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Abstract. Semi-supervised learning (SSL) has become a pivotal strat-
egy for medical image segmentation by harnessing unlabeled data. How-
ever, most consistency-based paradigms focus on aligning pixel-level out-
puts, failing to capture the high-order structural knowledge and diagnos-
tic logic essential for complex anatomical interpretation. Motivated by
the hierarchical reasoning process in clinical diagnosis—where radiolo-
gists progressively integrate local cues, global context, and anatomical
priors—we propose SKTC-Net, a novel framework centered on Struc-
tured Knowledge Topology Consistency. We reformulate the semi-
supervised objective by mimicking three critical aspects of clinical diag-
nosis: (i) Where to look: Spatial Attention Consistency aligns saliency
maps to ensure consensus on salient anatomical regions; (ii) How to
compare: Relational Structure Consistency preserves the global topo-
logical distribution among learning samples to mimic comparative diag-
nosis; and (iii) How to reason: Fvolutionary Flow Consistency con-
strains the inter-layer feature transitions to maintain a stable diagnostic
reasoning path. Evaluations on ACDC (2D) and Pancreas (3D) datasets
demonstrate that SKTC-Net consistently performs superior. Notably,
SKTC-Net achieves consistent gains in low-label settings (e.g., +3.47%
Dice at 10% Pancreas), attributed to the complementary supervision
from multi-level structural constraints. The source code and dataset are
publicly available at https://github.com/SSonnyboy/STKC-Net.

Keywords: Semi-supervised learning - Structured consistency - Clinical
diagnostic logic - Medical image segmentation.

1 Introduction

Accurate segmentation of anatomical structures is a cornerstone of computer-
alded diagnosis. Despite the remarkable success of deep convolutional neural
networks (CNNs) like U-Net [14] and its modern variants [16, 4], their perfor-
mance heavily relies on large-scale, pixel-level annotated datasets. In the med-
ical domain, acquiring such data is exceptionally costly, requiring expert-level
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knowledge and strict privacy protection [25,12]. Consequently, semi-supervised
medical image segmentation (SSMIS) has emerged as a strategic solution to har-
vest descriptive cues from vast amounts of unlabeled data, thereby reducing the
reliance on manual expertise |2, 24].
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Fig. 1: Basic framework.  Fig. 2: Result of SKTC-Net on 10% Pancreas.

Current SSMIS frameworks predominantly rely on consistency regularization
(CR), which encourages invariant predictions under diverse perturbations [17,
26]. While influential models like Mean-Teacher (MT) [17] and UA-MT [25] have
set strong baselines, most existing methods focus on output-level alignment,
i.e., forcing the final probability maps to be similar (as shown in Fig. 1). Unlike
standard supervision that focuses on output fidelity, clinical diagnosis inherently
involves multi-dimensional reasoning: identifying salient landmarks, comparing
global case relationships, and maintaining coherent inference paths. We argue
that enforcing consistency on these intermediate structural properties better
captures the diagnostic logic embedded in the latent space.

Recent advances have begun to explore beyond pixel-level consistency. For
instance, Zhu et al. [28] introduced adversarial masked image modeling to un-
leash the potential of transformers in SSMIS by constructing auxiliary masked
domains with adversarial training. Wang et al. [18] proposed graph-based clus-
tering to explicitly model data structural information via graph convolutional
networks, achieving significant improvements by leveraging pairwise affinities
between local features. Liu et al. [9] presented translation consistent co-training
(TraCoCo) that perturbs input views by varying spatial context, enabling the
model to learn segmentation patterns from foreground objects rather than spatial
contexts. Peng et al. [13] developed a difficulty-adapted masked transformer that
modulates reconstruction difficulty through region-based and class-based mask-
ing strategies, demonstrating superior performance on multiple benchmarks. De-
spite these promising directions, existing SSMIS methods—ranging from early
uncertainty-aware frameworks [25] to recent advanced paradigms such as bidi-
rectional copy-paste (BCP) 2], cross-pseudo supervision (CPS) [3], and multi-
student collaborative learning [10, 20]—still primarily prioritize the consistency
of pixel-level probability distributions. While effective, this focus may unin-
tentionally overlook the high-order structural integrity and global topological
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constraints essential for complex medical scans. Consequently, without explicit
guidance on internal feature representations, these models remain susceptible to
boundary blurring and topological fragmented errors, particularly when pseudo-
labels are contaminated by noise or bias accumulation in low-data regimes |1,
19, 6].

To transcend pixel-level output consistency, we propose SKTC-Net, which
enforces Structured Knowledge Topology Consistency on intermediate
representations to capture high-order anatomical dependencies. Unlike existing
works that introduce redundant network branches to provide diversity [27], we
shift the paradigm toward a systematic mimicry of the clinical diagnostic process
across three orthogonal dimensions:

1. Where to Look (Spatial Attention Consistency, SAC): Inspired by
the varying attention levels experts allocate across different image regions,
SAC enforces consistency of network attention maps, which ensures geomet-
ric consensus on organ contours and critical landmarks, extending beyond
simple pixel-wise consistency.

2. How to compare (Relational Structure Consistency, RSC): Clinical
decisions are often refined by comparing current cases with previous experi-
ence. RSC preserves the global topological relationships between samples in
a batch by aligning their similarity matrices, mimicking comparative diag-
nostic logic to enhance discrimination against complex backgrounds.

3. How to reason (Evolutionary Flow Consistency, EFC): Expertise
lies in the logical transition from low-level textures to high-level semantic
structures. EFC captures the “flow” of feature abstraction between succes-
sive layers via inter-layer Gram matrices, ensuring that the model’s internal
reasoning path remains stable under perturbations.

The synergy of these modules allows SKTC-Net to learn a geometrically-
aware and logically consistent representation. We evaluate our method on two
representative tasks: ACDC (2D cardiac) and Pancreas (3D small organ). Exper-
imental results (Fig. 2) demonstrate that SKTC-Net significantly outperforms
competitive frameworks [2, 27,8, 25,21, 6,22, 11].

2 Methodology

The proposed SKTC-Net aims to mimic the multi-dimensional knowledge trans-
fer in clinical apprenticeship. As illustrated in Fig. 3, our framework adopts a
dual-student architecture consisting of two networks S; and Sy with different
initializations or perturbations. Given a labeled dataset Dy, = {(z;,y;)} 4 and
an unlabeled dataset Dy = {a;} " LJ\J,FL]iUl, the total objective is defined as:

L= £sup(DL) + )\Econ(DU) + OKESKTC'(,Z)LUU> (1)

where A\ adjusts the semi-supervised loss weight (consistent with AD-MT [27]),
and «a is the hyperparameter of our new loss term. L, is the standard supervised
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Fig. 3: The pipeline of our SKTC-Net framework.

loss, Lcon is the conventional two-teacher consistency loss (based on output), and
Lskrc is our core contribution, formulated as the ensemble of three diagnostic-
inspired constraints:

Lskrc = Lsac + Lrsc + Lerc (2)

SAC: Directing “Where to Look.” Radiological interpretation priori-
tizes salient anatomical regions over background noise. To embed this diagnostic
prior, Spatial Attention Consistency (SAC) enforces agreement between
the spatial saliency maps of the dual student networks. For a feature map
Féb REHXW oxtracted from layer [ of student S, (m € {1,2}) for the
b-th sample, we generate a 2D attention map via channel-wise aggregation with
power factor p:

ZI G l” (3)

where we set p = 2 to emphasize dominant activations. To eliminate scale vari-
ance across student perspectives, we normalize each attention map to unit Lo
norm over its spatial dimensions (H;, W;):

A(FS":p)
b, )
||-A(Fsm’p)”27(Hqu) te

A(Fg") =

(4)

with € = 1079 for numerical stability. The SAC loss is then defined as the
mean squared error between normalized attention maps across all supervised
bottleneck layers §2:

_ 1 Lb) b
Lsac = 17 ;} Z Hsz H.A (Fg!) — A(Fg) (5)

)
‘Z(Hz,Wz)

where H; and W; denote the spatial dimensions of layer [, |2| is the number of
supervised layers, and B is the batch size. This formulation ensures that both
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students reach a geometric consensus on the spatial localization of discriminative
regions—effectively teaching them where to look for organ boundaries—while
maintaining scale invariance and numerical robustness.

RSC: Mimicking “How to Compare.” Experienced radiologists refine
their judgment by comparing the current case with a mental database of prior
cases. We formalize this comparative logic as Relational Structure Consis-
tency (RSC). For a batch of B unlabeled samples, we extract global representa-
tion vectors from each supervised bottleneck layer | € {2 by spatially flattening
the feature maps: ;0 = ﬂatten(Fé’i) € RP where D; = C; x H; x W; and
m € {1,2} denotes the student index. Each vector is Ly-normalized to unit
norm before similarity computation:

elb f7lr7lb —6
m — 1 alb ) =10 (6>
£ [|2 + €

The batch-wise cosine similarity matrix G, € RBXE for student S, is then
constructed as:
l £l.j
Gm gj = : (f J) (7)

which, due to the prior normalization, dlrectly yields cosine similarity without
explicit denominator terms. The RSC loss enforces consistent relational topology
between the dual students across all supervised layers:

Lrsc = ] Z ZZ Gl — 2”) (8)

ZE.Q i=1j=1

This formulation—equivalent to the mean squared error between normalized sim-
ilarity matrices—preserves the intrinsic geometric structure of the latent space.
By aligning the relative distances between patient cases across student perspec-
tives, the model learns to cluster anatomically similar features without explicit
supervision, effectively mimicking the comparative diagnostic reasoning of radi-
ologists.

EFC: Modeling “How to Reason.” The transition from recognizing low-
level textures to synthesizing high-level semantic organs represents the diagnostic
reasoning path. We propose Evolutionary Flow Consistency (EFC) to sta-
bilize this hierarchical abstraction process. For adjacent layers [ and [ + 1 with
feature maps F§ € REXCOHXW apd FIHL ¢ REXCienxHiexWins from stu-
dent S,,, we first align their spatial dimensions via adaptive average pooling to
a common resolution (H*, W*). The inter-layer evolutionary flow for sample b
is then modeled by a Gram matrix Qf;lb € RC+1xC1,

b _ Flbhw | plibhuw
gm,nm - H*W* Z Z Sm,m Smn (9)
h=1w=1
where m € {1,...,C;} and n € {1,...,Ci41} are channel indices of the shallow

and deep layers respectively. This formulation captures how activations in shal-
low channels flow into and influence deep channels during hierarchical reasoning.
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Table 1: Performance comparison with the other methods on the ACDC (2D),
in the semi-supervised setting of 5% and 10% labeled data.

Method ACDC (5% / 3 labeled data) ACDC (10% / 7 labeled data)
Dice 1 Jaccard T 95HD | ASD | Dice 1 Jaccard T 95HD | ASD |

UNet (SupOnly) 47.83 37.01 31.16 12.62 79.41 68.11 9.35 2.70

UA-MT [25] (MICCAT'19) 46.04 35.97 20.08 7.75 81.65 70.64 6.88 2.02

SS-Net [21] (MICCAI'22) 65.82 55.38 6.67 2.28 86.78 7.67 6.07 1.40

BCP [2] (CVPR23) 87.59 78.67 1.90 0.67 88.84 80.62 3.98 1.17

AD-MT [27] (ECCV’24) 88.75 80.41 1.48 0.50 89.46 81.47 1.51 0.44

M3HL [7] (MICCAT25) 88.31 80.62 1.83 0.56 90.47 83.23 1.43 0.34

ALHVR [5] (ICCV’25) 82.25 72.92 4.11 1.00 90.56 83.21 2.57 0.78
SKTC-Net (Ours) 89.74+0.001 81.85+0.001 1.28+0.218 0.34+0.053|90.76+0.001 83.59+0.001 1.27+0.135 0.32+0.028

The EFC loss enforces consistency of this flow pattern between dual students
across all adjacent layer pairs K:

Lero = |IC| Z B cl,ﬁ1 Ci, ZHQ H (10)

where || - || denotes the Frobenius norm. This layer-wise constraint—equivalent
to mean squared error between per-sample channel correlation matrices—ensures
that both students develop a consistent diagnostic reasoning trajectory as infor-
mation propagates through the network hierarchy.

3 Experiments

Datasets and Evaluation Metrics. In terms of experimental datasets, we
followed previous works and adopted three widely used benchmark datasets
to validate the effectiveness and feasibility of our proposed method: the Auto-
mated Cardiac Diagnosis Challenge (ACDC) dataset [23] and the Pancreas-NIH
dataset [15]. For evaluation, we used metrics from previous works [27,2] and
used the following metrics: Dice score (%), Jaccard score (%), 95% Hausdorff
distance (95HD), and the average surface distance (ASD).

To evaluate the effectiveness of the proposed SKTC-Net, we conduct com-
prehensive evaluations on three benchmark datasets: ACDC, LA, and Pancreas.
Our method is compared against a range of representative semi-supervised seg-
mentation frameworks, including established paradigms like UA-MT [25], as
well as more recent high-performance models such as BCP [2], AD-MT [27],
M3HL [7], and ALHVR [5].

Implementation Details. Following previous work [27], the segmentation
model for the 2D ACDC dataset was trained for 30,000 iterations with a batch
size of 24 (12 labeled and 12 unlabeled samples). For the LA and Pancreas
datasets, training was conducted for 15,000 iterations with a batch size of 4 (2
labeled and 2 unlabeled samples). We use Unet and Vnet as the main backbone
network for our experiments. Following by [27], we set the maximum loss weight
Amaz = 2.0. In subsequent experiments, the SKTC loss weight o was set to
0.1. For our experimental result, we use three different random seed runs
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Table 2: Performance comparison with other methods on the Pancreas (3D),
in the semi-supervised setting of 10% and 20% labeled data.

Method Pancreas (10% / 6 labeled data) Pancreas (20% / 12 labeled data)
Dice 1 Jaccard ©  95HD | ASD | Dice 1 Jaccard © 95HD | ASD |

VNet (SupOnly) 55.60 41.74 45.33 18.63 72.38 58.26 19.35 5.89

UA-MT|25] (MICCAT’19) 66.34 53.21 17.21 4.57 76.10 62.62 10.84 2.43

SS-Net[21] (MICCATI'22) 71.76 57.05 17.56 5.77 78.98 66.32 8.86 2.01

BCP[2] (CVPR’23) 73.83 59.24 12.71 3.72 82.91 70.97 6.43 2.25

AD-MT [27] (ECCV’24) 80.21 67.51 7.18 1.66 82.61 70.70 4.94 1.38

MPHL [7] (MICCAI'25) 80.75 68.26 6.54 1.56 82.94 71.08 4.83 1.32

ALHVR [5] (ICCV’25) 79.58 65.32 9.41 2.83 81.42 69.37 6.75 2.31
SKTC-Net (Ours) [84.22+0.001 73.64:+0.002 5.4840.846 1.31+0.254|84.86+0.001 74.3940.001 4.95+0.674 1.25+0.176

to obtain the average. All experiments were implemented using the PyTorch
framework and conducted on an NVIDIA GeForce RTX 3090 GPU.

Results on ACDC. Tab. 1 summarizes the performance on the 2D cardiac
ACDC dataset. Following the experimental protocol in AD-MT [27], we utilize
5% and 10% labeled data. SKTC-Net achieves favorable performance across most
metrics: with 5% labels, it reaches 89.74% Dice, comparing favorably against
AD-MT (88.75%) and M3HL (88.31%). At 10% labels, our method maintains
this trend with 90.76% Dice. All results are reported as mean =+ standard de-
viation over 3 random seeds (the standard deviation for both Dice and Jac is
the result of not multiplying by 100%). The consistent improvements suggest
that structured knowledge consistency provides beneficial regularization under
limited annotation.

Results on Pancreas. Tab. 2 presents results on the challenging 3D Pan-
creas dataset with 10% and 20% labeled data, consistent with the ACDC setup.
SKTC-Net demonstrates competitive improvements, particularly at 10% labels
where it achieves 84.22% Dice, showing a notable margin over M3H L (80.75%).
At 20% labels, our method reaches 84.86% Dice with the lowest ASD (1.25).
While the 95HD at 20% is comparable to M3HL (4.95 vs. 4.83), the overall
boundary quality remains robust. These observations indicate that incorporating
intermediate-level structural constraints may help enhance segmentation stabil-
ity for complex 3D organs when labeled data is scarce.

Table 3: Ablation Table 4: « Table 5: Plug and play
Components Metrics o Metrics Methods Metrics
Lsac Lrsc Lerc Dice 95HD Dice 95HD Dice 95HD
80.04 7.37 0.01{83.05 5.83 MT |79.85 7.92
v 81.73 5.64 0.1(84.22 5.48 +SKTC|[83.45 6.17
v v 82.02 5.52 1 [84.08 5.62 CPS [80.04 7.37
v v v 84.22 5.48 10 | 81.78 6.46 +SKTC[84.22 5.48

Ablation Study. Tab. 3 examines the contribution of each SKTC compo-
nent on the Pancreas dataset (10% labeled). Starting from the CPS baseline
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Fig. 4: Qualitative comparison on ACDC (5% labeled, 2D) and Pancreas (10%
labeled, 3D). From left to right: UA-MT [25], BCP [2], AD-MT [27], SKTC-
Net (Ours), and Ground Truth. Red arrows highlight regions where SKTC-Net
produces more anatomically plausible boundaries.

(80.04% Dice), adding Lsac yields a noticeable gain (+1.69% Dice), suggesting
that aligning spatial attention helps the model focus on anatomically relevant
regions. Further incorporating Lrsc provides modest additional improvements
(4+0.29% Dice), indicating that preserving inter-sample relational structures may
enhance discrimination in complex backgrounds. The full integration of Lgpc
achieves the highest performance (84.22% Dice), which suggests that regularizing
cross-layer feature transitions contributes to more stable representation learning.
While each component offers incremental benefits, their combination appears to
provide complementary supervision for structured feature alignment.

Sensitivity to Loss Weight a. We investigate the influence of the SKTC
loss weight o on the Pancreas dataset (10% labeled), as shown in Tab. 4. Per-
formance remains relatively stable across o € [0.01,1], with the highest Dice
observed at o« = 0.1. A very small weight (o = 0.01) leads to slightly reduced
gains, which may indicate insufficient regularization from structured constraints.
Conversely, a large weight (o« = 10) shows more noticeable degradation, possibly
due to over-emphasis on feature-level consistency at the expense of task-specific
supervision. These observations suggest that SKTC-Net is reasonably robust to
moderate variations in «, and a balanced weighting (e.g., 0.1) may help harmo-
nize pixel-level and structure-level objectives.

Plug-and-Play Compatibility. To assess the generality of SKTC, we in-
tegrate it into two representative SSL frameworks (MT and CPS) on Pancreas
(10% labeled), as summarized in Tab. 5. Adding SKTC consistently improves
both baselines (43.60% Dice for MT, +4.18% for CPS), suggesting that the pro-
posed structured consistency constraints can complement existing consistency-
based paradigms without architectural modifications. This plug-and-play behav-
ior indicates potential for broader applicability across different semi-supervised
segmentation frameworks.

Qualitative Analysis. Figure 4 shows visual comparisons under low-label
settings. SKTC-Net produces smoother boundaries and fewer fragmented regions
compared to baselines, particularly in low-contrast areas of Pancreas. These ob-
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servations align with our quantitative results, suggesting that SKTC consistency
constraints may help preserve anatomical plausibility when annotations are lim-
ited.

4 Conclusion

In this work, We propose SKTC-Net, a novel semi-supervised framework for
medical image segmentation that enforces Structured Knowledge Topol-
ogy Consistency across spatial attention, relational structure, and evolution-
ary flow. The method captures high-order anatomical priors by mimicking clini-
cal reasoning in the latent space. Experiments on ACDC and Pancreas datasets
demonstrate that SKTC-Net consistently outperforms competitive baselines, es-
pecially under extremely limited labeled data. Future work will explore adaptive
topology construction and extension to broader medical imaging applications.
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