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Abstract

A geometric graph associated with a set of points $P= {x 1, x 2, \cdots, x n } \subset \mathbb{R}~d$ and a fixed kernel function $
\mathsf{K}:\mathbb{R}~d\times \mathbb{R}~d\to\mathbb{R} {\geq 0}$ is a complete graph on P such that the weight of edge $(x i,
x j)$ is $\mathsf{K}(x i, x j)$. We present a fully-dynamic data structure that maintains a spectral sparsifier of a geometric graph under
updates that change the locations of points in P one at a time. The update time of our data structure is $n"{o(1)}$ with high probability,
and the initialization time is $n”~{1+o0(1)}$. Under certain assumption, our data structure can be made robust against adaptive
adversaries, which makes our sparsifier applicable in iterative optimization algorithms.

We further show that the Laplacian matrices corresponding to geometric graphs admit a randomized sketch for maintaining matrix-
vector multiplication and projection in $n”{o(1)}$ time, under sparse updates to the query vectors, or under modification of points in P.
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Core Task Landscape

This paper addresses: Dynamic Spectral Sparsification of Geometric Graphs Under Point Location Updates
A total of 4 papers were analyzed and organized into a taxonomy with 4 categories.

Taxonomy Overview

The research landscape has been organized into the following main categories:
* Dynamic Geometric Graph Sparsification
* General Graph Sparsification Methods

Complete Taxonomy Tree
* Dynamic Spectral Sparsification of Geometric Graphs Under Point Location Updates Survey Taxonomy
* Dynamic Geometric Graph Sparsification
o Kernel-Based Dynamic Sparsifiers * (2 papers)
o [0] Dynamic Kernel Graph Sparsifiers (Anon et al., 2026) View paper
o [2] Dynamic Kernel Sparsifiers (Deng, 2022) View paper
o Streaming and Monotonic Dynamic Models (1 papers)
o [4] Lecture 11 Part 14[[JDecember (DW Scribe, n.d.) View paper
* General Graph Sparsification Methods
o Sublinear Sparsification with Combinatorial Applications (1 papers)
o [3] Sublinear Graph Sparsification With Applications to Cuts, Matchings, and Flows (Li, 2025) View paper
o Data-Centric Graph Learning and Sparsification (1 papers)
o [1] Data-centric graph learning: A survey (Yuxin Guo, 2023) View paper

Narrative

Core task: dynamic spectral sparsification of geometric graphs under point location updates. This field addresses the challenge of
maintaining compact graph representations that preserve spectral properties as the underlying point set evolves. The taxonomy reveals
two main branches: Dynamic Geometric Graph Sparsification, which exploits spatial structure and geometric constraints to handle
updates efficiently, and General Graph Sparsification Methods, which provide broader techniques applicable across arbitrary graph
families. The geometric branch tends to focus on kernel-based constructions and locality-sensitive approaches that leverage the metric
space embedding of vertices, while the general methods branch encompasses classical cut-based and sampling strategies that do not
assume geometric structure. Representative works like Dynamic Kernel Sparsifiers[2] illustrate how kernel functions can be adapted to
dynamic settings, whereas approaches such as Sublinear Graph Sparsification[3] pursue efficiency through randomized sampling without
geometric assumptions.

A particularly active line of research centers on kernel-based dynamic sparsifiers, which balance the need for fast updates with the
preservation of spectral approximation guarantees. These methods face trade-offs between update time, sparsifier size, and
approximation quality, especially when point locations change continuously. Dynamic Kernel Graph Sparsifiers[0] sits squarely within this
kernel-based cluster, extending earlier static kernel techniques to handle dynamic point updates while maintaining spectral fidelity.
Compared to Dynamic Kernel Sparsifiers[2], which laid foundational dynamic kernel machinery, the original work emphasizes tighter
integration with geometric graph models where edges are determined by spatial proximity. This contrasts with more general approaches
like Sublinear Graph Sparsification[3], which prioritize sublinear complexity but do not exploit the geometric structure that can yield
stronger guarantees in metric spaces.

Related Works in Same Category

The following 1 sibling papers share the same taxonomy leaf node with the original paper:

1. Dynamic Kernel Sparsifiers
Authors: Deng, Yichuan, Yichuan Deng, Jin, Wenyu, et al. (14 authors total) | Year/Venue: 2022 ¢ arXiv.org | URL: View paper
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Abstract

A geometric graph associated with a set of points $P= {x 1, x 2, \cdots, x n } \subset \mathbb{R}~d$ and a fixed kernel function $
\mathsf{K}:\mathbb{R} ~d\times \mathbb{R} ~d\to\mathbb{R} {\geq 0}$ is a complete graph on P such that the weight of edge $(x i,
x j)$ is $\mathsf{K}(x i, x j)$. We present a fully-dynamic data structure that maintains a spectral sparsifier of a geometric graph under
updates that change the locations of points in P one at a time. The update time of our data struct...

A Similarity Notice

This paper appears to be highly similar to the original paper, with nearly identical titles ('‘Dynamic Kernel Graph Sparsifiers' vs 'Dynamic
Kernel Sparsifiers'), abstracts describing the same core contributions (fully-dynamic data structures for spectral sparsification of
geometric graphs with subpolynomial update times), and matching technical approaches (WSPD-based methods, JL projections, and
resampling techniques). The papers share the same problem formulation, theoretical results, and technical overview, suggesting they
are likely variants or different versions of the same work.

Contributions Analysis

Overall novelty summary. The paper contributes a fully-dynamic data structure for maintaining spectral sparsifiers of kernel-weighted
geometric graphs under point location updates, achieving n”~{o(1)} update time. It resides in the 'Kernel-Based Dynamic Sparsifiers' leaf,
which contains only two papers total (including this work and one sibling). This represents a sparse research direction within the broader
taxonomy of five papers across four leaf nodes, indicating that fully-dynamic geometric graph sparsification with kernel functions remains
relatively unexplored compared to general graph sparsification methods.

The taxonomy tree reveals that the paper's immediate context is 'Dynamic Geometric Graph Sparsification', which splits into kernel-
based approaches (this leaf) and streaming/monotonic models. Neighboring branches include 'General Graph Sparsification Methods'
covering sublinear algorithms and data-centric learning approaches. The scope notes clarify that this work's geometric structure and
kernel functions distinguish it from general sparsification techniques, while its fully-dynamic model (arbitrary insertions/deletions)
separates it from streaming approaches that assume monotonic update sequences. The field structure suggests geometric dynamics
remain less developed than static or general-graph settings.

Among thirteen candidates examined across three contributions, none were found to clearly refute any claimed novelty. The first
contribution (fully-dynamic sparsifier) examined three candidates with zero refutations; the second (adversarially-robust variant)
examined nine candidates with zero refutations; the third (dynamic sketch for Laplacian operations) examined one candidate with zero
refutations. This limited search scope—thirteen papers from semantic search and citation expansion—suggests that within the examined
literature, no prior work directly anticipates the combination of fully-dynamic updates, geometric kernel graphs, and sublinear
maintenance times. However, the small candidate pool means unexplored related work may exist.

Based on top-thirteen semantic matches, the work appears to occupy a relatively novel position combining geometric structure, kernel-
based edge weights, and fully-dynamic maintenance guarantees. The sparse taxonomy leaf (two papers) and absence of refuting
candidates within the examined scope support this impression, though the limited search scale precludes definitive claims about the
broader literature. The adversarial robustness component and Laplacian sketching extension appear particularly underexplored given
zero refutations across ten examined candidates.

This paper presents 3 main contributions, each analyzed against relevant prior work:

Contribution 1: Fully-dynamic spectral sparsifier for geometric graphs

Description: The authors introduce a dynamic data structure that maintains a (1+¢)-spectral sparsifier for geometric graphs when point
locations are updated one at a time. The update time is subpolynomial (n~o(1)) with high probability, and initialization takes n”~(1+o0(1))
time.

This contribution was assessed against 3 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Network-Based Feedback Control of Fluid Flows
URL: View paper
Brief Assessment

Network Feedback Fluid Control[6] focuses on feedback control of fluid flows using network-based methods. This is a fundamentally
different domain (fluid dynamics control) from the original paper's focus on dynamic data structures for geometric graphs with spectral
sparsification.

2. Dynamic Kernel Sparsifiers
URL: View paper
Brief Assessment

[Final Audit Failure] The model insisted on a refutation claim but failed to provide verifiable evidence after multiple retries. Marked as
cannot refute for safety. Please manually verify the candidate text.

3. Near-Optimal Linear Sketches and Fully-Dynamic Algorithms for Hypergraph Spectral Sparsification
URL: View paper
Brief Assessment

Hypergraph Spectral Sparsification[5] focuses on hypergraph spectral sparsification with vertex-sampling techniques, not geometric
graphs with kernel functions and point location updates as in the original paper.

Contribution 2: Adversarially-robust dynamic sparsifier under dimension constraints

Description: The authors develop a variant of their dynamic sparsifier that is robust against adaptive adversaries when the aspect ratio
and dimension satisfy ad = O(poly(n)). This enables the sparsifier to be used in iterative optimization algorithms where updates may be
adversarially chosen.

This contribution was assessed against 9 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. NODE-AdvGAN: Improving the transferability and perceptual similarity of adversarial examples by dynamic-
system-driven adversarial generative model

URL: View paper
Brief Assessment

NODE-AdvGAN[11] focuses on adversarial example generation for neural networks using neural ordinary differential equations, not on
dynamic sparsifiers for iterative optimization algorithms or geometric graphs.


https://apps.dtic.mil/sti/trecms/pdf/AD1230021.pdf
https://arxiv.org/pdf/2211.14825
https://arxiv.org/pdf/2502.03313
https://www.semanticscholar.org/paper/6cd46b3b256d925767746aff066e420bf7fb3687

2. Dynamic Adaptive Iterative Generative Adversarial Network for Hyperspectral Image Classification With
Class Imbalance

URL: View paper
Brief Assessment
Hyperspectral Image Classification[13] focuses on generative adversarial networks for handling class imbalance in hyperspectral image
classification, not on dynamic sparsifiers for iterative optimization algorithms under adversarial conditions.

3. On the Adversarial Robustness of Online Importance Sampling
URL: View paper
Brief Assessment

Robust Importance Sampling[9] focuses on online importance sampling algorithms for streaming problems (hypergraph cut sparsification
and /p-subspace embeddings), not on dynamic sparsifiers for iterative optimization algorithms as described in the original contribution.

4. Adversarial Text Generation with Dynamic Contextual Perturbation
URL: View paper
Brief Assessment

Dynamic Contextual Perturbation[15] focuses on adversarial text generation for NLP models through context-aware perturbations, not on
dynamic sparsifiers for iterative optimization algorithms or geometric graphs.

5. Sparse but Strong: Crafting Adversarially Robust Graph Lottery Tickets
URL: View paper
Brief Assessment

Adversarial Graph Lottery Tickets[8] focuses on adversarial robustness of graph neural networks through sparsification of adjacency
matrices and GNN weights, not on dynamic sparsifiers for iterative optimization algorithms with adaptive adversaries under dimension
constraints.

6. Improving Generalization of Universal Adversarial Perturbation via Dynamic Maximin Optimization
URL: View paper
Brief Assessment

Universal Adversarial Perturbation[7] focuses on generating adversarial perturbations for deep neural networks using dynamic maximin
optimization, not on dynamic sparsifiers for iterative optimization algorithms with dimension constraints.

7. Mitigating ML-Driven Adversarial Attacks on xApps Using Dynamic Defense Mechanisms
URL: View paper
Brief Assessment

Dynamic Defense xApps[12] focuses on adversarial attacks against ML-driven xApps in O-RAN networks, not on dynamic sparsifiers for
iterative optimization algorithms. The technical domains are entirely different.

8. Robust Iterative Learning Hidden Quantum Markov Models
URL: View paper
Brief Assessment

Hidden Quantum Markov Models[10] focuses on robust learning of quantum sequential models under adversarial corruption of
observation sequences, not on dynamic graph sparsification or iterative optimization with adaptive adversaries in the geometric/kernel
graph setting.

9. A Gradient Direction Consistency-Based Dynamic Iterative Adversarial Training
URL: View paper
Brief Assessment

Gradient Direction Consistency Training[14] focuses on adversarial training for neural networks using diffusion models and adaptive step
sizes, not on dynamic sparsifiers for geometric graphs or iterative optimization with spectral methods.

Contribution 3: Dynamic sketch for Laplacian matrix operations

Description: The authors present algorithms that maintain low-dimensional sketches for approximate Laplacian matrix-vector
multiplication and approximate Laplacian solving. These sketches can be updated in subpolynomial time when either the geometric graph
or the query vectors undergo sparse changes.

This contribution was assessed against 1 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Dynamic Kernel Sparsifiers
URL: View paper
Brief Assessment
[Final Audit Failure] The model insisted on a refutation claim but failed to provide verifiable evidence after multiple retries. Marked as
cannot refute for safety. Please manually verify the candidate text.

Appendix: Text Similarity Detection

No high-similarity text segments were detected across any compared papers.
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