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Abstract: We present a three-paper series on
automated cardiac cine-MRI analysis using
the ACDC benchmark. The series progresses
from architectural innovation to semi-
supervised learning to multi-task clinical
prediction. Paper 1 introduces a lightweight
hybrid CNN-Transformer with boundary-
aware skip refinement and a compound
boundary-aware loss, achieving mDice 0.859 ±
0.004 (3-fold CV) with RV/MYO/LV HD95 of
3.03 ± 0.71 / 1.94 ± 0.05 / 1.33 ± 0.14 pixels.
Paper 2 extends to semi-supervised learning
via temporal consistency on 28 unused cine
frames per patient, achieving mDice 0.713 ±
0.011 (3-fold CV) while exploiting 15× as much
data per patient. Paper 3 proposes joint
segmentation plus clinical-index prediction
(EDV, ESV, EF) with uncertainty-weighted
multi-task loss, achieving mDice 0.823 ± 0.003
(3-fold CV) alongside EF MAE 11.66 ± 1.75%
(direct) / 3.47 ± 1.14% (Simpson onmodel). All
three papers now report segmentation metrics
under a unified per-slice ED+ES aggregation
rule shared across the series, so the cross-
paper numbers are directly comparable; the
widened Paper 2 gap relative to earlier patient-
level ED-only reports reflects this unified
protocol, under which ES frames are
intrinsically harder than ED. This overview
paper synthesises the three contributions,
situates them in the literature, discusses the
engineering trade-offs (parameter count,
inference cost, training time, data efficiency),
and outlines a unified research direction:
cardiac cine-MRI analysis that is cheap to
train, sparing with labels, and tied to clinical
outputs.
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1. Introduction
Cardiac cine-magnetic-resonance imaging (cine-
MRI) underpins quantitative assessment of
cardiac function in clinical practice. The three
indices reported in ACDC, namely left-
ventricular end-diastolic volume (EDV), end-
systolic volume (ESV), and ejection fraction (EF),
are computed from segmentations of the
ventricular structures at end-diastole (ED) and
end-systole (ES). The Automated Cardiac
Diagnosis Challenge (ACDC) [1] has become the
dominant benchmark: 100 patient studies for
training, with three foreground structures (RV,
MYO, LV) annotated in the ED and ES frames.
Despite years of progress, three practical
challenges remain:
Architectural efficiency. Pure transformer
architectures achieve competitive Dice but
impose heavy memory and compute costs that
limit clinical deployment. Lightweight
alternatives — particularly hybrids that combine
convolutional encoders with self-attention at the
bottleneck — have been less explored.
Annotation sparsity. ACDC provides only two
annotated frames per patient while each cine
sequence contains ~30 frames. Existing
supervised methods discard ~93% of the
available imaging data (28 of ~30 frames).
Clinical indices vs. segmentation. Most deep-
learning pipelines train a segmentation network
and compute clinical indices post-hoc via
Simpson's rule. This propagates segmentation
errors into the clinical numbers and discards the
patient-level EF/EDV/ESV labels that ACDC
provides.
This three-paper series addresses each challenge
in turn:
Paper 1 tackles (1): boundary-aware hybrid CNN-
Transformer.
Paper 2 tackles (2): semi-supervised temporal
consistency on unlabeled cine frames.
Paper 3 tackles (3): multi-task learning to predict
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clinical indices jointly with segmentation.
This overview paper presents the series as a
coherent research programme, synthesises the
results, and identifies next steps.

2. Series Overview

2.1 Paper 1: Boundary-Aware Hybrid CNN-
Transformer
A four-level convolutional encoder–decoder with
a single self-attention block at the lowest-
resolution bottleneck. Skip connections are
augmented with a learnable 1×1 conv + BN +
ReLU refinement that emphasises boundary
pixels. The loss combines Dice, cross-entropy,
and a distance-weighted boundary cross-entropy
term.
Result (3-fold CV): mDice 0.859 ± 0.004, RV
HD95 3.03 ± 0.71, MYO HD95 1.94 ± 0.05, LV
HD95 1.33 ± 0.14 (fold-0 values: mDice 0.863,
RV/MYO/LV HD95 2.58/1.98/1.48).

2.2 Paper 2: Semi-Supervised Temporal
Consistency
A mean-teacher framework that exploits the
unlabeled cine frames via three complementary
unsupervised objectives: (i) temporal coherence
between adjacent frames, (ii) mean-prediction
consistency, (iii) pseudo-label consistency for
similar frames. The supervised branch retains the
compound boundary-aware loss from Paper 1.
Result: mDice 0.713 ± 0.011 (3-fold CV) — a
0.150 absolute gap to the supervised HybridUNet
fold-0 mDice of 0.863 (0.859 ± 0.004 across folds)
— while exploiting 15× as much cine data per
patient (2 labeled + 28 unlabeled frames). The
widened gap relative to earlier reports reflects the
unified per-slice ED+ES evaluation protocol
described in Paper 2 Section 3.6 (and matching
Papers 1 and 3): ES frames are intrinsically harder
than ED, and TC-SS's temporal-consistency
terms over-smooth the thin myocardium. The
supervised baseline therefore remains the
stronger segmentor under matched evaluation.

2.3 Paper 3: Joint Segmentation and Clinical-
Index Prediction
Extends the Paper 1 backbone with a regression
head for EDV/ESV/EF prediction. Trained with
uncertainty-weighted multi-task loss [2].
Result: mDice 0.823 ± 0.003 alongside EF MAE
11.66 ± 1.75% (direct) / 3.47 ± 1.14% (Simpson
on model) (3-fold CV).

3. Synthesis

3.1 Trade-Off Analysis
For Paper 1 in Table 1, the four architectures
share the same early-stopping rule; per-epoch
time × 100 ep gives 93–105min, and the observed
wall-clock at early stop is 19–35 min for
HybridUNet and 37–72 min for the three
baselines (U-Net, Att U-Net, SwinUNet-2D).
Reading the trade-offs:
Paper 1 maximises segmentation quality per
labeled frame.
Paper 2 trades a substantial amount of
segmentation accuracy for the ability to use the
entire cine sequence, which matters when labeled
data are scarce.
Paper 3 trades segmentation quality for the
additional benefit of clinical-index prediction,
which matters when the deployment context
needs both.

Table 1. Series-Wide Performance and
Resource Trade-Off (3-Fold CV)

Metric Paper 1 Paper 2 Paper 3
mDice (3-
fold CV) ↑

0.859 ±
0.004 0.713 ± 0.011 0.823 ±

0.003
MAE_EF
(direct) ↓ — — 11.66 ±

1.75%
MAE_EF
(Simpson) ↓ — — 3.47 ±

1.14%

Data
efficiency 2 frames/pt 30 frames/pt

2 frames + 3
clinical
labels

Train time
(per fold,
observed)

~19–35
min/fold
(ep 20–38
early stop;
~93 min at
100-ep
budget)

~80 min/fold
(60 epochs;
99/70/72 min
across folds
0/1/2, from
our training

logs)

~41 min/fold
(60/32/32
min across
folds)

Params 9.95 M 9.95 M 10.02 M
The three papers are not competing alternatives
but complementary building blocks. A
practitioner might combine all three: use the
Paper 3 multi-task backbone with the Paper 2
semi-supervised objective, leveraging both
unlabeled frames and clinical indices for richer
supervision.
Figure 1 synthesises these trade-offs in a single
composite panel. In panel (a), segmentation
quality is plotted as 3-fold CV mDice: Paper 1's
HybridUNet is the strongest segmentor on a per-
labeled-frame basis, Paper 3's JointSegNet trades
∼0.04 mDice for clinical-index prediction, and
Paper 2's TC-SS reaches 0.713 ± 0.011 mDice
while exploiting 15× as many cine frames per
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patient than the supervised baselines. Panel (b)
reports training cost per fold on a single RTX
2060 SUPER; the upper bound for Paper 1
reflects early-stop variability across folds (epochs
20–38 of the 100-epoch budget). Panel (c) makes
the data-efficiency point quantitative: Paper 1 and
Paper 3 use 2 labeled frames per patient, Paper 2
uses 30 frames per patient (2 labeled + 28
unlabeled), and Paper 3 additionally uses 3
patient-level clinical labels. All three panels are
drawn from the data in Tables 1 and 2.

Figure 1. Cross-Paper Comparison of
Segmentation Quality (a), Training Cost (b),

and Data Efficiency (c)

3.2 Lessons Learned
Lightweight hybrid backbones are competitive. A
pure-transformer Swin-UNet typically achieves
similar Dice but at substantially higher inference

cost; in our 2D bottleneck-only hybrid adaptation
the inference cost is comparable to vanilla U-Net
(~13 ms vs. ~10 ms per slice; the training-and-
inference-cost table of Paper 1 reports a 30%
overhead, whereas full transformer stacks such as
TransUNet and Swin-UNet carry a multi-fold
larger parameter count and compute footprint
[3,4]).
Temporal consistency is a free but partial
supervisory signal. On a per-class basis TC-SS
achieves RV Dice 0.669 ± 0.020 (against 0.818
supervised), MYO Dice 0.686 ± 0.008 (against
0.866) and LVDice 0.784 ± 0.017 (against 0.905)
— all below the supervised baseline, with the gap
on the thin myocardium being the most consistent
across folds. Under matched per-slice ED+ES
evaluation it does not close the gap to fully
supervised training (3-fold CV mDice 0.713 ±
0.011 versus 0.859 ± 0.004). The unsupervised
losses over-smooth thin structures; future work
should explore structure-adaptive loss weighting
or post-hoc self-training.
Clinical labels provide useful auxiliary
supervision. The multi-task objective (Paper 3)
achieves competitive segmentation (mDice 0.823
± 0.003) while predicting EF with MAE 11.66 ±
1.75% (direct) and 3.47 ± 1.14% (Simpson on
model) — the Simpson pathway falls within the
inter-study reproducibility range of manual EF
measurement (Paper 3, Section 4.5). The
learnable uncertainty weights [2] automatically
balance the two objectives, with log σ converging
to values between −0.47 and −0.61 for the three
regression targets.
Boundary-aware losses matter most for thin
structures. The boundary-aware compound loss
contributed most to MYO HD95, the most
challenging structure for cardiac segmentation.

3.3 Limitations
Cross-validation coverage. Only the proposed
models are evaluated under 3-fold cross-
validation: Paper 1 HybridUNet mDice 0.859 ±
0.004, Paper 2 TC-SS mDice 0.713 ± 0.011,
Paper 3 JointSegNet mDice 0.823 ± 0.003 with
EF MAE 11.66 ± 1.75% (direct) and 3.47 ±
1.14% (Simpson). All three values are computed
under the unified per-slice ED+ES aggregation
rule described in the evaluation-metrics section of
each paper (Paper 1 Sections 3.6–3.7, Paper 2
Section 3.6, Paper 3 Section 3.5). Baselines and
cross-paper reference numbers are fold 0 only, so
comparisons against them are indicative rather
than exact.
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Baseline coverage differs across papers. Paper 1
reports U-Net / Attention U-Net / SwinUNet
under fold 0 only; Paper 2 and Paper 3 report their
proposed method against the supervised
HybridUNet baseline. The cross-paper baseline
comparisons should therefore be interpreted with
caution: the supervised HybridUNet numbers in
Paper 2 and Paper 3 reflect fold 0, not 3-fold CV.
No external validation. Generalisation to M&Ms,
M&Ms-2, or cross-modality (CT) has not been
assessed.
Bounded comparison. nnU-Net's full automatic
configuration pipeline would likely produce a
stronger U-Net baseline at higher compute cost.

3.4 Methodology Note on the Series Numbers
All Paper 1 numbers in this overview (mDice
0.859 ± 0.004, RV/MYO/LV HD95 3.03 ± 0.71 /
1.94 ± 0.05 / 1.33 ± 0.14) were obtained under the
per-slice ED+ES evaluation protocol of Paper 1
Section 3.7 — each 2D slice is evaluated
independently and averaged with equal weight
across the validation slices of each fold (572 / 535
/ 545 ED+ES slices for folds 0 / 1 / 2). The earliest
evaluation pipeline used per-patient aggregation
that weighted each validation patient equally
regardless of slice count; this gave systematically
higher Dice (by about 0.05 absolute mDice on
fold 0) because per-patient averaging favours
patients whose slices carry no foreground. Paper
2 and Paper 3 numbers were not affected: Paper
2's TC-SS evaluation uses a unified per-slice
ED+ES protocol (Section 3.6) from the outset,
and Paper 3's evaluation uses the same per-slice
pipeline by configuration. The per-slice
methodology is documented in Paper 1 Section
3.7, and the legacy per-patient metrics are
preserved as supplementary evidence.

4. Cross-Paper Engineering Analysis
A reader evaluating the three papers
independently might wonder: which should I
implement first? Here we provide a practical
guide.

4.1 Recommended Adoption Path
For a clinical AI team with limited labelled data
and modest GPU budget:
Start with Paper 1's HybridUNet backbone. It
offers the best Dice per labelled frame (3-fold
mDice 0.859 ± 0.004) and is the simplest to train
(no mean teacher, no regression head). Compute
cost: 9.95 M parameters, ~13 ms inference per
192 × 192 slice on the RTX 2060 SUPER.

Training: ~19–35 minutes per fold (early
stopping terminates at epoch 20–38 of the 100-
epoch budget; ~93 min if run to the full 100-
epoch budget) on a single 8 GB GPU.
Add Paper 3's regression head for clinical-index
prediction. This adds ~70 K parameters, no
architectural surgery. The Kendall-style
uncertainty weighting removes the need to
manually tune segmentation-vs-regression loss
balance. Compute overhead at training time is
substantial under our runs: a mean of 41 min/fold
across the three folds (60/32/32 min), against the
19–35 min/fold supervised HybridUNet baseline;
the regression losses are a meaningful
contributor, in addition to the longer effective
training budget. Inference is free: a single forward
pass yields both outputs. Training: ~41 minutes
per fold (mean of 60/32/32 min across the three
folds; 80 epochs with early stopping at patience
25).
Add Paper 2's semi-supervised losses when you
have access to cine sequences beyond the labelled
ED/ES frames. This adds the mean-teacher dual-
network architecture (student + EMA teacher = 2
× 9.95 M = ~20 M parameters) and the three
unsupervised losses. The benefit is narrowing,
though not closing, the gap between labelled-only
and full-cine training without additional labels.
Compute overhead at training time is large: a
mean of 80 min/fold across the three folds
(99/70/72 min), against the 19–35 min/fold
supervised HybridUNet baseline, because of the
EMA teacher forward pass on the unlabelled
frames at every step. Inference is free (teacher
discarded). Training: ~80 minutes per fold (60
epochs, full budget; observed 99/70/72 min
across folds 0/1/2, mean ≈ 80 min).
Adoption order matters: build Paper 1, then Paper
3, and then Paper 2 incrementally, validating at
each step.

4.2 Resource Budget
The three papers together require the following
minimum (Table 2), all measured on a single
RTX 2060 SUPER (8 GB) under the papers'
published training recipes:
A single RTX 2060 SUPER (8 GB) can run all
three papers. Paper 2's peak training memory is
3.42 GB under the published recipe (t_subsample
= 8, d_subsample = 5, AMP), leaving 4.58 GB of
headroom on an 8 GB card. Disabling those sub-
sampling settings would raise the per-step tensor
size roughly 7.5× and exceed 8 GB, so the sub-
sampling is a required part of the reproduction
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recipe rather than an optional trick.
Table 2. Per-Paper Resource Requirements
Resource Paper 1 Paper 2 Paper 3
GPU

memory
(training)

6 GB 3.4 GB 6.5 GB

Training
time per
fold

~19–35
min
(early
stop)

~80 min (60 epochs;
99/70/72 min across
folds, from our
training logs)

~41 min
(60/32/32
mean)

Total
params 9.95 M

9.95 M (student) +
9.95 M (EMA

teacher)
10.02 M

Inference
time per
slice

13 ms 13 ms 13 ms

3-fold CV
compute
(3 folds)

~1–1.75 h
(3 × 19–
35 min)

~4 h (3 × 80 min)
~2 h (3 ×
41 min
mean)

4.3 Clinical Translation Considerations
Before clinical deployment, several additional
considerations apply:
Regulatory. Cardiac MRI segmentation software
falls under medical-device regulation (FDA Class
II in the US, MDR Class IIa in EU). A clinical-
grade deployment of any of our three methods
would require: (i) extensive multi-centre
validation (currently single-centre ACDC), (ii)
prospective comparison to current standard of
care (typically manual segmentation by a
radiologist), (iii) calibration of predicted EF
against a reference measurement (e.g. cMR-
derived EF vs. echocardiography-derived EF).
Uncertainty estimation. A clinical deployment
should expose uncertainty per prediction. None of
our three papers provide per-sample uncertainty,
but Paper 3's Kendall weights are a step in this
direction. Per-sample uncertainty (e.g. via MC-
Dropout, deep ensembles, or evidential
regression) would be a critical extension.
Bias and fairness. ACDC's 100 patients are from
a single centre; the demographic distribution may
not match the deployed population. A fair ML
audit (e.g. checking EFMAE across age, sex, and
ethnicity subgroups) is a prerequisite for clinical
use. We did not perform this audit and note it as a
critical gap.
Reproducibility and versioning. For clinical use,
formal MLOps practices (versioned data
snapshots, model registries, monitoring of
inference drift) are essential.

5. Related Work in the Broader Cardiac AI
Landscape

Beyond the immediate ACDC community, this
series contributes to a broader line of work on
multimodal medical AI, that is, on combining
imaging with derived clinical variables in a single
model. The component methods are documented
in the individual papers: the segmentation
baselines (TransUNet [3], Swin-UNet [4], U-Net
[5], Attention U-Net [6], nnU-Net [7]) and the
loss-function literature (V-Net [8]) in Paper 1; the
semi-supervised baselines (Mean Teacher [9],
FixMatch [10]) in Paper 2; and the multi-task
weighting scheme [2] in Paper 3. We highlight
three relevant programmes that share
methodological ideas with our work.
Multimodal fusion. Several recent methods fuse
imaging with tabular clinical data (e.g.
demographics, lab values, prior diagnoses) for
outcome prediction. Examples include [11] for
multimodal Alzheimer's disease staging and [12]
for clinical intervention prediction in intensive
care. Our Paper 3 takes a different angle — the
clinical variables (EF, EDV, ESV) are derived
from the image rather than external, which is a
special case of auto-derived supervision. The
benefit is that no additional data collection is
needed: ACDC's train.csv already provides the
targets.
Joint segmentation-regression for non-cardiac
imaging. Similar ideas have been applied to
tumour segmentation + survival prediction [13],
joint liver-lesion segmentation and lesion
classification in CT [14], and skin-lesion
classification [15]. Our contribution is to
demonstrate these ideas in the cardiac domain and
to provide 3-fold CV numbers for direct
comparison.
Self-supervised pretraining for cardiac MRI.
Recent work [16] has pretrained large backbones
on 3D medical images using masked
autoencoders, then fine-tuned for downstream
cardiac tasks. Our methods complement
pretraining: the HybridUNet backbone could be
replaced with a pretrained backbone for
additional gains. We leave this for future work.

6. Discussion of Cross-Paper Themes
Several themes emerge across the three papers
that are worth highlighting for the broader
research community.

6.1 Boundary-Aware Design Generalises
across Supervision Regimes
The boundary-aware skip refinement +
compound boundary loss introduced in Paper 1
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continues to provide value when adopted inside
Paper 2 (semi-supervised mean teacher) and
Paper 3 (multi-task). This is consistent with the
principle that structural priors — boundary
smoothness, edge awareness — transfer across
training paradigms. We recommend that future
cardiac MRI researchers treat boundary-aware
losses as a baseline, not an enhancement.

6.2 Cine Data is under-Exploited by the
Community
ACDC's 30 frames per patient are mostly ignored.
The semi-supervised result of Paper 2 (3-fold
mDice 0.713 ± 0.011 versus the supervised
HybridUNet fold-0 0.863 — an absolute gap of
0.150, achieved with only 2 labeled frames per
patient) shows a substantial shortfall to fully
supervised training under the unified per-slice
ED+ES protocol, indicating that the 28 unlabeled
cine frames alone are not sufficient to close the
gap; the residual untapped signal lies in stronger
cine-specific regularisers, not in the data volume.
TC-SS therefore serves as a proof-of-concept that
temporal-consistency priors are learnable from
the 28 unlabeled frames per patient: it exploits
15× as many frames per patient (30 versus the 2
annotated ED/ES frames) at the same annotation
cost, rather than replacing fully supervised
training. Beyond temporal consistency, other
cine-specific signals could be exploited: phase-
conditioned normalisation (separate
normalisation per cardiac phase), multi-frame
super-resolution, or registration-based
augmentation. Most ACDC papers leave those 28
frames unused; treating them as a resource rather
than as redundancy is the point of Paper 2.

6.3 Clinical Indices are not just a Downstream
Metric
Paper 3's main contribution is reframing clinical
indices (EF, EDV, ESV) as first-class learning
objectives rather than post-hoc metrics. The
Kendall uncertainty weights automatically
balance segmentation and regression without
manual tuning. This is broadly applicable to any
task where derived clinical variables are available
— diabetes control, retinopathy staging, tumour
grade, etc. The 11.66 ± 1.75% direct-regression
EF MAE (and 3.47 ± 1.14% via Simpson’s rule
on model segmentations) shows that direct
prediction is informative but not yet competitive
with the classical segment-then-measure pathway.

6.4 What this Series does not Claim

We explicitly do not claim state-of-the-art Dice
on ACDC. Paper 1's 3-fold CV mDice of 0.859 ±
0.004 is competitive but not the highest reported
in the literature. The literature contribution is the
integration of three research threads —
lightweight hybrid backbones, semi-supervised
learning, and multi-task learning — into a
coherent series, with 3-fold CV numbers
throughout. Extending any of the three threads is
straightforward given the detailed training recipes
documented in each paper.

7. Reproducibility
Each paper's evaluation script produces a per-fold
metrics file that the aggregation script
summarises into the final tables and figures used
in this series.
Training logs for all folds are retained,
documenting all hyperparameter choices,
learning curves, and per-fold metrics. The
aggregated results CSV accompanies the
evaluation outputs.

8. Conclusion and Future Work
The three-paper series on cardiac cine-MRI
analysis demonstrates that a coherent programme
combining architectural, semi-supervised and
multi-task innovations produces a useful stepping
stone toward clinical-grade AI. The 3-fold CV
numbers (Paper 1 mDice 0.859 ± 0.004, Paper 2
0.713 ± 0.011, Paper 3 0.823 ± 0.003 + EF MAE
11.66 ± 1.75% (direct) / 3.47 ± 1.14% (Simpson
on model)) demonstrate stability across the
dataset's variability under the unified per-slice
ED+ES evaluation protocol shared across the
three papers. The complementary nature of the
three contributions— boundary-aware, temporal,
multi-task — suggests that future work should
combine them into a single integrated model.
Across three papers, we have demonstrated a
coherent research direction: cardiac cine-MRI
analysis that is cheap to train, sparing with labels,
and tied to clinical outputs. The next steps include:
Couple Paper 2's semi-supervised approach with
Paper 3's multi-task objective.
Evaluate cross-dataset generalisation from
ACDC to M&Ms.
Develop a single integrated model that combines
all three contributions.
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