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Abstract. Mitral-valve assessment guides diagnosis, planning, and in-
traoperative care for structural heart disease across three visually dis-
tinct modalities: cardiac CT for valve geometry, 3D transesophageal
echocardiography (TEE) for volumetric function, and surgical video for
lea�et-motion con�rmation. The MVAA 2026 challenge asks one team
to segment the mitral valve in all three. We describe the system we
submitted to the hidden test phase: for CT, an eight-member probabil-
ity fusion of two nnU-Net v2 families, one anatomy-gated self-trained
over 1,040 unlabeled volumes and one supervised with a large patch; for
TEE, a single supervised nnU-Net v2 on 175 labeled cases; for video,
an ensemble of three DINOv2-B/DPT networks initialized from surgi-
cal self-supervised weights and trained with consistency regularization
over 1,379 unlabeled frames. On the hidden test set it reaches a Dice
similarity coe�cient of 0.844 on CT (Hausdor� 4.94mm, average sur-
face distance 0.416mm) and 0.815 on video (243.3 px, 105.2 px), placing
3rd of 36 teams on CT and 6th overall; TEE is score-neutralized by
the organizers because its data is public, so it is reported for complete-
ness only. Our second contribution is a measured account of what did
not transfer: two interventions the public validation board rejected im-
proved the hidden test, as did a third our own oracle rejected; we show
why that board is blind to the error mode � valve-presence mistakes
on empty frames � that dominates the video score. Code is available at
https://github.com/harshitAgr/mvaa2026.
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1 Introduction

Accurate mitral-valve delineation drives diagnosis, pre-procedural planning, and
intraoperative guidance for structural heart disease, and no single modality pro-
vides complete information: cardiac CT resolves the static 3D annulus/lea�et
geometry for device sizing, 3D transesophageal echocardiography (TEE) gives in-
traoperative volumetric function, and surgical video gives the surgeon's real-time
view of lea�et motion. All three still rely on manual segmentation.

https://github.com/harshitAgr/mvaa2026
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The MVAA 2026 challenge [4,13,14] asks one team to segment the valve across
all three. Tasks 1 (CT) and 3 (video) supply far more unlabeled than labeled
data and therefore require semi-supervised learning (SSL); Task 2 (TEE) is fully
supervised. Ranking is decided in a hidden test phase: participants publish a
Docker image, the organizers pull it onto their own o�ine V100 and run it over
unpublished data, and only task-level mean metrics are returned. That contract
is looser than it �rst appeared � the enforced limit is a whole-run timeout, not the
≤10 s-per-case target we assumed while it was unpublished � and the resulting
headroom allowed compact ensembles rather than one model per task.

Because each submitted image returns a score, the challenge also lets us ask
a question that is usually unanswerable: when a public validation split and a
hidden test set disagree about an intervention, which should be believed? We
answer it with eight scored hidden-test runs that di�er by one controlled change
per task. Our contributions are (i) a deployed multi-modal system that runs
o�ine in one container and scores DSC 0.844 (CT) and 0.815 (video) on the
hidden test, ranking 3rd of 36 teams on CT and 6th overall; (ii) challenge-
compliant SSL pipelines � anatomy-gated o�ine self-training for CT at 88.6%
pseudo-label acceptance, and consistency-regularized teacher�student training
for video; and (iii) a validation-to-test transfer study in which two interventions
the public board rejected, and one our internal oracle rejected, each improved
the hidden test, with the diagnostics that explain why. The components are
established; the contribution is their cross-modal application under one budget
and the measurement of what transfers.

2 Related Work

Our volumetric backbone is the self-con�guring nnU-Net v2 [7]; a recent follow-
up [8] argues that reported gains are often validation artifacts unless checked
against an independent split � the discipline we apply to every intervention, and
whose failure modes we quantify in Section 5. For the unlabeled-data-rich tasks
we use consistency regularization with an exponential-moving-average teacher
[21], following UniMatch V2 [25] for video. Encoder pretraining dominates the
surgical-video literature: ImageNet features [20] and, more recently, surgery-
speci�c pretraining [9] transfer better than from-scratch training on small intra-
operative datasets. Our �nal model combines both lines � a DINOv2 [15] ViT-
B/14 encoder carrying SurgeNetXL weights with a dense-prediction head [16]
� and its adoption was the largest hidden-test gain we measured. Domain ran-
domization [22] is the one robustness lever that survived our gates.

Our budget-�rst framing echoes the FLARE challenges [11,5], which favor a
single e�cient model over ensembling; MVAA 2026 [4] instead sets a whole-run
timeout, which makes the opposite choice a�ordable, and di�ers from single-
modality benchmarks such as surgical-video understanding [27] in requiring one
team to satisfy three modalities at once � what makes the transfer question
askable.
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3 Method

The three tasks share a semi-supervised paradigm and a common deployment
target, instantiated per modality below and summarized in Fig. S1.

3.1 Common Framework

For the volumetric tasks we adopt nnU-Net v2 (v2.7.0) in its 3d_fullres con-
�guration, relying on its self-con�guring pipeline � �ngerprinting, preprocessing,
and network/patch planning derived from the data � which transfers cleanly
to both 3D modalities; inference uses sliding-window prediction with mirroring
test-time augmentation [7]. The video task uses a 2D vision-transformer encoder
with a dense-prediction head (Section 3.4). Tasks 1 and 3 share one teacher�
student paradigm [21]: CT applies it o�ine (a supervised model pseudo-labels
the unlabeled volumes, which are gated and folded back into training), video
online (an EMA teacher supervises a student on strongly-augmented unlabeled
frames). Task 2 has no unlabeled data and is fully supervised.

Deployment and validation protocol. The organizers pull our image from a public
registry and execute it on one V100 (32GB), o�ine, with a whole-run timeout
of 6 h for the entire hidden set; all weights are baked in and every network is
built with pretrained-weight downloads disabled. Because the timeout is per
run rather than per case, ensembling is a�ordable � the deployed image uses
about a tenth of the allowance. Our development GPU cannot execute a CUDA
build supporting the V100, so every image was gated on exact CPU-versus-host
mask parity (mean Dice ≥0.9998) instead of a local GPU smoke test. Each
intervention passed through up to three surfaces: a leakage-free internal split
(k-fold for 3D, leave-one-video-out for video) with thresholds �xed before the
metric was opened; the public validation board; and the hidden test, of which
at most ten scored attempts were available. Where the board and the oracle
disagreed we followed the mechanism and the oracle, correctly twice; once we
deployed against the oracle and were also right (Section 5).

3.2 Task 1: Cardiac CT

Task 1 segments the mitral valve in pre-procedural cardiac CT: 27 labeled vol-
umes, 1,040 unlabeled volumes, 30 hidden validation and 70 hidden test cases.
Volumes are supplied pre-cropped to the mitral-valve ROI (roughly 5�7 cm cubes)
with sub-millimetre in-plane spacing and preserved Houns�eld units. The label is
binary, forms exactly one connected component, and occupies only ∼1.2�2.7%
of the cropped volume.

Self-training. A �ve-fold supervised ensemble trained on the 27 labeled cases
pseudo-labels all 1,040 unlabeled volumes. Rather than a softmax-con�dence
threshold, acceptance uses a hard anatomical and acquisition �lter whose every



4 Agrawal

bound is read o� the labeled set rather than tuned: a single dominant compo-
nent, foreground volume and fraction inside the labeled range, and a minimum
through-plane resolution (full criteria in Supplementary S2). 921 of 1,040 vol-
umes pass (88.6%), are largest-component-cleaned, and enter only the training
half of each fold under a PLBL_ pre�x, with real cases oversampled so real:pseudo
draws stay near 1:2.5. The fold assignment of the 27 real cases is copied verbatim
from the supervised run, so pseudo cases never reach a held-out fold. One caveat:
the teacher spans all 27 labeled cases, so a pseudo case in fold k's training set
carries information from fold k's held-out cases; the internal estimate for this
family is therefore optimistic and we do not use it to claim a self-training gain.
No challenge validation or test case enters training by any path.

Two-family fusion. The deployed model averages eight nnU-Net members from
two deliberately di�erent families, in probability space, at equal family weight
(0.5A + 0.5B), followed by a 0.5 threshold and a binary largest-connected-
component step. Family A is �ve members trained on the self-training dataset
with standard plans; family B is three supervised members trained on the 27
labeled cases with an enlarged patch of 112× 160× 192.

The motivation is variance, not capacity. On the leakage-free out-of-fold split,
ASD is nearly linear in Dice (ASD = 2.007 (1− DSC)− 0.033, r = 0.934); that
line predicts 0.285mm at our then-current hidden-test Dice of 0.8417, but we
scored 0.466mm. A uniformly harder cohort cannot produce that gap � a few
catastrophic cases can, and member averaging is the canonical suppressor. A
leakage-free two-family probe (n = 21) con�rmed the signature: fusion is non-
inferior to the better member on all three metrics and better on ASD, while
the Hausdor� median moves by exactly zero, i.e. it does nothing on most cases
and rescues a few. Two family-B members were then removed in separate steps,
each selected target-blind from out-of-fold under-segmentation and consensus
disagreement, and each con�rmed on the hidden test before the next was at-
tempted.

3.3 Task 2: 3D TEE

Task 2 segments the anterior and posterior mitral lea�ets in intraoperative 3D
TEE. It is the only fully supervised task, and it is excluded from the com-
petition ranking: because the underlying data is public � the MVSeg 2023
challenge release, whose volumes were introduced by Carnahan et al. [3] � the
organizers award every eligible team a �at normalized score on all three Task 2
metrics regardless of model quality. We therefore report it for completeness and
spend no deployment trade-o�s on it.

An MD5 check con�rmed the MVAA data is the MVSeg 2023 train/val split ver-
batim, so the disjoint remainder of that public release adds 70 clean labeled cases,
giving 175. The deployed model is a single nnU-Net v2 3d_fullres trained on
all 175 cases for 250 epochs with an enlarged patch of 128× 192× 224 and one
task-speci�c change: mirroring is kept on the left�right and superior�inferior
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axes but removed on the anterior�posterior axis, along which a �ip maps
anterior-lea�et voxels into posterior-lea�et territory and poisons the chirally dis-
tinct labels. The expansion improved monotonically with training length (DSC
0.8527 / 0.8531 / 0.8571 at 100 / 200 / 250 epochs). At inference we retain
the per-class largest connected component, which cuts Hausdor� from 12.69 to
10.87mm at neutral DSC; mirroring test-time augmentation is disabled in the
container, since it costs about 30% of the task's runtime and cannot a�ect the
ranking. A boundary-targeted objective � soft-clDice [19] on the region+CE
loss � moved DSC by only +0.0012, inside the ±0.008 �ve-fold noise �oor, and
was shelved. Raw hidden-test metrics are DSC 0.946, Hausdor� 3.15mm, ASD
0.137mm.

3.4 Task 3: Surgical Video

Per-frame mitral-valve segmentation in intraoperative endoscopic video: a 2D
problem with far more unlabeled than labeled data, and the task on which
the competition was decided. There are 180 labeled frames from six videos
(118 containing the valve, 62 empty) plus 1,379 unlabeled frames; one frame
whose mask includes chamber tissue is excluded, leaving 179 eligible. The public
validation split is 48 frames from two further videos, all of which contain the
valve; the hidden test set, by design, also contains frames with no valve. Models
operate on a 448×800 grid and every mask is written back at native 720×1280.

Deployed model. The �nal system is an equal-weight probability ensemble
of three DINOv2-B/DPT networks: a DINOv2 ViT-B/14 encoder [15] car-
rying SurgeNetXL surgical self-supervised weights [9], with a dense-prediction
transformer head [16]. Training follows a �xed UniMatch-V2-style recipe [25]:
�ve decoder-only warm-up epochs, then full-backbone training with an EMA
teacher, two strongly-augmented views, CutMix, and complementary dropout
over all 1,379 unlabeled frames, for exactly 70 epochs. No checkpoint selec-
tion was permitted � the eligible state is the epoch-70 EMA weights, �xed
in advance � and neither the pseudo-label nor the decision threshold was tuned
on the public validation frames: both were �xed on the six-video internal split,
which contains empty frames, precisely because the validation frames do not.
Two members were trained with one video held out and the third on all six. At
inference each member uses D4 test-time augmentation, the three probability
maps are averaged at native resolution and thresholded at 0.45, and no post-
processing is applied. Because the hidden score averages over frames with no
valve, we tracked empty-frame false positives explicitly and vetoed any candidate
that increased them (Supplementary S4).

How the recipe was reached. The deployed model is the last of seven Task 3
con�gurations scored on the hidden test; Table 2 lists the changes taken to a
decision. We began with a convolutional ensemble: a UNet++ [26] on an Ima-
geNet E�cientNet-B4 encoder [20] averaged with a U-Net [18] on a SurgeNetXL-
initialized ConvNeXt V2-Tiny encoder [23], both trained with a DiceFocal ob-
jective (0.7 Dice [12] +0.3 focal [10]) and an online mean teacher. Retraining
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the �rst member under blur and photometric domain randomization [22], on the
supervised branch only, was the �rst robustness lever to pass a six-fold leave-
one-video-out gate against a held-out corruption oracle, and added +0.014 DSC
on the hidden test; re-weighting it to 0.60/0.40 added +0.009; substituting the
DINOv2-B/DPT members added +0.021; and dropping the component cleanup
and then the last convolutional member each added a further increment. That
last step contradicted our internal oracle by a wide margin (0.611 vs. 0.797 all-
frame DSC) yet improved every hidden-test metric � a limitation of the oracle,
not a vindicated prediction.

4 Experimental Setup

We use the o�cial MVAA 2026 data [4,13]. The public splits are: Task 1, 27
labeled and 1,040 unlabeled volumes with 30 validation and 70 hidden test cases;
Task 2, 105 labeled volumes with 20 validation cases, extended to 175 from the
public source release (Section 3.3); Task 3, 180 labeled frames from six videos
(118 with valve) and 1,379 unlabeled frames, with 48 validation frames from two
further videos. Per-task training protocols are in Table S1.

Evaluation surfaces. Validation labels are scored on a public Codabench board,
but the ranking is decided in the hidden test phase. We therefore report hidden-
test metrics as headline results and validation numbers only as context. One
caveat spans both surfaces: the organizers corrected the Task 3 distance formula
between phases, so validation-phase video boundary metrics are not comparable
to test-phase values.

Implementation and measured cost. Training ran in PyTorch 2.11 (CUDA 12.8)
with nnU-Net v2 (v2.7.0) [7], MONAI 1.5 [2], and segmentation_models.pytorch 0.5
[6] on a single NVIDIA RTX PRO 6000; the container is pinned to PyTorch 2.5.1
(CUDA 12.4), the last build still emitting kernels for the V100. On the organiz-
ers' hardware the deployed image processes the entire hidden set in 2,151 s of
a 21,600 s allowance, and growing from one CT member to eight and two video
members to three moved total wall time by under 30% (2,010→ 2,151 s, peak
2,593 s) � cost here is dominated by CPU-side resampling and I/O, not network
evaluation. Per-task timings and memory are in Supplementary S3.

5 Results and Discussion

Table 1 reports the deployed system's hidden-test metrics. Cardiac CT is the
most favourable target � DSC 0.844 with sub-half-millimetre average surface
distance � ranking 3rd of 36 teams on the task and 1st on Hausdor� dis-
tance. Surgical video reaches DSC 0.815; its boundary metrics are in pixels and
two orders of magnitude larger, which is a property of the metric rather than
of the masks (Section 5.2). The �nal board reports raw metrics rather than the
normalized score, so standings are computed from published per-metric ranks
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Table 1. Hidden-test results for the deployed container (submission 873932); per-
metric rank in parentheses. HD/ASD are in mm for 3D and px for video. Baseline
DSC is the o�cial baseline reproduced on internal held-out splits (3 CT, 20 TEE, 39
frames), for context only. DSC ↑; HD, ASD ↓.

Task DSC ↑ HD ↓ ASD ↓ Task rank Baseline DSC

Cardiac CT 0.8443 (4th) 4.944mm (1st) 0.4163mm (5th) 3rd / 36 0.796
3D TEE (not ranked) 0.9464 3.152mm 0.1367mm � 0.701
Surgical video 0.8151 (12th) 243.3 px (17th) 105.2 px (21st) 16th / 36 0.632

Overall (mean per-metric rank; Task 2 �at for all teams) 6th / 36

Table 2. Interventions taken to a decision. Internal surfaces are leave-one-video-out
(video) or leakage-free out-of-fold (CT); hidden-test deltas are against the preceding
scored run, and two runs each carried one T1 and one T3 change. Row ‡ changed two
things within one task.

Intervention Task Internal Validation board Hidden test Verdict

Domain randomization T3 6-fold GO, blur recov. +0.61 +0.0036 DSC +0.0138 DSC, −146 px HD deployed
Fusion weight 0.60/0.40 T3 +0.0221 DSC, HD −18% −0.0026 DSC (reject) +0.0088 DSC, HD −13.9% deployed
Two-family CT fusion T1 ∆HD −0.113, non-inferior +0.0009 DSC, HD +0.011 (reject) +0.0019 DSC, HD −0.66 deployed
Surgical DINOv2 members T3 � � +0.0205 DSC, HD −10.5px deployed
3rd member + no cleanup‡ T3 � � +0.0008 DSC, HD −4.9 px deployed
All-transformer ensemble T3 0.611 vs 0.797 DSC (reject) � +0.0038 DSC, HD −15.5px deployed

CT all-data variant T1 � HD gain −0.0008 DSC, HD +0.49 reverted
SegFormer [24] 3rd member T3 +0.0040 DSC (< gate) � +0.0005 DSC, HD +49.3px reverted

over the 36 teams with a successful run; on that basis the submission places 6th
overall.

5.1 What transferred, and what reversed

Because each Docker submission returns a score and we changed one thing per
task at a time, the eight scored runs form an ablation measured on the ranked
surface rather than on a proxy. Table 2 lists every intervention taken to a decision
with its e�ect size on each surface; shelved interventions are in Table S2. The
pattern is that internal oracles built to include the penalized error mode agreed
with the hidden test, while the public board and internal oracles that excluded
it did not.

5.2 Discussion

A small validation board can be structurally blind, not merely noisy. Three inter-
ventions were rejected before submission and improved the hidden test anyway
(Table 2). For the video board the cause is composition, not sample size: it
is 48 frames from two videos and every frame contains the valve, so it can-
not express the false-positive-on-empty-frame error the hidden set penalizes. A
leakage-free six-video oracle that did include empty frames predicted the fusion-
weight result correctly in sign and magnitude (−18% HD, −37% ASD predicted;
−13.9%, −21.1% delivered). A validation surface should be audited for which
failure modes it can represent before its verdicts become gates.
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Video boundary metrics are dominated by existence errors. Across the �nal
leaderboard, Hausdor� distance is o�set from average surface distance by a near-
constant amount rather than scaling with it. Regressing one on the other over
the 35 teams with a non-degenerate video run (one run with ASD >20,000 px
excluded) gives slope 0.996 and intercept 175 px; equivalently, HD−ASD has me-
dian 141 px, interquartile range 126�167 px, and never falls below 110 px. Bound-
ary sloppiness would scale the two together; a shared additive term will not. In
the same �eld, mean ASD values of 290�480 px are geometrically impossible for
a plausible valve mask in a 720× 1280 frame. Both are signatures of per-frame
existence errors � a mask where the truth is empty, or a missed valve � entering
the mean with a large �xed penalty, so the video ranking is far more sensitive
to valve-presence decisions than to contour quality.

Encoder pretraining still dominates on video. ImageNet pretraining of the E�cientNet-
B4 encoder alone was worth 16.5 pp DSC over a from-scratch model, and replac-
ing the convolutional pair with surgical-self-supervised DINOv2-B/DPT mem-
bers gained a further +0.021 DSC � more than every other video intervention
we scored. The same recipe with a small DINOv2 encoder was a decisive local
failure (−0.056 DSC), so backbone scale and surgical-domain pretraining had to
arrive together.

Component priors are modality-speci�c, and their sign can �ip. Retaining the
largest connected component is right for the 3D tasks, whose targets are single-
component by construction (TEE Hausdor� 12.69 → 10.87mm). On video it is
wrong in the other direction, since the two lea�ets legitimately appear as disjoint
components; we had replaced it with a small-component cleanup � and on the
hidden test, removing that too helped. Such priors are standard for compact,
high-contrast, e�ectively single-component targets � projection-domain metal
segmentation in cone-beam CT is the same shape of problem [1,17] � but the
video lea�ets satisfy none of those assumptions.

6 Conclusions

Our deployed MVAA 2026 system � one o�ine container segmenting the mi-
tral valve in cardiac CT, 3D TEE, and surgical video � reaches hidden-test
DSC 0.844 on CT (4.94mm HD, 0.416mm ASD) and 0.815 on video (243.3 px,
105.2 px): 3rd of 36 teams on CT, �rst on CT Hausdor�, 6th overall. Encoder
pretraining remains the dominant lever on video, and self-con�guring planning
transfers across modalities without tuning. But three interventions our own val-
idation evidence rejected improved the ranked score, each for a di�erent reason:
the video board contains no empty frames, the 30-case CT board cannot resolve
rare catastrophic cases, and our own video oracle was no more reliable than the
board. A challenge validation split should be audited for the failure modes it can
express before its verdicts are used as gates.
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