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Abstract1

Deep learning has transformed 2D medical2

imaging, but scaling to 3D volumes remains3

difficult due to high compute, scarce annota-4

tions, and the loss of global context in patch-5

based pipelines. We present Topoformer, a6

transformer framework that makes 3D classi-7

fication both data- and compute-efficient by in-8

tegrating topological priors. First, we intro-9

duce a sliding-band cubical filtration that re-10

places a single global persistent-homology pass11

with overlapping intensity bands, yielding an12

ordered sequence of Betti tokens (components,13

tunnels, cavities). These tokens act as trans-14

former inputs, enabling multi-scale topological15

reasoning without early saturation. Second,16

we propose Topological Supervised Contrastive17

Learning (TopoSupCon), which treats the im-18

age and its label-preserving topological view as19

complementary modalities, reducing reliance on20

brittle geometric or generative augmentations.21

A lightweight TopoGate further lets the image22

softly weight multiple band widths per case. On23

3D brain MRI tumor grading and chest CT24

benchmarks in low-data regimes, Topoformer25

achieves consistent gains over strong 3D CNN26

and ViT baselines, including improvements up27

to 12 AUC points and 8 accuracy points. Our28

results show that sequential, topology-aware29

representations provide a powerful inductive30

bias for volumetric medical image analysis.31

Keywords: 3D medical imaging, brain tumor32

grading, MRI, CT, cubical persistent homol-33

ogy, topological data analysis, volumetric image34

classification35
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link: github.com/philmorefkoung/Topoformer 41
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1. Introduction 45

3D medical imaging (MRI, CT) is central to diagnosis 46

and treatment planning across neurology, oncology, 47

and cardiology (Litjens et al., 2017; Shen et al., 2017), 48

yet automated analysis of volumetric scans remains 49

difficult due to high dimensionality, scarce annota- 50

tions, and the cost of 3D computation (Greenspan 51

et al., 2016). While CNNs and ViTs excel in 2D, their 52

3D variants demand heavy memory/compute (Singh 53

et al., 2020); common workarounds, patching (Isensee 54

et al., 2018), aggressive downsampling (Chen et al., 55

2021), and large-scale pretraining (Tang et al., 2022), 56

often sacrifice global context and struggle in low- 57

data regimes (Wang et al., 2025). Persistent ho- 58

mology (PH) offers complementary, shape-aware de- 59

scriptors (Skaf and Laubenbacher, 2022; Wang et al., 60

2021a; Rieck et al., 2020; Qaiser et al., 2019), but 61

prevailing pipelines rely on global filtrations and ad- 62

hoc vectorizations that saturate early and discard the 63

sequential evolution of topology (Hofer et al., 2017). 64

Moreover, standard augmentation, crucial for repre- 65

sentation learning, can be risky in medicine, poten- 66

tially distorting anatomy and labels. 67

We propose Topoformer, a transformer-based 68

framework that tackles both issues with two key in- 69

novations. First, we introduce a sliding-band cubical 70

filtration that replaces a single global sublevel filtra- 71

tion with overlapping intensity bands. This yields 72

an ordered sequence of Betti tokens (components, 73
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tunnels, cavities) that preserves late-emerging struc-74

ture and global context, providing a compact, learn-75

able topological “timeline” for transformers. Second,76

we develop Topological Supervised Contrastive Learn-77

ing (TopoSupCon), which treats the image and its78

label-preserving topological view as two modalities for79

supervised contrastive learning (Khosla et al., 2020).80

This sidesteps brittle geometric or generative aug-81

mentations by using topology as a faithful comple-82

mentary view. A lightweight TopoGate further lets83

the image softly weight multiple band widths, en-84

hancing robustness without manual tuning.85

Across brain MRI and chest CT benchmarks,86

Topoformer improves AUC/accuracy over strong 3D87

CNN and ViT baselines, with the largest gains on88

challenging tasks (e.g., MGMT methylation and ver-89

tebral fracture classification), and maintains bal-90

anced sensitivity/specificity where pure image models91

can collapse. These results suggest that topology, as92

a sequential, label-stable signal, provides an effective93

inductive bias for volumetric learning.94

Contributions.95

• A sliding-band cubical filtration that pro-96

duces sequential topological embeddings, captur-97

ing multi-scale morphological evolution without98

early saturation.99

• TopoSupCon: a topological supervised con-100

trastive fusion of images and sliding-band topol-101

ogy, enabling augmentation-robust representa-102

tion learning.103

• A transformer architecture that ingests or-104

dered Betti sequences directly; with TopoGate105

to softly combine multiple band widths per case.106

• Stability guarantees for the sequential en-107

codings and state-of-the-art results on public108

3D MRI/CT benchmarks under low-data condi-109

tions.110

2. Background111

2.1. Related Work112

Deep Learning for 3D Medical Image Classifi-113

cation. CNNs power much of 2D medical imaging114

(e.g., ResNet, U-Net) (He et al., 2016a; Ronneberger115

et al., 2015); 3D variants (3D ResNet, C3D) lever-116

age volumetric context but are memory/compute117

intensive, so practitioners resort to patching or118

downsampling that can erode global structure on 119

small datasets like BraTS (Hara et al., 2017; Tran 120

et al., 2015; Suk et al., 2014; Menze et al., 2015). 121

Lightweight volumetric CNNs reduce cost (El-Assy 122

et al., 2024; Akindele et al., 2024) but retain local in- 123

ductive biases and often rely on heavy augmentation 124

or pretraining. 125

Transformers adapted to 3D treat patches as to- 126

kens and improve global modeling (e.g., TransMed, 127

M3T, MedViT, joint designs) (Dai et al., 2021; 128

Jang and Hwang, 2022; Manzari et al., 2023; Alp 129

et al., 2024), yet token counts in 3D inflate mem- 130

ory/compute and performance typically hinges on 131

large-scale pretraining (Li et al., 2023). These chal- 132

lenges motivate approaches that preserve global infor- 133

mation while remaining efficient in low-data regimes. 134

Our Topoformer extracts sequential topological 135

descriptors from sliding intensity bands, yielding 136

compact, informative sequences that a transformer 137

can process efficiently, improving accuracy and re- 138

source use on 3D MRI tumor grading. 139

Contrastive Learning and Data Augmenta- 140

tion in Medical Imaging. Contrastive learning 141

paired with heavy augmentations has delivered strong 142

image-classification results, from long-tailed recogni- 143

tion to whole-slide pathology (Wang et al., 2021b; 144

Li et al., 2021; Wang et al., 2022), by pulling posi- 145

tives together and pushing negatives apart. It is at- 146

tractive for few-shot medical imaging, but augmen- 147

tations are problematic: best practices are unclear, 148

synthetic/affine transforms can be unrealistic, and 149

naive transforms may distort pathology and induce 150

label drift (Goceri, 2023). To retain contrastive ben- 151

efits without ambiguous augmentations, we propose 152

Topological Supervised Contrastive Loss (TopoSup- 153

Con), a variant of the original supervised contrastive 154

loss (SupCon) (Khosla et al., 2020) that contrasts 155

the original image with a label-preserving topological 156

complement derived via sliding-band filtration. This 157

topological view leaves the image unchanged yet pro- 158

vides a complementary representation, encouraging a 159

more structured embedding space with minimal de- 160

pendence on augmentation. 161

Topological Machine Learning in Medical 162

Imaging. Topological data analysis, particularly 163

persistent homology (PH), has gained traction in 164

medical imaging for its ability to capture multi- 165

scale structural features beyond traditional pixel- 166

level representations. Early studies successfully ap- 167

plied PH to cell development (McGuirl et al., 2020), 168
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tumor morphology (Crawford et al., 2020; Wang169

et al., 2021a), brain connectivity (Caputi et al., 2021;170

Rieck et al., 2020), and histopathology (Qaiser et al.,171

2019). These efforts laid the groundwork for inte-172

grating topological features into deep learning work-173

flows, which has become a growing focus in recent174

years (Skaf and Laubenbacher, 2022).175

Recent studies have embedded topological descrip-176

tors into CNNs and transformers to improve classi-177

fication and segmentation. PHG-Net (Peng et al.,178

2024) introduces lightweight PH modules for end-179

to-end training, and 3D persistence image methods180

have been shown effective for volumetric benchmarks181

like MedMNIST (Zhu et al., 2024). Topology-aware182

supervision has also improved anatomical fidelity in183

segmentation tasks (Santhirasekaram et al., 2023;184

Gupta et al., 2022; Demir et al., 2023), while hybrid185

CNN–PH models have enhanced tumor detection and186

disease grading (Stucki et al., 2023; Somasundaram187

et al., 2021; Yadav et al., 2023).188

2.2. Cubical Persistence189

Persistent homology (PH) is a key topological data190

analysis tool for capturing multi-scale patterns in191

complex data (Dey and Wang, 2022). In image analy-192

sis, we use its cubical variant, which operates directly193

on pixel/voxel grids via cubical complexes. The PH194

pipeline can be outlined in three steps; for full details,195

see (Coskunuzer and Akçora, 2024).196

Filtration. From a 3D image V ∈ Rp×q×r, select a197

sequence of intensity thresholds 0 = τ1 < τ2 < · · · <198

τM = 255. Let γijk represent the voxel intensity at199

∆ijk for a fixed color channel (e.g., grayscale). At200

each τn, form the cubical complex Vn =
{
∆ij ⊂201

V | γijk ≤ τn
}
, which yields the nested sequence of202

binary images V1 ⊂ V2 ⊂ · · · ⊂ VN known as a203

sublevel filtration. For 2D images, the construction is204

similar (see Figure 1 for a toy example).205

4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1
1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5
1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5
3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2
2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3

X X 1 X 2 X 3 X 4 X 5

4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1 4 2 3 5 1
1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5
1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5
3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2
2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3

X X [0,1] X [1,2] X [2,3] X [3,4] X [4,5]

Figure 1: PH filtration. For the 5 × 5 image X with the
given pixel values, the sublevel filtration is the
sequence of binary images X1 ⊂ X2 ⊂ X3 ⊂ X4 ⊂
X5.

Persistence diagrams. As we sweep through the 206

binary volumetric images {Vn}, topological features, 207

i.e., connected components (0-cycles), tunnels (1- 208

cycles), and voids (2-cycles), are born and later merge 209

or vanish in this sequence. Each feature σ is recorded 210

by its birth threshold bσ = τm and death threshold 211

dσ = τn, forming the pair (bσ, dσ). The set of all 212

such pairs in homological dimension k is the kth per- 213

sistence diagram PDk(X ) =
{
(bσ, dσ). i.e., 214

PDk(X ) =
{
(bσ, dσ) | σ ∈ Hk(Vs) for bσ ≤ s < dσ

}
where Hk(Vs) is the kth homology group of Vs. 215

Vectorization. Persistence diagrams are multisets 216

of interval pairs and must be transformed into fixed- 217

length representations for downstream ML tasks. At 218

this stage, one may choose among a variety of tech- 219

niques, e.g., Betti curves, persistence images, per- 220

sistence landscapes, silhouettes, kernel embeddings, 221

and more (Ali et al., 2023). Each method maps 222

the diagram’s birth–death pairs {(bσ, dσ)} into a vec- 223

tor or function feature: Φ(PDk) ∈ RD, where 224

Φ denotes the chosen embedding and D its dimen- 225

sionality. This flexibility allows practitioners to se- 226

lect the representation best suited to their model 227

architecture and computational budget. For exam- 228

ple, in Figure 1, PD0(X ) = {(1,∞), (1, 2), (1, 3)} and 229

PD1(X ) = {(2, 4), (3, 4), (3, 5)} while corresponding 230

Betti vectors β0 = [3, 3, 1, 1, 1] and β1 = [0, 1, 3, 1, 0] 231

where ith entry in β0 is the number of components 232

in Xi, while ith entry in β1 is the number of holes in 233

Xi, i.e., β0(Xi) and β1(Xi). 234

3. Topoformers for Medical Imaging 235

Standard cubical persistence on a global sublevel 236

filtration can saturate quickly in volumetric scans: 237

once bright regions activate, large components form 238

early and later features are suppressed. In addi- 239

tion, converting persistence diagrams to fixed-length 240

features discards the natural ordering of topological 241

changes and introduces ad hoc design choices. We ad- 242

dress these issues with sliding-band filtration: replace 243

the single global filtration by a sliding sequence of 244

overlapping intensity bands, compute per-band Betti 245

numbers, and treat the resulting values as an ordered 246

sequence of topological tokens. This preserves global 247

context, exposes late-emerging morphology, and re- 248

moves the need for diagram assembly or handcrafted 249

vectorization. The construction is simple and scal- 250

able, applies to both 2D and 3D, and yields a compact 251

sequence of fixed length N = 50 that is well matched 252
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to transformer encoders. In Sec. 3.3 we show these253

sequences are stable under small intensity perturba-254

tions.255

3.1. Sliding-Band Filtrations for Sequential256

Topological Embeddings257

We reformulate cubical persistence to yield a se-258

quence of local topological descriptors suitable for259

transformer encoders by replacing a single global sub-260

level filtration with overlapping intensity bands. The261

pipeline has two stages.262

Stage 1: Banded cubical complexes. Let V ∈263

Rp×q×r be a volumetric image with voxel intensities264

γijk defined on a fixed range [A,B]. We specify a265

band width ω > 0 and a desired number of slices N .266

The stride in intensity space is then set adaptively as267

∆ =
B −A− ω
N − 1

.

For s = 1, . . . , N , we define the sliding-band cubical268

complex269

Vs = {∆ijk ⊂ V
∣∣ ℓs ≤ γijk < us },

with ℓs = A+(s−1)∆ and us = ℓs+ω, except for the270

final band which is closed at B. This produces a chain271

of N partially overlapping complexes {V1, . . . , VN},272

each isolating voxels whose intensities fall within a273

sliding band of width ω. For 2D images X ∈ Rp×q274

with pixel values γij , the definition is analogous (see275

Figure 2).276

Xs = {∆ij ⊂ X
∣∣ ℓs ≤ γij < us }.

Next, to define our output sequence, we compute277

kth Betti numbers278

βk(Vs) = rank(Hk(Vs)) , k ∈ {0, 1, 2},

tracking the number of components (β0), tunnels279

(β1), and cavities (β2) in the sequence of binary volu-280

metric images {Vs}. We control sequence granularity281

by fixing the number of slices N . Given a band width282

ω, the stride ∆ in the intensity space ensures that the283

entire range [A,B] is covered in exactly N overlap-284

ping bands.285

Stage 2: Ordered topological encoding. For286

each band Vs, compute Betti numbers βk(Vs) and287

optionally simple slice statistics (for example active-288

pixel or active-voxel count). Define a per-band token289

ψs =

{[
β0(Vs), β1(Vs)

]
∈ R2, 2D[

β0(Vs), β1(Vs), β2(Vs)
]
∈ R3, 3D
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1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5 1 3 5 3 5
1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5 1 3 4 2 5
3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2 3 4 2 4 2
2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3 2 2 4 1 3

X X [0,1] X [1,2] X [2,3] X [3,4] X [4,5]

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 290

Ψ(V) = [ψ1, ψ2, . . . , ψL] ∈ RL×D,

where D = 2 for 2D and D = 3 for 3D. We use 291

Ψ(V) directly as the transformer input, bypassing 292

persistence-diagram assembly and ad hoc vectoriza- 293

tion, so the model can attend to topological changes 294

across intensity bands without premature saturation. 295

PH vs. SB Filtration. In Figures 1 and 2, we 296

illustrate the standard sublevel filtration in persis- 297

tent homology (PH) and our more flexible sliding 298

band (SB) filtration for the same image. In sub- 299

level filtration, images often saturate early, limiting 300

the ability to detect topological features that ap- 301

pear at higher thresholds. By contrast, SB filtra- 302

tion continues tracking changes across higher inten- 303

sity ranges, allowing it to capture topological varia- 304

tions throughout the full color scale. For example, in 305

the sublevel filtration (Figure 1), the Betti vectors are 306

β0 = [3, 3, 1, 1, 1] and β1 = [0, 1, 3, 1, 0], whereas with 307

SB filtration (Figure 2), they are β0 = [3, 3, 1, 1, 2] 308

and β1 = [0, 1, 2, 2, 2]. 309

3.2. Topoformer Architecture 310

Our model consists of two stages, (i) TopoGate: we 311

first use the images to guide which topological band- 312

width is the most useful, and (ii) TopoSupCon: treat 313

the image and its topological representation as com- 314

plementary views that agree for the same class. 315

Pseudocodes are given in Appendix D. 316

Inputs. Each case provides a grayscale 3D volume 317

V ∈ R64×64×64 and W topology vectors {t(w) ∈ 318

RL}Ww=1 computed from sliding-band filtrations (e.g., 319

widths 20 and 40). We z-score topology features per 320

dataset. 321
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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. TopoGate322

A 3D encoder turns V into patch tokens; a tiny gat-323

ing module uses those tokens to softly weight the W324

topology vectors; a lightweight transformer reads the325

resulting topological sequence and predicts the class.326

This lets the model learn which filtration width is327

most informative, without manual selection (See Fig-328

ure 4).329

3D Visual Encoder. We use an R3D-18 back-330

bone (pretrained on Kinetics-400) adapted to single-331

channel inputs by replacing the RGB stem with a332

1→64 convolution (initialized by channel-averaging333

the pretrained filters). The encoder outputs a feature334

map that we flatten into P patch tokens X ∈ RP×C
335

(details in §4).336

HyperGate: Image-conditioned bandwidth se-337

lection From the mean of the image tokens we338

form a query vector. We attend this query to W339

learnable prototypes and pass the result through a340

small MLP+softmax to obtain weights w ∈ RW with341 ∑
w ww = 1. The gated topology is a convex com-342

bination t̄ =
∑W
w=1 ww t(w) ∈ RL, so the image343

softly “chooses” which sliding-band widths to empha-344

size.345

TopoTransformer head We view t̄ as a length-L346

sequence. Each scalar goes through a small embed-347

ding layer; a shallow transformer encoder produces348

contextual token features that we mean-pool and feed349

to a linear classifier.350

3.2.2. TopoSupCon: supervised contrastive 351

fusion 352

We also use a contrastive variant that treats the vol- 353

ume and its topology as two views of the same case 354

(See Appendix C for details). An image encoder fθ(·) 355

and a topology encoder gϕ(·) produce embeddings 356

that are (i) fused for classification, and (ii) passed 357

through projection heads for a supervised contrastive 358

loss. Positives are all pairs that share the same class 359

label, both within a modality and across modalities; 360

negatives are different-class pairs. The total loss is a 361

simple sum of cross-entropy and SupCon, 362

L = LCE + λLSupCon,

which encourages class-consistent alignment between 363

image and topology while keeping the classifier ob- 364

jective unchanged. 365

3.3. Stability of Sliding-Band Sequences 366

We show that sliding-band Betti sequences are stable 367

under small perturbations of the intensity function. 368

Let V be a 3D (or 2D) image and γ1, γ2 : V → R 369

two voxel intensity functions. Fix an intensity range 370

[A,B], a bandwidth ω > 0, and a number of slices N . 371

Set the stride in intensity space as 372

∆ =
B −A− ω
N − 1

.

Form = 1, 2 and s = 1, . . . , N , define the overlapping 373

banded cubical complexes 374

Vms =
{
∆ijk ⊂ V

∣∣ ℓs ≤ γmijk < us
}
,

with ℓs = A + (s − 1)∆ and us = ℓs + ω, except for 375

the final band which is closed at B. For k ≥ 0, let 376

Ψk(V, γm) =
[
βk

(
Vm1

)
, . . . , βk

(
VmN

)]
.

Theorem 1 For any k ≥ 0, 377∥∥Ψk(V, γ1)−Ψk(V, γ2)
∥∥
ℓ1
≤ Ck ∥γ1 − γ2∥L1 ,

where ∥ ·∥ℓ1 denote ℓ1-norm on RL and ∥ ·∥L1 denote 378

the L1-norm on F(V,R), and Ck depends only on L 379

and the cubical neighborhood structure. 380

The proof is given in Appendix A. 381
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4. Experiments382

4.1. Setup.383

Datasets. We evaluate on six publicly available384

3D datasets spanning brain and breast MRI and385

chest CT (Table 1). For brain MRI, we use three386

benchmarks: BraTS 2019 (HGG vs. LGG) (Menze387

et al., 2015; Bakas et al., 2018), BraTS 2021 MGMT388

(methylated vs. unmethylated) (Baid et al., 2021),389

and the MRI subset of the RSNA 2025 Aneurysm390

challenge (aneurysm presence) (Rudie et al., 2025).391

For breast MRI, we include ODELIA 2025 with392

three-class lesion labels (no lesion/benign/malignant)393

(Consortium, 2025; Müller-Franzes et al., 2025). For394

chest CT, we adopt two standardized MedMNIST v2395

tasks (Yang et al., 2023, 2024): NoduleMNIST3D,396

derived from LIDC–IDRI for nodule detection (Ar-397

mato et al., 2011), and FractureMNIST3D, derived398

from FracNet for vertebral fracture classification (Jin399

et al., 2020); both provide 283 volumes and fixed400

train/val/test splits. Summary counts and classes are401

given in Table 1. For completeness, we also report402

results on three 2D COVID CXR/CT datasets (See403

Appendix B for details).404

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

Dataset Modality # Images # Classes

BraTS 2019 Brain MRI 335 2
BraTS 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 resampled405

to 1.0mm isotropic spacing (B-spline), resized to406

64× 64× 64, clipped to the 1st–99th percentiles, and407

z-scored per volume. Multi-modal scans (FLAIR,408

T1w, T1wCE, T2w) are processed independently.409

MedMNIST (NoduleMNIST3D, FractureMNIST3D)410

volumes are already normalized; we only resize them411

to 64× 64× 64 for consistency.412

Topological features. On z-scored volumes413

clipped to [−5, 5], we construct sliding-band Betti414

sequences with 50 overlapping bands of widths415

w ∈ {0.2, 0.4} (Corresponding to SB20 and SB40).416

For each band, we form a binary image and record417

(β0, β1, β2), yielding a length-50 sequence and418

50 × 3 = 150 features per width. As a PH baseline,419

we use CubicalPersistence (dims 0–2) followed by420

BettiCurve with 50 bins (Giotto-TDA), producing 421

150 features per modality; across M modalities this 422

gives a 150M -dimensional descriptor. 423

Hyperparameters. We used the Adam optimizer 424

with a learning rate of 1e-4, batch size of 32, and 425

cross-entropy loss for all experiments. For the MedM- 426

NIST datasets, we use the predefined training, vali- 427

dation, and test splits. For the BraTS 2019, BraTS 428

2021, and RSNA 2025 Aneurysm datasets, we use 429

identical random stratified 70:10:20 train/val/test 430

split across all models. Each model was trained for 431

100 epochs and the epoch with the highest validation 432

AUC was subsequently used for testing. In our base- 433

line 3D ResNet 18+SupCon model, we use the best 434

augmentation techniques for lung CT and brain MRI 435

images identified in (Goceri, 2023) for the two views. 436

Specifically, a combination of translation and 437

shearing for lung CT images and rotation with shear- 438

ing, and translation for brain MRI images. Our MLP 439

consists of 3 hidden layers with 128, 64, and 64 units 440

with ReLU activations. Our Transformer encoder has 441

a model dimension of 128 with 8 attention heads, 3 442

layers, a 512-dimensional feed-forward, GELU acti- 443

vations, and 0.1 dropout. Sliding Band Vectors are 444

tokenized via patching with patch size 5 and stride 445

2; we add learnable positional embeddings (length 446

1024). The encoded sequence is mean-pooled and fed 447

to a classifier head with one hidden layer of 64 units 448

with GELU and 0.1 dropout. 449

Computational Complexity and Runtime. We 450

report runtimes for representative 3D datasets below; 451

other datasets follow similar trends in runtime scaling 452

with volume count. 453

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 454

NVIDIA L40S (8 vCPU, 62GB RAM, 48GB VRAM) 455

Let V ∈ Rp×q×r have |V |=pqr voxels and fix N 456

sliding bands (50 in our experiments). For band s, 457

let As=|Vs| with
∑N
s=1As = O(|V |). Per band, Betti 458

computation (union–find for β0, Euler-characteristic 459

cell counts for β1, and one background pass for β2 460

in 3D) costs O(As α(As)) time and O(As) memory, 461

yielding total O(N |V |α(|V |)) time and O(maxsAs) 462

peak memory across bands processed sequentially. 463

The resulting sequence Ψ(V ) ∈ RN×D is encoded 464

6
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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 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

R3D-18 85.8 83.6 83.6 98.1 90.3 57.3 54.2 53.9 88.7 67.1 59.1 74.7 37.5 97.1 9.5
R3D-18+SC 82.3 80.9 66.2 66.2 68.1 57.3 55.9 54.5 54.5 51.4 56.2 70.2 50.8 50.8 49.6
MC3-18 88.1 82.1 82.3 98.1 89.5 52.4 45.8 48.9 72.6 58.4 67.5 73.3 45.1 83.5 43.4
R(2+1)D-18 86.8 86.6 85.2 100.0 92.0 45.3 48.3 50.5 75.8 60.7 65.9 57.3 32.2 54.1 43.5
EfficientNet3D 47.6 76.5 38.2 50.0 43.3 48.5 52.5 52.5 100.0 68.9 50.7 75.6 0.0 100.0 0.0
M3T 86.9 85.3 75.8 84.5 78.6 51.1 47.5 50.0 54.8 52.3 48.7 75.6 0.0 100.0 0.0
ViT-3D 81.0 79.4 67.9 65.9 66.7 49.8 51.7 53.7 58.1 55.8 60.8 75.6 50.0 96.5 17.9
CCT-3D 85.2 82.3 75.3 62.4 64.8 49.7 47.5 50.0 47.7 46.6 55.4 72.0 33.3 90.6 20.2

Topoformer 91.3 88.2 82.9 82.9 82.9 69.1 62.7 68.3 61.2 57.9 69.9 73.8 63.6 62.4 62.9

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

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

R3D-18 65.3 62.6 51.8 44.8 46.2 90.9 86.8 67.7 91.5 68.2 66.1 50.0 51.7 72.7 46.5
R3D-18+SC 59.9 62.1 43.2 71.6 44.2 90.9 87.1 84.4 84.4 81.7 65.2 49.2 47.7 72.6 48.3
MC3-18 66.5 63.1 48.8 40.5 40.8 90.3 86.1 65.2 90.2 67.7 67.8 51.2 49.9 74.5 50.2
R(2+1)D-18 60.8 62.6 56.1 44.4 45.5 89.3 86.5 68.3 92.3 66.1 69.2 50.4 56.8 73.0 47.2
EfficientNet-3D 58.4 56.3 37.7 36.5 36.2 75.8 84.5 78.3 69.4 72.3 54.8 44.2 29.6 68.9 32.6
M3T 46.4 63.1 21.0 33.3 25.8 88.6 87.7 67.6 90.2 72.5 70.9 52.9 53.3 75.5 52.9
ViT-3D 60.3 63.1 21.0 33.3 25.8 89.4 85.5 77.7 79.3 78.5 66.1 50.8 47.7 72.9 44.3
CCT-3D 60.1 58.3 40.0 39.2 38.0 81.8 83.9 79.9 65.0 68.1 62.6 47.1 64.6 70.3 36.0

Topoformer 69.0 64.6 50.7 45.2 45.9 93.2 88.1 81.7 82.1 81.9 75.5 60.8 63.0 78.2 58.4

by a Transformer with T layers and width E in465

O(TN2E) time and O(TNE) memory. Overall:466

• time = O
(
N |V |α(|V |)

)
+O(TN2E), and467

• memory = O(|V |) +O(NE),468

with N small and fixed in practice.469

Baselines. We compare against widely used 3D470

CNN and Transformer families. For convolutional471

3D and video backbones, we include R3D-18, MC3-18,472

and R(2+1)D-18 following the spatiotemporal de-473

signs of Tran et al.(Tran et al., 2018), and an474

EfficientNet-3D variant built from the EfficientNet475

scaling rules (Tan and Le, 2019). For transformer-476

style baselines, we evaluate a patchified ViT-3D477

(Dosovitskiy et al., 2021), CCT-3D, a lightweight com-478

pact convolutional transformer adapted for volumet-479

ric inputs (Sun et al., 2022), and M3T, a multi-plane480

multi-slice transformer for 3D medical image classi-481

fication (Jang and Hwang, 2022). As a contrastive-482

learning baseline, we include ResNet3D-18+SupCon,483

which augments a 3D ResNet-18 with supervised con-484

trastive learning.485

4.2. Results486

Across six public datasets spanning brain MRI,487

chest CT, and breast MRI, our topological hy-488

brids outperform strong 3D CNN and Transformer489

baselines on most tasks (Table 2). Topoformer490

Table 4: 2D COVID benchmarks. We compare our
topology-aware hybrids with recent CNN/ViT base-
lines. The details and other performance metrics
can be found in Appendix B.

COVID CT COVID QU COVID Rad-3 COVID Rad-4

Method AUC Acc. AUC Acc. AUC Acc. AUC Acc.

ResNet18 87.6 82.0 98.7 94.0 98.9 89.4 99.1 94.5
DenseNet121 96.4 90.7 99.3 95.3 96.3 89.4 95.3 95.3
Xception 96.0 89.3 99.4 95.9 98.8 86.4 99.4 95.2
SwinV2 96.6 90.7 99.3 95.2 100.0 98.5 99.3 94.7
DeiT 93.0 81.3 99.4 96.8 99.2 84.9 99.1 93.5
DaViT 96.4 89.3 98.8 92.9 100.0 95.5 99.4 95.2
DaViT+SC 97.9 92.7 99.5 94.9 99.9 95.5 99.4 94.9

Topoformer 98.2 93.3 99.5 97.2 100.0 98.5 99.5 95.4

achieves the best AUC on all six datasets and the 491

best or near–best accuracy on five of them. The 492

gains are most pronounced on the MGMT methy- 493

lation task in BraTS 2021 and on FractureMNIST, 494

where improvements reach roughly ten–plus AUC 495

points and about eight accuracy points over the 496

strongest non–topological baselines. On RSNA 2025, 497

Topoformer delivers the top AUC with competitive 498

accuracy, and on BraTS 2019 and NoduleMNIST it 499

edges out the best baselines in both AUC and accu- 500

racy. Notably, several pure 3D baselines exhibit de- 501

generate behavior on RSNA 2025 with extreme speci- 502

ficity and near–zero sensitivity, while our methods 503

maintain balanced performance. 504
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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. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc.

PH+MLP 81.6 82.3 53.6 54.2 54.2 72.8 54.6 48.1 72.3 76.8 59.4 45.4
PH+TR 83.0 77.9 53.1 51.6 59.9 72.8 55.4 55.3 69.4 78.7 57.5 42.1

SB20+MLP 82.9 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 73.3 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
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. AUC Acc. AUC Acc. AUC Acc. AUC Acc. 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 82.3 80.9 57.3 55.9 56.2 70.2 59.9 62.1 90.9 87.1 65.2 49.2

R3D-18+SB (Concat) 90.9 73.5 58.0 52.5 61.6 72.4 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 75.5 60.8

Ablations indicate that topology helps even with-505

out contrastive fusion: Topo-R3D18 already improves506

on its 3D counterpart, and Topo-BV (simple concate-507

nation) is stronger than most non–topological mod-508

els. The full Topoformer variant, which models the509

sliding–band Betti sequences and applies supervised510

contrastive fusion, is consistently the best among our511

approaches across datasets. These trends support our512

design choices of sliding–band filtrations, sequence513

modeling over topological tokens, and supervised con-514

trastive fusion as complementary ingredients for ro-515

bust 3D medical image classification under limited516

data.517

4.3. Ablation Studies518

We conduct three ablation studies to assess the con-519

tribution of key components in our framework. First,520

we compare sliding-band filtrations with the standard521

global sublevel filtration to evaluate the benefit of se-522

quential topological encoding. Second, we examine523

how topological outputs are consumed: either aggre-524

gated as a single vector with an MLP classifier, or525

modeled as an ordered sequence with a Transformer.526

Finally, we test our fusion strategy by contrasting527

simple feature concatenation with our proposed su-528

pervised contrastive fusion (SupCon).529

Filtration type. Across brain/breast MRI530

and chest CT (Table 5), sliding-band filtrations531

(SB20/SB40) consistently outperform standard 532

sublevel PH under both MLP and Transformer 533

heads. Gains are most pronounced on the harder 534

benchmarks (e.g., BraTS-2021 MGMT and Frac- 535

tureMNIST), reaching ∼8 points in AUC and 536

accuracy, indicating that sliding bands recover late- 537

emerging structure that global filtrations miss. The 538

only deviation is a single setting where PH attains 539

the top accuracy while sliding-band still yields the 540

best AUC, suggesting more reliable ranking overall. 541

Fusion types. We ablate four ways of combining 542

topology with a fixed R3D-18 backbone (Table 6). 543

Adding a supervised contrastive head alone (R3D- 544

18+SupCon, no topology) yields limited or incon- 545

sistent gains, indicating that SupCon benefits most 546

from a complementary view. Introducing topology 547

via simple feature concatenation (R3D-18+SB (Con- 548

cat)) already improves over image-only baselines on 549

most datasets, showing that our sliding-band (SB) 550

descriptors carry discriminative signal even without 551

contrastive coupling. 552

To test both components of our method, we 553

compare contrastive fusion with standard PH fea- 554

tures (R3D-18+PH+SupCon) against our full model 555

(R3D-18+SB+SupCon, i.e., Topoformer). Two de- 556

sign choices drive the consistent gap in favor of 557

Topoformer: (i) the SB representation, modeled as 558

an ordered sequence, captures late-emerging struc- 559

ture that global PH misses; and (ii) TopoGate uses 560
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the image to softly weight multiple widths, leveraging561

both SB20 and SB40 per case rather than commit-562

ting to a single filtration. In combination with super-563

vised contrastive multi-view learning, this yields the564

strongest performance across datasets.565

Analysis of Slidingband Width While Sec-566

tion 4.1 describes the construction of sliding-band567

Betti sequences (N=50, w∈{0.2, 0.4}), here we em-568

pirically examine how these choices influence classi-569

fication performance. Each 3D volume is z-scored570

and clipped to [−5, 5], and we vary the sliding-571

band width (w) between 0.1 and 0.5 while keeping572

N=50 fixed. This configuration controls the den-573

sity of sampled intensity levels: within a standard-574

ized 10-unit range, 50 bands yield ≈0.2-unit inten-575

sity steps, balancing coverage and efficiency. Nar-576

rower bands (e.g., w=0.1) produce sparse and frag-577

mented masks, whereas broader ones (e.g., w=0.6)578

oversmooth structural transitions. As shown in Ta-579

ble 7, a moderate width of w=0.4 consistently pro-580

vides the best trade-off between sensitivity and sta-581

bility across BRATS 2019 and BRATS 2021. These582

findings validate our choice of dual-width configura-583

tions (SB20/SB40) and motivate the adaptive multi-584

width design in TopoGate, which learns soft weights585

across different bandwidths.586

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

Dataset Model PH SW10 SW20 SW30 SW40 SW50

BRATS 2019 MLP 81.6 77.9 82.9 77.9 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 the587

sequential nature of Betti tokens, recurrent models588

such as LSTM or GRU present natural alternatives589

to the Transformer. To assess this, we compared BiL-590

STM, GRU, and 1D-CNN heads against the Trans-591

former and a simple MLP baseline using the same592

sliding-band representation (w=0.4). As shown in593

Table 8, the Transformer consistently achieved the594

highest AUC and F1 on both BRATS 2019 and595

BRATS 2021, outperforming all RNN and CNN vari-596

ants. While recurrent models can capture short-range597

dependencies, the Transformer’s global self-attention598

better models long-range relationships across inten-599

sity bands essential for capturing extended morpho-600

logical transitions in 3D volumes. These results em-601

pirically justify our choice of a Transformer backbone 602

for Betti-sequence encoding. 603

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 604

We introduced Topoformer, a transformer-based 605

framework for 3D medical image classification that 606

operates directly on sequential topological signatures 607

from sliding-band cubical filtrations. By replacing 608

global PH vectorization with compact, ordered Betti 609

sequences, and by using TopoGate to softly combine 610

multiple band widths, our approach preserves late- 611

emerging topology while remaining lightweight. We 612

further paired the image with a label-preserving topo- 613

logical view via Topological Supervised Contrastive 614

Learning, providing multi-view supervision without 615

risky spatial augmentations. Across brain MRI and 616

chest CT benchmarks, Topoformer consistently im- 617

proves AUC and accuracy over strong 3D CNN and 618

ViT baselines, with marked gains on the harder tasks, 619

and maintains balanced sensitivity/specificity where 620

pure image models can collapse. Future work includes 621

extending to multi-modal imaging (e.g., MRI+PET), 622

developing end-to-end differentiable topology layers, 623

and exploring richer TDA descriptors (e.g., multipa- 624

rameter persistence) to further enhance performance 625

and interpretability in clinical settings. 626
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Appendix

Appendix A. Proofs of Stability975

Theorems976

Here, we first recall the main definitions and notation977

used in our stability analysis. Given a 3D cubical978

complex V (e.g. an intensity-band slice) and a real-979

valued function γ on its voxels, the kth persistence di-980

agram PDk(V, γ) is the multiset of birth–death pairs981

(bσ, dσ) ∈ R2 tracking homological features of dimen-982

sion k for sublevel filtration induced by γ : V → R.983

The p-Wasserstein distance between two diagrams984

PD and PD′ is defined by985

Wp

(
PD,PD′) =

(
inf
α

∑
x∈PD

∥x− α(x)∥p∞
)1/p

,

where the infimum is over all bijections α matching986

points in the two diagrams (with unmatched points987

paired to the diagonal). For two intensity functions988

γ1, γ2 on the same voxel set V, the discrete Lp-norm989

is990

∥γ1 − γ2∥p =
(∑
i,j,k

|f(∆ijk)− g(∆ijk)|p
)1/p

.

For a given volume V and two intensity functions991

γ1, γ2 : V → R, fix an intensity range [A,B], a band-992

width ω > 0, and a number of slices N . Set the stride993

∆ =
B −A− ω
N − 1

.

For m ∈ {1, 2} and s = 1, . . . , N , define the overlap-994

ping banded cubical complexes995

Vms =
{
∆ijk ⊂ V

∣∣ ℓs ≤ γmijk < us
}
,

996

ℓs = A+ (s− 1)∆, us = ℓs + ω.

For k ≥ 0, let997

Ψk(V, γm) =
[
βk

(
Vm1

)
, . . . , βk

(
VmN

)]
.

These Ψk are the sliding-band Betti sequences for998

which we establish stability.999

Let PDk(Y, f) represent the kth persistence dia-1000

gram for sublevel filtration induced by f : Y → R.1001

With these conventions, we now state the two key1002

stability lemmas.1003

Lemma 2 (Skraba and Turner (2020)) Let Y 1004

be a compact metric space and f, g : Y → R. For 1005

any p ≥ 1, 1006

Wp

(
PDk(Y, f), PDk(Y, g)

)
≤ ∥f − g∥p,

where Wp is the p-Wasserstein distance between per- 1007

sistence diagrams. 1008

In the following, let

βk(Y, f) = [βk(Y1), . . . , βk(YM )]

where Ys = f−1(−∞, τs], i.e., Y1 ⊂ Y2 · · · ⊂ YM is 1009

the traditional sublevel filtration induced by f : Y → 1010

R for thresholds τ1 < · · · < τM . 1011

Lemma 3 (D lotko and Gurnari (2023)) Let 1012

βk(·) be the Betti curve vectorization of a persistence 1013

diagram. Then 1014∥∥βk(Y, f)−βk(Y, g)∥∥1 ≤ 2W1

(
PDk(Y, f), PDk(Y, g)

)
.

Note that while these lemmas are proven for simpli- 1015

cial complexes, they generalize to cubical complexes 1016

in straightforward way Skraba and Turner (2020). 1017

Now, we are ready to prove Theorem 1. 1018

Theorem 1 With notation as above, for any k ≥ 0, 1019∥∥Ψk(V, γ1)−Ψk(V, γ2)
∥∥
ℓ1
≤ Ck ∥γ1 − γ2∥L1 ,

where ∥ ·∥ℓ1 denote ℓ1-norm on RL and ∥ ·∥L1 denote 1020

the L1-norm on F(V,R), and Ck depends only on L 1021

and the cubical neighborhood structure. 1022

Proof Each band complex Vms is a cubical com- 1023

plex on V. The voxel intensity functions γm induce 1024

filtrations on cubes by taking the maximum vertex 1025

intensity. Applying Lemma 2 to each band gives 1026

W1

(
PDk(V, γ1), PDk(V, γ2)

)
≤ ∥γ1 − γ2∥1.

Lemma 3 then yields, for each s, 1027∥∥βk(V, γ1)−βk(V, γ2)∥∥1 ≤ 2W1(PDk(V, γ1),PDk(V, γ2))

As for each s, we have |βk(V1
s ) − βk(V2

s )| ≤ 1028∥∥βk(V, γ1)− βk(V, γ2)
∥∥
1
, this gives 1029

∥Ψk(V, f)−Ψk(V, g)∥1 = (M − ω)
∣∣βk(V, γ1)− βk(V, γ2)

∣∣
≤ 2 (M − ω) ∥γ1 − γ2∥1.

Hence, one may take Ck = 2(M − ω). This com- 1030

pletes the proof. 1031
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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. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

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 71.7 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 82.2 74.0 72.9 75.0 72.3 85.6 71.7 67.8 84.9 68.1 94.3 80.3 79.5 90.4 79.2 89.8 72.4 69.5 89.5 71.7

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 74.7 91.6 75.9 73.0 90.8 73.0
SB40+TR 87.5 81.3 84.3 78.8 80.8 85.9 71.1 68.5 85.3 68.3 96.4 84.9 83.7 92.2 84.2 90.6 74.4 69.2 89.8 71.7

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 82.0 82.3 82.3 82.0 98.7 94.0 92.5 97.2 92.4 98.9 89.4 88.3 94.9 88.0 99.1 94.5 95.5 97.7 95.6
DenseNet121 96.4 90.7 90.9 90.9 90.7 99.3 95.3 94.2 97.9 94.0 96.3 89.4 88.3 94.8 88.3 95.3 95.3 96.2 98.1 96.2
Xception 96.0 89.3 89.6 89.6 89.3 99.4 95.9 94.9 98.1 94.9 98.8 86.4 85.0 93.5 84.2 99.4 95.2 96.1 98.1 96.1
SwinV2 96.6 90.7 91.0 91.0 90.7 99.3 95.2 94.0 97.7 94.0 100.0 98.5 98.7 99.3 98.5 99.3 94.7 94.7 97.7 95.4
DeiT 93.0 81.3 82.0 82.0 81.3 99.4 96.8 96.1 98.6 96.0 99.2 84.9 83.3 92.8 82.2 99.1 93.5 93.6 97.2 94.2
DaViT 96.4 89.3 89.8 89.8 89.3 98.8 92.9 91.3 96.5 91.4 100.0 95.5 95.0 97.8 95.0 99.4 95.2 95.6 98.0 95.8
DaViT+SC 97.9 92.7 93.0 93.0 92.7 99.5 94.9 93.4 97.7 93.4 99.9 95.5 95.0 97.8 95.0 99.4 94.9 95.9 98.0 95.6

TopoBV 98.1 92.0 92.3 92.3 92.0 98.9 93.1 91.3 97.0 91.1 99.9 97.0 96.7 98.6 96.7 99.4 94.5 95.1 97.8 95.3
Topoformer 98.2 93.3 93.6 93.6 93.3 99.5 97.2 96.5 98.7 96.4 100.0 98.5 98.3 99.3 98.3 99.5 95.4 95.9 98.1 96.0

We note that while Theorem 1 is stated in terms of1032

perturbations to a single intensity function on a fixed1033

volume, the same L1-stability bound applies when1034

comparing two scans V1 and V2 that share the same1035

band thresholds: one simply views the voxel-wise in-1036

tensity difference γ1 − γ2 as arising from scan vari-1037

ation. Crucially, this result relies on the L1-norm;1038

replacing it with the L∞-norm can fail to control1039

topological changes, since arbitrarily small, localized1040

intensity shifts may induce large variations in Betti1041

counts Johnson and Jung (2021).1042

Appendix B. 2D COVID Benchmarks1043

To evaluate our approach on 2D medical imaging,1044

we conducted experiments on three publicly avail-1045

able, de-identified COVID-19 classification bench-1046

marks covering both CT and chest X-ray (CXR)1047

modalities.1048

COVID CT-2 (CT). A slice-level chest CT1049

benchmark framed as binary classification (COVID1050

vs. non-COVID), based on the SARS-CoV-2 CT-Scan1051

dataset (Soares et al., 2020). Images are converted to1052

8-bit, clipped to a robust window, resized to 224×224,1053

and z-score normalized per image. During train- 1054

ing we apply mild geometric augmentation (random 1055

flips/rotations) and intensity jitter. 1056

COVID QU-3 (CXR). A three-class CXR bench- 1057

mark (COVID-19, Pneumonia (non-COVID), Nor- 1058

mal) derived from the COVID-QU-Ex dataset cu- 1059

rated by Qatar University (Tahir et al., 2021). We 1060

standardize to 224 × 224 RGB (channel-replicated 1061

from grayscale), apply per-image z-score normaliza- 1062

tion, and use the same augmentation policy. 1063

COVID Radiography (CXR): 3-class and 1064

4-class. We use the COVID-19 Radiography 1065

Database (Rahman et al., 2021), reporting both the 1066

common 3-class split {COVID-19, Pneumonia, Nor- 1067

mal} and the 4-class split {COVID-19, Normal, Bac- 1068

terial, Viral}. Preprocessing matches COVID QU-3; 1069

only label granularity differs. 1070

Evaluation. For each dataset we report ROC- 1071

AUC, accuracy, sensitivity, specificity, and macro F1 1072

on the test split, averaged over three random seeds. 1073

Class imbalance is handled with stratified sampling 1074

and class-weighted loss. Full dataset statistics, ex- 1075
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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 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

PH+MLP 81.6 82.3 86.7 66.6 88.4 53.6 54.2 56.4 51.7 56.4 54.2 72.8 20.0 90.0 26.5
PH+TR 83.0 77.9 84.9 53.3 85.7 53.1 51.6 53.2 50.0 53.6 59.9 72.8 21.8 89.4 28.2

SB20+MLP 82.9 80.9 88.7 53.3 87.9 57.2 53.4 46.8 60.7 51.3 64.4 77.3 18.2 96.5 28.2
SB40+MLP 85.0 79.4 90.6 40.0 87.3 62.0 61.9 59.7 64.3 62.2 67.2 74.7 49.1 82.9 48.7
SB20+TR 82.1 73.5 77.4 60.0 82.0 57.8 56.8 59.7 53.6 59.2 62.3 73.3 27.3 88.2 33.3
SB40+TR 85.3 80.9 90.6 46.7 88.1 61.8 59.3 62.9 55.4 61.9 66.1 75.1 40.0 86.5 44.0

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

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

PH+MLP 54.6 48.1 36.7 68.3 36.6 72.3 76.8 43.8 85.4 43.8 59.4 45.4 40.6 70.3 40.8
PH+TR 55.4 55.3 37.8 68.4 38.0 69.4 78.7 34.4 90.2 40.0 57.5 42.1 40.4 69.1 40.8

SB20+MLP 61.3 55.8 43.0 71.2 43.4 75.6 78.4 45.3 87.0 46.4 62.9 51.7 41.9 72.4 37.3
SB40+MLP 58.6 52.9 42.5 69.6 42.2 72.9 75.2 59.4 79.3 49.7 64.0 51.3 43.1 73.1 37.5
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 47.3 74.0 47.5
SB40+TR 55.9 59.7 39.1 70.8 39.1 73.7 79.4 45.3 88.2 47.5 65.4 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 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

R3D-18 85.8 83.6 98.1 33.3 90.3 57.3 54.2 88.7 16.1 67.1 59.1 74.7 5.5 97.1 9.5
R3D-18+SupCon 82.3 80.9 66.2 66.2 68.1 57.3 55.9 54.5 54.5 51.4 56.2 70.2 50.8 50.8 49.6

R3D-18+SB (Concat) 90.9 73.5 83.0 83.0 71.0 58.0 52.5 50.9 50.9 45.7 61.6 72.4 56.6 56.6 56.9
R3D-18+PH+SupCon 90.7 77.9 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 82.9 82.9 82.9 69.1 62.7 61.2 61.2 57.9 69.9 73.8 62.4 62.4 62.9

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

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

R3D-18 65.3 62.6 44.8 73.1 46.2 90.9 86.8 68.8 91.5 68.2 66.1 50.0 46.6 72.7 46.5
R3D-18+SupCon 59.9 62.1 43.2 71.6 44.2 90.9 87.1 84.4 84.4 81.7 65.2 49.2 47.7 72.6 48.3

R3D-18+SB (Concat) 64.3 64.6 38.1 69.7 36.2 91.0 87.4 83.4 83.4 81.7 67.1 52.5 46.1 73.6 46.1
R3D-18+PH+SupCon 66.4 62.6 46.5 74.3 47.0 87.2 85.5 76.4 76.4 77.2 70.2 52.1 52.2 74.7 51.5
R3D-18+SB+SupCon 69.0 64.6 45.2 73.6 45.9 93.2 88.1 82.1 82.1 81.9 75.5 60.8 56.9 78.2 58.4

act split counts, and download links appear in the1076

repository and Supplement.1077

PH vs. SB filtration performances. In Table 9,1078

we present the performances of Betti sequences ob-1079

tained by traditional sublevel (PH) and our Sliding1080

Band (SB) filtrations. SB filtrations consistently out-1081

perform traditional PH across all datasets, and the1082

gains are most pronounced when paired with a Trans-1083

former head, indicating that attention benefits from1084

the ordered bandwise topology. Even with a simple1085

MLP, SB features surpass PH, showing that the im-1086

provement comes primarily from the filtration itself1087

rather than the classifier. Across tasks, the narrower1088

band (SB20) tends to favor sensitivity/recall, whereas1089

the wider band (SB40) more often optimizes over- 1090

all accuracy/F1 and AUC, highlighting a practical 1091

bandwidth trade-off between detecting positives and 1092

consolidating global context. Improvements are es- 1093

pecially visible on the multi-class CXR benchmarks, 1094

where preserving large-scale structure matters, sug- 1095

gesting that global sublevel filtrations saturate too 1096

early while sliding bands retain late-emerging topol- 1097

ogy. Overall, these results support sliding-band per- 1098

sistence as a robust, data-efficient replacement for 1099

standard PH, with Transformers further amplifying 1100

its advantages. 1101

Topoformer vs Baselines. In Table 10, we 1102

present the performance comparison of Topoformer 1103
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with baseline DL models. The CNN group includes1104

ResNet18 (He et al., 2016b), DenseNet121 (Huang1105

et al., 2017), and Xception (Chollet, 2017), which1106

have demonstrated strong performance in medical1107

image classification tasks. The Transformer group1108

includes SwinV2 (Liu et al., 2022), DeiT (Touvron1109

et al., 2021), and DaViT (Ding et al., 2022), repre-1110

senting state-of-the-art vision architectures. We also1111

evaluate DaViT+SC, a variant of DaViT trained with1112

a supervised contrastive (SupCon) loss (Khosla et al.,1113

2020), to isolate the effect of contrastive integration1114

without topological tokens.1115

Topoformer consistently matches or surpasses the1116

strongest vision-only baselines across all four COVID1117

benchmarks and metrics, indicating that topology-1118

aware tokens provide complementary signal beyond1119

what modern CNN/ViT features capture. The näıve1120

fusion (TopoBV) already lifts performance over the1121

same backbone, showing that Betti-based descriptors1122

are informative; however, Topoformer’s supervised-1123

contrastive integration reliably pushes further, out-1124

performing both DaViT and its SupCon variant1125

(DaViT+SC). This gap is most evident on the multi-1126

class CXR settings, where preserving global structure1127

and late-emerging patterns matters, but the advan-1128

tage also holds on CT, suggesting the approach is1129

modality-agnostic. Relative gains are especially con-1130

sistent in sensitivity and F1, a clinically relevant pro-1131

file that prioritizes correct positive detection with-1132

out sacrificing specificity. Taken together, the re-1133

sults support the view that sliding-band topologi-1134

cal sequences capture discriminative morphology that1135

standard patch embeddings underutilize, and that1136

principled fusion, not mere concatenation, is key to1137

unlocking that signal.1138

Appendix C. Topological Supervised1139

Contrastive Learning1140

Conventional supervised contrastive learning relies1141

on stochastic data augmentations (cropping, elastic1142

warps, strong intensity jitter, etc.) to create multi-1143

ple “views” of an image. In medical imaging, how-1144

ever, such transformations can corrupt the very sig-1145

nal that defines the ground truth, e.g., a crop that1146

truncates a tumor, a deformation that alters lesion1147

morphology, or intensity shifts that erase subtle find-1148

ings. This label drift is especially problematic in1149

low–data regimes and for case-level labels. To avoid1150

augmentation-induced label mismatch, we generate1151

additional views via topological signatures of the same1152

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 MLPmaps 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.

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 Ltotal = LCE + λLTopoSupCon, 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- 1153

ume into an ordered sequence of Betti summaries 1154

that preserve global pathology cues without spatially 1155

distorting anatomy. These topology tokens act as a 1156

label-preserving second view of the original case, pro- 1157

viding complementary information while maintaining 1158

clinical semantics (see Fig. 5). 1159

Practically, given a volume V and its sliding-band 1160

Betti sequence Ψ(V ), we compute embeddings fθ(V ) 1161

and gϕ(Ψ(V )), project them through a small MLP 1162

head with ℓ2 normalization, and apply a supervised 1163
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contrastive loss with positives defined by shared class1164

labels within each view and across views. We also1165

fuse the two embeddings for standard cross-entropy1166

classification, yielding a joint objective that aligns1167

image and topology while preserving discriminative1168

power. This design supplies multi-view supervision1169

without risky spatial perturbations, encourages in-1170

variance to acquisition/contrast variations, and lever-1171

ages the stability of our topological sequences to small1172

intensity changes, resulting in more robust represen-1173

tations under limited data.1174

Appendix D. Pseudocodes1175

Algorithm 1 TopoGate: training (single step)

Require: batch of volumes {Vi}Bi=1, labels {yi};
per-sample topology sets {t(w)

i ∈ RL}Ww=1;
dataset stats (µt, σt); params Θ =
{ϕ,Wq,MHA,MLPg,TopoTransformer,Classifier}

1: for all i in batch do
2: // Standardize topology features (per dataset)

3: t̃
(w)
i ← (t

(w)
i − µt)/σt ∀w

4: // 3D encoder ϕ: tokens from volume
5: Xi ← FlattenTokens(ϕ(Vi)) ∈ RP×C

6: // HyperGate: image-conditioned weights over
widths

7: qi ←Wq

(
1
P

∑P
p=1 Xi,p

)
∈ RC

8: ci ← MHA
(
qi,K ∈ RW×C ,V ∈ RW×C)

9: αi ← MLPg(ci) ∈ RW ; wi ← softmax(αi)
10: // Gated topology sequence

11: t̄i ←
∑W
w=1(wi)w t̃

(w)
i ∈ RL

12: // TopoTransformer head
13: Zi ← TopoTransformer(t̄i) ▷ embed scalars,

add positions, transformer
14: ŷi ← Classifier

(
MeanPool(Zi)

)
15: end for
16: L ← 1

B

∑B
i=1 CE(ŷi, yi)

17: update Θ by backprop on L

Algorithm 2 TopoSupCon: training (single step)

Require: batch {(Vi, ti, yi)}Bi=1; encoders fθ (im-
age), gϕ (topology); projectors qψ (shared or
separate); fusion/classifier hω; temperature τ ;
weight λ

1: for all i do
2: himg

i ← fθ(Vi) ∈ Rd ▷ R3D-18 w/ adapted
stem

3: htopo
i ← gϕ(ti) ∈ Rd ▷ e.g., 2-layer MLP

4: // Projection heads (contrastive branch)

5: uimg
i ← norm

(
qψ(h

img
i )

)
; utopo

i ←
norm

(
qψ(h

topo
i )

)
6: // Fusion for classification (no projections)

7: ŷi ← hω
(
[himg
i ∥htopo

i ]
)

8: end for
9: // Supervised contrastive loss over 2B views

10: LSupCon ← SupConLoss
(
{uimg

i ,utopo
i }Bi=1, {yi}Bi=1, τ

)
11: // Cross-entropy on fused logits

12: LCE ← 1
B

∑B
i=1 CE(ŷi, yi)

13: update {θ, ϕ, ψ, ω} on L = LCE + λLSupCon

Algorithm 3 Supervised contrastive loss (helper)

1: function SupConLoss({uk}2Bk=1, {yk}2Bk=1, τ)
2: // Inputs are ℓ2-normalized projections from

both modalities; labels duplicated for i = 1 to 2B
do

3:
end
P (i)← { p ̸= i | yp = yi } ▷ positives

4: S(i)←
∑
a ̸=i exp(u

⊤
i ua/τ)

5: ℓi ← − 1
|P (i)|

∑
p∈P (i) log

exp(u⊤
i up/τ)
S(i)

6:

7: return 1
2B

∑2B
i=1 ℓi

8: end function

Algorithm 4 Inference

1: TopoGate: given (V, {t(w)}), compute Hyper-
Gate weights w, form t̄ =

∑
w wwt(w), run Topo-

Transformer → logits ŷ.
2: TopoSupCon: given (V, t), encode himg,htopo,

fuse with hω (no projection heads) → logits ŷ.
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