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Figure 1: Overview on a controlled toy benchmark. (1) A 10-vertex dynamic graph {G;} with three node classes over six timesteps; dark
edges denote the explanation E; and light edges the remaining edges in G;. Edge thickness encodes connection strength. (2) Hy persistence
barcodes for G, and E; at two timesteps. (3) Temporal signals: topological consistency TC(t), signed temporal stability TS — TSg, and
Jaccard similarity difference. The dashed marker at 3 — 4 indicates a structural reorganization in E;.

Abstract

Graph neural networks (GNNs) are increasingly applied to dynamic graphs, where explanations should remain coherent as
graph structure evolves. Existing fidelity metrics provide scalar summaries and do not capture structural alignment or temporal
behavior. This work introduces a persistent-homology-based visualization approach that treats persistence-distance distortions
between data graphs and explanations as temporal signals. We introduce topological consistency (TC), measuring per-step
structural deviation, and temporal stability (7S), capturing and attributing changes over time. We demonstrate the approach on
a controlled toy example and a high-school contact network, showing that topology-aware signals reveal structural behaviors

not captured by set-based similarity measures.
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1. Introduction

GNN explainability methods such as GNNExplainer [YBY*19],
PGExplainer [LCX*20], and attention-based ap-
proaches [VCC*18] produce subgraphs intended to cap-
ture the structure most relevant for a prediction. Standard
evaluation reduces explanation quality to scalar fidelity
scores [YHS*19, AYZ*22, AQLZ23], offering limited insight
into how explanations relate structurally to the underlying graph
or evolve. This is particularly relevant for dynamic graphs, where
topology changes [ZYW25] and explanations should remain
faithful and structurally coherent.
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From a visualization perspective, capturing structural evolution
remains challenging. Surveys highlight the difficulty of represent-
ing evolving relational structure [BBDW17, FFKS21], while vi-
sual analytics approaches support exploring large temporal net-
works, temporal resolutions, and dynamic graph patterns [vdE-
HBvW16, LPP*23, TPL*25, JSJ*24]. In the GNN setting, visual
analytics tools support inspection, error diagnosis, and interactive
analysis of graph-based models and spatiotemporal graph behav-
iors [LWBM22, JWW*23, SM25, HERMCP25]. Yet explanation
behavior over time remains mostly scalar or set-based, leaving
topology unexamined.

We use persistent homology (PH) [EH10] to compare data
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graphs and explanation subgraphs via distances between persis-
tence diagrams [HWSR18, CSEHO07]. Since G; and E; C G; are
not independent objects but a graph and its edge sub-selection, we
treat persistence distances as explanation-induced distortion sig-
nals, bounded by persistence stability [CSEH07, CdSGO16].

We focus on connected components (Hy) as a first-order descrip-
tor. Explanation subgraphs are typically sparse and fragmented;
in preliminary experiments, higher-order features (e.g., Hy) pro-
duced near-constant signals. Persistence distances are interpreted
as temporal signals [HWSR18, MMK19] capturing how the data—
explanation structural relationship evolves. Topological consis-
tency (TC) measures per-step structural deviation. Temporal sta-
bility (TS) captures when changes occur and attributes them. Jac-
card similarity (JS) serves as a set-based baseline. Together,
these signals link temporal peaks to local graph and explana-
tion changes. We illustrate the approach on a controlled toy ex-
ample and a high-school contact network [FB14]. The pipeline
currently operates on pairwise graphs; higher-order representa-
tions [FFKS21, BCI*20, PET™* 14] are a natural direction.

2. Approach

Let G = {Gt}zT:_ol be a dynamic graph on a fixed vertex set V,
with explanation subgraphs E; C G; at each timestep. We com-
pute H persistence diagrams Dy(G;) and Do (E;) under a weighted
shortest-path filtration [EH10, HWSR18], and compare them using
Wasserstein-2 or Bottleneck distances [CSEHO7]. Here, E; is an
edge selection within Gy, so distances between Dy (G;) and D (E;)
capture induced structural distortion and are bounded by the stabil-
ity theorem [CSEHO07,CdSGO16].

TC is the persistence distance between Dy (Gy) and Dy (E;), mea-
suring structural deviation of the explanation from the data. TS
attributes change between timesteps as TS — TSk, where TSG
and TSE are persistence distances between consecutive G; and E;
diagrams. Positive values indicate that change originates primar-
ily from the data graph; negative values, from the explanation. JS
over consecutive explanation edge sets [PCW25] (|& N&41]/|E U
&i1+1]) is a set-based baseline, measuring which edges change, not
how they are organized. Signals are shown in two views: a tempo-
ral line chart (TC, TS, JS) and a graph-overlap view of G; and E; at
selected timesteps.

3. Results

Toy example. A 10-vertex dynamic graph with three node classes
over six timesteps (Fig. 1) is constructed with controlled disrup-
tions at =2 and t=4. TC shows a pronounced peak at =4, cap-
turing the main structural reorganization, while TS detects both
events, attributing the change at r=2 to the data graph and a
stronger transition at =3 — 4 to the explanation, remaining near
zero otherwise and indicating overall stability. In contrast, JS re-
mains oscillatory, weakly highlighting transitions around t=1 — 2
and =2 — 3 without distinguishing their structural origin.

High-school contact network. We train a per-snapshot
GAT [VCC*18] encoder with a GRU temporal head on a
one-week proximity network [FB14], following [WQF*22];
explanations retain edges above the 80th percentile of mean
attention. Figure 2 shows TC, TS, and JS for the first school day.
Explanations remain sparse and structurally stable in Hy, while TS

A. Topological Consistency (TC) B. Temporal Stability (TS)

10 t5 10 115 10-t1 15-6 10-t1 115-116

C. Jaccard Similarity D. Disaggregated Temporal Stability

°
<
o
<
«
o
o

0
10-t1 15-t6 110-t1 115-t16 10-t1 156, 10-t11 115-t16

E. Graph Snapshot at t=5

F. Graph Snapshot at t=6
» - "

Figure 2: Temporal profiles for the first school day on the high-
school contact network. (A) TC; (B) signed TS, (C) JS; (D) disag-
gregated TS with TSq (green) and TSg (orange). The TS spike at
t=5 — 6 is driven by G; splitting from one to two connected com-
ponents (E-F), while the explanation remains fragmented. JS does
not distinguish this transition.

shows a clear spike at =5 — 6, indicating a significant change
in the data graph (Fig. 2E-F). This transition corresponds to the
splitting of a large connected component, which is not reflected
by JS, as edge-set similarity remains high and is insensitive to
this topological change. This highlights TS’s diagnostic role:
separating explanation instability from genuine graph changes.

4. Discussion and Ongoing Work

Framing persistence distances as distortion signals grounded in the
stability theorem provides a principled lens for asking when and
why explanation structure changes. The signed TSg — TSg dis-
aggregation enables attribution of detected transitions to data or
explanation—a distinction JS cannot make, since it operates ex-
clusively on explanation edge sets. We intentionally begin with H
because explanation subgraphs are often sparse and fragmented,
making connected-component structure a robust first-order signal.
The pipeline remains restricted to pairwise graphs, leaving cyclic
and group-level structure out of reach. Many dynamic interaction
datasets, including the one used here, exhibit genuine higher-order
interactions [FFKS21, BCI*20, PET* 14]; lifting E; and G; to sim-
plicial complexes or hypergraphs is a priority direction. We position
topology not as a replacement for existing metrics, but as a com-
plementary tool that exposes structural behaviors invisible to scalar
or set-based evaluation.
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