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Abstract

Recent philosophical work on explainable Al has explored mechanistic methods
targeting the causal structure of deep neural networks. However, the ever-growing
complexity of deep learning models challenges purely decompositional strategies.
This paper advances an alternative perspective based on topological explanations—
an approach that both complements and, in some respects, surpasses the mechanis-
tic perspective. By examining how topological properties of deep neural networks
relate to model behavior in a non-causal, abstract, and counterfactual manner, I
argue that this framework is particularly well suited to addressing why-questions
in Al contexts. Drawing on cases of model-driven and data-driven explanations, I
show that the topological explanatory strategy offers distinctive epistemic advan-
tages for explainability research.

Keywords Topological explanation - Explainable artificial intelligence - Deep
neural networks - Topological data analysis - Topological deep learning

1 Introduction

In recent years, deep learning has become the dominant approach in artificial intel-
ligence (Al). A persistent challenge, however, is the black box problem, which stems
from the opacity of deep neural networks (DNNs) containing millions or even bil-
lions of parameters learned through automated training. Despite their predictive suc-
cess, the complexity of these systems renders their internal workings inscrutable.
Researchers have focused on explainable AI (XAl), seeking ways to validate
opaque Al systems and make their behavior understandable to stakeholders (Adadi &
Berrada, 2018). Despite significant technical advancements (e.g., Gilpin et al., 2018;
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Linardatos et al., 2020; Montavon et al., 2018), the field still lacks solid conceptual
foundations and integration with established accounts of scientific explanation (Eras-
mus et al., 2021). Many current XAI methodologies excel at generating approximate
local explanations but fail to provide a holistic understanding of complex Al systems
(Mittelstadt et al., 2019). Thus far, Al explanations have predominantly followed a
technology-focused approach, often disregarding established theories and insights
from philosophy (Miller, 2019).

Recent philosophical work has proposed interpreting XAl through a mechanis-
tic lens (Erasmus et al., 2021; Késtner & Crook, 2024; Milliére & Buckner, 2025).
However, given the epistemic limitations and intrinsic complexity of DNNs, purely
mechanistic frameworks are unlikely to address all relevant forms of opacity (cf.
Rabiza, 2026). This paper therefore advances an alternative perspective grounded in
topological considerations, which can complement and, in some respects, surpass the
explanatory reach of mechanistic approaches.

Specifically, I examine recent advances in explainable deep learning that employ
graph-theoretic and network-analytic methods, arguing that the resulting accounts
can qualify as fopological explanations in the sense articulated by Kosti¢ (2018a,
2022). To demonstrate the value of this framework, I analyze candidate model-driven
and data-driven topological explanations of DNNs. The latter are especially impor-
tant, as data explainability—understood as clarifying the structure, distribution, and
salient features of datasets—has received limited attention despite its substantial
impact on model opacity and performance.

Although topological techniques are widely used in deep learning, their explana-
tory value has been largely overlooked by XAI theorists. Topological explanations
appeal to high-level structural features that, while more abstract than many alterna-
tive explanatory strategies, are linked to performance outcomes through counterfac-
tual dependence. This abstraction confers notable epistemic advantages. It reduces
the number of variables that must be tracked, supports generalization across diverse
cases, and avoids reliance on system-specific parameters. By foregrounding structural
relations, topological explanations facilitate the formulation of general principles
governing model behavior across contexts. More broadly, they offer a distinctive,
non-causal explanatory framework with relevance beyond XAl, thus holding signifi-
cance for philosophers of science.

The structure of the paper is as follows: Sect. 2 provides a minimal account of
topological explanation, clarifying how mathematical properties describe the opera-
tions of complex, interconnected systems. Section 3 conceptualizes the explainability
of DNNs through a topological lens, discussing candidate data-driven and model-
driven explanations. Section 4 addresses potential objections. Section 5 examines
the epistemic significance of topological explanations for the XAl research agenda.
Section 6 concludes the paper.
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2 A minimal account of topological explanation

Topological explanations, also known as network explanations, constitute a form
of mathematical and structural explanation that focuses on topological properties
of complex systems. By quantifying networks using graph theory and other formal
methods, they aim to reveal how patterns of connectivity in highly interconnected
systems shape global behavior and system dynamics. Their emergence is closely tied
to the rise of network science across multiple disciplines, in which the analysis of
structural features has become central to understanding complex phenomena.

Topology, in this context, refers both to structural properties of networked systems
related to their connectivity and to features that remain invariant under bicontinu-
ous transformations. In the sense commonly used in network science, topology con-
cerns connectivity patterns in a graph independently of spatial embedding. Graph
properties are described as “topological” insofar as they capture invariant aspects
of relational organization. In the strict mathematical sense, topology studies fopo-
logical spaces—sets equipped with collections of open subsets satisfying specific
axioms—which ground the notions of continuity and homeomorphism. Two spaces
related by a homeomorphism are topologically equivalent: although they may differ
geometrically, they share the same qualitative structure. Accordingly, this paper treats
topological properties as those that remain unchanged under transformations that pre-
serve the relevant notion of structure, whether in continuous topological spaces or
discrete network structures.

Topology provides a rigorous framework for characterizing both discrete graph
structures and high-dimensional data spaces without reducing them to geometry
or physical layout. Drawing on graph-theoretical, network-scientific, and algebraic
methods, topological analyses can uncover deeper insights into the underlying archi-
tecture and internal dynamics of highly interconnected systems (Carlsson, 2009).
For example, they can identify hub nodes, which possess disproportionately many
connections, as well as motifs, understood as recurring connectivity patterns. Among
graph-theoretical measures commonly used in network analysis are average path
length, defined as the mean number of edges required to connect pairs of nodes,
and clustering coefficients, which quantify the tendency of nodes to form tightly
connected groups. Beyond connectivity patterns, topological properties may also
concern shape invariants such as the number of holes, compactness, orientability,
separability, or dimensionality.

One of the most elaborate explications of the theory of topological explanation has
been provided by Kosti¢ (2022). According to a minimal version of his framework,
an explanation of a physical fact is a function of the system topology insofar as it
reveals counterfactual dependencies between topological properties and empirical
characteristics.! Kosti¢ proposes the following counterfactual explanatory schema
(the T-schema) for analyzing topological explanations:

'K osti¢ (2018b) characterizes this relation in terms of topological realization: a system S realizes a topol-
ogy T when the elements of S are interconnected in ways that instantiate the characteristic pattern of
connectivity of 7. On this view, topological explanations ultimately rest upon properties of the realized
topological structure itself.
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a’s being F topologically explains why b is G (a and b are often identical) if and
only if:

(T1) ais F (where F'is a topological property);

(T2) bis G (where G is an empirical property);

(T3) Had a been F’ (rather than F), then b would have been G’ (rather than G);
(T4) That a is F is an answer to the question why is b G (Kostié, 2022, p. 97).

Each condition of the T-schema serves a specific purpose. Condition T1 distin-
guishes the properties considered explanatory, thereby determining whether an
explanation is topological or of some other kind. T2 ensures that G is a valid sci-
entific explanandum, representing a description of an empirical phenomenon. T3
secures explanatoriness by capturing counterfactual dependency relations. Finally,
T4 provides contextual criteria for using the counterfactual via one of two explana-
tory modes: horizontal and vertical. The horizontal mode (T4H) relates topological
and empirical properties at the same level, while the vertical mode (T4V) connects
them across a range of levels.

The distinction between the vertical and horizontal explanatory modes is exem-
plified by local and global properties of a network. Local properties refer to spe-
cific parts of a network, while global properties pertain to the characteristics of the
whole network. For instance, the node degree, which measures the number of edges
connected to a single node, represents a local topological property. Conversely, the
average path length serves as an example of a global property. Understanding these
distinctions is important, as it allows us to comprehend how various levels of a sys-
tem are functionally interrelated and the extent to which external changes affect these
levels. Vertical and horizontal explanatory modes can yield complementary multi-
level explanations, offering insights into the behavior of complex systems.

Explanations conforming to the T-schema are, in general, non-causal. Although
one might say that topological properties “cause” outcomes in a counterfactual sense,
equating such modal dependence with productive causation would be misleading.
As Huneman (2010) emphasizes, claiming that the topology of food webs causes
particular resilience properties differs fundamentally from tracing the propagation of
concrete perturbations in species interactions through a system to restore community
structure. While system topology can sometimes shape causal capacities, many pro-
ponents of topological explanation maintain that there are cases in which topological
properties provide explanatory leverage independent of causal considerations (Darra-
son, 2018; Huneman, 2010, 2018a, b; Kosti¢, 2018a, b, 2022; Kosti¢ & Khalifa,
2023; Ross, 2021).

If an explanation is non-causal, the required dependency must be secured by other
means. Identifying a topological feature F"and its correlation with an outcome G may
satisfy conditions T1 and T2 of Kosti¢’s schema, but it is insufficient for T3, which
requires showing that G counterfactually depends on F. Even strong, stable correla-
tions can be nonexplanatory if ' does not make a difference to G, as illustrated by
Salmon’s well-known barometer—storm example. Satisfying T3 therefore requires
showing that a variation in F would change G, ideally through intervention (but cf.
Mikhalevich, 2025). Where this is not possible, explanatoriness must be supported

@ Springer



Synthese (2026) 208:54 Page 5 of 30 54

non-interventionally through convergent empirical evidence, simulation, plausible
functional or causal reasoning, or arguments from mathematical necessity that non-
arbitrarily constrain the outcome while supporting relevant counterfactuals.

When discussing novel forms of scientific explanation, philosophers of science
often position them within established scientific disciplines such as physics or molec-
ular biology. Although graph theory is not a distinct scientific discipline with unique
empirical content, it gives rise to a distinctive form of explanation that transcends
traditional disciplinary boundaries. Many methodologists maintain that certain math-
ematical representations can yield epistemically distinctive explanations not con-
fined to any single empirical domain (Batterman & Rice, 2014; Humphreys, 2014,
Ladyman et al., 2007; Lange, 2009; Rathkopf, 2018; Rice, 2021; but cf.; Kuorikoski,
2021). Topological explanations are abstract enough to enable explanatory inferences
that are not confined to a particular discipline, offering a domain-general, representa-
tion-centric, non-causal approach to explanation.

Traditionally, scientific fields in which topological explanations might be applied
have been dominated by other approaches, such as mechanistic explanations in neu-
roscience (Kosti¢ & Halffman, 2023). However, the growing significance of network
modeling in fields like social science, cell biology, molecular genomics, and neuro-
science highlights the potential of topological explanatory practices. As interest in
network methods rises across scientific domains, philosophers of science are also
recognizing the topological approach as a distinctive explanatory strategy. Notewor-
thy contributors include Bechtel (2020), Craver (2016), Darrason (2018), Green et al.
(2018), Huneman (2010, 2018a, b), Jones (2014), Kosti¢ (2018a, 2019, 2022), Kosti¢
and Khalifa (2021, 2023), Kosti¢ et al. (2020), Lackova and Zamec¢nik (2020), and
Ross (2021).

Since the proliferation of topological explanation, the philosophical literature has
extensively explored numerous instances of topological reasoning across scientific
domains. The relevance of this inquiry extends to deep learning and XAI. Given the
mathematical and structural foundations of DNNgs, treating their topology as explana-
torily salient is not only appropriate but arguably more fitting than approaches mod-
eled on traditional neuroscience, which have long been dominated by mechanistic
and causal paradigms. The complexity of DNNs, together with the widespread use
of topological methods in Al research and data engineering, further strengthens the
case for adopting the topological explanatory strategy for XAl explicated in the sub-
sequent sections.

3 Topological interpretation of deep learning

3.1 Topological constraints on class separability

Deep learning systems are based on artificial neural networks composed of nodes
and links that mimic the behavior of neurons and synapses at various levels of
abstraction. Input signals are processed through layers of nodes, each computing its

activation function. Signals propagate via weighted links, culminating in an output
layer that produces the network’s decision. In graph representations of such models,
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vertices represent neuron-like nodes, while edges represent the connections between
them.

Given the complex structure of DNNs and their inspiration from biological brains
with scale-free and small-world properties, understanding their behavior may require
attention to abstract, system-level properties of complexity. Causal explainability
paradigms, such as mechanistic interpretability (e.g., Bricken et al., 2023; Camma-
rata et al., 2021; Casper, 2023; Nanda, 2023), aim to decompose networks into caus-
ally or functionally relevant components, but may prove inadequate in certain opacity
contexts. In particular, they may fail to scale with the increasing complexity of con-
temporary models, as large DNNs frequently behave as non-decomposable systems
in which each component’s behavior depends on numerous interactions, leading to
a combinatorial explosion (cf. Rathkopf, 2018). Evidence from toy models does not
guarantee that large-scale DNNs can always be effectively decomposed in a way that
yields holistic mechanistic understanding.

When part—whole decomposition becomes infeasible, alternative strategies are
needed to address the complexity of highly interconnected DNNs operating on
large, high-dimensional datasets. Topological explanations are well suited to this
role: rather than being undermined by complexity, they exploit it by focusing on
abstract, global properties of networks and data. This approach is timely given
the growing interest among Al researchers in the relation of topology to perfor-
mance. Additionally, topological methods provide a natural lens on DNN behavior,
as neural networks effectively transform data topology by reshaping complex input
spaces into more manageable forms across layers (Naitzat et al., 2020). In classifi-
cation tasks, this process can be understood as the progressive separation of low-
dimensional manifolds embedded in high-dimensional data spaces, as suggested by
the manifold hypothesis.?

As a toy example of topological explanation in deep learning, consider Olah’s
(2014) work, which applies visualization techniques to low-dimensional neural net-
works in order to explore how network behavior reflects underlying structural prop-
erties. He examines a simple neural network with only one hidden layer, showing
how each layer transforms data to create new representations. In architectures using
smooth, monotonic activation functions such as sigmoid or hyperbolic tangent, these
transformations continuously “stretch” and “compress” the input space without intro-
ducing topological discontinuities. That is, the network preserves the input space’s
topological structure: it does not tear, break, or fold it.

Consider a one-dimensional dataset with two classes, as visualized in Fig. 1:

2While both graph and manifold representations may offer topological explanations, due to the presence

of topological properties in the explanans, they may provide a range of insights into the system’s opera-
tion. For instance, graph-based representations emphasize the relationships and connections between
discrete elements, offering a clearer view of data’s movement through the network. In contrast, mani-
fold representations focus on the continuous, smooth structures of data, providing a more geometric
understanding of networks’ classification and organization of complex inputs. This distinction does not
change the fundamental status of topological explanations but introduces pragmatic differences in the
interpretation.
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Fig. 1 Visualization of a one-dimensional dataset with two classes (based on Olah, 2014)

g bl

In this scenario, a neural network cannot classify a dataset with fewer than two hid-
den units, regardless of its depth. Classification using a sigmoid unit or a softmax
layer requires a decision boundary between classes A and B in the output space to be
drawn. With only one hidden unit, the network is topologically incapable of creating
this separation, leading to classification failure. However, with two hidden units, the
network can adequately represent the data, allowing for the separation of the two

classes with a curved boundary. Specifically, one hidden unit activates when > — %,
and the other activates when = > % If the first unit activates but not the second, the
data point is classified as belonging to class 4.

Applying Kosti¢’s (2022) T-schema, we can obtain a perfectly reasonable topo-
logical explanation for the failed classification. Let a denote the network (a DNN
classifier), F the topological property of having one hidden unit, b equal to a, and G
the empirical event of classification failure:

(T1) The network has one hidden unit.

(T2) The model fails to classify the dataset accurately.

(T3) If the network had two or more hidden units, the model would classify the
dataset accurately.

(T4) The number of units in a hidden layer that the network has is an answer to why
the classifier fails.

Not only is this counterfactual valid in this specific case, but it also allows us to

infer a plausible generalization about this kind of data representation and DNN archi-

tecture: n-dimensional datasets cannot be classified without using n+/ units in the

hidden layer. Following this, for a two-dimensional dataset with classes A, B C R?

, visualized in Fig. 2, another counterfactual holds: if the network had three or more

hidden units, the model would classify the new dataset accurately.

A:{ﬂﬂ@m<§}

B- {x|§ < d(x,0) < 1}

Olah shows that the network achieves linear separability only after it learns a higher-
dimensional hidden representation with a sufficient number of units. Drawing on an
analytical argument, he demonstrates that with too few units the network necessarily
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Fig. 2 Visualization of a two-dimensional dataset with two classes (based on Olah, 2014)

must fail: the continuity and low dimensionality imposed by smooth, monotonic acti-
vation functions make it topologically impossible to “unwrap” the inner class from
the outer one.? In other words, the dimensionality of the hidden layer imposes a topo-
logical constraint on separability. Although no interventionist test is performed, the
case supports a structural and modal counterfactual grounded in mathematical neces-
sity (cf. Lange, 2009, 2013, 2017; Woodward, 2003, 2018; Povich, 2021, 2025).
Because success or failure is, ceteris paribus, modally fixed by the topology of the
network, the example provides a simple instance of topological explanation.
Interestingly, this explanation integrates both empirical (or “mechanistic”) and
topological elements. In this specific case, the network’s causal-mechanistic struc-
ture is captured directly by its topology. More precisely, the simplicity of the archi-
tecture ensures a one-to-one alignment between topological and causal structure:
adding or removing hidden units straightforwardly alters the classifier’s ability to

3For example, in Fig. 2, the smooth and invertible activation function prevents the network from “tearing”
the inner circle out of the surrounding ring.

4 As Lange (2009, 2017) argues, mathematical facts can impose a stronger form of necessity than ordinary
causal factors, yielding explanations whose force is derived from mathematical impossibility (explana-
tion by constraint; see also dimensional explanation in Lange, 2009). This applies to Olah’s case, in
which the classification outcome is explained by constraint and follows inevitably from the network’s
architecture and design of activation functions. Woodward (2003, 2018) likewise makes an allowance
that non-causal explanations may appeal to generalizations that hold for mathematical or conceptual
reasons, and Povich (2021, 2025) account of distinctively mathematical explanation similarly maintains
that an outcome “had to happen” unless certain mathematical principles were violated.
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separate classes in a multidimensional dataset. In this minimal setting, no alter-
native pathways or architectural configurations could yield the same functional
outcome, so the causal organization is transparently mirrored by the network’s
topology.

Although this direct correspondence is clearest in small, easily inspectable clas-
sifiers, the point remains relevant for large, billion-parameter black box models.?
In such systems, the same topological description may be compatible with multiple
causal-mechanistic instantiations, and inspecting individual neurons rarely illumi-
nates overall behavior (and is often infeasible altogether). As a result, the fine-grained
causal structure becomes obscured. Even so, a topological link persists: specific
causal factors become subsumed under the network’s structural organization, which
can still be analyzed using graph-theoretical methods.

Topological methods are already widely employed in deep learning, offering
readily available tools for analyzing both data structure and model architecture. To
assess how these methods align with philosophical accounts of topological expla-
nation, this paper examines selected case studies from the XAI literature while
introducing a distinction between data explainability and model explainability. The
analysis proceeds across three levels: deep learning models themselves, XAl tech-
niques that exploit topological properties, and the philosophical T-schema used to
evaluate explanatoriness and articulate possible topological explanations of DNNs.
For clarity and readability, I avoid extensive mathematical formalism and instead
present a proof of concept for how a topological explanatory strategy can be articu-
lated in practice.

3.2 Data-driven topological explanations

Data explainability, often neglected in philosophical debates on XAl involves under-
standing the nature, content, distribution, and salient properties of datasets used in Al
model training and inference. Because training data strongly shapes model behavior,
achieving data explainability may be crucial for effective XAl design. This is where
topological data analysis (TDA) plays a key role, as it enables detailed examination
of datasets to assess their structure and suitability for model training. Rooted in the
idea that “data has shape, and shape has meaning” (Carlsson, 2009), TDA uncov-
ers intrinsic relationships within datasets by studying their mathematical shapes. It
visualizes complex topologies—such as connected components, loops, and voids—
in high-dimensional data as human-interpretable graphs, facilitating machine learn-
ing algorithm engineering and model optimization (Gabrielsson & Carlsson, 2019;
Watanabe & Yamana, 2022).

A central concept in TDA is persistent homology, which measures the longev-
ity of topological features as parameters like scale or resolution change, analyzing
the evolution of a dataset’s topology across a range of scales. By representing high-
dimensional data as point clouds, persistent homology identifies significant topo-
logical properties, tracking the emergence and dissolution of features like clusters,

SFor instance, GPT-3 (a large language model and the immediate predecessor of models used in ChatGPT)
features 175 billion parameters and operates within 96 layers.
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loops, and voids. This multiscale analysis offers a comprehensive understanding of
data relationships and reveals critical structural insights that might otherwise remain
obscured.®

Al data explainability addresses the epistemic opacity of the data used to train
deep learning models. Key aspects include understanding encoded information, iden-
tifying salient features, and analyzing information distribution. This often involves
visualizing relationships within training or output data to enhance explainability by
identifying influential topological features. Here, the focus shifts from the neural net-
work’s internal architecture to data-driven explanations, emphasizing the structure
and distribution of data to uncover hidden patterns that inform the model’s decision-
making process.

One example of leveraging graph-theoretic concepts for explanatory purposes
involves modeling input data as graphs using graph neural networks (GNNs), which
are well suited to capturing both graph structure and node-level features through
recursive aggregation of information from neighboring nodes. Interpreting GNN
predictions typically involves identifying subgraphs that are most responsible for
particular outputs. In this vein, Ying et al. (2019) introduce GNNExplainer, a model-
agnostic tool that generates local explanations for individual GNN predictions by
identifying influential edges and node features, and presenting them as small explan-
atory subgraphs (see Fig. 3). For example, an explanation produced by GNNEx-

GNN model training and predictions Explaning GNN’s predictions
A’Q“Bagketban” SRS
ﬁ .. e 7 ? ] 9 = “Basketball” | [ g, = “Sailing”

GNNEpralner

—

“Salhng M

Fig. 3 Example of a GNNExplainer-generated explanation (reproduced from Ying et al., 2019, with
authors’ permission). A GNN model ® trained on a social interaction graph predicts g; that v; will en-
gage in “Basketball.” GNNExplainer identifies a subgraph and key node features indicating that many
friends in one part of v;’s social circle enjoy ball games, leading to the basketball prediction

S Persistent homology is especially valuable in graph classification tasks, in which understanding global
structure is essential. It highlights the arrangement of nodes and edges rather than individual properties,
uncovering hidden patterns and structures that are not immediately apparent. This enables the extraction
of simple topological measures from complex data, offering holistic insights into internal relationships
even in the presence of noise or high complexity. In graph-based machine learning, persistent homology
facilitates an understanding of the overall structure of data graphs and supports informed predictions
based on that structure. Its advantages include a strong theoretical foundation, practical computability,
robustness in the face of minor perturbations in learning parameters, deterministic feature extraction that
efficiently compresses meaningful data structures, and naturally interpretable outputs such as persistence
diagrams. A persistence diagram visually represents the shape and structure of data by illustrating how
features persist and change across scales. Each point in the diagram corresponds to a feature, or “hole,”
at a specific scale, with the horizontal axis indicating the feature’s birth and the vertical axis its death.
Features with short lifespans appear near the diagonal, while those with longer persistence appear farther
away, often forming clusters that correspond to recurring patterns in the data.
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plainer might state: “node v; is similar to node v; because this part of the structure,
as well as attributes of v;’s subgraph matches those of vj.”7

For a GNN trained on a social interaction graph to predict future sports activities
for a new player, a possible topological explanation proceeds as follows:

(T1) In the graph, there exists a particular subgraph—a tightly connected friend
clique containing many “ball game” nodes—and a corresponding subset of node
features (e.g., “plays basketball”) that are most influential for the classification.

(T2) The system classifies the player as participating in ‘“Basketball.”

(T3) Had this subgraph been absent or altered (e.g., if its edges were removed or
its features masked), the model would not have predicted “Basketball” for the
player or would have assigned it a substantially lower probability.

(T4) The fact that the player is embedded in this specific ball game friend-clique
subgraph provides the explanation for why the model classifies the player as a
“Basketball” participant.

GNNExplainer offers an intuitive interpretation of the counterfactual dependence
required by T3—an interpretation endorsed by Ying et al., who note that “if remov-
ing an edge between v; and vy, strongly decreases the probability of prediction §; then
the absence of that edge is a good counterfactual explanation for the prediction at v;”
(2019, p. 4). However, the original method infers difference making only indirectly,
relying on gradient-based influence estimates rather than performing actual graph
interventions.

Subsequent extensions fill this gap by constructing and testing counterfactual
graph modifications. CF-GNNExplainer (Lucic et al., 2022) identifies minimal
edge deletions that flip model predictions and verifies their effects by reevaluat-
ing the model. XPlore (De Sanctis et al., 2026) generates counterfactual edits to
edges or node features and validates them through observed changes in predic-
tions. COMBINEX (Giorgi et al., 2025) formulates counterfactual generation as
a constrained optimization problem that jointly modifies graph structure and attri-
butes. In all three cases, counterfactuals are explicitly instantiated and empirically
evaluated, providing direct evidence that predictions depend on specific graph
configurations.

Such intervention-based evidence, however, remains rare in the TDA literature.
Despite the frequent use of explanatory language, many topology-based approaches
infer explanatory relationships on the basis of correlation alone. A representative
example is Elhamdadi et al. (2022), who apply TDA and persistent homology to
emotion recognition from facial poses. Using a visual analytics tool, they extract
topological features of facial landmarks over time in the form of persistence diagrams
and compute pairwise dissimilarities using tailored distance metrics, yielding a dis-
similarity matrix that captures topological variation across facial expressions.

In Fig. 4, the authors present facial poses classified as “surprise,” illustrating how
persistence diagrams and representative cycles relate topological features to emotion

7 A similar strategy is employed in self-explainable graph neural networks (SE-GNNs) by Dai and Wang
(2021).
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(c) Eyes Closed/Mouth Closed (d) Eyes Closed/Mouth Open

Fig. 4 Four female facial poses correctly classified as “surprise.” Each pose includes persistence dia-
grams indicating the number and persistence of topological features, alongside representative cycles
that highlight landmarks like the eyes and mouth movements commonly associated with a surprised
expression (reproduced from Elhamdadi et al., 2022, arXiv version licensed under CC BY 4.0)

classification. These visualizations allow researchers to associate the geometry of
facial landmarks with high-persistence features, thereby supporting both empirical
and topological interpretations.

Although Elhamdadi et al. present their topology-based method as enhancing
“explainability,”® the evidence they provide remains correlational. They identify
stable associations between topological features and emotion labels and suggest that,
had persistence patterns differed, the classifier might have produced a different emo-
tion label. However, they neither intervene on these features nor supply a mathemati-
cal argument showing that modifying them would necessarily change the model’s
predictions.

Still, two considerations lend partial support for a counterfactual reading. First,
persistent homology is explicitly designed to track geometric change, implying that
alterations in facial geometry must induce corresponding changes in persistence dia-
grams. Second, the reported regularities are systematic and consistent: specific topo-
logical signatures align with known facial movements, and emotion-specific clusters
recur across subjects and embeddings. Taken together, these features render the pro-
posed dependence plausible.

Uger et al. (2022) introduce GSNALc, a classifier that transforms tabular data into
graph representations by modeling samples as nodes and similarities as edges. At

8Specifically, Elhamdadi et al. (2022, p. 9, Fig. 10) state that “the number and persistence of features
explains the difference between poses” and that these topological features “strongly align” with emotion-
relevant facial configurations. They further suggest that TDA “provides a means ... to discern what parts
of the face may be causing the machine learning algorithm to recognize the data as a particular emotion
or explain the shortcomings or misdiagnoses” of such recognition.
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inference time, test nodes are embedded into the graph and labeled according to their
similarity to training instances, using vectorial and topological metrics such as cosine
similarity between neighborhood structures. Applied to neuron classification in the C.
elegans nervous system, GSNAc focuses on the “AY Ganglion” class, representing a
group of peripheral neuron cell bodies. Here, a neuron’s local topological similarity
functions as the explanans, while assignment to the AY label is the explanandum,
with the implicit counterfactual that a neuron lacking such similarity would receive
a different classification.

Because GSNAc deterministically maps similarity scores to labels, the explanan-
dum depends on the explanans by design: sufficiently altering the similarity would
necessarily alter the output. This satisfies only a minimal and trivial notion of coun-
terfactual dependence, one engineered by the classifier’s decision rule rather than
grounded in mathematical necessity intrinsic to the graph. No topological invariant
requires a node with a given local configuration to belong to a specific class; GSNAc
simply imposes this mapping. As a result, the method identifies a predictively useful
feature but does not establish the robust, non-accidental counterfactual dependence
required for a topological explanation. Meeting this stronger standard would require
showing that the same classification follows across reasonable similarity-based
methods, or that certain local topological configurations necessitate specific labels
independently of GSNAc’s decision rule.

Finally, Spannaus et al. (2024) employ the Mapper algorithm’ to create topologi-
cal representations of a model’s prediction space. In these Mapper graphs, clusters
of inputs form vertices, and overlapping inputs create edges, effectively capturing
the “closeness” of data points in the prediction space. The method is applied to deep
convolutional neural networks (CNNs) for tasks such as cancer phenotype prediction
and 20 Newsgroups topic classification. The resulting graphs reveal systematic cor-
relations between the proximity of data points and classification outcomes, providing
insights into model decision rules by identifying regions with high predictive accu-
racy (see Fig. 5).

In the 20 Newsgroups case, documents from the “alt.atheism” and “talk.religion.
misc” classes form dispersed and overlapping clusters, reflecting shared vocabulary
and correlating with elevated misclassification rates. On this basis, the authors sug-
gest that such disconnected regions are “likely to be misclassified” (p. 12), implying
that tighter clustering around ground truth classes would improve accuracy. How-
ever, neither the data nor the embeddings are manipulated to test whether changes in
cluster structure would in fact alter the model’s predictions.

The counterfactual claim derives some plausibility from the stability of these regu-
larities across samples and from the fact that Mapper faithfully represents the geom-
etry of the prediction space, such that changes in embeddings would be mirrored in
the visualization. Nonetheless, Mapper is a post hoc analytical tool that summarizes

°The Mapper algorithm, introduced by Singh et al. (2007), is a TDA method that constructs a simplified
graph capturing the “shape” of high-dimensional data. It operates by applying a filter (or “lens”) function
to the data, dividing its range into overlapping intervals, clustering the data points within each interval,
and connecting clusters that share data points. The resulting graph offers a compressed summary of
global structure, in which loops, branches, and clusters often reveal meaningful patterns or subpopula-
tions. Such representations can guide feature selection by highlighting distinctions between data points.
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Fig. 5 The Mapper graph for the 20 Newsgroups dataset, showing color-coded ground truth labels
and node sizes based on document counts (on the left). The accompanying two-dimensional word
embeddings (on the right) highlight regions of high predictive accuracy, although some overlap exists
between “alt. Atheism” and “talk.Religion.misc” due to their similar vocabularies (adapted by merging
two figures from Spannaus et al., 2024, arXiv version licensed under CC BY 4.0)

model behavior rather than influencing or constraining it. The apparent dependency
therefore does not reflect genuine difference making but arises from the construction
of the visualization itself. The analysis improves the intelligibility of classification
failures and supports a pattern-based understanding of model behavior, but it does not
satisfy the requirements of the T-schema.

3.3 Model-driven topological explanations

Analyzing input data and output predictions in isolation often fails to reveal the fac-
tors driving decision making. Many contemporary XAl techniques focus instead on
the internal structures and functional organization of DNNss, targeting model explain-
ability. These approaches include inherently interpretable models, proxy models that
approximate complex black boxes, and post hoc methods that probe internal model
states (e.g., gradients, activations, or weights).

In this context, graph-theoretical methods and TDA techniques extend beyond
dataset characterization to provide model-driven explanations by probing the trained
network itself. This involves understanding both the model’s structure (computa-
tional graph architecture and training dynamics) and its function (inner representa-
tions encoded in activations and weight spaces).'’ Topological summaries of these

19While the architecture constrains its inner representations, it is the learned parameters that define them.
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elements can reveal how training organizes internal representations and how this
organization, in turn, shapes model behavior on novel inputs.'!

In topological deep learning (TDL), researchers employ topological methods to
track information flow within DNNs despite their inherent complexity. They focus on
higher-order relations, including multiway interactions among model entities, cap-
turing long-distance or seemingly disparate connections. Such relations align with
message-passing principles in complex networks and have contributed substantially
to recent advances in Al. Specifically, architectures informed by specific topological
principles can constrain or enhance computation by enforcing particular message-
passing schemes, preserving topological invariants, or promoting desirable structural
properties in learned representations.

More generally, DNNs function as “knowledge-distilling pipelines,” progres-
sively abstracting features with increasing depth (Watanabe & Yamana, 2022, p. 76).
Each layer transforms raw input data into increasingly invariant and semantically
meaningful representations (Bengio et al., 2013; Buckner, 2019; LeCun et al., 2015).
In image recognition, for example, early layers typically respond to simple features
such as edges or color gradients, while deeper layers encode more complex structures
such as contours or facial components. By combining these features, DNNs encode
representational “knowledge” in their architecture.

Topological methods offer a distinctive perspective on this abstraction process
by revealing how feature combinations emerge, persist, and disappear across layers.
By computing the persistent homology of layer-wise activations, one can track how
class-specific data manifolds evolve as they propagate through the network. On this
view, representational content is encoded in the “shape” of activation spaces, and
topological invariants such as connected components or holes correspond to the pres-
ence, integration, or separation of features. Their emergence, merging, or collapse
reflects the network’s way of organizing information and may systematically cor-
relate with task performance.

In this light, central concerns in AI model explainability include identifying the
features a system attends to or disregards as data are transformed across layers,
assessing the effects of design choices or parameter changes, and examining the rela-
tionships among model parameters, learning objectives, and outputs. Because direct
interpretation of individual DNN weights quickly becomes intractable due to combi-
natorial explosion, alternative strategies are required. Topological methods address
this challenge by providing insight into a network’s internal “cognitive” processes
through analysis of the shapes and transformations of its internal representations as

"'"To avoid confusion, it is important to distinguish the explanatory topological property from the repre-
sentational artifact used to depict it. In both data-driven and model-driven explanations, topological sum-
maries serve as representations of deeper structural or algebraic features of DNNs (which themselves aim
to model aspects of the world). For example, a persistence diagram or Mapper graph may reveal clusters
or loops in a dataset, while a network’s computational graph or activation space may be summarized using
measures such as node degree, collapsed Betti numbers, or branching patterns in weight space. Yet it is the
underlying topological property that does the explanatory work, not the visual or numerical artifact that
makes it visible. The artifact simply provides an additional representational layer that provides epistemic
access to the property.
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information propagates through successive layers. The following paragraphs exam-
ine selected examples that illustrate this.

One promising direction in TDL involves integrating insights from network sci-
ence into the architectural design of DNNSs. Stier and Granitzer (2019), for example,
embed directed acyclic graphs (DAGs) into feed-forward neural networks to study
the influence of structural properties on image classification performance. They
begin with randomly generated graphs exhibiting characteristic topological features,
such as power-law degree distributions (indicative of scale-free structure) and short
characteristic path lengths (suggestive of small-world connectivity). These graphs
are transformed into DAGs and mapped onto neural network layers, yielding sparse
architectures that are subsequently trained on MNIST (see Fig. 6).

Across 10,000 generated architectures, ranging from 50 to 500 vertices and 97
to 4,365 edges, the authors identify strong correlations between performance and
several topological measures, most notably variance in degree, eccentricity, and
neighborhood structure. These properties capture heterogeneity in path lengths and
local connectivity, which affect the propagation of information through the network.
In particular, high variance in eccentricity—measuring the spread of longest short-
est paths from each node (Takes & Kosters, 2013)—is consistently associated with
higher classification accuracy. This pattern suggests that the eccentricity distribution,
as a global property, may topologically explain why certain network architectures
achieve superior performance. If so, the topological explanation proceeds as follows:

(T1) The network has a high variance in eccentricity distribution.

(T2) The model achieves high classification accuracy.

(T3) If the network had lower variance in eccentricity distribution, it would classify
the dataset with lower accuracy.

(T4) Thus, the specific eccentricity distribution provides an explanation as to why
the model achieved high accuracy levels.

Fig. 6 Schematic illustration of a random graph transformed into a directed acyclic graph and embed-
ded into a neural network classifier (based on Stier and Granitzer, 2019)
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A strong functional, network-theoretic rationale supports a counterfactual interpre-
tation in this case. High eccentricity variance implies a mixture of short and long
information pathways—a configuration known to benefit signal processing in com-
plex networks.'? In deep learning, short paths have been shown to facilitate signal
and gradient propagation—analogous to skip connections and small-world architec-
tures—while longer paths enable deeper hierarchical processing, richer transforma-
tions, and greater expressive capacity.'> Networks with diverse path lengths thus
behave like ensembles of shallow and deep subcircuits, better accommodating tasks
that require multiple levels of abstraction. Because reducing this variance would
impair either optimization or expressivity and thereby likely degrade performance,
the eccentricity distribution serves as an explanans in a topological explanation of
model performance.'*

Another approach involves using topological information to assess and improve
model performance. Gabrielsson and Carlsson (2019) apply persistent homology and
the Mapper algorithm to the weight spaces of trained CNNs. Focusing on first-layer
convolutional filters, they find that across architectures, depths, datasets, and training
stages, these filters reliably organize into a simple geometric structure: a single loop
corresponding to rotating edge detectors, captured by a dominant one-dimensional
homology class (the “primary circle”). The persistence of this feature correlates
strongly with test accuracy and cross-dataset generalization, meaning that networks
exhibiting a clearer and more persistent loop tend to perform better on held-out data
and generalize more effectively to new data.

The relationship between topological structure and generalization is further sup-
ported by controlled experiments. In a first set of tests, identical CNNs trained on
MNIST are evaluated under three conditions: the first convolutional layer is manually
fixed to an idealized primary-circle filter bank; it is fixed to random Gaussian filters;
or it is left unconstrained—with all other architectural and training parameters held

12Consider simulations of dynamical processes in computation, communication, and transportation
networks. Network science studies show that architectures combining short and long paths (of which
small-world networks are a specific case) enhance communication efficiency, signal propagation, synchro-
nization, and robustness. Canonical examples include Watts and Strogatz’s (1998) small-world model and
subsequent work formalizing notions of global and local efficiency (Latora & Marchiori, 2001), as well
as simulations of diffusion, synchronization, and routing on heterogeneous networks. In neuroscience in
particular, path-length diversity is routinely interpreted as underwriting efficient information processing at
the network level (Bassett & Bullmore, 2006; Sporns & Honey, 20006).

13 This aligns with the broader success of architectures that explicitly increase path-length diversity. Resid-
ual neural networks (ResNets) and highway networks introduce skip connections that create short routes
through otherwise very deep models, stabilizing training and improving optimization (He et al., 2016; Veit
et al., 2016). Similarly, small-world neural networks rewire layers to combine high clustering with short
characteristic path lengths, achieving faster convergence and comparable accuracy with fewer parameters
(Javaheripi et al., 2019).

This reasoning parallels Kosti¢’s (2018a) canonical example of infectious disease spread, in which a
population’s small-world topology explains observed transmission rates via the counterfactual that indi-
vidual network structures would yield individual dynamics. No direct intervention is required because
disease propagation is well known to be sensitive to network topology—a claim that aligns with common
intuitions about differences between disease transmission in densely populated urban environments and
sparsely populated rural ones. As Rathkopf (2018) emphasizes, such reasoning qualifies as explanatory by
satisfying both probabilistic and counterfactual relevance criteria.
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constant. When evaluated on SVHN, networks initialized with the primary-circle fil-
ters achieve substantially higher out-of-distribution accuracy than either baseline. A
complementary asymmetry reinforces this result: filters learned from SVHN exhibit
a clearer and more persistent primary circle than those learned from MNIST, and
SVHN-trained networks generalize better to MNIST than vice versa.

Gabrielsson and Carlsson interpret these results as evidence for a systematic “con-
nection between the simplicity of the topological structure of a network’s learned
weights and its ability to generalize to unseen data” (2019). Reconstructed explana-
torily, the proposal rests on the counterfactual claim that if first-layer filters lacked
this loop structure, generalization performance would be worse (conversely, poor
generalization would be accompanied by a less simple or less persistent topological
organization of the filters).

The evidential support for this dependence derives primarily from simulated
manipulations of contrast classes defined by the explanans—namely, a range of
topological configurations of first-layer filters—and the observation of correspond-
ing contrasts in the explanandum—that is, generalization performance. This estab-
lishes sufficiency: introducing the topological motif reliably improves performance.
However, the effect of removing an already learned motif is not tested. Even so, the
study provides one of the clearest cases of manipulation-based evidence in the litera-
ture, suggesting that topological features account for performance differences in deep
learning models.

In classical machine learning, generalization is typically assessed on a held-out
test set. Corneanu et al. (2020; see also Ballester et al., 2024) challenge this paradigm
by proposing a topology-based method for estimating the generalization gap with-
out test data. They model a network’s internal operation as a functional topology,
represented by a graph whose nodes correspond to neurons and whose edges encode
functional relations such as activation correlations.'> To assess how well the model
captures the underlying data distribution, they compute persistence diagrams of this
functional graph and interpret persistent cavities, quantified via Betti numbers,'° as
indicators of structural complexity in learned representations (see Fig. 7).

The authors hypothesize that networks which genuinely learn the structure of the
data develop well-organized functional topologies with persistent features, whereas
overfitted networks exhibit weak or degenerate topology. Across several computer
vision benchmarks, they find consistent support for this claim, as higher average
persistence robustly correlates with smaller generalization gaps and better test perfor-
mance. Topological summaries predict test accuracy with errors between 4.6% and
8.45%, comparable to estimates obtained from labeled test sets. On this basis, they
argue that information about topological properties can help “make deep learning
more explainable” (2020, p. 2684).

1SMore precisely, Corneanu et al. define a metric space over the network by computing pairwise cor-
relations between the activations of network nodes—typically filters or mean outputs in convolutional
layers—which determine functional relationships. Using this metric, they apply Vietoris—Rips filtration to
construct a sequence of simplicial complexes on which persistent homology is computed.

16 Higher Betti numbers indicate more holes or voids, suggesting potential overfitting where the network
memorizes training data specifics rather than learning general patterns. Conversely, lower Betti numbers
suggest better generalization, indicating the network can apply learned patterns to new, unseen data.
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Fig. 7 Computing the test performance of a DNN on a computer vision problem without test samples
(top), in contrast to the classical computer vision approach (bottom), where model performance is
calculated using a curated test dataset (reproduced from Corneanu et al., 2020, arXiv preprint version,
with authors’ permission)

The implicit explanatory claim relies on the counterfactual that, had the persis-
tence of topological cavities been lower (indicating weaker topology), the model
would have been more susceptible to overfitting. The evidence, however, remains
correlational, leaving it unclear whether the observed association reflects a genuine
dependence. At the same time, it aligns with a growing body of empirical and analyti-
cal work linking topological complexity to generalization capacity (e.g., Bianchini &
Scarselli, 2014; Birdal et al., 2021; Guss & Salakhutdinov, 2018; Gutiérrez-Fandifo
et al., 2021), which suggests that certain topological properties constrain learning
in principled ways. The proposed dependency is also predictive and operationally
exploitable, as Corneanu et al. suggest monitoring topological measures during train-
ing to guide early stopping.'’

Finally, Purvine et al. (2023) extend Gabrielsson and Carlsson’s analysis of
topological structure in CNN representations using persistent homology and Map-
per graphs. Analyzing a ResNet-18 trained on CIFAR-10, they identify branching
structures in representation spaces that track class separation and reveal the influence
of background features on classification. Mapper graphs show that early layers can
separate classes based on background pixels, while final convolutional layers con-
sistently exhibit clear, class-separated branching patterns. These effects generalize
across architectures, including InceptionV1, InceptionV3, AlexNet, and ImageNet
models.

17Since topological features correlate with generalization, one could monitor these features during training
and stop training at the point where the topology stops becoming more “rich,” signaling the potential onset
of overfitting. This idea aligns with prior work, such as Rieck et al. (2019), who propose an early stopping
criterion based on the persistent homology of network weights.

@ Springer



54 Page 20 of 30 Synthese (2026) 208:54

Across 100 training runs, persistent-homology-based distance metrics between
layer representations remain invariant under irrelevant variations such as random
initialization or sampling, while varying systematically with functionally relevant
factors, including layer depth, architectural differences, and input perturbations.
These topological structures are stable across sampling strategies but degrade under
increasing input noise, coinciding with declines in classification accuracy. This pat-
tern of invariance and sensitivity supports a plausible counterfactual reading, accord-
ing to which less structured internal topology would impair performance.

In sum, the reviewed examples illustrate how graph-theoretic and topological
methods can enhance our understanding of deep learning models and datasets by
foregrounding their structural and algebraic properties. A growing body of research
shows that topological approaches can reveal relational organization within data,
clarify the relation of input features to model outputs, and provide robust tools for
handling noise and high dimensionality. Recognizing that DNNs often learn struc-
tures more naturally characterized in topological terms enables deeper analysis of
internal representations, training dynamics, and systematic correlations between
model performance and data characteristics.

TDA techniques allow such structures to be extracted in a principled and repro-
ducible manner, improving traceability and comparability across models and experi-
ments, while benefiting from the relative stability of many topological features under
parameter variation and noise. Moreover, topologically informed models and analy-
ses often exhibit practical advantages. They can achieve comparable or improved
performance with fewer parameters or less training data, while supporting stronger
generalization and greater interpretability than standard approaches. As Papamarkou
et al. (2024) note, emphasizing topological methods may be key to advancing XAI
research:

Training TDL models on the computational graph, controlling topological
properties of weight trajectories traced out during stochastic optimization of
neural networks, or appropriately enforcing desirable topological properties of
a network’s internal representation of the data may hold the keys to under-
standing the puzzling generalization behavior in deep learning and to mov-
ing a step closer to explainable Al. This direction emphasizes the potential to
uncover explanations that describe how network dynamics depend on specific
topological properties, even within the high complexity of large DNNs utilized
for image and video recognition tasks, ultimately leading to the development
of more interpretable and efficient neural network architectures. (Papamarkou
etal., 2024, p. 6)

At the same time, there are principled reasons to question whether these practices
qualify as genuine topological explanations in the philosophical sense.
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4 Objections and reconciliation
4.1 Correlation vs. counterfactual dependence

The first, already indicated, objection concerns the explanatory status of topology-
based accounts when evaluated against philosophical standards. Although the techni-
cal literature frequently characterizes topological properties as explanatory, this claim
often weakens under closer scrutiny. When assessed using criteria such as Kosti¢’s
(2022) T-schema, many of the cited studies establish robust correlations between
topological features and aspects of model behavior but fall short of demonstrating
genuine difference making. In the absence of evidence that systematically varying a
topological property would alter the explanandum, these accounts do not fully satisfy
the requirements for explanatoriness in the strict philosophical sense.

That said, not all counterfactual dependencies can be established through direct
intervention. In systems with deep interdependencies, isolating a single relevant vari-
able may be practically or conceptually impossible, a difficulty that is especially acute
in TDA and TDL contexts. Although software systems may appear readily interven-
able, topological explanantia are typically emergent features of data representations
or model structures, so intervening on them would simultaneously alter multiple cor-
related properties and impede attempts to isolate difference-making variables. As a
result, support for the T3 condition varies across cases. Some, such as the class-sepa-
ration toy model discussed in Sect. 3.1, establish structural and modal counterfactuals
grounded in mathematical necessity, while others, including subgraph-based GNN
explanation methods discussed in Sect. 3.2, provide empirical evidence by manipu-
lating graph structure and observing corresponding changes in model outputs.

Many analyses, however, provide only partial or indirect support for the depen-
dence relation. Some offer limited manipulation-based evidence establishing suffi-
ciency, such as showing that introducing a topological motif improves performance.
Others rely on robust correlations, where large-scale experiments and stability across
datasets or architectures render a counterfactual interpretation plausible. In still other
cases, dependence is present by design, reflecting imposed mappings of a classi-
fier rather than genuine topological necessity. Finally, some explanatory claims gain
plausibility when supplemented by broader causal or functional considerations, such
as established principles of information processing in complex networks.

Although presented as “explanations,” these accounts thus fail to demonstrate the
modally robust dependence relations required for genuine topological explanation
and are therefore best understood as candidate explanations: empirically suggestive
and interpretively valuable, but not yet explanatory in the strict sense. Reconstruct-
ing each case through the lens of the T-schema distinguishes more clearly between
stronger and weaker explanatory claims; it clarifies the underlying reasoning, makes
evidential limitations explicit, and, where possible, identifies any additional support
that would be required to secure explanatoriness.

If topological properties are indeed explanatory, the topological strategy could
substantially advance XAI by leveraging tractable algebraic and structural relations
to account for performance where other methods offer limited insight. Given the
ubiquity of topological structure in data, representations, and architectures, rigorous
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demonstrations of counterfactual dependence could establish topological explanation
as a broadly applicable framework for both data and model explainability.

4.2 Topology vs. mechanisms

A second objection is that some of the proposed explanations include empirical,
directional, or seemingly causal elements, suggesting that they may be better inter-
preted as mechanistic rather than topological. This concern reflects a longstanding
debate in the philosophy of science, in which topological and mechanistic expla-
nations are often treated as competing (Chirimuuta, 2018; Kostié¢, 2022; Kosti¢ &
Halffman, 2023; Weiskopf, 2011). Mechanistic “imperialists” typically subsume
topological explanations under mechanistic accounts or question their explanatory
legitimacy altogether (Bechtel, 2020; Craver, 2016; Krickel et al., 2023; Povich &
Craver, 2017; Povich, 2018, 2021; Zednik, 2019), whereas topological “autonomists”
argue that topological explanation constitutes a distinct, irreducible explanatory strat-
egy (Darrason, 2018; Huneman, 2010; Jones, 2014; Kosti¢, 2018a, b, 2019, 2022;
Kosti¢ & Khalifa, 2023; Rathkopf, 2018).'*

Relevant for this paper is the fact that, although some deep learning cases com-
bine empirical, causal, and directional elements associated with mechanistic frame-
works, it is topology that “does the explanatory work” (cf. Ross, 2021).! Even in
“borderline” cases that include mechanistic features, the explanations consistently
privilege robust relational patterns grounded in topological properties. A pluralist
perspective therefore accommodates purely mechanistic explanations, purely topo-
logical explanations, and mixed forms such as the “causal-topological” explanations
(Ross, 2021), which are best understood as complementary modes suited to different
why-questions in XAl, depending on the system under study, the context of inquiry,
and the particular source of opacity.

With this in mind, the next section examines the distinctive epistemic advantages
of topological explanations, situating them within ongoing philosophical debates on
XA

5 Epistemic significance for XAl

Topological approaches offer significant epistemic advantages for XAl, defining a
new and potentially fruitful area in the philosophy of Al. First, they meet the com-
prehensibility criteria outlined by Doran et al. (2017), who distinguish between
interpretable, comprehensible, and “truly explainable” systems. In their framework,
a comprehensible system produces symbols alongside its outputs, enabling users
to connect input properties to outputs using their implicit knowledge and reason-
ing. The assessment of comprehensibility is based on how easily users can interpret

18 A full assessment of this debate lies beyond the scope of this paper; the reader is therefore referred to the
relevant philosophical literature.

19 Provided that the topological properties cited in the explanantia make a difference to the corresponding
explananda.
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these symbols, often relying on cognitive “intuitions” about input—symbol—output
relationships.

Topological explanations enhance the comprehensibility of otherwise opaque
DNNs by appealing to topological properties that capture input—output relations or
general dynamics through patterns of counterfactual dependence. Such properties
may include scale-freeness, small-world connectivity, node-degree distributions, net-
work eccentricity, the simplicity of learned filters, computational graph structures,
influential subgraphs, similarity to training-data shapes, and proximity of data points
within prediction space.

Unlike certain other forms of explanation, they rely on abstract yet human-under-
standable, well-defined structural concepts and mathematically formalized measures.
Explainees need only grasp the relevant mathematical notions associated with topol-
ogy, rather than the extensive domain-specific knowledge required for, for example,
causal or mechanistic understanding (e.g., knowledge of specific entities and activi-
ties). This conceptual economy allows topological explanations to retain explana-
tory depth while improving accessibility and applicability for interpreting complex
Al systems (see also Kosti¢, 2019, for a discussion on complexity and explanatory
depth).?’

Second, the topological explanatory strategy offers significant advantages in
enhancing Al systems’ algorithmic transparency. According to Creel (2020), algo-
rithmic transparency involves understanding the overall functioning of a system
by grasping the high-level logical rules governing its transformations—essentially
knowing the algorithm that the program instantiates. Because algorithms can be
implemented in various ways, understanding the algorithm does not require knowl-
edge of the specific components or their interrelations. Programs that implement
the same algorithm can differ substantially in structure, especially when written in a
range of programming languages.

For example, Creel cites local interpretable model-agnostic explanations (LIME)
by Ribeiro et al. (2016) as a method that secures algorithmic transparency without
relying on mechanistic decomposition. Similarly, topological methods provide local
explanations for individual predictions in machine learning tasks. By abstracting away
from the specific organizational details of subcomponents and interactions, topologi-
cal explanations offer high-level insight into deep learning algorithms, thereby pro-
viding a form of algorithmic transparency. They address system-level properties such
as performance, robustness, and functional redundancy without requiring detailed
knowledge of internal mechanics.

20 As a case in point for comprehensible models, Doran et al. reference visual explanations derived from
techniques like r-distributed stochastic neighborhood embedding (t-SNE), a statistical method that visu-
alizes high-dimensional data by positioning each data point on a two- or three-dimensional map. This
approach is akin to the explanation of data topologies and their graph representations, as seen in the
work of Dai and Wang (2021), who apply t-SNE to node features in order to visualize node positions for
similarity comparisons; Elhamdadi et al. (2022), who utilize t-SNE among other dimensionality reduction
methods to depict the topological structure of facial landmark data; or Spannaus et al. (2024), who also
employ t-SNE to represent word embeddings from regions of high-predictive accuracy in a graph of a
newsgroup dataset. These visualizations effectively make the data’s underlying topological structures and
relationships visible and inspectable.
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This aligns with Chirimuuta’s (2018, p. 415) observation in neuroscience that
“low-level descriptions don’t go very far in explaining how the systems work ... In
order to explain object recognition, neuroscientists ... refer to the more abstract struc-
tural features of the system, such as its being hierarchical and multilayered.” This
parallel supports the claim that explaining the behavioral capacities of networked
systems requires high-level structural accounts, such as the topological explanations
discussed here. In contexts where opacity arises from complexity and dense intercon-
nection, a high-level understanding of DNN dynamics renders low-level details of
causal organization less relevant.

Relatedly, a third advantage of the topological approach lies in its capacity to
manage the complexity of deep learning systems. Dense interdependencies among
millions of parameters render such models opaque, since learning dynamics emerge
from automated parameter adjustment that enables effective problem solving while
undermining interpretability. As models scale to multi-billion-parameter systems
(such as large language models), they increasingly exhibit non-decomposability (cf.
Rathkopf, 2018). In non-decomposable systems, component behavior depends on
interactions with many others, making part-whole decomposition largely infeasible.
Topological explanations address this limitation by capturing global structural prop-
erties of the model as a whole. By abstracting away from individual components
while remaining informative about system-level behavior, they restore a degree of
epistemic accessibility to otherwise opaque models.

Finally, topological methods offer counterfactual and highly generalizable
insights. Buijsman (2022) argues that many XAI techniques fail to explain why Al
systems succeed and, drawing on Woodward’s (2003) interventionist account, main-
tains that robust explanations should rely on abstract generalizations that support
counterfactual reasoning. Topological explanations fit this ideal by linking topologi-
cal properties to empirical outcomes in a way that supports counterfactual inferences.
These dependencies, however, do not constitute productive causation, since they do
not involve interventions on causal variables. Instead, topological properties operate
at the same level as their explananda and do not temporally precede them. Conse-
quently, they address system-level phenomena that emerge from interactions among
multiple variables rather than isolated causal relations.

Topological explanations appeal to high-level structural features that, although
more abstract than those invoked by many other explanatory strategies, remain
connected to Al decision making through counterfactual dependence. This level
of abstraction yields two epistemic advantages. First, it can reduce the number of
variables that must be tracked, thereby improving cognitive feasibility (although the
extent of this benefit remains an empirical question). Second, abstraction supports
generalization: by focusing on structural relations rather than system-specific param-
eters, topological explanations enable general claims about model behavior across
cases, aligning with Buijsman’s notion of “reasonable generalization” in XAI (Buijs-
man, 2022, p. 569).

Despite these epistemic advantages, philosophers of science have largely over-
looked the potential of topological explanations in XAI. This oversight is a mistake,
as the examples discussed indicate that certain empirical characteristics of Al systems
may counterfactually depend on readily measurable topological properties. Rather
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than decomposing the internal mechanisms of Al systems, topological explanations
capture structural relationships that account for DNN dynamics without requiring
detailed causal or mechanistic analysis. Future work in the philosophy of Al should
therefore pay greater attention to topological approaches, particularly as tools for
advancing XAl in contexts where traditional methods struggle, such as highly com-
plex models or the analysis of data distributions.

6 Conclusions

Historically, enthusiasm for DNNs was driven by their perceived similarity to the
human brain, suggesting that traditional causal and mechanistic frameworks drawn
from neuroscience could explain their computational phenomena. However, DNNs
operate at levels of abstraction far removed from biological brain processes, casting
doubt on the prospects for accurate low-level explanations. This skepticism has con-
tributed to a backlash against decompositional approaches, fostering greater accep-
tance of functional, fictional, non-causal, and mathematical explanations—a trend
particularly visible in computational neuroscience. Consequently, the imposition of
causal-mechanistic frameworks on XAl research may be misguided, thus motivating
a shift toward more abstract structural or mathematical explanatory strategies that
apply across both biological and artificial systems.

Topological explanations of DNNs exemplify this shift by providing a robust
framework for explaining opaque Al systems through counterfactual dependencies
between topological and empirical properties. Given the complexity and high inter-
connectivity of DNNs, explaining their behavior requires an understanding of the
abstract aspects of their connectivity and relationships with empirical characteristics
like accuracy, robustness, and generalizability. Case studies in topological data analy-
sis and topological deep learning suggest that topological reasoning may enhance
explainability regarding internal structures, network weights, algorithms, and dataset
characteristics.

Topological explanations are valuable for XAl not only because of their specific
insights, but also because they outline a more general explanatory strategy. When
appropriately adapted, the T-schema provides a flexible framework for capturing
counterfactual dependencies involving not only topological properties but also other
abstract, non-causal properties. Moreover, topological methods are already widely
used in deep learning practice and provide readily available tools for analyzing both
data and model structures, making them well suited to addressing multiple dimen-
sions of the black box problem in Al. For these reasons, the topological approach
should be regarded as a distinct explanatory strategy capable of answering a broad
range of why-questions about Al systems where traditional approaches falter.
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