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Abstract. Pediatric brain tumor subregion segmentation is strongly
imbalanced: whole-tumor anatomy is comparatively stable, whereas en-
hancing tumor (ET), cystic component (CC), and edema (ED) may be
absent or small. We present an anatomy-preserving system for BraTS-
PEDs 2026 Task 2. Two independent five-fold residual-encoder nnU-Net
ensembles supply tumor anatomy, one defining the submitted segmen-
tation and one whose tumor core localizes an enhancing-tumor special-
ist, and the specialist reaches the output only through a constrained
transplant: it may relabel non-enhancing tumor core (NETC) as ET and
nothing else, the whole case is rolled back once a proposal exceeds 800
voxels, and a terminal tumor-core guard closes the assembly, so tumor
core, whole tumor and the cystic mask are invariant by construction.
On the 91-case challenge validation set the frozen submission achieved
Dice 0.588, 0.917, 0.204, 0.000, 0.944 and 0.944 for ET, NETC, CC,
ED, tumor core and whole tumor. We also report a negative result: four
learned rare-subtype specialists, each with a large ground-truth oracle
ceiling, transferred almost nothing under strict held-out evaluation, and
importing a challenge winner degraded CC. Pulled back from the reg-
istry by digest, the submitted image reprocessed all 91 cases and differs
from the frozen reference in ten of them by twelve voxels in total, leav-
ing presence, connected components and instance topology unchanged.
Code, container recipe and the verification record are released publicly.

Keywords: Pediatric brain tumor · MRI segmentation · nnU-Net ·
rare subtypes · anatomy-preserving refinement · reproducible contain-
ers

1 Introduction

The BraTS series has benchmarked brain tumor segmentation since its adult
glioma editions [12, 1] and now extends to pediatric populations, where tumor
biology, subregion prevalence, and cohort size all differ [8, 7]. The strongest en-
tries of the first pediatric edition were ensembles around nnU-Net [9, 3], itself
an encoder–decoder U-Net [13] whose residual-encoder presets remain highly
effective for gross tumor anatomy [5], and that is our starting point.

Pediatric subregions are hard because the classes differ greatly in prevalence,
volume, appearance, and clinical meaning, and a flat multiclass objective is dom-
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inated by background and large tumor. In our labeled cohort, at a 10-voxel pres-
ence threshold, NETC was present in 291 of 293 cases and ET in 196, whereas
CC and ED were present in only 94 and 64. A model can therefore score well on
tumor core (TC) and whole tumor (WT) while suppressing genuine rare tissue
or hallucinating it where there is none. Our error analysis showed that most ET
and CC errors were not failures to find tumor at all: rare-subtype voxels were
absorbed into NETC. That motivated a narrower task, preserving the reliable
anatomy and deciding only whether selected NETC voxels should be promoted.

We first tried the obvious solution, training a corrector on the errors of
the frozen anatomical models, and it did not work: four rare-subtype special-
ists with large ground-truth oracle ceilings failed to transfer on held-out folds,
as did a winning model of the 2025 pediatric edition (Sec. 3.1). The submit-
ted system follows from that. Two independent residual-encoder ensembles are
trained, one defining the submitted anatomy and one localizing the special-
ist, so a specialist error cannot move the anatomical decision; the transplant
is restricted to the single transition NETC→ET and bounded by an inclusive
whole-case budget, leaving TC, WT, and the cystic mask invariant by con-
struction; and the submission carries an executable verification chain of hash-
locked weights and operators, synthetic threshold tests, and a full replay of the
pulled image, so the artifact that is scored is provably the artifact that was
validated. Sec. S1 of the supplementary material summarizes it as a schematic
and as pseudocode. Code, container recipe, and the verification record are at
https://github.com/1nqi/hmnunet-brats2026-task2.

2 Materials and Methods

2.1 Data and Label Contract

We used 293 labeled training cases and 91 unlabeled challenge validation cases,
under one fixed five-fold split with 234 to 235 training and 58 to 59 held-out
cases per fold, so every case was held out exactly once. Each case contained
T1-weighted native (T1N), contrast-enhanced T1-weighted (T1C), T2-weighted
(T2W), and T2-FLAIR (T2F) MRI [8, 7]. In accordance with the challenge rules,
we also cite the MedPerf federated benchmarking framework [6]. No challenge
validation labels were used for training.

The official integer labels were ET=1, NETC=2, CC=3 and ED=4, with
composite masks TC = {1, 2, 3} and WT = {1, 2, 3, 4}. This contract was en-
forced by executable tests before training and packaging.

2.2 Frozen Anatomical Ensembles

Both ensembles are five-fold 3D full-resolution nnU-Nets with residual encoders,
trained with region-based supervision on the four sigmoid channels WT, TC,
ET and CC, the formulation that has proved effective in earlier BraTS editions
[4]. The primary ensemble P combines an extra-large residual encoder at 500
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epochs, an extra-large one at 250 epochs with foreground oversampling raised to
0.5, and a large one at 250 epochs, each contributing all five folds with mirroring
test-time augmentation [16]; the three probability volumes are averaged in sin-
gle precision, decoded with a strict threshold and post-processed once (Sec. 2.3).
The hybrid ensemble H replaces the 500-epoch model by its 250-epoch counter-
part and is otherwise identical. It is never submitted: its tumor core defines the
specialist’s region of interest, and it is the fallback of the terminal guard. Using
two ensembles keeps the anatomical decision and the specialist trigger separate,
since a proposal is admitted only where both predict NETC.

Both ensembles use the 3D full-resolution configuration at 1×1×1 mm with
per-channel z-scoring. The extra-large encoder trains on 160×256×224 patches
at batch size 3, the large one on 128 × 224 × 224 at batch size 2; both have six
stages, 32 to 320 features and 1, 3, 4, 6, 6, 6 residual blocks per stage. Optimiza-
tion is SGD, Nesterov momentum 0.99, weight decay 3 × 10−5, initial rate 10−2,
polynomial decay ηt = η0(1 − t/T )0.9 over T = 250 or 500 epochs of 250 itera-
tions. The spatial pipeline is rotation up to 30◦ per axis and scaling in [0.7, 1.4],
each at p = 0.2, then mirroring on all three axes, with elastic deformation dis-
abled; intensity augmentation adds Gaussian noise (p = 0.1), blur (p = 0.2),
brightness and contrast in [0.75, 1.25] (p = 0.15 each), simulated low resolution
(p = 0.25), and gamma in [0.7, 1.5] with (p = 0.1) and without (p = 0.3) in-
version. This is the nnU-Net 2.8.1 schedule, which our trainers change only in
epochs and foreground oversampling.

Class imbalance is handled before the loss rather than inside it. Region-based
supervision gives each of WT, TC, ET, and CC its own sigmoid channel with
a Dice and binary cross-entropy objective under deep supervision, so a rare
subregion is its own binary target rather than a minority class in a softmax.
Patch sampling then centers a fixed fraction of every batch on a foreground
voxel: 0.33 for the 250- and 500-epoch configurations, 0.5 for the oversampled
member of each ensemble and for the specialist, which also sees only tumor-core
crops. We did not reweight the objective; Sec. 3.1 reports what happened when
we attacked the imbalance with learned correctors instead.

2.3 Region Decoding and Post-processing

Let p ∈ [0, 1]4×X×Y ×Z be the averaged region probabilities in channel order
[WT, TC, ET, CC]. Labels are assigned by strict thresholding in a fixed paint
order, so that a more specific region overwrites a more general one:

ŷ(x) =



3, pCC(x) > 0.5,

1, pET(x) > 0.5, pCC(x) ≤ 0.5,

2, pTC(x) > 0.5, pET(x) ≤ 0.5, pCC(x) ≤ 0.5,

4, pWT(x) > 0.5, pTC(x) ≤ 0.5,

0, otherwise.

(1)

The threshold is strict, so a probability of exactly 0.5 leaves the voxel outside that
region, and the paint order is the sequence in which the four region masks are
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written onto the label volume, each overwriting whatever the previous one left.
A single post-processing pass follows: predicted edema is removed, because ED
was not recovered reliably on development data and its presence only degraded
whole tumor; ET components below 100 voxels and NETC components below
50 are deleted; and cystic components are retiered by size, removed below 10,
relabeled NETC from 10 to 49, and retained as CC at 50 or more. All component
analysis uses 26-connectivity. The pass runs exactly once per segmentation and
its boundaries are pinned by the synthetic tests of Sec. 3.5.

2.4 Enhancing-Tumor Specialist on the Tumor-Core ROI

Rare-subtype errors are concentrated inside tissue that the anatomical ensembles
already detect, so the specialist is confined to that tissue. Let T be the tumor core
of the decoded hybrid ensemble before post-processing. The specialist operates
on the axis-aligned bounding box of T , dilated by a margin of 16 voxels in each
direction and clipped to the image; cases with empty T skip the specialist stage
entirely.

Inside this crop we build the six-channel specialist input from the four MRI
channels together with two channels derived from the hybrid prediction, and
apply a five-fold nnU-Net with a medium residual encoder: five encoder stages
with 32 to 320 features, 80×80×80 patches, and batch size 10, trained with the
same 250-epoch schedule, augmentation pipeline, and foreground oversampling
rate of 0.5 as the base models. Unlike the ensembles, it is supervised on the three
tumor-core labels directly rather than on regions.

The two derived channels are the hard tumor core of the raw hybrid decode
and its crop-local signed distance transform edt(T ) − edt(T̄ ) clipped to ±20
voxels; neither is z-scored, the four MRI channels enter unmodified apart from
the crop, and there are no inter-modality contrast channels. Both are computed
inside the container per case after the hybrid decode, so extraction is dynamic
rather than a pre-processing pass. Training crops used the same construction
on out-of-fold hybrid predictions rather than ground-truth tumor core, so the
specialist meets the region-of-interest distribution it was trained on, and its
folds inherit the ensembles’ out-of-fold assignment, so no case shapes the region
of interest of a fold it is scored in. The specialist prediction is pasted back into
full image space under identity geometry; the paste is rejected if the recovered
array does not match the crop shape and geometry exactly.

The specialist output is combined with the raw hybrid segmentation by a
single rule: a voxel the hybrid labels NETC and the specialist labels ET or CC
takes the specialist label, every other voxel is unchanged, and the fused volume
is post-processed once, yielding F .

2.5 Budgeted Transplant and Terminal Guard

The submitted segmentation is derived from the primary ensemble P ; the fused
volume F may only propose. The proposal is the set of voxels on which all three
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sources agree that a promotion is warranted:

Ω =
{

x : H(x) = NETC ∧ F (x) = ET ∧ P (x) = NETC
}

. (2)

The proposal is admitted for the case as a whole, not voxel by voxel:

Ŷ (x) =
{

ET, x ∈ Ω ∧ |Ω| ≤ 800,

P (x), otherwise,
(3)

so a case whose proposal exceeds the inclusive budget of 800 voxels is rolled
back bit-exactly to P . The budget encodes a conservative prior: plausible missed
enhancement in this cohort is small and focal, and a large proposal signals that
the specialist disagrees with the anatomy and is no longer refining it.

A terminal guard covers the degenerate case in which the primary ensemble
finds no tumor core at all while the hybrid ensemble does; the hybrid segmen-
tation is then emitted unchanged. Outside that guard, the assembly satisfies
three invariants, which the container asserts at run time for every case: only
NETC→ET transitions occur; the TC and WT masks are identical to those
of P ; and the cystic mask is identical to that of P . Edema cannot be created,
because post-processing removes it and the transplant writes only ET.

Three mechanisms, and no learned confidence score, separate a genuine pro-
motion from noise. Selection is by agreement rather than by a threshold on one
model’s probability, which is why Eq. 2 conditions on H, F , and P jointly. Mag-
nitude is bounded by the whole-case budget. Spatial coherence comes earlier: F
passes the same component filters as any other prediction before the intersection
is formed, though the intersection itself is not size-filtered. The three thresholds
involved, the strict 0.5 decode boundary, the component sizes and the 800-voxel
budget, were fixed on development data and are pinned by the synthetic tests
of Sec. 3.5.

Nothing balances the frozen anatomy against the specialist during optimiza-
tion, because the two are never trained together: there is no joint objective in
which the anatomy could dominate the corrector’s gradient, and no distillation
term. The specialist is fitted on its own crops, the ensembles stay frozen, and the
two meet only at assembly, where the arbitration is hard rather than learned,
one admissible transition under a bounded budget with a terminal guard, which
is what makes the invariants provable instead of empirical. Each case ends with
the invariant assertions, a geometry restore, and an atomic write of an unsigned
8-bit volume with labels in {0, 1, 2, 3}. The complete per-case procedure is given
as pseudocode in Sec. S1 of the supplementary material.

2.6 Container Construction and Verification

The submitted image is built on a frozen parent, installs no packages, and is
gated at build time on the locked dependency versions, the hashes of the trainers
and of the single module the inference operators are imported from, an exact
manifest of the 25 checkpoints, and the absence of validation, probability, or
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oracle artifacts in the image. Parent and child are referenced by immutable
digests, so the verified container cannot be silently replaced by a rebuild. The
full gate list is in Sec. S2 of the supplementary material, and gates, manifests
and digests are released with the code.

2.7 Evaluation

Out-of-fold evaluation pooled all 293 training cases, each scored by a model that
had not trained on it. Challenge numbers come from the official server, which
scores with an instance-aware framework [10] and reports global DSC and NSD
per region for this task; those are therefore the only official metrics we quote,
and no validation ground truth is available to us.

3 Results

3.1 Rare-Subtype Specialists: A Negative Result

Severe class imbalance in segmentation is usually attacked at the level of the
objective, with reweighted or overlap-based losses such as focal [11], Tversky
[14], or generalized Dice [15]. Our anatomical ensembles already use the standard
nnU-Net objective, and the residual errors we care about are subtype confusions
inside a tumor that has been detected correctly, so we attacked the problem one
level up, at the fusion rule.

Before settling on the constrained transplant we trained four dedicated rare-
subtype models on out-of-fold errors of the frozen ensembles, each targeting a
class that the anatomical models tend to absorb into NETC: a cystic detector
built from NETC context, a direct fusion variant, a representation-pretrained
variant, and an ET-residual model. Every design was screened before training by
a ground-truth oracle that measured how much rare tissue the fusion rule could
reach if the corrector were perfect, and each oracle was encouraging. Every de-
sign was then evaluated on strictly held-out folds with full-cohort denominators,
under acceptance thresholds fixed in advance.

None of the four passed. The failure was the same in each case: the oracle
ceiling was large, the learned recovery on held-out data was indistinguishable
from zero, and discrimination collapsed between folds, so a variant that looked
promising on one fold was uninformative on the next. We also imported a win-
ning model of the 2025 pediatric edition, as a packaged container and not as
a reimplementation. Used conservatively, restricted to the frozen tumor core,
it stayed well below the acceptance threshold and what little gain it produced
came almost entirely from two cases; used without that restriction it reduced
CC substantially.

The pattern is worth stating plainly. An oracle ceiling measures how much
rare tissue is reachable when the answer is already known; it says nothing about
how much is predictable from the imaging evidence the model actually sees.
For rare pediatric subregions the two quantities came apart almost completely
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Table 1. Internal five-fold validation of the trained components, pooled over folds:
293 cases for the ensemble members and, for the specialist, the 258 pre-treatment
timepoints whose out-of-fold tumor core is non-empty. Mean per-case Dice follows
nnU-Net’s own convention and excludes cases in which the region is absent from both
reference and prediction; pooled Dice is 2

∑
TP/(2

∑
TP +

∑
FP +

∑
FN) over the

cohort. These are component ensembles, not the assembled pipeline, and neither block
is the challenge metric.

Metric Component ET NETC CC TC WT

Mean per-case Dice

Primary member XL500 .509 n/a .176 .855 .874
Shared member XLos5 .502 n/a .184 .846 .868
Shared member L .503 n/a .196 .853 .872
ET specialist, TC ROI .579 .795 .203 n/a n/a

Pooled Dice

Primary member XL500 .738 n/a .411 .852 .881
Shared member XLos5 .729 n/a .446 .851 .881
Shared member L .735 n/a .460 .853 .885
ET specialist, TC ROI .737 .815 .430 n/a n/a

in our experiments, and the screening step we had trusted to select promising
designs turned out to select nothing. The submitted system follows from that:
a small, budgeted, invariant-preserving transplant driven by agreement between
independently trained ensembles, with no learned corrector at all.

3.2 Components on the Training Partition

Table 1 reports the internal five-fold validation of the four trained components on
the training partition, pooled across folds so that every case is scored by a model
that did not train on it. Three qualifications apply. These are the individual
components, not the assembled output, which was never run over the training
partition at all; the metric is nnU-Net’s internal Dice over the regions each model
is supervised on rather than the instance-aware metric the challenge computes,
so this table and Table 2 are not directly comparable, and NETC and ED have
no channel of their own in the region-based ensembles; and normalized surface
Dice does not appear, because the internal evaluator computes Dice and IoU
only. The split is at case level, so where a patient contributes more than one
timepoint those timepoints may fall in different folds; that bears on this table
alone, since the official results come from a disjoint 91-case cohort and Sec. 3.3
remains the only end-to-end measurement of the submitted system.

3.3 Challenge Validation

The frozen Docker candidate’s official 91-case results are the bold row of Table 2:
DSC .588, .917, .204, .000, .944, .944 and NSD .473, .652, .185, .000, .670, .671 for
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ET, NETC, CC, ED, TC, and WT. TC, WT and the cystic mask are invariant
by construction; NETC also scored high but is the one region the transplant
may change, since a promotion takes voxels out of it; ET was moderate, CC
remained difficult, and ED was not recovered because the post-processing of
Sec. 2.3 removes it.

The transplant fires rarely, by design, and its effect is small and focal. Of the
91 cases, 29 produced a non-empty proposal totalling 6944 voxels in the frozen
reference run; 27 were admitted, adding 4057 ET voxels, or 3.0% of the 134,818
ET voxels submitted. Two were rejected in full, at 1726 and 1161 voxels, and
the terminal guard fired once. Since the transplant can only relabel NETC as
ET, the ET voxels gained equal the proposal size, checked directly from the
two mask sets rather than from the container’s own accounting. Per case the
median admitted proposal is 2.2% of that case’s final ET volume but reaches
54.1% where the primary ensemble found almost no enhancement, so the budget
bounds a correction absolutely, not relatively. One case per regime, on the T1C
image, is shown in Sec. S6 of the supplementary material.

3.4 Ablation on the Official Validation Set

Table 2 compares six of our own submissions, all scored by the official server
on the same 91 cases, so the comparison rests on no local evaluation choice
and no ground truth of ours. The anatomical model accounts for most of the
difference: the 500-epoch configuration, the only change between the first two
rows, raises NSD by 0.007 for NETC, TC, and WT, whereas everything the rare-
subtype stage adds afterwards is an order of magnitude smaller. The invariants
are visible in the table rather than merely asserted, since rows two to four differ
only in the transplant and their CC, TC, and WT entries are identical in both
metrics; the official scorer thus confirms, on data we never had access to, the
guarantees the assembly rule is supposed to provide. Row five, the restricted
prior-winner fusion, is the only variant above the submitted system on any DSC
axis, by 0.002 CC against an acceptance threshold fixed in advance at 0.010,
with 95.5% of that gain from two cases, which we read as noise rather than
transfer; unrestricted, the same model collapses CC to 0.076, and although its
NSD rises slightly for NETC, TC and WT, it is 0.343 worse summed over the
twelve official axes.

3.5 Verification, Reproducibility, and Deployment

Reproducibility was measured on the artifact that will be scored: the submitted
image, pulled from the registry by digest, re-ran its build gate and the synthetic
tests that pin every decision boundary of Sec. 2.3 and of the assembly (Sec. S3 of
the supplementary material), then reprocessed all 91 cases, of which ten differed
from the frozen reference by twelve voxels in total, with presence, component
counts and instance topology unchanged in every region and a minimum per-case
agreement Dice of 0.99960. Replaying the frozen probability volumes inside the
image reproduces all 91 reference segmentations exactly, so the post-processing
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Table 2. Ablation on the official challenge validation set (91 cases). Every row is one
of our own submissions, scored by the official server. The submitted system is in bold.
Rows two to four differ only in the enhancing-tumor transplant, and their CC, TC,
and WT entries are identical, which is the assembly invariant confirmed externally.

Metric Variant ET NETC CC ED TC WT

Global DSC

Hybrid ensemble (XL250+XLos5+L) .584 .916 .203 .000 .943 .943
Primary ensemble (XL500+XLos5+L) .586 .916 .204 .000 .944 .944

+ ET transplant, no budget .588 .917 .204 .000 .944 .944
+ 800-voxel budget (submitted) .588 .917 .204 .000 .944 .944
+ prior-winner fusion, restricted .588 .917 .206 .000 .944 .944
+ prior-winner fusion, unrestricted .536 .903 .076 .000 .930 .930

Global NSD

Hybrid ensemble (XL250+XLos5+L) .467 .645 .183 .000 .663 .664
Primary ensemble (XL500+XLos5+L) .471 .652 .185 .000 .670 .671

+ ET transplant, no budget .472 .652 .185 .000 .670 .671
+ 800-voxel budget (submitted) .473 .652 .185 .000 .670 .671
+ prior-winner fusion, restricted .473 .652 .187 .000 .670 .671
+ prior-winner fusion, unrestricted .448 .663 .050 .000 .684 .685

arithmetic is bit-exact and the residue is GPU convolution non-determinism at
the decision boundary; we report a measured voxel count and claim no determin-
ism. Two further replay measurements, and the measured resource usage against
the Task 2 limits, are in Secs. S4 and S5 of the supplementary material.

4 Discussion

The central result is not that a specialist network outperformed nnU-Net. For
rare pediatric subregions the reliable gain came from limiting what a correction
may do rather than from making the corrector stronger: four learned correctors
with large oracle ceilings transferred nothing, whereas a transplant confined to
NETC→ET, to voxels two independently trained ensembles agree on, and to a
bounded budget, improved ET and left TC, WT, and CC untouched (Sec. 3.4).

Editing the enhancing-tumor label in post-processing is established practice
in pediatric BraTS, but our transition runs opposite to the usual one. The win-
ning BraTS-PEDs 2023 entry, a different system from the 2025 model discussed
in Sec. 3.1, relabels ET as necrosis or edema whenever predicted ET falls below
4% of the whole-tumor volume, on the grounds that ET is absent from the refer-
ence in many pediatric cases [2]; our transplant promotes NETC to ET, because
the errors we measured were ET absorbed into NETC rather than ET halluci-
nated. The two are complementary rather than competing, theirs suppressing
ET a model over-calls and ours recovering ET a model under-calls, and they dif-
fer in kind: their criterion is relative to whole tumor, ours an absolute per-case
budget, which is why our correction is bounded in voxels yet unbounded as a
share of a case’s ET volume. Relabeling ET as edema also moves a voxel out of
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the tumor core, so it cannot leave TC and WT invariant, whereas NETC→ET
does.

A domain gap remains: CC stays at 0.204 Dice and ED is not recovered at
all, since prevalence and phenotype mixture differ between our development split
and the validation cohort, and discarding predicted edema, the right deployment
choice here, caps ED at zero.

Because the pipeline is assembled from frozen artifacts, most of the practi-
cal risk lay in provenance rather than modeling: a wrong checkpoint or a stale
operator yields a plausible but different system, and neither announces itself in
the scores. Hash-locked manifests and build-time gates turn such mistakes into
build failures.

Four limitations remain: CC and especially ED are data-limited; the budget
and component thresholds are constants fitted on development data; the trans-
plant promotes only tissue already labeled NETC, so it cannot recover rare tissue
predicted as background or edema; and two five-fold ensembles plus a specialist
are expensive. Phenotype-stratified folds, calibrated presence estimation, dedi-
cated edema modeling and distillation are the natural next steps, provided the
invariants survive them.

5 Conclusion

Two frozen nnU-Net ensembles provide tumor anatomy and a specialist trigger, a
budgeted transplant promotes NETC to ET only where both ensembles and the
specialist agree, and a terminal guard covers the degenerate case. Restricting the
transition graph and bounding the whole-case budget make TC, WT and cystic
preservation explicit rather than empirical, at Dice 0.588, 0.917, 0.204, 0.000,
0.944 and 0.944 on the challenge validation set. Alongside it we report a negative
result: a large ground-truth oracle ceiling did not translate into learnable transfer
in any of four specialist designs, nor in an imported challenge winner, so oracle
screening should not be trusted to select rare-subtype correctors. CC and ED
remain the next target.
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