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Abstract
The vast chemical space, encompassing virtually innumerable molecules and materials, presents
both immense opportunities and significant challenges. The design and discovery of novel drugs
and functional materials may be viewed as a search within this space; however, the sheer scale
of potential candidates renders exhaustive exploration infeasible. To address this, we introduce
Chemical Mapper, a framework that integrates topological data analysis with deep learning to enable
the visual exploration and analysis of chemical latent spaces. At its core, Chemical Mapper employs
mapper, a widely used tool in topological data analysis, to investigate the organizational principles
of chemical latent spaces defined by molecular representations learned by geometric deep learning
models. In doing so, Chemical Mapper not only highlights groups of molecular representations but
also uncovers the relationships among them through linkages and branching structures. Our results
show that Chemical Mapper reveals intrinsic patterns associated with molecular scaffolds, functional
groups, and chemical properties, as well as the structural and functional evolutions of the molecules.
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1 Introduction

Navigating chemical space, which encompasses the immense number of compounds formed
by all possible atomic combinations, is both challenging and full of promise [10, 24, 42, 41].
For example, the GDB-17 dataset, which includes molecules composed of up to 17 atoms
of C, N, O, S, and halogens, already enumerates 166.4 billion structures [41]. Estimates
suggest that more than 1060 molecules could satisfy Lipinski’s rule-of-five and thus represent
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potential drug candidates. Even restricting attention to drug candidates of up to 30 atoms
yields a chemical space of about 1020–1024 compounds. This staggering diversity provides
an effectively unlimited reservoir of opportunities for novel drugs, functional materials, and
green technologies [24, 42]. Indeed, chemical space is widely regarded as the ultimate frontier
for drug discovery, as all approved drugs originate from exhaustive screening and refinement
of candidates within this vast molecular universe [42].

Understanding and navigating the vast landscape of chemical space is essential for
advancing drug discovery, materials science, and chemical engineering [3, 13, 24, 29, 44, 50, 52].
Broadly, there are two principal approaches for the visualization and analysis of chemical
space: global clustering and local topology.

Global clustering models are frequently built on dimensionality reduction techniques [14,
23]. For instance, the Chemical Space Project [41] employs PCA [34] to illustrate chem-
ical diversity, whereas ChemPlot [46], a Python library for chemical space visualization,
supports PCA, t-SNE [47], as well as UMAP [28]. Drug Discovery Maps (DDM) [20] ap-
plies t-SNE to visualize the molecular similarity of experimental drugs in chemical space.
More recently, AI-driven approaches have been adopted to study the chemical latent space,
which embeds molecule structures into a mathematical space defined by molecular features.
This chemical latent space captures structural diversity within chemical libraries and sup-
ports the exploration of broader chemical space for designing novel drug candidates [32].
Variational autoencoders (VAEs) have been widely used for both learning [15] and construct-
ing chemical latent spaces [32]. The overarching idea is to transform chemical structures
into low-dimensional or latent representations that preserve key structural and functional
properties, thereby enabling visualization, clustering, and analysis. A variety of clustering
methods [18, 19, 33] have been applied in this context. For example, Cheng et al. [9] used
unsupervised clustering with Gaussian mixture models (GMMs) to partition chemical space,
while Hadipour et al. [16] applied K-means [26] and BIRCH [51]—a scalable hierarchical
clustering algorithm—to group VAE-based molecular representations. A recent extension,
BitBIRCH [35], was shown to cluster 450,000 molecules in around 2.2 minutes.

In contrast, local topology models highlight connections at the level of individual com-
pounds [25, 27, 36, 43]. For example, interaction networks among proteins, ligands, RNAs,
DNAs, and other molecules are widely used to model chemical space. Beyond direct in-
teractions, molecular graphs can also be constructed based on structural similarity. While
these graph models can also support visualization and clustering, their key strength lies in
preserving local molecular connectivity, which is particularly valuable for molecular search,
optimization, and modification under structural or functional constraints.

The mapper construction [45] is a central tool in topological data analysis, offering a
topological summary that balances global clustering with local structure. As a discrete
analogue of the Reeb graph [2, 40], mapper provides a versatile framework for exploring and
analyzing high-dimensional data [4, 7, 30]. Unlike conventional clustering methods, it not
only identifies clusters but also encodes their interrelationships. Crucially, mapper preserves
the intrinsic topology of the data space, enabling the detection of subtle structural features
such as branches, chains, and loops that are often overlooked by dimensionality reduction
techniques. In its simplest form, the mapper graph represents clusters as nodes and their
overlaps as edges. Recently, mapper graphs have emerged as powerful tools for interpreting
the structure of deep learning activation spaces [5, 37, 38, 54, 55] and exploring the topology
of word embeddings [39].

We present Chemical Mapper, a mapper framework for the visual exploration and analysis
of chemical latent space. The central idea is to employ mapper graphs to investigate the
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organizational principles of chemical latent spaces learned by deep learning models. Specific-
ally, we focus on chemical latent space defined by molecular representations learned from
geometric deep learning models such as GEM (Geometry-Enhanced Molecular representation
learning, also referred to as the Geometry Embedding Model) [13], GraphMAE [17], and
Mole-BERT [48]. From these latent representations, we construct a mapper graph in which
each node denotes a cluster of molecule representations and each edge encodes the overlap
between clusters. Our analysis shows that edges in the mapper graph capture shared motifs,
substructures, or scaffold types, while topological patterns such as branches and chains reveal
systematic variations in functional groups and chemical properties.

In addition, Chemical Mapper enables the characterization of how molecular represent-
ations evolve during the pre-training and fine-tuning phases of deep learning models. By
comparing mapper graphs across training stages, we trace the progression of molecular
representations and assess their ability to generalize chemical properties. This provides new
insight into the latent chemical structures learned by deep models.

Overall, this work advances topology-driven molecular analysis, highlighting the value of
mapper graphs for both chemical space exploration and the interpretation of deep learning
models. Our findings emphasize the importance of integrating topological data analysis
with machine learning to achieve structured, interpretable molecular representations, thereby
paving the way for future developments in computational chemistry, materials discovery, and
AI-driven chemical modeling.

The source code and datasets associated with Chemical Mapper are publicly available
at https://doi.org/10.5281/zenodo.19241865, along with supplementary videos that
demonstrate its interactive exploration capabilities.

2 Materials and Methods

2.1 Datasets
To demonstrate the adaptability of our Chemical Mapper framework in exploring diverse
chemical latent spaces, we employ three chemical datasets in this study: (1) PubChem, a
large-scale molecular repository; (2) a toxicity dataset containing rat oral acute toxicity data;
and (3) a water solubility dataset with logS values that quantify how readily compounds
dissolve in water.

First, to illustrate the representational capability of mapper in capturing molecular
distributions, we focus on a randomly selected subset of two million chemical structures
from the PubChem database [21], a comprehensive repository of small molecules. Second, to
highlight the ability of Chemical Mapper to capture both molecular structures and associated
physicochemical properties, we incorporate two additional datasets from Deep-PK [31], which
focus on toxicity and water solubility. The toxicity dataset contains 10,130 molecules and
measures acute oral toxicity in rats, typically expressed as the lethal dose for 50% of test
animals (LD50). The water solubility dataset comprises 9,964 molecules, each labeled with
the logarithm of water solubility (logS) at 20-25◦C, expressed in log mol/L.

2.2 AI-Enhanced Chemical Structural Representations
For structural analyses using Chemical Mapper (Section 3.2), we employ GEM [13] as the
primary model for generating molecular structural representations. GEM utilizes a geometry-
based graph neural network (GNN) architecture enhanced with self-supervised learning
strategies designed to capture fine-grained molecular geometry. Molecular representations
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are produced using a pre-trained GEM model for two million molecules, each represented as
a 32-dimensional real-valued vector.

To further examine the training behavior of other geometric deep learning models, we also
evaluate GraphMAE [17] and Mole-BERT [48] under pre-trained and fine-tuned conditions
(Section 3.3). GraphMAE, inspired by masked autoencoding techniques in natural language
processing, learns effective graph representations through self-supervised learning by masking
portions of node features and training the network to reconstruct them. In contrast, Mole-
BERT adopts a transformer-based architecture to capture rich structural and chemical
information. Drawing inspiration from BERT, it employs masking strategies to model
contextual relationships within molecular graphs, enabling more flexible and comprehensive
molecular feature learning.

2.3 Mapper Algorithm
The mapper construction is a powerful topological data analysis technique that captures the
intrinsic shape of high-dimensional datasets [45]. Its 1D form, the mapper graph, provides a
simplified graphical summary of complex point clouds, where nodes represent clusters and
edges capture overlapping relationships among them. When applied to chemical space, the
mapper graph enables hierarchical exploration of molecular scaffolds, functional groups, and
properties, revealing meaningful topological patterns and chemical insights.

The mapper algorithm takes as input a high-dimensional point cloud X equipped with
a real-valued function f : X → R, referred to as a filter function. It produces a graphical
summary of X in the form of a mapper graph, where each node represents a cluster interpreted
as a topological neighborhood, and an edge connects two nodes if their corresponding
neighborhoods overlap.

We illustrate the construction of a mapper graph using a 1D point cloud X sampled
from the letter Y, rendered in a mathematical script font. As shown in Figure 1 (left),
X is equipped with a height function f , which serves as the filter function. To obtain a
topological summary of X, we begin with a finite cover V = {V1, V2, . . . } of f(X), formed
by a set of partially overlapping intervals such that f(X) ⊆

⋃
j Vj (see Figure 1, middle).

For each interval Vj , we consider the clusters induced by points in f−1(Vj); these clusters
form a finite cover U = {U1, U2, . . . } of X such that X ⊆

⋃
j Uj , highlighted by rectangles.

For example, points in f−1(V1) form two clusters, U1 and U2, while those in f−1(V2) yield
four. The 1D nerve of U defines the mapper graph in Figure 1 (right), where each cluster Ui

corresponds to a node i, and an edge connects nodes i and j whenever clusters Ui and Uj

have a nonempty intersection. For example, an edge connects the nodes representing clusters
U2 and U3. The resulting mapper graph captures key topological features of the letter Y,
including its branching and looping structures.

In our study, we use the l2-norm as the filter function, which quantifies how strongly a
model is activated by an input molecule and has been shown to yield meaningful insights
when analyzing latent representations in deep learning [38, 39]. Given a fixed filter function,
the mapper graph construction is determined by: (1) the number of intervals and their
overlap, which control the resolution of the cover; and (2) the parameters of the clustering
algorithm. The overlap among cover elements is crucial for maintaining connectivity among
topological neighborhoods at a given resolution, thereby revealing both local and global
topological structure. In practice, we employ DBSCAN [12] for clustering, with parameters ϵ

and minPts, where ϵ defines the neighborhood radius determining how close points must be
to belong to the same cluster, and minPts specifies the minimum number of points required
to form a dense cluster. See Section 4.1 for a discussion on parameter turning.
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Figure 1 A simple illustration of mapper graph construction. Left: a point cloud X is equipped
with a height function f . Middle: a cover U = {U1, U2 . . . } of X is induced by a cover V = {V1, V2, . . . }
of f(X) consisting of 6 intervals with 25% overlap. Right: the 1D nerve of U yields the mapper
graph.

3 Results

3.1 Topological Data Analysis with Mapper

The mapper construction offers a key advantage in its ability to integrate topological structure
into clustering analysis. As an initial study, we compare t-SNE [47] and mapper [45] for
visualizing the chemical space of molecular representations.

Our study uses two million chemical structures from the PubChem database [22], com-
prising ten distinct scaffolds (i.e., core molecular frameworks), each represented by 200,000
molecules. Each chemical graph is converted into a 32-dimensional feature vector using the
pre-trained GEM model. Detailed experimental settings are provided in Section 2.

Figure 2 Application of t-SNE to two million chemical structures from the PubChem database.
The embedding reveals scaffold-based clusters but offers limited insight into both intra- and inter-
cluster relationships.
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In the t-SNE visualization shown in Figure 2, each data point is colored by its chemical
scaffold. In contrast, the mapper graphs used throughout this work represent each node as a
group of molecular representations, visualized as a pie chart whose color proportions reflect
the distribution of scaffolds within the node (see Figures 10 and 11), except in Section 3.2.3.
Nodes rendered in a single color indicate high purity, meaning all molecules share the same
scaffold (e.g., the mapper graph in Figure 5 contains only one impure node out of 5,104
total nodes). Although nodes are displayed with a uniform size by default, they may contain
varying numbers of molecules, and their sizes can be adjusted if needed. The corresponding
scaffold colormap, along with representative molecular structures, is shown in Figure 3.

Figure 3 Scaffold colormap with representative molecular structures.

While t-SNE organizes molecular representations into ten well-separated clusters, it does
not capture relationships among them. In contrast, the mapper graph in Figure 5 reveals
both inter- and intra-cluster connectivity and exposes finer-grained topological features—
such as branches, chains, and loops—that capture meaningful structural distinctions within
the chemical space. By capturing both local and global organization, the mapper graph
offers a more comprehensive view of molecular structure, surpassing the representational
capacity of conventional clustering methods. In subsequent sections, our results demonstrate
that the mapper graph effectively uncovers topological organization within the chemical
space, revealing clusters and their relationships and providing deeper insights into molecular
structure and function (see Sections 3.2 and 3.3 for details).

3.2 Mapping GEM Chemical Latent Space with Mapper
We integrate molecular representations learned from geometric deep learning models into
the mapper algorithm to create an exploratory framework, Chemical Mapper. As illustrated
in Figure 4, the workflow begins with molecular datasets from which latent representations
are extracted using deep learning models. These representations form a high-dimensional
point cloud that is analyzed using the mapper algorithm. The resulting mapper graph
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captures relationships among scaffolds, functional groups, and molecular properties. Down-
stream analyses leverage this graph to reveal structural patterns and property distributions,
highlighting the framework’s capacity to uncover organizational principles within chemical
latent space.

Solubility

Figure 4 The workflow of the AI-enhanced Chemical Mapper for chemical space analysis. From
left to right: input of molecular structures; extraction of molecular representations using geometric
deep learning models; application of the mapper algorithm to the resulting chemical latent space to
construct a mapper graph; and downstream analysis of chemical structures and properties (such as
solubility and toxicity) informed by the topology of the mapper graph.

We analyze a large-scale dataset of two million molecules spanning ten scaffolds from
the PubChem database [22]. Each molecule is embedded into a 32-dimensional latent space
using a pre-trained GEM model. Figure 5 shows the mapper graph constructed from these
representations using 100 intervals with 50% overlap, ϵ = 1, and minPts = 10.

Figure 5 Mapper graph of two million molecular representations from a pre-trained GEM model.
The left visualization uses an anchored layout, while the right shows the same graph with a force-
directed layout. Numbered regions on the right are examined in detail in subsequent sections.

In Figure 5(left), the mapper graph is drawn using an anchored layout, where each
node is initialized at the mean of the 2D t-SNE coordinates of its assigned data points,
effectively grounding the graph in the underlying embedding. Figure 5(right) shows the
corresponding force-directed layout, which refines this initialization by iteratively adjusting
node positions through attractive forces along edges and repulsive forces between nodes to
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improve separation and reduce visual clutter. For the remainder of the paper, we use the
force-directed layout, as it yields clearer and more interpretable visualizations.

We analyze the topological structure of this graph and its relationship to variations in
the chemical latent space, focusing on connected components (Section 3.2.1) and branches
(Section 3.2.2). We further examine how the graph organization correlates with chemical
functions and properties such as toxicity and solubility (Section 3.2.3).

3.2.1 Exploring Connected Components in Chemical Latent Space

As illustrated in Figure 5, the mapper graph consists of multiple connected components, each
corresponding to a group of molecules sharing a common scaffold in the latent space. Within
a given scaffold, molecules further partition into components of varying sizes, revealing
finer-grained structural distinctions.

Figure 6 highlights four connected components, each containing representative molecules
drawn from a shared scaffold but distinguished by their functional groups. The top-left
component is enriched with molecules featuring amide bonds (O=C–NH–), whereas the
bottom-left component consists exclusively of molecules containing sulfate groups (O=S=O).
On the right, the top component contains molecules that consistently feature a combination
of carboxylic acid (O=C–OH), epoxide (–C–O–C–), and halide substituents. The bottom-
right component similarly comprises molecules that simultaneously contain nitro groups
(O–N(=O)–O), carboxylic acid, and halide substitutions. This demonstrates that a component
can be characterized by a set of functional groups rather than a single one. Together, these
topological patterns indicate that the GEM model has learned not only to separate molecules
by their underlying scaffolds but also to organize them hierarchically according to their
functional groups.

Figure 6 Four chain-like connected components with representative molecules identified by
Chemical Mapper on the pre-trained GEM model. The components on the left are extracted from
region 1 in Figure 5 (right), while the components on the right correspond to regions 9 (top) and 7
(bottom), respectively.
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3.2.2 Exploring Chains and Branches in Chemical Latent Space
A chain in a mapper graph refers to a linear arrangement of nodes forming a sequential,
chain-like structure, whereas branches are chains that emerge from a common source node.
We investigate the evolution of chemical structures across mapper edges in the latent space
by analyzing these chains and branches in the mapper graph.

The components shown in Figure 6 exhibit chain-like topologies, each consisting of a
nearly linear sequence of nodes. In the top-left component, the number of amide bonds
(O=C–NH–) within the molecules gradually increases from one end of the chain to the other.
The GEM model not only groups molecules with a dominant presence of amide bonds into
the same component but also differentiates them according to the number of such bonds.
This represents a specific instance of a broader pattern in the chemical space, where similar
trends are observed across multiple regions of the mapper graph.

Figure 7 Four connected components with prominent branching structures identified by
Chemical Mapper on the GEM model. The components are extracted from region 5 (top-left),
region 8 (right), region 4 (bottom-left), and region 2 (bottom-right) in Figure 5 (right). Branches
are highlighted using numbered boxes, and representative molecules are displayed adjacent to their
corresponding branches or indicated with arrows.

In contrast, branches in the mapper graph represent bifurcations that correspond to
distinct functional groups. As shown in Figure 7, the numbered branches (highlighted
by boxes) reveal fine-scale structural variations among molecular clusters. The top-left
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component features multiple branches that share the same scaffold (c1ccc(Cc2ccccc2)cc1) but
differ in their functional groups. Specifically, branch 1 contains molecules with fluoride groups
(–F), whereas branch 4 includes molecules with carboxylic groups (COOH). Branches 5 and 6
emerge from the branching node b, with branch 5 comprising molecules rich in quaternary
carbon groups and branch 6 containing molecules with long carbon chains.

These bifurcations not only distinguish functional groups with markedly different chemical
structures but also separate those with closely related frameworks that differ only by atomic
composition. For instance, from the branching node a, branch 2 primarily contains molecules
with chloride (–Cl) and trichloride (–CCl3) groups, whereas branch 3 consists of molecules
featuring trifluoride (–CF3) groups.

Similarly, the top-right component in Figure 7 displays multiple branches that reflect
comparable bifurcation patterns of functional groups. Branches 1, 2, and 3 originate from
node a, containing molecules characterized by long carbon chains, amides (O=C–NH–),
and alcohols (–OH), respectively. Branches 5 and 6 bifurcate from node b, with branch 5
including molecules containing chlorides (–Cl) and branch 6 those containing bromides (–Br).
Branch 4 comprises molecules with a prominent presence of fluoride (e.g., –F, –CF5) groups.

Similarly, the bottom-left component of Figure 7 is composed of molecules with a high
halogen content, and it is notable that all halogen-bearing molecules cluster together within
a single component. Within this component, the mapper graph indicates a hierarchical
separation of molecules according to the specific halogen substituent. Branch 1 consists
of molecules featuring fluorine (–F), branch 2 contains molecules with chloride (–Cl), and
branch 3 includes those with bromine (–Br). Notably, branches 2 and 3 both emerge from
node a. Although they differ in the halogen substituent, their molecules remain structurally
similar because the halogens are directly attached to the underlying aromatic scaffold.
Branch 4 comprises molecules that contain both fluorine (–F) and sulfone (O=S=O) groups.
Branches 1 and 4 originate from node b, reflecting their shared fluorine-containing molecules.

A similar pattern of organization appears in the bottom-right component of Figure 7.
Branches 1, 2, and 3 contain molecules enriched in phosphate (PO4) and long carbon chains,
carboxylic acid (O=C–OH), and aldehyde (O=CH) functional groups, respectively. In
contrast, branches 4, 5, and 6 all contain amide functional groups (O=C–NH–). Rather than
forming a single branch, these three branches diverge hierarchically, reflecting additional
chemical variations among the molecules. Branch 4 diverges first at node a, indicating the
presence of a prominent phosphoryl functional group (PO2), in addition to the amide group.
From the remaining branch emerging from node a, a further split occurs at node b. This
subsequent bifurcation reflects an additional layer of chemical variation: branch 5 contains
molecules featuring sulfur substituents (–S–), whereas branch 6 includes molecules enriched
in carboxylic acid functional groups (O=C–OH). This hierarchical branching structure shows
how the mapper graph progressively separates molecules based on both their dominant and
secondary functional groups.

3.2.3 Mapper for Chemical Function Analysis
Given the strong relationship between molecular structure and chemical function, mapper
graphs provide a powerful framework for interpreting chemical properties. We use the
water solubility and toxicity datasets from Deep-PK [31], comprising 9,964 molecules with
solubility labels and 10,130 molecules with toxicity labels. Both properties are reported on a
logarithmic scale. Using these datasets, we train the GEM model [13] to predict properties
for the two million molecules analyzed in this study. Specifically, 90% of the labeled data are
used for training and the remaining 10% for validation, with model parameters optimized
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based on validation performance. Once the GEM model reaches its optimal accuracy, it is
employed to predict water solubility and toxicity for unlabeled molecules, thereby assigning
property labels to previously uncharacterized chemical structures for downstream analysis.

Figure 8 Four connected components with prominent branching structures or chains identified
by Chemical Mapper and colored according to averaged chemical properties. The components
are extracted from region 10 (top-left), region 6 (top-right), region 3 (bottom-left), and region 2
(bottom-right) in Figure 5 (right). Branches are highlighted with numbered boxes, and representative
molecules are displayed adjacent to their corresponding branches or indicated with arrows.

Our key finding is that the mapper graph effectively visualizes the organization of
molecules with similar chemical properties into cohesive regions, while molecules spanning
different property ranges are distributed across distinct branches. This organization aligns
closely with structural characteristics: the branching patterns in the mapper graph reflect
variations in functional groups, the primary determinants of chemical behavior.

Figure 8 illustrates four connected components from the mapper graph in Figure 5. In
the top panel, nodes are colored by molecular toxicity, and in the bottom, by water solubility;
colormaps are adjusted for each component to better highlight diversity. In both cases, nodes
within each branch share similar colors or exhibit gradual color transitions, indicating smooth
variation in the corresponding property. In Figure 8 (top-left), branch 1 contains highly toxic
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molecules, likely due to the strong presence of fluoride groups (–F). Branch 2, which shows
higher toxicity than branch 3, is enriched with bromide-containing (–Br) molecules, while
branch 3 is characterized by chloride (–Cl) substitution. Branch 4 is particularly notable:
toxicity increases progressively along the branch. Although all molecules in this branch
contain fluoride groups, the less toxic end includes additional functional groups, whereas the
highly toxic end consists solely of fluoride-bearing (–F) molecules. Representative molecular
structures are displayed alongside each branch.

In Figure 8 (top-right), the component forms a single linear chain in which toxicity
increases steadily along its length. This gradual rise in toxicity parallels the chemical trend
observed in the structures: all molecules in the chain contain fluorine substituents (–F), but
the number of fluorine functional groups increases progressively from one end of the chain
to the other. As a result, molecules at the high-toxicity end exhibit a substantially heavier
fluorine presence compared to those at the low-toxicity end.

A similar pattern is observed in the component in Figure 8 (bottom-right). Within
each branch, nodes display uniform or gradually changing colors. Branch 1 consists of
highly soluble molecules, primarily due to the presence of alcohol (–OH) and amine (–NH2)
groups. Branch 2 also contains highly soluble molecules, likely attributable to phosphate
(–PO4) groups. This is interpretable, as phosphate-containing molecules (–PO4) appear
in high-solubility regions, due to their charged and polar nature. These functional groups
correspond to identifiable subgraphs (C–O–H and P–O–O patterns) that the GEM model
learns to encode, forming distinct branches in the mapper graph. In Area 3, the branches
are dominated by molecules with halide substitutions (e.g., –Br, –F) or very long carbon
chains (–(CH2)n–), which generally correspond to low water solubility. Branch 4 contains
molecules of moderate solubility, as they appear to contain sulfone (–SO2–) groups that
increase solubility, but also halides that reduce it, resulting in an intermediate solubility
profile.

A comparable pattern emerges in Figure 8 (bottom-left) component, where each branch
contains molecules with either uniform or smoothly varying solubility levels. Branch 1
consists of molecules with low solubility, primarily due to the presence of nitro groups (–NO2).
Branch 2, which also contains nitro-bearing (–NO2) molecules, exhibits moderately higher
solubility because these molecules additionally feature amine functional groups (–NH2),
which enhance aqueous solubility. Note, branches 1 and 2 diverge from node b, reflecting
their shared nitro substitution. Area 3 contains three branches, each composed of molecules
with high solubility. These molecules predominantly feature epoxide (–C–O–C–), alcohol
(–OH), or amide (O=C–NH–) functional groups. All three branches emerge from node a,
consistent with the fact that their molecular structures are closely related, differing mainly
in the specific solubility-enhancing functional group present.

Finally, for completeness, we present the full mapper graph of the chemical latent space
from the pre-trained GEM model, where nodes are colored according to predicted toxicity
(left) and solubility (right) in Figure 9.

3.3 Exploring Chemical Latent Spaces from Different Learning Models
In this section, we demonstrate how mapper graphs can serve as a powerful tool for charac-
terizing and evaluating molecular representations learned by geometric deep learning models
such as GraphMAE and Mole-BERT. We further show that mapper graphs enable qualitative
comparisons of the learning capabilities between pre-trained and fine-tuned models.

Following the procedure for the GEM model (Section 3.2), we apply Chemical Mapper
to the molecular representations of the same two million molecules from the PubChem
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Figure 9 Mapper graphs of molecular representations from the pre-trained GEM model, computed
using the same experimental settings as in Figure 5. Nodes are colored according to molecular
toxicity (left) and solubility (right), as discussed in Section 3.2.3 and Section 2.

Figure 10 Partial views of mapper graphs derived from latent representations of the pre-trained
(left) and fine-tuned (right) GraphMAE models. Fine-tuning refines and restructures the latent
space, revealing its evolution during training. Both graphs are computed with 500 intervals, 40%
overlap, and DBSCAN parameters ϵ = 5 and minPts = 5.

database [22], learned by the pre-trained GraphMAE model. A subgraph of the resulting
mapper graph is shown in Figure 10 (left), where each node is represented as a pie chart
indicating the distribution of molecular scaffolds within that node. Each node clearly contains
a mixture of scaffolds, suggesting that the pre-trained GraphMAE model does not separate
the chemical space according to scaffold structure (cf. Section 3.2.1). Moreover, the mapper
graph exhibits no clear branching patterns, in contrast to the structured branches observed
for the GEM model (Section 3.2.2).

Subsequently, the pre-trained GraphMAE model is fine-tuned on the task of predicting
molecular scaffolds, and representations for the same two million molecules are extracted
from the fine-tuned model. Using identical parameters, a new mapper graph is constructed.
Figure 10 (right) shows a portion of this graph, where the nodes are noticeably more
homogeneous, with molecules sharing the same scaffold clustering together. Fine-tuning the
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GraphMAE model, therefore, induces a clearer partitioning of the chemical space according
to molecular scaffolds. The resulting mapper graph contains 1,606 nodes—a substantial
increase from the 420 nodes in the mapper graph of the pre-trained model—indicating that
fine-tuning expands the representational space and more effectively separates molecules with
different scaffolds.

Furthermore, the mapper graph derived from the fine-tuned model consists predominantly
of chains and exhibits few branches. As discussed in Section 3.2.2, branching in the chemical
space reflects distinctions among functional groups. Because the fine-tuning task focuses
solely on scaffold prediction and does not consider functional groups, the lack of branching
suggests that the chemical space is organized primarily around scaffold structure rather than
functional group variation.

Figure 11 Partial views of mapper graphs of molecular representations from the pre-trained (left)
and fine-tuned (right) Mole-BERT model. Nodes are colored by scaffolds.

We conduct a similar experiment with Mole-BERT on the same two million PubChem
molecules, obtaining results qualitatively consistent with GraphMAE. Figure 11 compares
mapper graphs from the pre-trained (left) and fine-tuned (right) Mole-BERT models for the
scaffold classification task.

For completeness, we may also compare the pre-trained and fine-tuned GEM model.
Figure 12 shows the complete mapper graph of the chemical latent space derived from the
GEM model fine-tuned on the scaffold classification task, with nodes colored by molecular
scaffolds. We perform a comparative analysis between the pre-trained and fine-tuned GEM
models. As shown in Figure 5 and Figure 12, the mapper graph of the fine-tuned GEM
model exhibits the same qualitative trends observed in the pre-trained model (Section 3.2):
molecules with different scaffolds remain clearly separated into distinct connected components,
and branching structures continue to reflect variations in functional groups.

Because the chemical space produced by the pre-trained GEM model already partitions
molecules according to scaffolds (as shown in Figure 5), fine-tuning on this task does not
substantially affect the purity of the cluster nodes. However, comparing the mapper graphs
in Figure 5 and Figure 12 reveals notable topological changes. Certain scaffold classes
become more dispersed, exhibiting a larger number of isolated nodes and fewer interconnec-
tions (e.g., c1ccccc1), whereas others contract significantly (e.g., c1ccc(-c2ccccc2)cc1 and
c1ccc(COc2ccccc2)cc1). Investigating the causes and implications of these topological changes
represents an important direction for future research.

4 Conclusion, Discussion and Future Work

In conclusion, the immense size and complexity of chemical space present substantial chal-
lenges for analysis and discovery. In this work, we introduce Chemical Mapper, a mapper
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Figure 12 Mapper graph of molecular representations from the fine-tuned GEM model, colored
by molecular scaffolds.

framework that enables effective visualization, search, exploration, and interpretation of
chemical latent spaces. Our approach offers several key advantages. First, similar to tradi-
tional clustering methods, the mapper graph organizes molecules with similar properties into
coherent groups. Second, beyond simple clustering, the graph’s topological structures, such as
connected components and branches, capture the continuous variations and evolution among
molecular structures. Third, by jointly encoding both structural clustering and topological
organization, mapper graphs provide a powerful lens for understanding chemical functions
and properties. Finally, Chemical Mapper serves not only as an analysis tool but also as a
diagnostic framework for evaluating chemical representations: it allows qualitative assessment
of how well deep learning models capture meaningful chemical patterns.

Our framework provides a principled and interpretable approach for navigating chemical
latent space, revealing its intrinsic organization and supporting both the development and
evaluation of molecular deep learning methods. We conclude with a discussion of parameter
tuning, stability, extensibility, and opportunities for enhanced human–AI collaboration.

4.1 Parameter Tuning
The Chemical Mapper framework involves several key parameters: the number of intervals
m, the percentage of overlap p, and the DBSCAN clustering parameters, including the
neighborhood radius ϵ and the minimum number of points minPts required to form a core
point. These parameters are collectively denoted as (m, p, ϵ, minPts). In practice, they are
often hand-tuned (as in this study), with best practice being to select values within ranges
where the mapper graph structures (such as branches, loops, and connected components)
remain stable. Prior works have investigated automated parameter selection for mapper
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graphs [1, 6, 7, 8], and ϵ can be estimated using the elbow method [12, 53].

4.2 Stability

Theoretical studies have investigated the structural stability of mapper graphs [4, 7] and
their multiscale variants [11]. In particular, mapper graphs are stable under perturbations of
the data (X, f), with stability depending on how the cover U aligns with the critical values
of f [4]. However, these theoretical guarantees rely on statistical assumptions that are often
not satisfied in real-world datasets. Motivated by this gap, we provide empirical evidence of
stability in Figure 13.

Figure 13 Two examples of local branches in mapper graphs generated under varying parameter
settings (m, p, ϵ, minPts), where p, ϵ, and minPts are fixed and m varies from 95 to 105. In both top
and bottom cases, a component with the same branching structure and the same set of molecules
persists across different m values, illustrating the stability of the mapper construction.

Building on these findings, we examine the stability of mapper graphs under varying para-
meter configurations using two million molecular representations from PubChem, generated
by the pre-trained GEM model (same as the dataset used in Section 3). As shown in Figure 13,
local branches in the mapper graphs remain consistent across suitable ranges of m, where
each branch corresponds to molecules sharing a functional group, indicated alongside the
branch. In particular, the first row in Figure 13 highlights connected components containing
molecules with –O– and –(O=S=O)– functional groups, exhibiting the same bifurcation
pattern across three values of m. Similarly, the second row in Figure 13 shows a bifurcation
between molecules containing –F and –Cl groups across different interval numbers.

Overall, this experiment provides an initial demonstration of the robustness of the mapper
framework in capturing chemically meaningful topological structures across parameter settings.
Although parameter variations affect the granularity of branching, the key separations
corresponding to distinct functional groups remain stable. Future work should investigate
how chemical semantics relate to parameter choices, guiding principled parameter selection
and further enhancing the mapper’s interpretability and applicability in cheminformatics.
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4.3 Extendability and Human-AI Collaboration
We plan to extend Chemical Mapper to study structural motifs beyond scaffolds, including
functional groups as well as aromatic and reactivity motifs. The recent Explainable Mapper
framework [49] provides an effective strategy for analyzing high-dimensional latent spaces
by integrating topological representations with agentic large language model (LLM)–based
explanations. In the chemical domain—where latent spaces may encode relationships among
molecular structure, reactivity, and function—this approach opens up rich opportunities for
human–AI collaboration. In such a setting, rather than relying solely on human experts to
explain mapper elements (Section 3.2), agents powered by LLMs or VLMs (Vision–Language
Models) can propose distinguishing descriptors (e.g., fingerprints, substructures, or property
ranges) and generate hypotheses about the chemical attributes that unify a given mapper
element—such as the connected components, chains, and branches described in Section 3.2.
Human experts can then validate or refine these hypotheses using their domain knowledge.
We leave this direction for future work.
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