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Abstract. Topological data analysis (TDA), particularly persistent ho-
mology (PH), captures geometric structural properties in medical im-
ages (e.g., connected components, loops, shape characteristics), which
conventional pixel-level deep learning approaches often neglect. While
many topological descriptors are known for converting persistence di-
agrams (PDs) or raw images into topological feature vectors, existing
methods mostly default to a single fixed descriptor (e.g., persistence
images), leaving the diversity of topological representations largely un-
explored. To the best of our knowledge, there is no known large lan-
guage model (LLM)-based agentic framework that can automatically
determine the most suitable topological descriptors for a given image
dataset and produce the corresponding topological feature vectors for
downstream tasks. To fill this gap, we propose TopoAgent, an LLM-
based agentic framework that automates topology learning for medical
image analysis. TopoAgent operates through a Perception–Reasoning–
Action–Reflection loop supported by 21 domain-specific tools and dual
memory that accumulates experience across runs. Its skill set is dis-
tilled from systematic evaluation of 15 topological descriptors across 26
datasets with six classifiers. TopoAgent analyzes input images and their
topological characteristics, reasons about which topological descriptors
best suit the input, and determines the optimal descriptor and its con-
figuration, all without task-specific training. To evaluate TopoAgent, we
introduce TopoBenchmark, a frozen benchmark of 113,182 samples
from 26 medical image datasets spanning five object types: cells, glands
and lumens, organ shapes, vessel trees, and surface lesions. Experiments
show that TopoAgent obtains 68.21% average balanced accuracy, out-
performing the strongest baseline by 9.32% and general-purpose LLMs
equipped with the same tools by over 21%.
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1 Introduction

Persistent homology (PH), a central tool in topological data analysis (TDA), cap-
tures geometric structural properties in images that conventional pixel-level deep
learning (DL) approaches often neglect [1,10,16,36,41]. In medical imaging, this
topological perspective has proven valuable for grading cancer [33,57], predicting
breast cancer survival [50], analyzing retinal vasculature [4], and classifying tis-
sue morphology [23,24], with growing adoption in other visual domains such as
shape analysis and materials science [52]. To make these topological insights ac-
tionable for downstream tasks, researchers rely on topological descriptors: meth-
ods that convert persistence diagrams (PDs) or raw images into fixed-length
topological feature vectors [5, 52]. A rich family of such descriptors is known,
including persistence images [2], persistence landscape [9], Euler characteristic
transform [54], and Minkowski functional [40], among others (see Supplemen-
tary for the complete descriptor taxonomy). However, each descriptor encodes
distinct geometric characteristics and entails specific mathematical properties,
hyperparameters, and failure modes. No single descriptor is universally effective
across all datasets [5] (e.g., see Fig. 1(a)). Thus, determining effective descriptors
for a given image dataset is an overwhelming challenge that demands a great
deal of expertise and effort.

This determination is challenging because it depends on the interaction be-
tween dataset-specific morphological characteristics (e.g., connected components,
loops, cavities) and each descriptor’s mathematical properties. In practice, users
must manually analyze dataset properties, choose among candidate descriptors,
tune hyperparameters, and produce topological feature vectors for downstream
tasks. With a large descriptor library and continuous parameter spaces, exhaus-
tive evaluation is prohibitive at the per-image level, making this trial-and-error
process time-consuming, expertise-dependent, and difficult to standardize.

Large language model (LLM)-based agentic frameworks offer a “natural” so-
lution. Modern agents integrate reasoning, tool use, memory, and iterative refine-
ment [49, 63], and medical AI agents have begun orchestrating domain-specific
tools for clinical analysis [18, 35, 59, 61]. Since descriptor determination requires
both high-level reasoning about data morphology and low-level computation
(e.g., PH and descriptor extraction), it aligns naturally with this paradigm. How-
ever, no existing agentic framework automatically computes PH, reasons about
topological structures, and produces topological feature vectors for downstream
tasks. General-purpose LLMs can describe topology in natural language but can-
not compute it without external tool integration [37], and even with tools, they
lack the empirical grounding to verify their determinations (e.g., see Fig. 1(b)).

Automating descriptor determination also requires systematic evaluation, but
prior studies typically assess a small number of descriptors on limited datasets
with varying preprocessing, classifiers, and evaluation metrics [5], making cross-
study comparisons unreliable. No standardized benchmark spans diverse medical
image morphologies with consistent criteria, leaving the community without clear
guidance on when specific topological descriptors excel or fail.




	TopoAgent: An Agentic Framework for Automated Topology Learning in Medical Imaging

