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Abstract

Automated cancer segmentation in Whole Slide Images
(WSIs) has been dominated by a paradigm of static pat-
tern recognition, where even advanced methods leveraging
Transformers, Multiple Instance Learning, or topology-aware
losses remain fundamentally descriptive and correlational. To
address this limitation, we reframe WSI segmentation from a
descriptive task to one of causal process modeling. We in-
troduce Topo-GraT, a novel framework featuring a Causal
Growth Field (CGF) to model tumor invasion dynamics and
a Causal Flow Attention (CFA) mechanism that embeds this
field as an architectural prior. This causal engine is inte-
grated within an iterative graph refinement loop that uses
segmentation uncertainty to dynamically focus computational
resources on the most ambiguous tissue regions. Our com-
prehensive experiments on multiple WSI datasets demon-
strate that Topo-GraT establishes a new state-of-the-art, sig-
nificantly outperforming existing methods and reducing the
95% Hausdorff Distance, a key boundary metric, by over
15%. Crucially, our framework yields the CGF as arich, inter-
pretable output whose structure correlates with tumor aggres-
siveness, positioning it as a novel biomarker for downstream
prognostic tasks. By shifting the paradigm from static recog-
nition to causal reasoning, Topo-GraT offers a more robust,
efficient, and clinically insightful approach, setting a new di-
rection for the causally-aware medical image analysis.

Code — https://github.com/AshimDhor/Topo-GraT

Introduction

Histopathological analysis remains the gold standard for
cancer diagnosis, with Whole Slide Imaging (WSI) opening
the door for computational pathology (Van der Laak, Litjens,
and Ciompi 2021). However, the gigapixel scale of WSIs
and the morphological heterogeneity of tumors pose pro-
found challenges. Current methods, including U-Net-based
architectures (Ronneberger, Fischer, and Brox 2015), Trans-
former models like UNETR (Hatamizadeh et al. 2022), and
MIL-based approaches like TransMIL (Shao et al. 2021),
treat segmentation as a static pattern recognition task. Even
topology-aware methods like TA-Net (Wang, Xian, and
Vakanski 2022) are descriptive, using geometric abstractions
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of the final tumor shape rather than modeling the underly-
ing biological process. This descriptive approach limits ro-
bustness in ambiguous cases and restricts the output to inert
masks that lack prognostic insight. To bridge this gap, we
introduce Topo-GraT, a framework that reframes WSI seg-
mentation as a task of causal process modeling. We intro-
duce the Causal Growth Field (CGF) to model the dynam-
ics of tumor progression and a novel Causal Flow Attention
(CFA) that embeds this model as a strong inductive bias.
This causal engine is integrated within an iterative graph re-
finement loop, allowing the model to dynamically allocate
resources to the most challenging tissue regions.

Methodology

Topo-GraT operates as a two-stage, iterative framework.
Stage 1: Iterative Graph Construction. The framework
first transforms the WSI into a sparse graph. A Swin Trans-
former (Liu et al. 2021) extracts patch features. A salience
score, which combines a patch’s cancer probability with its
contextual importance via a gating mechanism (Ilse, Tom-
czak, and Welling 2018), is used to select an initial set of
K patch nodes. In subsequent iterations (t > 0), a pixel-
wise uncertainty map from Stage 2 is used to guide the
selection of K’ new patches from the most ambiguous re-
gions, a form of self-directed active learning (Settles 2009).
This allows the graph to dynamically expand and focus on
challenging boundaries. Stage 2: Causal Graph Transformer
Segmentation. The graph nodes are processed by a hierar-
chical encoder-decoder network built on our novel Causal
Topology-Guided EPA (CTG-EPA) blocks. The core of this
block is the CGF prediction branch, which learns a vec-
tor field modeling the direction of tumor growth. The CGF
branch is supervised using a pseudo-ground-truth vector
field generated by inverting the gradient of a distance trans-
form from the boundary of the ground truth mask, with the
origin defined by the medial axis. This CGF is then used
to create a causal attention mask for our CFA mechanism,
which constrains the flow of information in the self-attention
module to follow causally-plausible pathways. Specifically,
the attention score from a token i to a token j is up-weighted
if j lies “downstream” along the growth vector from ¢, and
suppressed otherwise. This embeds the causal model di-
rectly into the architecture, providing a strong inductive bias.
The model is trained end-to-end with a composite loss



function: Lo = Lseg + @Liopo + BLinstance- The seg-
mentation loss (L) is a combination of Dice and Cross-
Entropy losses for pixel-level accuracy. The topology preser-
vation 1oss (Liopo) is a Cosine Similarity loss that directly
supervises the CGF branch, compelling it to learn the cor-
rect direction of tumor growth. The instance selection loss
(Linstance) 18 a Binary Cross-Entropy loss that trains the Stage
1 patch selector. This multi-task approach ensures all com-
ponents of the framework are jointly optimized.

Experiments and Results

We evaluated Topo-GraT on four WSI datasets, including
a held-out dataset HNSCC (Grossberg et al. 2020) to test
for out-of-domain generalization. The results, summarized
in Table 1 and Table 2, demonstrate that Topo-GraT con-
sistently establishes a new state-of-the-art and that each of
our novel components provides a significant performance
gain. Table 1 benchmarks Topo-GraT against a suite of lead-
ing models. On our primary benchmarks - CAMELYON16
(C16) (Bejnordi et al. 2017), GlaS challenge (Sirinukunwat-
tana et al. 2017), RINGS (Salvi et al. 2021), Topo-Grat out-
performs all baselines. The efficacy of our causal approach
is evident in the boundary-based metrics: Topo-GraT re-
duces the 95% Hausdorff Distance by an average of 15.7%
compared to the strongest baseline, UNETR++. The model
shows robust out-of-domain (OOD) generalization on the
unseen HNSCC dataset, maintaining a high Dice score of
87.2% where baselines experience a more pronounced per-
formance degradation.

Model C16 GlaS RINGS HNSCC
DSC 1 HD95 | |DSC 1 HD95 | |DSC 1 HD95 | |DSC 1 HD95 |

U-Net 81.5 16.4 | 852 15.1 83.1 17.2 | 80.1 18.9
UNETR 832 12.8 | 87.1 13.5 | 84.9 14.1 | 815 16.5
Swin-UNET| 84.0 11.5 | 885 124 | 86.2 129 | 82.1 15.2
UNETR++ | 84.3 10.2 | 89.1 12.1 86.8 12.5 | 825 14.1
DTFD-MIL | 78.1  21.5 | 823 189 | 80.5 224 | 755 258
MedNeXt 84.5 10.8 | 89.3 119 | 87.0 122 | 828 14.5
TA-Net 85.1 9.9 89.9 11.8 | 87.5 11.9 | 83.1 13.5

Topo-GraT | 89.3 81 | 912 91 |898 95 |872 103

Table 1: Unified quantitative comparison with state-of-the-
art models across all datasets. Topo-GraT consistently out-
performs baselines on primary benchmarks and demon-
strates superior out-of-domain (OOD) generalization.

A systematic ablation study on CAMELYONI16 (Table 2)
validates the contribution of each novel component. While
the MIL selection improves efficiency, the most significant
performance gain is derived from the architectural integra-
tion of the CGF via Causal Flow Attention (CFA). The fi-
nal addition of the iterative loop provides a crucial boost to
boundary metrics, confirming the value of our full, synergis-
tic system. To validate our choice of T=3 for the number of
iterative refinement steps, we conducted an ablation study
on the CAMELYONI16 dataset. As shown in Table 3, the
model’s performance, particularly on the boundary-sensitive
HD95 metric, improves with each iteration. The most signif-
icant gains are observed when moving from a non-iterative
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model (T=0, which is configuration (4) from our main ab-
lation study) to one iteration (T=1). The improvements con-
tinue up to T=3, after which the performance gains become
marginal while the inference time continues to increase. This
confirms that T=3 represents the optimal balance between
segmentation accuracy and computational efficiency for our
framework.

Configuration DSC(%)1 IoU(%)1 HD95] FLOPs(G)|*
(1) UNETR++ 84.3 73.8 10.2 289.5
(2) + MIL Selection  85.9 75.8 9.9 168.2
(3) + CGF Loss 86.7 77.0 9.5 172.8
(4) + CFA 838.2 79.1 8.8 174.1
(5) Full Topo-GraT ~ 89.3 80.7 8.1 181.5

*FLOPs are measured for a single forward pass.

Table 2: Ablation study on CAMELYON16

The robustness of Topo-GraT on non-radial tumors stems
from the flexibility of the CGF prediction branch. As a con-
volutional network, it is not restricted to generating purely
radial fields. Instead, it learns the underlying principle of
predicting vectors that point from the tumor’s medial axis
outwards to its boundary, regardless of the overall shape.
Even for elongated morphologies, the resulting non-radial
CGF provides a valid directional prior for the Causal Flow
Attention mechanism. Consequently, the model maintains
high segmentation accuracy in these challenging cases.

Iterations (T) DSC(%)1 HD95| Inference Time (s)|

0 (No Iteration) 88.2 8.8 4.7
1 88.9 8.3 4.9
2 89.2 8.2 5.0
3 (Ours) 89.3 8.1 51
4 89.3 8.1 5.3

Table 3: Ablation study on the number of iterative refine-
ment steps (T) on CAMELYONI16

Conclusion

In this work, we reframed WSI segmentation from a static
pattern recognition task to one of causal process model-
ing. Our novel framework, Topo-GraT, integrates a Causal
Growth Field and Causal Flow Attention to create a sys-
tem that learns not just what a tumor looks like, but how
it grows. Our results show that this causal approach yields
state-of-the-art segmentation accuracy and produces a rich,
interpretable CGF that has potential as a new prognostic
biomarker, setting a new direction for the field of computa-
tional pathology. Looking forward, the implications of this
work extend beyond segmentation: Topo-GraT shifts from
mere pattern recognition to understanding tumor growth, en-
abling prediction of progression and automated grading, and
laying a foundation for a more dynamic future in computa-
tional pathology.
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