradient Reweighting. The meta-cases M yield an aggregated pediatric
meta-gradient:

Gm =
1

|M |
∑
m∈M

∇θL(xm, ym; θ). (7)

For each training sample (xi, yi) in batch B, we compute its sample-level
gradient gi (obtained via the same patch-based aggregation used during training)
and measure its alignment with Gm:

S(gi, Gm) =
gi ·Gm

∥gi∥ ∥Gm∥
. (8)

Negatively aligned samples are suppressed using ReLU, followed by normal-
ization:

w̃i =
max

(
0, S(gi, Gm)

)∑
j∈B max

(
0, S(gj , Gm)

) , ∀i ∈ B. (9)

The final reweighted objective becomes:

Lfinal =
∑
i∈B

w̃i

[
Lmulti

Dice (fθ(xi), yi) + LCE(fθ(xi), yi)
]
. (10)

This strategy avoids the costly bi-level optimization commonly used in meta-
learning-based reweighting methods [8]. Instead of repeatedly solving inner–outer
loops or computing higher-order gradients, our approach relies on a single gra-
dient alignment operation within standard training, with lower computational
and memory overhead.
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Table 1. Quantitative comparison of DA, FCL, MWN, L2RW, and MGR-DAS against
the proposed method. † p<0.05 (paired t-test vs Proposed).

Method DSC (%) ↑ HD95 (mm) ↓ Time ↓
(min/epoch)WT TC ET Avg WT TC ET Avg

DA [6] 0.828† 0.808† 0.486 0.707† 23.65† 20.52† 51.81 31.99† 1.83
FCL [14] 0.800† 0.728† 0.483 0.670† 31.74† 22.26† 52.49 35.50† 1.32
MWN [8] 0.789† 0.731† 0.481 0.667† 12.50 15.62 92.83 40.32 26.42
L2RW [7] 0.797† 0.751† 0.482 0.677† 27.97† 20.97† 52.28 33.74† 28.32
MGR-DAS [9, 10] 0.805† 0.761† 0.483 0.683† 23.81† 21.32† 53.83 32.98† 6.82
Proposed 0.891 0.865 0.549 0.768 10.04 9.01 14.39 11.15 3.26

2.3 Experiment Details

We conducted three experiments to evaluate the proposed framework: (i) a step-
wise ablation study to quantify the contribution of two-stage training, meta-
reweighting, and retrieval-based meta-case selection; (ii) comparison with ex-
isting mixed-training strategies; and (iii) robustness evaluation using four-fold
cross-validation to verify consistency across different data splits, followed by eval-
uation across multiple backbone architectures to assess generalizability across
different network designs. For fair comparison with prior work, all primary re-
sults are reported using a fixed pediatric train/test split (70/29 cases), while
the four-fold cross-validation experiments were conducted separately as an ad-
ditional robustness analysis (Table 3(A)).

Models were trained for 90 epochs using AdamW with an initial learning
rate of 1 × 10−4 and a learning rate scheduler to ensure stable convergence.
Training was performed with a batch size of 16 and a patch size of 64× 64× 64.
Performance was evaluated using the Dice Similarity Coefficient (DSC) and the
95th percentile Hausdorff Distance (HD95).

2.4 Baseline Study

We compare the proposed method with representative reweighting and domain
generalization approaches, including supervised Domain Adaptation (DA) [6],
which transfers knowledge between two models by first training on mixed-domain
data and then adapting to pediatric data; Fixed Curriculum Learning (FCL) [14],
which prioritizes pediatric cases in an easy-to-hard schedule; Meta-Weight-Net
(MWN) [8], which learns adaptive sample weights via a lightweight MLP; Learning-
to-Reweight (L2RW) [7], which optimizes per-sample weights through bilevel
meta-learning; and MGR-DAS [9, 10], which weights samples based on gradient
similarity. All methods are trained on the same mixed adult–pediatric dataset
with identical backbone and training settings for fair comparison.

3 Results and Discussion

3.1 Comparison with Alternative Training Strategies

As shown in Table 1, DA achieved average DSC values of 0.707, while FCL,
MWN, L2RW, and MGR-DAS provided modest gains with 0.670, 0.667, 0.677,
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Fig. 4. 3D visualization of binary and multi-class tumor segmentation across methods.
Most methods overestimated perilesional edema due to adult-type priors, whereas the
proposed method demonstrated more accurate edema delineation

and 0.683 respectively. In contrast, the proposed method achieved the highest
average DSC (0.768) and the lowest HD95 (11.15 mm). The visual results in
Fig. 4 further confirm that our method reduces false positives and yields more
precise tumor boundaries, demonstrating robust improvements in segmentation
accuracy and boundary precision. These findings highlight that both the retrieval
strategy and the progressive refinement introduced by the two-stage architecture
are critical for achieving robust pediatric tumor segmentation.

3.2 Ablation Study

Baseline mixed-domain training achieved a DSC of 0.661 (Table 2). Adding meta-
reweighting improved performance to 0.677, demonstrating that out method can
mitigate domain imbalance. Incorporating dynamic retrieval further increased
DSC to 0.690, confirming the benefit of stable reference selection. The dual-
stage design alone (without reweighting) achieved 0.725, while the full framework
yielded the best performance (DSC 0.768, HD95 11.15 mm).

Overall, the two-stage framework improves DSC by 7.8% over single-stage
mixed training (0.690→0.768), and surpasses pediatric-only (+5.4%) and naive

Table 2. Ablation study showing the effect of Mix Data, reweighting, retrieval, and
dual-stage design on segmentation performance. The first row (baseline) corresponds
to training using only pediatric data. ✓ indicates the component is used.

Mix Data Reweighting Retrieval Dual Stage DSC (%) ↑ HD95 (mm) ↓
WT TC ET Avg WT TC ET Avg

✗ ✗ ✗ ✗ 0.759 0.261 0.050 0.357 42.76 153.5 174.7 123.6
✓ ✗ ✗ ✗ 0.792 0.710 0.482 0.661 36.57 17.48 53.20 35.75
✓ ✓ ✗ ✗ 0.790 0.754 0.488 0.677 23.24 19.28 53.87 32.11
✓ ✓ ✓ ✗ 0.803 0.786 0.480 0.690 23.10 23.01 52.84 32.98
✓ ✗ ✗ ✓ 0.883 0.842 0.450 0.725 14.43 8.85 52.03 25.10
✓ ✓ ✓ ✓ 0.891 0.865 0.549 0.768 10.04 9.01 14.39 11.15
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Fig. 5. 3D visualization results for binary segmentation and 2D slice results for multi-
class segmentation on pediatric datasets.

mixed training (+4.3%). The proposed method also correctly predicts the ab-
sence of ET when ET is not present in the ground truth, indicating improved
class-specific reliability and reduced over-segmentation Fig. 5. This confirms that
decomposing into binary localization and multi-class refinement effectively ad-
dresses both data scarcity and domain imbalance.

3.3 Reproducibility Across Folds and Backbones

Across all folds, the proposed method consistently outperformed conventional
mixed-domain training, yielding DSC improvements of +0.118, +0.178, +0.114,
and +0.093, along with notable reductions in HD95 (up to −16.39 mm) see Ta-
ble. 3. Consistent performance gains were also observed across U-Net [16], Swin
UNETR [15], UNETR [13], and CNMCPMI2023 [18] backbones, with DSC in-
creases of up to +0.249 and substantial HD95 reductions exceeding 100 mm for
U-Net and Swin UNETR. These results demonstrate the stability, reproducibil-
ity, and backbone-agnostic effectiveness of the proposed strategy.

Table 3. Performance comparison between the proposed framework and conventional
training across (A) four-fold cross-validation and (B) different backbone architectures.
For (A), the four folds contain 25, 25, 25, and 24 testing cases, respectively. For (B),
results are reported using the primary 70/29 pediatric train/test split.

Mode Setting DSC ↑ HD95 ↓
Proposed Conventional Proposed Conventional

(A) Cross-Validation

Fold 1 0.789 0.671 29.41 37.58
Fold 2 0.789 0.611 16.88 32.80
Fold 3 0.733 0.619 29.13 45.52
Fold 4 0.789 0.696 23.49 26.02

(B) Backbones

U-Net 0.686 0.441 25.45 145.20
Swin UNETR 0.757 0.508 16.80 155.60
UNETR 0.768 0.651 11.15 29.01
CNMCPMI2023 0.822 0.715 8.60 30.30
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4 Conclusion

Our two-stage framework with meta-reweighting effectively mitigates data im-
balance by enhancing pediatric-specific learning while leveraging adult data as
complementary dataset. By adaptively assigning higher weights to pediatric
cases—or to adult cases most similar to pediatric ones—the method achieves
improved generalization across datasets dominated by adult samples. Beyond
pediatric imaging, our method might be applied to other cohorts or tumor types.
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