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Abstract

Deep learning has transformed 2D medical
imaging, but scaling to 3D volumes remains
difficult due to high compute, scarce annota-
tions, and the loss of global context in patch-
based pipelines. We present Topoformer, a
transformer framework that makes 3D classi-
fication both data- and compute-efficient by in-
tegrating topological priors. First, we intro-
duce a sliding-band cubical filtration that re-
places a single global persistent-homology pass
with overlapping intensity bands, yielding an
ordered sequence of Betti tokens (components,
tunnels, cavities). These tokens act as trans-
former inputs, enabling multi-scale topological
reasoning without early saturation. Second,
we propose Topological Supervised Contrastive
Learning (TopoSupCon), which treats the im-
age and its label-preserving topological view as
complementary modalities, reducing reliance on
brittle geometric or generative augmentations.
A lightweight TopoGate further lets the image
softly weight multiple band widths per case. On
3D brain MRI tumor grading and chest CT
benchmarks in low-data regimes, Topoformer
achieves consistent gains over strong 3D CNN
and ViT baselines, including improvements up
to 12 AUC points and 8 accuracy points. Our
results show that sequential, topology-aware
representations provide a powerful inductive
bias for volumetric medical image analysis.
Keywords: 3D medical imaging, brain tumor
grading, MRI, CT, cubical persistent homol-
ogy, topological data analysis, volumetric image
classification

Data and Code Availability All datasets used in
this study are publicly available, and source details
are given in Section 4. The complete implementation
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of our method, including preprocessing scripts and
model training code, are provided in the following
link: github.com/philmorefkoung/Topoformer

Institutional Review Board (IRB) This re-
search does not require IRB approval, as it uses only
publicly available, de-identified datasets.

1. Introduction

3D medical imaging (MRI, CT) is central to diagnosis
and treatment planning across neurology, oncology,
and cardiology (Litjens et al., 2017; Shen et al., 2017),
yet automated analysis of volumetric scans remains
difficult due to high dimensionality, scarce annota-
tions, and the cost of 3D computation (Greenspan
et al., 2016). While CNNs and ViTs excel in 2D, their
3D variants demand heavy memory/compute (Singh
et al., 2020); common workarounds, patching (Isensee
et al., 2018), aggressive downsampling (Chen et al.,
2021), and large-scale pretraining (Tang et al., 2022),
often sacrifice global context and struggle in low-
data regimes (Wang et al., 2025). Persistent ho-
mology (PH) offers complementary, shape-aware de-
scriptors (Skaf and Laubenbacher, 2022; Wang et al.,
2021a; Rieck et al., 2020; Qaiser et al., 2019), but
prevailing pipelines rely on global filtrations and ad-
hoc vectorizations that saturate early and discard the
sequential evolution of topology (Hofer et al., 2017).
Moreover, standard augmentation, crucial for repre-
sentation learning, can be risky in medicine, poten-
tially distorting anatomy and labels.

We propose Topoformer, a transformer-based
framework that tackles both issues with two key in-
novations. First, we introduce a sliding-band cubical
filtration that replaces a single global sublevel filtra-
tion with overlapping intensity bands. This yields
an ordered sequence of Betti tokens (components,
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tunnels, cavities) that preserves late-emerging struc-
ture and global context, providing a compact, learn-
able topological “timeline” for transformers. Second,
we develop Topological Supervised Contrastive Learn-
ing (ToPoSUPCON), which treats the image and its
label-preserving topological view as two modalities for
supervised contrastive learning (Khosla et al., 2020).
This sidesteps brittle geometric or generative aug-
mentations by using topology as a faithful comple-
mentary view. A lightweight TopoGate further lets
the image softly weight multiple band widths, en-
hancing robustness without manual tuning.

Across brain MRI and chest CT benchmarks,
Topoformer improves AUC/accuracy over strong 3D
CNN and ViT baselines, with the largest gains on
challenging tasks (e.g., MGMT methylation and ver-
tebral fracture classification), and maintains bal-
anced sensitivity /specificity where pure image models
can collapse. These results suggest that topology, as
a sequential, label-stable signal, provides an effective
inductive bias for volumetric learning.

Contributions.

e A sliding-band cubical filtration that pro-
duces sequential topological embeddings, captur-
ing multi-scale morphological evolution without
early saturation.

e TopoSupCon: a topological supervised con-
trastive fusion of images and sliding-band topol-
ogy, enabling augmentation-robust representa-
tion learning.

e A transformer architecture that ingests or-
dered Betti sequences directly; with TopoGate
to softly combine multiple band widths per case.

e Stability guarantees for the sequential en-
codings and state-of-the-art results on public
3D MRI/CT benchmarks under low-data condi-
tions.

2. Background
2.1. Related Work

Deep Learning for 3D Medical Image Classifi-
cation. CNNs power much of 2D medical imaging
(e.g., ResNet, U-Net) (He et al., 2016a; Ronneberger
et al., 2015); 3D variants (3D ResNet, C3D) lever-
age volumetric context but are memory/compute
intensive, so practitioners resort to patching or

downsampling that can erode global structure on
small datasets like BraTS (Hara et al., 2017; Tran
et al., 2015; Suk et al., 2014; Menze et al., 2015).
Lightweight volumetric CNNs reduce cost (El-Assy
et al., 2024; Akindele et al., 2024) but retain local in-
ductive biases and often rely on heavy augmentation
or pretraining.

Transformers adapted to 3D treat patches as to-
kens and improve global modeling (e.g., TransMed,
M3T, MedViT, joint designs) (Dai et al., 2021;
Jang and Hwang, 2022; Manzari et al., 2023; Alp
et al., 2024), yet token counts in 3D inflate mem-
ory/compute and performance typically hinges on
large-scale pretraining (Li et al., 2023). These chal-
lenges motivate approaches that preserve global infor-
mation while remaining efficient in low-data regimes.
Our TOPOFORMER extracts sequential topological
descriptors from sliding intensity bands, yielding
compact, informative sequences that a transformer
can process efficiently, improving accuracy and re-
source use on 3D MRI tumor grading.

Contrastive Learning and Data Augmenta-
tion in Medical Imaging. Contrastive learning
paired with heavy augmentations has delivered strong
image-classification results, from long-tailed recogni-
tion to whole-slide pathology (Wang et al., 2021b;
Li et al., 2021; Wang et al., 2022), by pulling posi-
tives together and pushing negatives apart. It is at-
tractive for few-shot medical imaging, but augmen-
tations are problematic: best practices are unclear,
synthetic/affine transforms can be unrealistic, and
naive transforms may distort pathology and induce
label drift (Goceri, 2023). To retain contrastive ben-
efits without ambiguous augmentations, we propose
Topological Supervised Contrastive Loss (TopoSup-
Con), a variant of the original supervised contrastive
loss (SupCon) (Khosla et al., 2020) that contrasts
the original image with a label-preserving topological
complement derived via sliding-band filtration. This
topological view leaves the image unchanged yet pro-
vides a complementary representation, encouraging a
more structured embedding space with minimal de-
pendence on augmentation.

Topological Machine Learning in Medical
Imaging. Topological data analysis, particularly
persistent homology (PH), has gained traction in
medical imaging for its ability to capture multi-
scale structural features beyond traditional pixel-
level representations. Early studies successfully ap-
plied PH to cell development (McGuirl et al., 2020),
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tumor morphology (Crawford et al., 2020; Wang
et al., 2021a), brain connectivity (Caputi et al., 2021;
Rieck et al., 2020), and histopathology (Qaiser et al.,
2019). These efforts laid the groundwork for inte-
grating topological features into deep learning work-
flows, which has become a growing focus in recent
years (Skaf and Laubenbacher, 2022).

Recent studies have embedded topological descrip-
tors into CNNs and transformers to improve classi-
fication and segmentation. PHG-Net (Peng et al.,
2024) introduces lightweight PH modules for end-
to-end training, and 3D persistence image methods
have been shown effective for volumetric benchmarks
like MedMNIST (Zhu et al., 2024). Topology-aware
supervision has also improved anatomical fidelity in
segmentation tasks (Santhirasekaram et al., 2023;
Gupta et al., 2022; Demir et al., 2023), while hybrid
CNN-PH models have enhanced tumor detection and
disease grading (Stucki et al., 2023; Somasundaram
et al., 2021; Yadav et al., 2023).

2.2. Cubical Persistence

Persistent homology (PH) is a key topological data
analysis tool for capturing multi-scale patterns in
complex data (Dey and Wang, 2022). In image analy-
sis, we use its cubical variant, which operates directly
on pixel/voxel grids via cubical complexes. The PH
pipeline can be outlined in three steps; for full details,
see (Coskunuzer and Akgora, 2024).

Filtration. From a 3D image V € RP*9*" gelect a
sequence of intensity thresholds 0 =7 <7 < -+ <
Tm = 255. Let v, represent the voxel intensity at
A;ji for a fixed color channel (e.g., grayscale). At
each 7,, form the cubical complex V,, = {Aij C
V| vije < Tn}, which yields the nested sequence of
binary images V; C Vo C C Vn known as a
sublevel filtration. For 2D images, the construction is
similar (see Figure 1 for a toy example).

Nfw|e|e]s
nfsfw|w]s

Nfw|e|e]s

nfsfw|w|s

NN En

vfw|e|e]s

vfw|e|e]s

vfw|e|e]s

ela]m|w]n

vfw|e|e]s

pla[m|w]n
wln|o|n]-
blam|w]n
wln|o|n]e
s fw|w]n
NEREN
efs[m|w]n
wln|o|n]e
s w|w|e
sfo|s|on]w
el [n]w]n
wln|o|n]=
nfsfw|w|n
NENEn
wlo|o|n]e
nfsfw|w|s
slo]afn]w
plan|w]n
wlv|o|un|-

x [a|n|sfv]w

PH filtration. For the 5 x 5 image X with the
given pixel values, the sublevel filtration is the
sequence of binary images X1 C Xo C X3 C Xy C
Xs.

Figure 1:

Persistence diagrams. As we sweep through the
binary volumetric images {V,,}, topological features,
i.e., connected components (0-cycles), tunnels (1-
cycles), and voids (2-cycles), are born and later merge
or vanish in this sequence. Each feature ¢ is recorded
by its birth threshold b, = 7, and death threshold
dy = T, forming the pair (bs,d,). The set of all
such pairs in homological dimension k is the k** per-
sistence diagram PDg(X) = {(bs,d,). i.e.,
PDy(X) = {(bg,dg) | o € Hi(Vs) for b, < s < dJ}
where Hy (V) is the k** homology group of V.

Vectorization. Persistence diagrams are multisets
of interval pairs and must be transformed into fixed-
length representations for downstream ML tasks. At
this stage, one may choose among a variety of tech-
niques, e.g., Betti curves, persistence images, per-
sistence landscapes, silhouettes, kernel embeddings,
and more (Ali et al., 2023). Each method maps
the diagram’s birth—death pairs {(b,,d,)} into a vec-
tor or function feature: ~ ®(PDy) € RP, where
® denotes the chosen embedding and D its dimen-
sionality. This flexibility allows practitioners to se-
lect the representation best suited to their model
architecture and computational budget. For exam-
ple, in Figure 1, PDo(X) = {(1, ), (1,2),(1,3)} and
PD.(X) = {(2,4),(3,4),(3,5)} while corresponding
Betti vectors B, = [3,3,1,1,1] and 8, =[0,1,3,1,0]
where i*" entry in 3, is the number of components
in X;, while i** entry in 3, is the number of holes in
X;, Le., Bo(X;) and B (X).

3. Topoformers for Medical Imaging

Standard cubical persistence on a global sublevel
filtration can saturate quickly in volumetric scans:
once bright regions activate, large components form
early and later features are suppressed. In addi-
tion, converting persistence diagrams to fixed-length
features discards the natural ordering of topological
changes and introduces ad hoc design choices. We ad-
dress these issues with sliding-band filtration: replace
the single global filtration by a sliding sequence of
overlapping intensity bands, compute per-band Betti
numbers, and treat the resulting values as an ordered
sequence of topological tokens. This preserves global
context, exposes late-emerging morphology, and re-
moves the need for diagram assembly or handcrafted
vectorization. The construction is simple and scal-
able, applies to both 2D and 3D, and yields a compact
sequence of fixed length N = 50 that is well matched
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to transformer encoders. In Sec. 3.3 we show these
sequences are stable under small intensity perturba-
tions.

3.1. Sliding-Band Filtrations for Sequential
Topological Embeddings

We reformulate cubical persistence to yield a se-
quence of local topological descriptors suitable for
transformer encoders by replacing a single global sub-
level filtration with overlapping intensity bands. The
pipeline has two stages.

Stage 1: Banded cubical complexes. Let V €
RPXIXT he a volumetric image with voxel intensities
vijk defined on a fixed range [A, B]. We specify a
band width w > 0 and a desired number of slices V.
The stride in intensity space is then set adaptively as

B—-—A-w

N-1 -
For s = 1,..., N, we define the sliding-band cubical
complex

A:

‘/;:{Aijkcv‘gsg'}’ijk<us}7

with £, = A4+ (s—1)A and us = £s+w, except for the
final band which is closed at B. This produces a chain
of N partially overlapping complexes {V1,...,Vnx},
each isolating voxels whose intensities fall within a
sliding band of width w. For 2D images X € RP*¢
with pixel values +;;, the definition is analogous (see
Figure 2).

XS:{AijCX|fS§’YZ‘j<’U,S}.

Next, to define our output sequence, we compute
k" Betti numbers

Br(Vs) =rank(H(Vs)), ke€{0,1,2},

tracking the number of components (5p), tunnels
(81), and cavities (52) in the sequence of binary volu-
metric images {Vs}. We control sequence granularity
by fixing the number of slices V. Given a band width
w, the stride A in the intensity space ensures that the
entire range [A, B] is covered in exactly N overlap-
ping bands.

Stage 2: Ordered topological encoding. For
each band Vg, compute Betti numbers i (V,) and
optionally simple slice statistics (for example active-
pixel or active-voxel count). Define a per-band token

,(/) _ {[6O(VS>7ﬁ1(VS)] ERZ, 2D
T B, BV, B2(V)] € BP, 3D

nfwle|-]s
nfs|wlw|n
wln[ufn]-
nfwle[=]s
nfs|wlw|n
slo]alu]w
wln]uln]e
n|wle[=]s
nfs|w|w|m
NN EA
wln|un|n]e
nfw|e|-]s
N |wlw|n
NN
wln]unlun]-
nfw|e|-]s
nfswlw|~
aln]afo|w
wlnanfun]-
nfw|e|-]s
nfswlw|n
aln]afu|w
els|n|w|a
wlnala]-

NN

pls|nfw|n

els|n|w|n

HNNAE

elaln|w|n

x [s[o]a]n]w

X1 Xna Xz X Xias)

Figure 2: Sliding Band Filtration. For the toy
example in Figure 1, we give the slid-
ing band filtration with band-width=1 and

stride=1.

and stack them into an ordered sequence

TV) = [h1,92,...,91] € REXP,

where D = 2 for 2D and D = 3 for 3D. We use
¥ (V) directly as the transformer input, bypassing
persistence-diagram assembly and ad hoc vectoriza-
tion, so the model can attend to topological changes
across intensity bands without premature saturation.

PH vs. SB Filtration. In Figures 1 and 2, we
illustrate the standard sublevel filtration in persis-
tent homology (PH) and our more flexible sliding
band (SB) filtration for the same image. In sub-
level filtration, images often saturate early, limiting
the ability to detect topological features that ap-
pear at higher thresholds. By contrast, SB filtra-
tion continues tracking changes across higher inten-
sity ranges, allowing it to capture topological varia-
tions throughout the full color scale. For example, in
the sublevel filtration (Figure 1), the Betti vectors are
By =1[3,3,1,1,1] and B, = [0,1, 3,1, 0], whereas with
SB filtration (Figure 2), they are 8, = [3,3,1,1,2]
and 8, =[0,1,2,2,2].

3.2. Topoformer Architecture

Our model consists of two stages, (i) TopoGate: we
first use the images to guide which topological band-
width is the most useful, and (ii) TopoSupCon: treat
the image and its topological representation as com-
plementary views that agree for the same class.
Pseudocodes are given in Appendix D.

Inputs. Each case provides a grayscale 3D volume
V € RO4x64x64 and W topology vectors {t(*) €
REYW . computed from sliding-band filtrations (e.g.,
widths 20 and 40). We z-score topology features per
dataset.
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Prediction

Input Volume

Sliding Band
Filtration

TopoGate TopoSupCon  f[——>LossTotal

Sliding Band Vectors

Selected Vector

Figure 3:

Topoformer framework. The 3D image branch
extracts semantic features via a pretrained CNN
backbone, while the topology branch encodes
shape information using sliding-band filtrations of
Betti features. TopoGate adaptively chooses multi-
width topological embeddings, and TopoSupCon
aligns representations through supervised con-
trastive learning.

3.2.1. TorPOGATE

A 3D encoder turns V' into patch tokens; a tiny gat-
ing module uses those tokens to softly weight the W
topology vectors; a lightweight transformer reads the
resulting topological sequence and predicts the class.
This lets the model learn which filtration width is
most informative, without manual selection (See Fig-
ure 4).

3D Visual Encoder. We use an R3D-18 back-
bone (pretrained on Kinetics-400) adapted to single-
channel inputs by replacing the RGB stem with a
1—64 convolution (initialized by channel-averaging
the pretrained filters). The encoder outputs a feature
map that we flatten into P patch tokens X € RF*¢
(details in §4).

HyperGate: Image-conditioned bandwidth se-
lection From the mean of the image tokens we
form a query vector. We attend this query to W
learnable prototypes and pass the result through a
small MLP-+softmax to obtain weights w € R" with
> wWw = 1. The gated topology is a convex com-
bination t = Y1, w, t™) € RE, so the image
softly “chooses” which sliding-band widths to empha-
size.

TopoTransformer head We view t as a length-L
sequence. Fach scalar goes through a small embed-
ding layer; a shallow transformer encoder produces
contextual token features that we mean-pool and feed
to a linear classifier.

3.2.2. TorPOSUPCON: SUPERVISED CONTRASTIVE
FUSION

We also use a contrastive variant that treats the vol-
ume and its topology as two views of the same case
(See Appendix C for details). An image encoder fy(+)
and a topology encoder g4(-) produce embeddings
that are (i) fused for classification, and (ii) passed
through projection heads for a supervised contrastive
loss. Positives are all pairs that share the same class
label, both within a modality and across modalities;
negatives are different-class pairs. The total loss is a
simple sum of cross-entropy and SupCon,

L= ECE +A ['SupCorn

which encourages class-consistent alignment between
image and topology while keeping the classifier ob-
jective unchanged.

3.3. Stability of Sliding-Band Sequences

We show that sliding-band Betti sequences are stable
under small perturbations of the intensity function.
Let V be a 3D (or 2D) image and 4%+ : V — R
two voxel intensity functions. Fix an intensity range
[A, B], a bandwidth w > 0, and a number of slices N.
Set the stride in intensity space as

B—-A—w
A= — —
N -1

Form=1,2and s =1,..., N, define the overlapping
banded cubical complexes

VIt = {AyCV | ls <k <ug},

with ¢ = A+ (s — 1)A and us = £5 + w, except for
the final band which is closed at B. For k > 0, let

Te(V,r™) = [Be(VI"). . B (VR)].
Theorem 1 For any k > 0,

[9x(V,h) = W, |l < Crllv' =% llees
where || |2 denote £*-norm on RY and ||-||z1 denote

the L*-norm on F(V,R), and Cy, depends only on L
and the cubical neighborhood structure.

The proof is given in Appendix A.
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4. Experiments
4.1. Setup.

Datasets. We evaluate on six publicly available
3D datasets spanning brain and breast MRI and
chest CT (Table 1). For brain MRI, we use three
benchmarks: BraTS 2019 (HGG vs. LGG) (Menze
et al., 2015; Bakas et al., 2018), BraTS 2021 MGMT
(methylated vs. unmethylated) (Baid et al., 2021),
and the MRI subset of the RSNA 2025 Aneurysm
challenge (aneurysm presence) (Rudie et al., 2025).
For breast MRI, we include ODELIA 2025 with
three-class lesion labels (no lesion/benign/malignant)
(Consortium, 2025; Miiller-Franzes et al., 2025). For
chest CT, we adopt two standardized MedMNIST v2
tasks (Yang et al., 2023, 2024): NoduleMNIST3D,
derived from LIDC-IDRI for nodule detection (Ar-
mato et al., 2011), and FractureMNIST3D, derived
from FracNet for vertebral fracture classification (Jin
et al., 2020); both provide 282 volumes and fixed
train/val/test splits. Summary counts and classes are
given in Table 1. For completeness, we also report
results on three 2D COVID CXR/CT datasets (See
Appendix B for details).

Table 1: 3D Datasets. Summary statistics for brain
MRI and chest CT datasets.

Dataset Modality # Images # Classes
BraTS 2019 Brain MRI 335 2
BraT§S 2021 MGMT Brain MRI 585 2
RSNA 2025 Aneurysm  Brain MRI 1123 2
ODELIA 2025 Breast MRI 1022 3
FractureMNIST3D Chest CT 1370 3
NoduleMNIST3D Chest CT 1633 2

Preprocessing. All MR volumes are resampled
to 1.0mm isotropic spacing (B-spline), resized to
64 x 64 x 64, clipped to the 1st—99th percentiles, and
z-scored per volume. Multi-modal scans (FLAIR,
Tlw, T1lwCE, T2w) are processed independently.
MedMNIST (NoduleMNIST3D, FractureMNIST3D)
volumes are already normalized; we only resize them
to 64 x 64 x 64 for consistency.

Topological features. On z-scored volumes
clipped to [—5,5], we construct sliding-band Betti
sequences with 50 overlapping bands of widths
w € {0.2,0.4} (Corresponding to SB20 and SB40).
For each band, we form a binary image and record
(Bo, B1,02), yielding a length-50 sequence and
50 x 3 = 150 features per width. As a PH baseline,
we use CubicalPersistence (dims 0-2) followed by

BettiCurve with 50 bins (Giotto-TDA), producing
150 features per modality; across M modalities this
gives a 150M-dimensional descriptor.

Hyperparameters. We used the Adam optimizer
with a learning rate of le-4, batch size of 32, and
cross-entropy loss for all experiments. For the MedM-
NIST datasets, we use the predefined training, vali-
dation, and test splits. For the BraTS 2019, BraTS
2021, and RSNA 2025 Aneurysm datasets, we use
identical random stratified 70:10:20 train/val/test
split across all models. Each model was trained for
100 epochs and the epoch with the highest validation
AUC was subsequently used for testing. In our base-
line 3D ResNet 18+SupCon model, we use the best
augmentation techniques for lung CT and brain MRI
images identified in (Goceri, 2023) for the two views.

Specifically, a combination of translation and
shearing for lung CT images and rotation with shear-
ing, and translation for brain MRI images. Our MLP
consists of 3 hidden layers with 128, 64, and 64 units
with ReLU activations. Our Transformer encoder has
a model dimension of 128 with 8 attention heads, 3
layers, a 512-dimensional feed-forward, GELU acti-
vations, and 0.1 dropout. Sliding Band Vectors are
tokenized via patching with patch size 5 and stride
2; we add learnable positional embeddings (length
1024). The encoded sequence is mean-pooled and fed
to a classifier head with one hidden layer of 64 units
with GELU and 0.1 dropout.

Computational Complexity and Runtime. We
report runtimes for representative 3D datasets below;
other datasets follow similar trends in runtime scaling
with volume count.

Table 3: Average runtime (in seconds) per dataset
and module.

Dataset #Volumes Betti(64 core CPU) TopoGate TopoSupCon

NoduleMNIST3D 1633 166 388 1153
BRATS 2019 335 101 148 253
BRATS 2021 585 174 226 435

TopoGate and TopoSupCon evaulated on an
NVIDIA L40S (8 vCPU, 62 GB RAM, 48 GB VRAM)

Let V' € RP*9X" have |V|=pqr voxels and fix N
sliding bands (50 in our experiments). For band s,
let A,=|Vi| with Y2 | A, = O(|V|). Per band, Betti
computation (union—find for By, Euler-characteristic
cell counts for 81, and one background pass for [
in 3D) costs O(As a(Ay)) time and O(A,) memory,
yielding total O(N|V|a(]V])) time and O(max; Ay)
peak memory across bands processed sequentially.
The resulting sequence (V) € RV*P is encoded
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Table 2: Baseline comparison of 3D CNN and Transformer models with our proposed topological hybrid approach.

BRATS 2019 (Binary)

BRATS 2021 (Binary)

RSNA 2025 (Binary)

Model AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
R3D-18 8.8 836 83.6 98.1 90.3| 57.3 54.2 539 8.7 67.1] 59.1 747 375 97.1 9.5
R3D-18+SC 823 809 66.2 66.2 68.1] 57.3 559 545 545 514 | 56.2 70.2 50.8 50.8 49.6
MC3-18 88.1 821 823 98.1 895 524 458 489 72,6 584 | 675 733 451 835 434
R(2+1)D-18 86.8 86.6 85.2 100.0 92.0| 45.3 483 50.5 758 60.7| 659 57.3 322 54.1 435
EfficientNet3D 47.6 76.5 382 50.0 43.3] 485 525 525 100.0 68.9|| 50.7 75.6 0.0 100.0 0.0
M3T 86.9 853 758 84.5 78.6| 51.1 475 50.0 5H4.8 523 487 75.6 0.0 100.0 0.0
ViT-3D 81.0 794 679 659 66.7| 49.8 51.7 53.7 581 558 60.8 T75.6 50.0 96.5 17.9
CCT-3D 85.2 823 753 624 64.8| 49.7 475 50.0 477 46.6| 554 72.0 33.3 90.6 20.2
Topoformer ~ 91.3 88.2 829 829 829] 69.1 62.7 68.3 612 57.9| 69.9 738 63.6 624 62.9
ODELIA (3-class) NoduleMNIST (Binary) FractureMNIST (3-class)
Model AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
R3D-18 65.3 62.6 51.8 44.8 46.2| 909 86.8 67.7 91.5 68.2] 66.1 50.0 bHLT7 727 46.5
R3D-18+SC 59.9 62.1 432 71.6 442 909 87.1 844 844 81.7| 652 492 477 72.6 483
MC3-18 66.5 63.1 488 40.5 408/ 90.3 86.1 652 90.2 67.7| 67.8 51.2 499 745 50.2
R(24+1)D-18 60.8 62.6 56.1 444 455 893 86.5 68.3 92.3 66.1| 69.2 504 56.8 73.0 47.2
EfficientNet-3D  58.4 56.3 37.7 36.5 36.2| 75.8 84.5 783 694 723 54.8 442 29.6 689 326
M3T 464 63.1 21.0 333 258 8.6 87.7 67.6 90.2 725| 709 529 533 755 529
ViT-3D 60.3 63.1 21.0 33.3 258 84 855 77.7 793 785] 66.1 50.8 477 729 44.3
CCT-3D 60.1 583 40.0 39.2 38.0| 818 839 799 650 68.1] 62.6 47.1 64.6 70.3 36.0
Topoformer 69.0 64.6 50.7 45.2 459 93.2 88.1 817 821 81.9| 75.5 60.8 (3.0 78.2 58.4
by a Transformer with T layers and width F in Table 4: 2D COVID benchmark -
O(TN?E) time and O(TNE) memory. Overall: able < enchmarks. C sompare our
. 5 topology-aware hybrids with recent CNN/ViT base-
e time = O(N|V| Oé(‘VD) + O(TN E), and lines. The details and other performance metrics
e memory = O(|V]|) + O(NE), can be found in Appendix B.
with N small and fixed in practice.
COVID CT COVID QU COVID Rad-3 COVID Rad-4
Baselines. We compare against widely used 3D  _Methed AUC Acc. | AUC Acc. | AUC  Acc. | AUC  Acc.
e . ResNet18 87.6 820 | 987 940 | 989 894 | 991 945
CNN and Transformer families. For convolutional — pepseNetizi 964 907 | 993 953 | 963 804 | 953 953
: < : _ _ Xeception 96.0 893 | 994 959 | 988 864 | 994  95.2
3D and video baCkboneb{ we include R?D 18, MC3-18, SwinV2 966 90.7 | 993 952 | 100.0 98.5 | 993 947
and R(2+1)D-18 following the spatiotemporal de-  DeiT 930 813 | 994 968 | 992 849 | 991 935
. DaViT 964 893 | 988 929 | 100.0 955 | 994 952
signs of Tran et al.(Tran et al., 2018), and an  pavirtsc 979 927 | 99.5 949 | 9.9 955 | 994 949
EfficientNet-3D variant built from the EfficientNet Topoformer ~ 98.2 93.3 | 99.5 97.2 | 100.0 98.5 | 99.5 95.4

scaling rules (Tan and Le, 2019). For transformer-
style baselines, we evaluate a patchified ViT-3D
(Dosovitskiy et al., 2021), CCT-3D, a lightweight com-
pact convolutional transformer adapted for volumet-
ric inputs (Sun et al., 2022), and M3T, a multi-plane
multi-slice transformer for 3D medical image classi-
fication (Jang and Hwang, 2022). As a contrastive-
learning baseline, we include ResNet3D-18+SupCon,
which augments a 3D ResNet-18 with supervised con-
trastive learning.

4.2. Results

Across six public datasets spanning brain MRI,
chest CT, and breast MRI, our topological hy-
brids outperform strong 3D CNN and Transformer
baselines on most tasks (Table 2). Topoformer

achieves the best AUC on all six datasets and the
best or near—best accuracy on five of them. The
gains are most pronounced on the MGMT methy-
lation task in BraTS 2021 and on FractureMNIST,
where improvements reach roughly ten—plus AUC
points and about eight accuracy points over the
strongest non-topological baselines. On RSNA 2025,
Topoformer delivers the top AUC with competitive
accuracy, and on BraTS 2019 and NoduleMNIST it
edges out the best baselines in both AUC and accu-
racy. Notably, several pure 3D baselines exhibit de-
generate behavior on RSNA 2025 with extreme speci-
ficity and near—zero sensitivity, while our methods
maintain balanced performance.
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Table 5: Filtration types. Performance comparison using Sliding-Band filtrations (SB20 & SB40) and standard sublevel
filtrations (PH), evaluated with MLP and Transformer (TR) classifiers. Additional metrics are reported in Table 11.

BRATS 2019 BRATS 2021 RSNA 2025 ODELIA 2025 NoduleMNIST FractureMNIST

Model AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc.
PH+MLP 81.6  82.3 53.6 54.2 54.2 728 54.6 48.1 72.3 76.8 59.4 45.4
PH+TR 83.0 779 53.1 51.6 59.9 728 55.4 55.3 69.4 78.7 57.5 42.1
SB20+MLP 829  80.9 57.2 53.4 64.4 77.3 || 61.3 55.8 75.6 78.4 62.9 51.7
SB40+MLP 85.0 79.4 62.0 61.9 67.2 74.7 || 58.6 52.9 72.9 75.2 64.0 51.3
SB20+TR 82.1 73.5 57.8 56.8 62.3 733 56.7 56.3 72.8 80.0 66.1 51.7
SB40+TR 85.3 80.9 61.8 59.3 66.1 75.1 || 55.9 59.7 73.7 79.4 65.4 52.1

Table 6: Fusion types. Performance comparison using different fusion types with an R3D-18 backbone. SB = sliding-band
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Betti; PH = sublevel Betti; Concat = feature concatenation; +SupCon = supervised contrastive fusion. Additional

metrics are given in Table 12.

BRATS 2019 BRATS 2021 RSNA 2025 ODELIA 2025 NoduleMNIST FractureMNIST

Model AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc. H AUC Acc.

R3D-18 85.8 83.6 57.3 54.2 59.1  74.7 || 65.3 62.6 90.9 86.8 66.1 50.0

R3D-18+SupCon 823 809 || 573 559 | 56.2 702 || 59.9 621 || 90.9  87.1 65.2 49.2

R3D-18+SB (Concat) 90.9 73.5 58.0 52.5 61.6 724 | 64.3 64.6 91.0 87.4 67.1 52.5

R3D-18+PH+SupCon 90.7 77.9 60.2 56.8 61.1 75.6 || 66.4 62.6 87.2 85.5 70.2 52.1

R3D-18+SB+SupCon 91.3 88.2 || 69.1 62.7 || 69.9 73.8 | 68.9 64.6 | 93.2 88.1 || 755  60.8
Ablations indicate that topology helps even with- (SB20/SB40) consistently outperform standard

out contrastive fusion: Topo-R3D18 already improves
on its 3D counterpart, and Topo-BV (simple concate-
nation) is stronger than most non-topological mod-
els. The full Topoformer variant, which models the
sliding—band Betti sequences and applies supervised
contrastive fusion, is consistently the best among our
approaches across datasets. These trends support our
design choices of sliding-band filtrations, sequence
modeling over topological tokens, and supervised con-
trastive fusion as complementary ingredients for ro-
bust 3D medical image classification under limited
data.

4.3. Ablation Studies

We conduct three ablation studies to assess the con-
tribution of key components in our framework. First,
we compare sliding-band filtrations with the standard
global sublevel filtration to evaluate the benefit of se-
quential topological encoding. Second, we examine
how topological outputs are consumed: either aggre-
gated as a single vector with an MLP classifier, or
modeled as an ordered sequence with a Transformer.
Finally, we test our fusion strategy by contrasting
simple feature concatenation with our proposed su-
pervised contrastive fusion (SupCon).

Filtration type. Across brain/breast MRI
and chest CT (Table 5), sliding-band filtrations

sublevel PH under both MLP and Transformer
heads. Gains are most pronounced on the harder
benchmarks (e.g., BraTS-2021 MGMT and Frac-
tureMNIST), reaching ~8 points in AUC and
accuracy, indicating that sliding bands recover late-
emerging structure that global filtrations miss. The
only deviation is a single setting where PH attains
the top accuracy while sliding-band still yields the
best AUC, suggesting more reliable ranking overall.

Fusion types. We ablate four ways of combining
topology with a fixed R3D-18 backbone (Table 6).
Adding a supervised contrastive head alone (R3D-
184-SupCon, no topology) yields limited or incon-
sistent gains, indicating that SupCon benefits most
from a complementary view. Introducing topology
via simple feature concatenation (R3D-18+SB (Con-
cat)) already improves over image-only baselines on
most datasets, showing that our sliding-band (SB)
descriptors carry discriminative signal even without
contrastive coupling.

To test both components of our method, we
compare contrastive fusion with standard PH fea-
tures (R3D-184+PH+SupCon) against our full model
(R3D-184+SB+SupCon, i.e., Topoformer). Two de-
sign choices drive the consistent gap in favor of
Topoformer: (i) the SB representation, modeled as
an ordered sequence, captures late-emerging struc-
ture that global PH misses; and (ii) TopoGate uses
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the image to softly weight multiple widths, leveraging
both SB20 and SB40 per case rather than commit-
ting to a single filtration. In combination with super-
vised contrastive multi-view learning, this yields the
strongest performance across datasets.

Analysis of Slidingband Width While Sec-
tion 4.1 describes the construction of sliding-band
Betti sequences (N=50, w € {0.2,0.4}), here we em-
pirically examine how these choices influence classi-
fication performance. Each 3D volume is z-scored
and clipped to [—5,5], and we vary the sliding-
band width (w) between 0.1 and 0.5 while keeping
N=50 fixed. This configuration controls the den-
sity of sampled intensity levels: within a standard-
ized 10-unit range, 50 bands yield ~0.2-unit inten-
sity steps, balancing coverage and efficiency. Nar-
rower bands (e.g., w=0.1) produce sparse and frag-
mented masks, whereas broader ones (e.g., w=0.6)
oversmooth structural transitions. As shown in Ta-
ble 7, a moderate width of w=0.4 consistently pro-
vides the best trade-off between sensitivity and sta-
bility across BRATS 2019 and BRATS 2021. These
findings validate our choice of dual-width configura-
tions (SB20/SB40) and motivate the adaptive multi-
width design in TopoGate, which learns soft weights
across different bandwidths.

Table 7: AUC (%) of Betti-vector classifiers under
varying sliding-band widths (w) for BRATS
2019 and BRATS 2021.

Dataset Model PH SWI10 SW20 SW30 SW40 SW50

BRATS 2019 MLP 81.6 7.9 82.9 7.9 85.0 80.6
Transformer  83.0 83.3 82.1 82.7 85.3 84.6

BRATS 2021 MLP 53.6 60.8 57.2 52.7 62.0 54.5
Transformer ~ 53.1 56.3 57.8 53.5 64.0 53.9

Effect of Sequence Modeling Head. Given the
sequential nature of Betti tokens, recurrent models
such as LSTM or GRU present natural alternatives
to the Transformer. To assess this, we compared BiL-
STM, GRU, and 1D-CNN heads against the Trans-
former and a simple MLP baseline using the same
sliding-band representation (w=0.4). As shown in
Table 8, the Transformer consistently achieved the
highest AUC and F1 on both BRATS 2019 and
BRATS 2021, outperforming all RNN and CNN vari-
ants. While recurrent models can capture short-range
dependencies, the Transformer’s global self-attention
better models long-range relationships across inten-
sity bands essential for capturing extended morpho-
logical transitions in 3D volumes. These results em-

pirically justify our choice of a Transformer backbone

for Betti-sequence encoding.

Table 8: Comparison of sequence modeling heads on

Betti sequences (w=0.4).

Dataset Model AUC Acc. Sens. Spec F1
BRATS 2019 SW40+MLP 85.0 79.4 90.6 40.0 87.3
SW40+BiLSTM 77.4 74.6 92.3 13.3 84.9
SW40+GRU 52.2 76.1 98.1 0.0 86.4
SW40+1D-CNN 74.9 76.1 90.4 26.7 85.5
SW40+Transformer 85.3 80.9 90.6 46.7 88.1
BRATS 2021 SW40+MLP 62.0 61.9 59.7 64.3 62.2
SW40+BiLSTM 60.9 55.6 72.1 37.5 62.9
SW40+GRU 63.6 59.8 75.4 42.9 66.2
SW40+1D-CNN 62.8 52.1 95.1 5.4 67.4
SW40+Transformer 64.0 62.7 67.7 57.1 65.6

5. Conclusion

We introduced Topoformer, a transformer-based
framework for 3D medical image classification that
operates directly on sequential topological signatures
from sliding-band cubical filtrations. By replacing
global PH vectorization with compact, ordered Betti
sequences, and by using TopoGate to softly combine
multiple band widths, our approach preserves late-
emerging topology while remaining lightweight. We
further paired the image with a label-preserving topo-
logical view via Topological Supervised Contrastive
Learning, providing multi-view supervision without
risky spatial augmentations. Across brain MRI and
chest CT benchmarks, Topoformer consistently im-
proves AUC and accuracy over strong 3D CNN and
ViT baselines, with marked gains on the harder tasks,
and maintains balanced sensitivity/specificity where
pure image models can collapse. Future work includes
extending to multi-modal imaging (e.g., MRI+PET),
developing end-to-end differentiable topology layers,
and exploring richer TDA descriptors (e.g., multipa-
rameter persistence) to further enhance performance
and interpretability in clinical settings.
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Appendix

Appendix A. Proofs of Stability
Theorems

Here, we first recall the main definitions and notation
used in our stability analysis. Given a 3D cubical
complex V (e.g. an intensity-band slice) and a real-
valued function 7 on its voxels, the kth persistence di-
agram PDy(V, ) is the multiset of birth—death pairs
(by,dy) € R? tracking homological features of dimen-
sion k for sublevel filtration induced by v : V — R.
The p-Wasserstein distance between two diagrams
PD and PD’ is defined by

(inf 3 o —ato)lz) "

zePD

W, (PD,PD’)

where the infimum is over all bijections « matching
points in the two diagrams (with unmatched points
paired to the diagonal). For two intensity functions
~',v? on the same voxel set V, the discrete LP-norm
is

9 =%l = (15 - aagol) .

.5,k

For a given volume V and two intensity functions
v, 42 1 ¥V — R, fix an intensity range [A, B], a band-
width w > 0, and a number of slices V. Set the stride

B—A—-w
A= ———
N -1

For m € {1,2} and s = 1,..., N, define the overlap-
ping banded cubical complexes

ls=A+ (s— 1A, ug = by + w.

For k > 0, let

\Ifk(V7’7m) = [ﬁk <V1m>7 ce ,ﬁk (V}Vn)]
These ) are the sliding-band Betti sequences for
which we establish stability.

Let PDy(), f) represent the k' persistence dia-
gram for sublevel filtration induced by f : Y — R.
With these conventions, we now state the two key
stability lemmas.

14

Lemma 2 (Skraba and Turner (2020)) Let Y
be a compact metric space and f,g : Y — R. For
anyp>1,

W, (PDy (Y, f), PD(Y,9)) < IIf = gllp;

where W, is the p- Wasserstein distance between per-
sistence diagrams.

In the following, let

BV, f) = [B)s - Be(Vnmr)]

where Vs = f~1(—o00, 7], i.e., Y1 C Yo+ C Vs is
the traditional sublevel filtration induced by f: Y —
R for thresholds 7 < --- < 7).

Lemma 3 (Dlotko and Gurnari (2023)) Let
B(+) be the Betti curve vectorization of a persistence
diagram. Then

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

Hﬂk(yvf)_/@k(y’g)ul < ZWI(PDk(yvf)7 PDk(yag))'

Note that while these lemmas are proven for simpli-
cial complexes, they generalize to cubical complexes
in straightforward way Skraba and Turner (2020).
Now, we are ready to prove Theorem 1.

Theorem 1 With notation as above, for any k > 0,
[V, = (V)]0 < Crllv' =22lles

where || ||;n denote £*-norm on RY and ||-||z1 denote
the L'-norm on F(V,R), and C) depends only on L
and the cubical neighborhood structure.

Proof Each band complex Vi* is a cubical com-
plex on V. The voxel intensity functions v induce
filtrations on cubes by taking the maximum vertex
intensity. Applying Lemma 2 to each band gives

Wi (PDr(V,7"), PDe(V,7?)) < 7" =%

Lemma 3 then yields, for each s,
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18V, ) =B (V,)]|, < 2Wi(PDi(V,7"), PDi(V, 7))

As for each s, we have [B.(V!) — Bp(V?)| <
18V, ) = Br(V,7?)]|,, this gives

19k (V. f) = UV, 9)lls = (M = w)|B(V,7") = Be(V,

<2(M = w) [y =7l

Hence, one may take Cy, = 2(M — w). This com-
pletes the proof. |
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Table 9: PH vs. Sliding-Band (SB) filtrations on 2D COVID datasets. Performance comparison
between Betti sequences from traditional PH sublevel filtration and Sliding-Band filtrations with
bandwidths 20 and 40. The first three rows report results with an MLP classifier, and the last
three with a Transformer. Best results are in bold, second best are underlined.

COVID CT 2 COVID QU 3

COVID Radio. 3 COVID Radio. 4

Method AUC  Acc. Sems. Spec. F1 | AUC Acc. Sems. Spec. Fl | AUC Acc. Sens. Spec. Fl1 | AUC Acc. Sems. Spec.  Fl
PH+MLP 82.2 76.7 77.1 76.2 75.5 82.5 67.2 64.1 82.8 64.2 93.8 77.3 75.0 88.5 74.8 87.5 70.3 63.9 88.4 65.1
SB20+MLP 85.9 80.0 85.7 75.0 80.0 86.9 T1.7 69.0 85.7 68.6 94.6 81.8 81.2 91.1 81.0 90.1 74.3 73.1 90.6 71.1
SB40+MLP 822 740 729 750 723 | 85.6 717 67.8 849 681 | 943 803 795 904 79.2 | 89.8 724  69.5 895  7L7
PH+TR 85.4 77.3 80.0 75.0 76.7 84.3 70.3 65.8 83.9 66.5 91.0 75.8 73.3 87.6 73.0 89.6 73.0 68.7 89.6 68.9
SB20+TR 85.4 77.3 75.7 78.8 75.7 86.4 71.4 68.4 85.3 68.5 91.2 75.8 74.9 88.2 T4.7 91.6 75.9 73.0 90.8 73.0
SB40+TR  87.5 81.3 843 78.8 80.8 | 859 7L1 685 853 683 | 96.4 84.9 83.7 92.2 84.2 | 90.6 744 692 898  T7L7
Table 10: Results across four 2D COVID benchmarks. We compare our topology-aware hybrids with recent CNN/ViT
baselines. TopoBV concatenates Betti tokens with DaViT features followed by a classifier. Topoformer integrates
Betti tokens with DaViT features using a supervised contrastive (SupCon) objective and a shared head. DaViT+SC
applies the same SupCon training to DaViT alone (ablation without Betti tokens). Best results are in bold; second
best are underlined.
COVID CT (2) COVID QU (3) COVID Radio. (3) COVID Radio. (4)
Method AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1
ResNet18 87.6 820 823 823 820 | 987 940 925 972 924 | 989 894 883 949 8.0 | 99.1 945 955 977 956
DenseNet121 964 907 909 909  90.7 | 993 953 942  97.9 940 | 963 894 833 948 883 | 953 953 96.2 98.1 96.2
Xception 960 893 89.6  89.6 893 | 994 959 949 981 949 | 988 864 850 93.5 842 | 994 952 961  98.1 96.1
SwinV2 96.6  90.7  91.0 910 90.7 | 993 952 940 977 940 | 100.0 98.5 987 99.3 98.5 | 993 94T 94T 977 954
DeiT 930 813 820 820 8L3 | 994 968 961  98.6 96.0 | 992 849 833 928 822 | 99.1 935 936 972 942
DaViT 964 893 898 898 893 | 988 929 913 965 914 | 100.0 955 950 978 950 | 994 952 956  98.0 958
DaViT+SC  97.9 927 930 930 927 | 99.5 949 934  97.7 934 | 99.9 955 950 97.8 950 | 994 949 959 980 956
TopoBV 98.1 920 923 923 920 | 989 931 913 970 9.1 | 999 97.0 967 98.6 967 | 994 945 951  97.8  95.3
Topoformer ~ 98.2 93.3 93.6 93.6 93.3 | 99.5 97.2 96.5 987 96.4 | 100.0 98.5 983 99.3 983 | 99.5 954 959 98.1  96.0

We note that while Theorem 1 is stated in terms of
perturbations to a single intensity function on a fixed
volume, the same L!'-stability bound applies when
comparing two scans V! and V? that share the same
band thresholds: one simply views the voxel-wise in-
tensity difference y! — +? as arising from scan vari-
ation. Crucially, this result relies on the L!-norm;
replacing it with the L°°-norm can fail to control
topological changes, since arbitrarily small, localized
intensity shifts may induce large variations in Betti
counts Johnson and Jung (2021).

Appendix B. 2D COVID Benchmarks

To evaluate our approach on 2D medical imaging,
we conducted experiments on three publicly avail-
able, de-identified COVID-19 classification bench-
marks covering both CT and chest X-ray (CXR)
modalities.

COVID CT-2 (CT). A slice-level chest CT
benchmark framed as binary classification (COVID
vs. non-COVID), based on the SARS-CoV-2 CT-Scan
dataset (Soares et al., 2020). Images are converted to
8-bit, clipped to a robust window, resized to 224 x224,
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and z-score normalized per image. During train-
ing we apply mild geometric augmentation (random
flips/rotations) and intensity jitter.

COVID QU-3 (CXR). A three-class CXR bench-
mark (COVID-19, Pneumonia (non-COVID), Nor-
mal) derived from the COVID-QU-Ex dataset cu-
rated by Qatar University (Tahir et al., 2021). We
standardize to 224 x 224 RGB (channel-replicated
from grayscale), apply per-image z-score normaliza-
tion, and use the same augmentation policy.

COVID Radiography (CXR): 3-class and
4-class. We use the COVID-19 Radiography
Database (Rahman et al., 2021), reporting both the
common 3-class split {COVID-19, Pneumonia, Nor-
mal} and the 4-class split {COVID-19, Normal, Bac-
terial, Viral}. Preprocessing matches COVID QU-3;
only label granularity differs.

Evaluation. For each dataset we report ROC-
AUC, accuracy, sensitivity, specificity, and macro F1
on the test split, averaged over three random seeds.
Class imbalance is handled with stratified sampling
and class-weighted loss. Full dataset statistics, ex-
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Table 11: Filtration types. Performance comparison using Sliding-Band filtrations (SB20 & SB40) and

standard sublevel filtrations (PH), evaluated with MLP and Transformer (TR) classifiers.

BRATS 2019 (Binary)

BRATS 2021 (Binary)

RSNA 2025 Aneurysm (Binary)

Model AUC Acc.

Sens. Spec. F1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
PH+MLP 81.6 82.3 86.7 66.6 88.4| 53.6 542 56.4 517 564 54.2  72.8 20.0 90.0 26.5
PH+TR 83.0 779 849 533 857 53.1 51.6 532 50.0 53.6 | 599 728 21.8 894 28.2
SB20+MLP 829 80.9 887 533 879 | 572 534 468 60.7 513 | 644 77.3 182 96.5 28.2
SB40+MLP 85.0 794 90.6 40.0 87.3 | 62.0 61.9 59.7 64.3 62.2 | 67.2 747 49.1 829 48.7
SB20+TR 82.1 735 774 60.0 820 | 578 56.8 59.7 5H3.6 59.2 | 623 733 273 88.2 33.3
SB40+TR 85.3 80.9 90.6 46.7 88.1 61.8 59.3 62.9 554 619 66.1 75.1 40.0 86.5 44.0
ODELIA (3-class) NoduleMNIST (Binary) FractureMNIST (3-class)
Model AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
PH+MLP 54.6 48.1 36.7 683 366 | 723 768 438 854 438 | 594 454 40.6 70.3 40.8
PH+TR 55.4 553 378 684 38.0 | 694 787 344 90.2 40.0 57.5 421 404 69.1 40.8
SB20+MLP 61.3 558 43.0 71.2 43.4 | 75.6 784 453 870 464 || 629 51.7 419 724 373
SB40+MLP 58.6 52.9 42.5 69.6 422 729 752 594 793 49.7| 64.0 513 43.1 731 375
SB20+TR 56.6 56.3 36.1 68.6 35.5 72.8 80.0 46.9 88.6 49.2 || 66.1 51.7 473 T74.0 47.5
SB40+TR 55.9 59.7 39.1 70.8 39.1 73.7 794 453 88.2 475 | 654 52.1 50.3 74.8 50.3

Table 12: Fusion types. Performance comparison using different fusion types with an R3D-18 backbone.

BRATS 2019 (Binary)

BRATS 2021 (Binary)

RSNA 2025 (Binary)

Model AUC Acc.

Sens. Spec. F1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
R3D-18 85.8 83.6 98.1 333 90.3]| 573 542 88.7 161 67.1| 59.1 747 55 97.1 95
R3D-18+SupCon 82.3 809 66.2 662 68.1 | 57.3 559 545 545 514 || 56.2 70.2 50.8 50.8 49.6
R3D-18+SB (Concat) 90.9 73.5 83.0 83.0 71.0/| 580 525 509 509 457 | 61.6 724 56.6 56.6 56.9
R3D-184+PH+SupCon 90.7 779 83.5 83.5 74.5 60.2 56.8 55.7 55.7 54.0 61.1 75.6 50.0 50.0 43.0
R3D-18+SB+SupCon  91.3 88.2 829 829 829 | 69.1 62.7 61.2 61.2 579 || 69.9 738 62.4 624 62.9

ODELIA (3-class) NoduleMNIST (Binary) FractureMNIST (3-class)

Model AUC Acc. Sens. Spec. FI1 H AUC Acc. Sens. Spec. F1 H AUC Acc. Sens. Spec. F1
R3D-18 65.3 62.6 44.8 731 46.2 || 90.9 86.8 68.8 91.5 682 || 66.1 50.0 46.6 72.7 46.5
R3D-18+4SupCon 59.9 62.1 432 716 442 90.9 87.1 84.4 844 81.7 65.2 492 477 726 483
R3D-18+SB (Concat) 64.3 64.6 38.1 69.7 36.2 91.0 874 834 834 81.7 67.1 525 46.1 736 46.1
R3D-18+PH+SupCon 664 62.6 46.5 74.3 47.0 872 855 764 764 772 70.2 521 522 747 515
R3D-184+SB+SupCon 69.0 64.6 452 736 459 | 93.2 88.1 82.1 821 819 75.5 60.8 56.9 78.2 58.4

act split counts, and download links
repository and Supplement.

appear in the

PH vs. SB filtration performances. In Table9,
we present the performances of Betti sequences ob-
tained by traditional sublevel (PH) and our Sliding
Band (SB) filtrations. SB filtrations consistently out-
perform traditional PH across all datasets, and the
gains are most pronounced when paired with a Trans-
former head, indicating that attention benefits from
the ordered bandwise topology. Even with a simple
MLP, SB features surpass PH, showing that the im-
provement comes primarily from the filtration itself
rather than the classifier. Across tasks, the narrower
band (SB20) tends to favor sensitivity /recall, whereas
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the wider band (SB40) more often optimizes over-
all accuracy/F1 and AUC, highlighting a practical
bandwidth trade-off between detecting positives and
consolidating global context. Improvements are es-
pecially visible on the multi-class CXR benchmarks,
where preserving large-scale structure matters, sug-
gesting that global sublevel filtrations saturate too
early while sliding bands retain late-emerging topol-
ogy. Overall, these results support sliding-band per-
sistence as a robust, data-efficient replacement for
standard PH, with Transformers further amplifying
its advantages.

Topoformer vs Baselines. In Table 10, we
present the performance comparison of Topoformer
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with baseline DL models. The CNN group includes
ResNet18 (He et al., 2016b), DenseNet121 (Huang
et al., 2017), and Xception (Chollet, 2017), which
have demonstrated strong performance in medical
image classification tasks. The Transformer group
includes SwinV2 (Liu et al., 2022), DeiT (Touvron
et al., 2021), and DaViT (Ding et al., 2022), repre-
senting state-of-the-art vision architectures. We also
evaluate DaViT+SC, a variant of DaViT trained with
a supervised contrastive (SupCon) loss (Khosla et al.,
2020), to isolate the effect of contrastive integration
without topological tokens.

Topoformer consistently matches or surpasses the
strongest vision-only baselines across all four COVID
benchmarks and metrics, indicating that topology-
aware tokens provide complementary signal beyond
what modern CNN/ViT features capture. The naive
fusion (TopoBV) already lifts performance over the
same backbone, showing that Betti-based descriptors
are informative; however, Topoformer’s supervised-
contrastive integration reliably pushes further, out-
performing both DaViT and its SupCon variant
(DaViT+SC). This gap is most evident on the multi-
class CXR settings, where preserving global structure
and late-emerging patterns matters, but the advan-
tage also holds on CT, suggesting the approach is
modality-agnostic. Relative gains are especially con-
sistent in sensitivity and F1, a clinically relevant pro-
file that prioritizes correct positive detection with-
out sacrificing specificity. Taken together, the re-
sults support the view that sliding-band topologi-
cal sequences capture discriminative morphology that
standard patch embeddings underutilize, and that
principled fusion, not mere concatenation, is key to
unlocking that signal.

Appendix C. Topological Supervised
Contrastive Learning

Conventional supervised contrastive learning relies
on stochastic data augmentations (cropping, elastic
warps, strong intensity jitter, etc.) to create multi-
ple “views” of an image. In medical imaging, how-
ever, such transformations can corrupt the very sig-
nal that defines the ground truth, e.g., a crop that
truncates a tumor, a deformation that alters lesion
morphology, or intensity shifts that erase subtle find-
ings. This label drift is especially problematic in
low—data regimes and for case-level labels. To avoid
augmentation-induced label mismatch, we generate
additional views via topological signatures of the same
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MHA(g, K, V) [ ]
L] ]
Image Context

Input Volume:

Transformer

Logit:
ogits Head

Tokens Vectol
I
E I w

Weighted  Sliding Band

Selected Vector Vector Vectors

Figure 4: TopoGate. A 3D input volume is encoded with
an R3D-18 backbone to image tokens, which are
pooled by multi-head attention into a context vec-
tor. An MLP maps this context to weights (w) over
a bank of sliding-band topological vectors; their
weighted sum yields a task-adaptive topo vector.
A transformer head produces logits, and at infer-
ence the gate can select the highest-weight band
vector for interpretation.

Multilayer Network + L2
N / Qutput H’

LossTgta] = CrossEntropy + ATopoSupCon

Multilayer Network + L2
Waprm / Qutput H—»

Input Volume

Selected
Vector

Figure 5: TopoSupCon. The image pathway and the se-

lected sliding-band topological vector each pass
through an identical MLP head with L2 normal-
ization to produce embeddings and logits. The to-
tal loss is Liotal = LcE + A LTopoSupCon, Which
pulls same-class image and topology embeddings
together and pushes different classes apart. At in-
ference, only the image pathway is used.

image. Our sliding-band filtration converts the vol-
ume into an ordered sequence of Betti summaries
that preserve global pathology cues without spatially
distorting anatomy. These topology tokens act as a
label-preserving second view of the original case, pro-
viding complementary information while maintaining
clinical semantics (see Fig. 5).

Practically, given a volume V" and its sliding-band
Betti sequence ¥(V'), we compute embeddings fo(V)
and g4(¥(V)), project them through a small MLP
head with ¢ normalization, and apply a supervised
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uss  contrastive loss with positives defined by shared class Algorithm 2 TopoSupCon: training (single step)
ues labels within each view and across views. We also
ues fuse the two embeddings for standard cross-entropy
uer  classification, yielding a joint objective that aligns separate); fusion/classifier h.; temperature 7;
1nes image and topology while preserving discriminative weight

ueo power. This design supplies multi-view supervision . o1 all i do

uno  without risky spatial perturbations, encourages in- . hlmg — fo(Vi) e RY > R3D-18 w/ adapted
un  variance to acquisition/contrast variations, and lever-

Require: batch {(V;,t;,4;,)}2; encoders fp (im-
age), go (topology); projectors gy (shared or

stem
un  ages the stability of our topological sequences to small 5. topo go(ts) € R4 > e.g., 2-layer MLP
urs  intensity changes, resulting in more robust represen- . /7/ Projection heads (contrastive branch)
urzs  tations under limited data. 5 u;mg «  norm (qw (himg)); u;opo -
norm(qw (hEOpO))
6: // Fusion for classification (no projections)
7 ¥i < ho([h)"® || B}
8: end for
9: // Supervised contrastive loss over 2B views

10: L8upCon <—SupConLoss({uimg,ut.Op0 BoAvitE, T )

?

11: // Cross-entropy on fused logits

12: Lop ¢ 5 50, CE(94, i)

us  Appendix D. Pseudocodes 13: update {6, 6, %, w} on £ = Lcg + A LsupCon

Algorithm 3 Supervised contrastive loss (helper)

1: function SupCoNLoss({u;}32,, {yx}:2,,7)
Algorithm 1 TopoGate: training (single step) 2: // Inputs are La-normalized projections from

Require: batch of volumes {V;}Z,, labels {y:}: both modalities; labels duplicated for i =1 to 2B

per-sample topology sets {t(- w) ¢ REIW .- . do
dataset stats  (u,01); params © = end
{¢, Wy, MHA, MLP,, TopoTransformer, Clabsn‘ier} Py« {p#i|lyp=vu:i} > positives
1: for all 7 in batch do 4: S(i) « Za# exp(u; u,/7)
2: ~// Standardize topology features (per dataset) 5 l e — s 3 o log exp(u u,,/T)
o 8 e (68 — ) for Y 6: T 2
4:  // 3D encoder ¢: tokens from volume 7. return 5L Y28
5 X; « FlattenTokens(¢(V;)) € RP*C s end functicz)ﬁ
6: // HyperGate: image-conditioned weights over
widths -
[ (% Zp:l Xi’p) € RC Algorithm 4 Inference

8 ¢; « MHA(q;, K € RV*¢ 'V € RV*C)
9:  a; + MLP,(c;) € RW; w; + softmax(a;)
10:  // Gated topology sequence

1: TopoGate: given (V, {t()}), compute Hyper-
Gate weights w, form t = > w,,t*), run Topo-

/ W () . Transformer — logits y. .

1t 3, (Wi)ut;” ER 2: TopoSupCon: given (V,t), encode hi™& htopo,

12 // TopoTransformer head fuse with h,, (no projection heads) — logits y.

13:  Z; < TopoTransformer(t;) > embed scalars,
add positions, transformer

14: ¥, + Classifier( MeanPool(Z;))

15: end for

16: L+ L7 CE®F4,u)

17: update © by backprop on L
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