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Abstract. Automated multi-view cardiac MRI segmentation and down-
stream biomarker estimation are challenged by sequence heterogeneity,
sparse pathological targets, and negative transfer in shared multi-head
models. We propose an anatomy-prior guided system of view-specific ex-
perts, using 3D Swin UNETR for resized volumetric Cine inputs and 2D
TransUNet with one-vs-rest supervision for LGE MRI. An orientation-
preserving augmentation policy disables vertical flipping on long-axis
views. On the official MICCATI 2026 CMR-MULTI validation set, the
Cine ensemble achieves Dice scores of 85.31% (SAX), 82.39% (2CH),
and 84.68% (4CH), while the LGE ensemble achieves 66.32%, 63.31%,
76.56%, and 83.71% on SAX, 2CH, 4CH, and RAS, respectively. A con-
trolled shared-encoder comparison supports the contribution of view-
specific optimization. Validation-set analysis yields an LVEF MAE of
6.04% and a myocardial-mass MAE of 5.52 g; however, systematic un-
derestimation of absolute Cine volumes remains a limitation.The code
will be available at https://github.com/LwpZoe/CMR.
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1 Introduction

Cardiac magnetic resonance (CMR) imaging is the clinical gold standard for
assessing cardiac function and pathology, with LVEF and myocardial mass serv-
ing as important biomarkers [9]. Automated segmentation across multi-view Cine
and LGE sequences remains difficult because of sequence heterogeneity, anatom-
ical variation, and multi-center domain shifts [11].
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Existing frameworks generally follow two paradigms: monolithic shared-encoder
multi-head architectures and standard 2D slice-by-slice processing. Shared-encoder
models often trigger gradient conflicts, where heterogeneous view features (e.g.,
SAX rings vs. long-axis cavities) cause negative transfer, destabilizing training
[6—7]. Conversely, standard 2D approaches often ignore anatomical spatial priors,
leading to physically impossible predictions like upside-down hearts in long-axis
views [14, 8,10]. Furthermore, 3D Cine analysis often employs naive downsam-
pling that collapses spatiotemporal interleaving, resulting in boundary blurring
(2, 13].

To mitigate these limitations, we propose a decoupled expert framework in
which heterogeneous views are optimized independently rather than through a
shared encoder. For Cine MRI (Task 1), a 3D Swin UNETR [2] models volumet-
ric dependencies in the resized input. For LGE MRI (Task 2), a 2D TransUNet [1]
combines slice-wise normalization, one-vs-rest supervision, and an orientation-
preserving augmentation policy. Five-fold ensembles and physical-space recon-
struction support segmentation and downstream biomarker estimation. Our con-
tributions are: (1) a controlled comparison of shared and view-specific TransUNet
models; (2) an ablation of the long-axis orientation prior; and (3) validation-set
analyses of class-wise volume error, biomarker agreement, computational cost,
and representative failure cases.

2 Methodology

2.1 Overall Dual-Track Framework

Let Dy, = {(xz,y,)}fil denote the data for modality m € {Cine, LGE} and
anatomical view v. Instead of minimizing a joint shared-encoder objective over
heterogeneous views, we independently optimize parameters 6,, ,, for each expert.
This avoids direct gradient interaction between view-specific objectives and is
evaluated against a controlled shared-encoder model. As depicted in Fig. 1, the
system comprises (1) a 3D Swin UNETR ensemble for Cine MRI and (2) a 2D
TransUNet ensemble for LGE segmentation and mass estimation.

The backbones were selected according to the dimensional characteristics
of the modalities rather than an assumption of universal architectural supe-
riority. Swin UNETR provides hierarchical volumetric context with memory-
efficient shifted-window attention for Cine MRI, whereas 2D TransUNet sup-
ports slice-wise processing of anisotropic LGE volumes while combining local
CNN features with global Transformer context. The official Cine baseline is a
shared-encoder 3D CNN with view-specific decoder heads. Its ResUNet++-style
design uses residual 3D convolutional blocks, squeeze-and-excitation modules,
an ASPP3D bottleneck, and attention-gated skip connections. Alternatives such
as full-resolution 3D nnU-Net remain valid choices; the present comparison uses
this CNN baseline without claiming universal superiority over all CNN or nnU-
Net configurations.
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Fig. 1. Architectures of the view-specific experts. (A) The 2D TransUNet expert for
LGE uses a ResNet-34 encoder, an eight-layer Transformer bottleneck with eight at-
tention heads, and a cascaded decoder with attention gates and one-vs-rest outputs.
(B) The 3D Swin UNETR expert for Cine uses hierarchical shifted-window attention
to model volumetric dependencies and a symmetric 3D CNN decoder with multi-scale
skip connections.

2.2 Task 1: 3D Swin UNETR Ensemble for Cine MRI

Spatiotemporal Downsampling: To manage GPU memory while preserving
temporal continuity, input volumes Icine € RT*W*Z are normalized via Z-score
and scaled to a fixed grid Xgine € RD'xH'xW' (32 x 128 x 128) using trilinear
interpolation Ti;:

XCine == ﬂri (NZ (ICine) 3 (Dla Hla W,)) . (1)

Hierarchical 3D Swin Encoder: The volume X/, . is partitioned into 2x2x 2
patches and processed by a 3D Swin Transformer encoder [2]. Shifted window
self-attention (W-MSA/SW-MSA) is computed at layer ! to model long-range
dependencies:

2' = W-MSA (LN (z'7')) + 27!, 2z’ =MLP (LN (2')) + 2" (2)

Multi-scale features are fused via a 3D CNN decoder to recover boundaries. We
optimize the network using a compound Dice-CE loss: Lcine = LcE + LDice-
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2.3 Task 2: 2D TransUNet Ensemble for LGE MRI

Anatomy-Aware Strategy: To preserve hyper-enhancement contrast, LGE
slices are normalized locally and adjacent slices are stacked as three-channel
pseudo-RGB inputs. We disable vertical flips on 2CH, 4CH, and RAS views
as an orientation-preserving prior intended to avoid superior-inferior reversals.
Table 1 shows that its quantitative effect is view-dependent, with the clearest
overlap and boundary improvement observed for 4CH.
Architecture and OVR Loss: We use a TransUNet [1] with a ResNet-34
encoder [3] and an eight-layer Transformer bottleneck. Independent one-vs-rest
(OVR) heads represent the K foreground categories. The optimization objective
is

Lice = 0.5 LacE-F + 0.5 Lpice-OVR, (3)
where Lpcg.p is binary cross-entropy modulated by a focal factor with weight
a = 0.4 and exponent v = 2.0, and Lpjce.0ovr is the mean binary SoftDice loss
over foreground heads. This formulation retains BCE supervision while increas-
ing the contribution of difficult pixels and sparse pathological structures.

2.4 Ensemble Inference and 3D Reconstruction

Final predictions are generated via 5-fold soft-voting: P, = - an\f{:l a(gjgm)). To
bridge the 2D-3D gap, we perform in-situ reconstruction by extracting original
NIfTT affine matrices A and spacing headers S,,,. from patient metadata:

Vpred = 7:16&1‘ (PQDa (Horig7 Worig7 Zorig)) ® (Av Sa:yz) . (4)

Clinical biomarkers are then derived from the reconstructed volumes. LVEF is
computed as a ratio of stroke volume to end-diastolic volume (EDV):

EDV — ESV
LVEF = ——— x 100 5
Fpv < L00% (5)
where EDV and ESV are the maximum and minimum ventricular volumes
across the cardiac cycle. Because resizing introduces absolute scale bias, validation-

set agreement is reported in Supplementary Table S7.

3 Experiments

3.1 Experimental Setup

Experiments were conducted on the MICCAI 2026 Universal Multi-Sequence,
Multi-Center, and Multi-View CMR Segmentation Challenge (CMRSeg) dataset [11].
The dataset covers Cine MRI (Task 1) and late gadolinium enhancement (LGE)
MRI (Task 2) across short-axis (SAX), two-chamber (2CH), and four-chamber
(4CH) views. The LGE track additionally includes right atrial segmentation us-

ing the RAS dataset [12]. We followed the official training, validation, and test
partitions.
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Table 1. Ablation of vertical flipping on long-axis LGE segmentation. Results are
mean =+ standard deviation over five folds. HD95 is evaluated on the resized grid using
the same unit-spacing protocol for both settings; lower is better.

View  Vertical Flip Dice 1 HD95 |

9CH Enabled 0.6288 + 0.0368 117.98 £ 31.09
Disabled 0.6007 + 0.0384 116.24 + 45.59

ACH Enabled 0.6558 £+ 0.0377 103.63 £ 28.47
Disabled 0.6830 + 0.0408 91.61 + 28.60

Experiments were conducted using two NVIDIA RTX 5090 GPUs with 32 GB
memory under CUDA 12.8. Both tasks were optimized using Adam with an ini-
tial learning rate of 10~* and a weight decay of 10~° for up to 300 epochs. For
LGE segmentation, we used a batch size of 4, a cosine annealing learning-rate
scheduler, and early stopping with a patience of 50 epochs. For Cine segmen-
tation, we used a batch size of 1 and a ReduceLROnPlateau scheduler. Cine
volumes were resized to 32 x 128 x 128 to satisfy the 2° divisibility requirement
of Swin UNETR.

3.2 Training Stability and Internal Validation

Five-fold cross-validation was performed within the official training partition.
Mean Dice was 0.6464, 0.6007, 0.6830, and 0.8619 for the LGE SAX, 2CH,
4CH, and RAS experts, respectively, and 0.8422, 0.8200, and 0.8218 for the
Cine SAX, 2CH, and 4CH experts. Complete fold-wise results are provided in
Supplementary Tables S1-S2.

3.3 Ablation of the Anatomy-Aware Augmentation

To isolate the contribution of the orientation-preserving augmentation strategy,
we retrained the 2CH and 4CH experts while enabling random vertical flips, keep-
ing the architecture, loss, data partitions, and optimization settings unchanged.
Table 1 reports the fold-matched results over five folds. Disabling vertical flips
improved 4CH Dice from 0.6558 to 0.6830 and reduced HD95 from 103.63 to
91.61. For 2CH, vertical flipping increased Dice from 0.6007 to 0.6288, whereas
HD95 remained similar. Averaged across both long-axis views, disabling vertical
flips produced nearly unchanged Dice (0.6419 vs. 0.6423) but reduced HD95 from
110.81 to 103.93. These findings indicate that the anatomical orientation con-
straint primarily improves boundary stability and has a view-dependent effect,
with the clearest benefit observed in 4CH.
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3.4 Controlled Shared-Encoder Baseline Analysis

To distinguish view-specific optimization from a simple backbone replacement,
we compare the shared-encoder TransUNet and CNN (ResUNet++) baseline
with the view-specific experts in Table 2. The shared TransUNet improves 4CH
but performs less consistently on SAX and 2CH, whereas the experts achieve the
highest overall mean Dice. The comparison is not strictly parameter matched: the
shared TransUNet contains 50.72M parameters, while one active expert contains
25.13M; it is therefore an end-to-end system comparison rather than an isolated
backbone ablation.

Table 2. Controlled comparison between a CNN baseline, a shared TransUNet baseline,
and the proposed decoupled TransUNet experts on LGE MRI segmentation.

Method SAX 2CH 4CH RAS Mean

CNN (ResUNet++) 0.5595 0.5748 0.5996 0.8634 0.6493
Shared TransUNet 0.4529 0.4815 0.7514 0.8068 0.6232
Decoupled Experts 0.6464 0.6007 0.6830 0.8619 0.6980

3.5 Cross-Center Generalization Performance

We compare the proposed experts with the multi-head baseline on the inde-
pendent validation set in Table 3. LGE performance improves most clearly in
4CH (Dice +16.60 percentage points and HD95 —99.5 under the common eval-
uation protocol), consistent with reduced negative transfer under view-specific
optimization. For Cine MRI, the baseline retains higher Dice, whereas the ex-
pert ensemble yields lower HD95 across all views. This establishes an overlap-
boundary trade-off rather than uniform superiority.

Table 3. Performance comparison between the official multi-head baseline and our
proposed expert ensemble on VAL set (Mean Dice and HD95).

Modality ~ Method SAX 2CH ACH

Dice HD95 Dice HD95 Dice HD95

CNN (ResUNet++) 0.5595  234.25 0.5748 169.80 0.5996 163.55

LGE (2D)
Ours 0.6632 133.66 0.6331 128.71 0.7656 64.05

CNN (ResUNet++) 0.8853 2.54 0.8521 4.10 0.8811  2.69

Cine (3D
ine 3D) 5 urs 0.8531  2.36  0.8239 2.24  0.8468 2.39

Class-wise analysis identifies LGE 2CH scar segmentation as the main re-
maining pathology limitation (Dice 0.4012). Complete class-wise metrics, Cine
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Fig. 2. Representative LGE validation results. Each row shows an input slice and the
corresponding reference, prediction, and class-probability overlays. The examples illus-
trate both successful boundary delineation and residual myocardium-scar ambiguity.

results, and qualitative examples are provided in Supplementary Tables S4-Sb
and Fig. S1.

3.6 External Inference and Operational Feasibility

The Docker pipeline processed all 30 Cine and 13 LGE official test cases without
runtime failure [11]. Predicted LVEF ranged from 27.0% to 59.8%, and myocar-
dial mass ranged from 34.5 to 170.9 g. Because labels were unavailable, these
ranges demonstrate operational feasibility rather than clinical accuracy. Per-case
predictions are listed in Supplementary Tables S8-S9.

4 Discussion

The experiments reveal both benefits and limitations of view-specific experts.
In Cine MRI, the proposed model achieves lower HD95 than the official base-
line across all views, but its Dice scores are lower and resized-space volume
estimates show systematic negative bias. The method therefore exhibits an over-

lap—boundary trade-off rather than uniform superiority. The validation-set biomarker

analysis further clarifies this limitation. Although Cine EDV and ESV are un-
dere stimated, LVEF remains relatively stable because it is computed as a ratio
between EDV and ESV (Eq. 5), achieving an MAE of 6.04% and Pearson corre-
lation of 0.859 on the validation set. Thus, the current pipeline is more reliable
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for relative functional assessment than for absolute volumetric quantification.
Future research will focus on resolving absolute scale shrinkage through motion-
aware spatiotemporal decoupling, as suggested in Mesh4D[15].

For LGE MRI, the controlled shared-encoder comparison suggests that the
gain is not solely attributable to the TransUNet backbone. The augmentation
ablation further shows that orientation preservation is view dependent: it im-
proves both Dice and HD95 for 4CH but not 2CH Dice. Meanwhile, moderate
2CH scar Dice and visible myocardium-scar confusion show that fine-grained
pathology quantification remains difficult. The 20-model ensemble also increases
offline training and inference cost, despite the lower active parameter count of
one expert.

5 Conclusion

We presented an anatomy-prior guided system of view-specific experts for multi-
view CMR segmentation and biomarker estimation. Controlled comparison with
a shared TransUNet supports the value of view-specific optimization, while the
augmentation ablation demonstrates a view-dependent orientation effect with
the clearest benefit in 4CH. Validation-set analysis identifies lower Cine HD95
but also systematic absolute-volume compression, whereas LVEF and LGE my-
ocardial mass show stronger agreement with reference masks. The containerized
pipeline processed the official test set successfully, but further physical-volume
calibration and external clinical validation are required before deployment.
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