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ABSTRACT
The ubiquity of machine learning, particularly deep learn-
ing, applied to graphs is evident in applications rang-
ing from cheminformatics (drug discovery) and bioin-
formatics (protein interaction prediction) to knowledge
graph-based query answering, fraud detection, and so-
cial network analysis. Concurrently, graph data man-
agement deals with the research and development of ef-
fective, efficient, scalable, robust, and user-friendly sys-
tems and algorithms for storing, processing, and analyz-
ing vast quantities of heterogeneous and complex graph
data. Our survey provides a comprehensive overview
of the synergies between graph data management and
graph machine learning, illustrating how they intertwine
and mutually reinforce each other across the entire spec-
trum of the graph data science and machine learning
pipeline. Specifically, the survey highlights two cru-
cial aspects: (1) How graph data management enhances
graph machine learning, including contributions such
as improved graph neural network performance through
graph data cleaning, scalable graph embedding, efficient
graph-based vector data management, robust graph neu-
ral networks, user-friendly explainability methods; and
(2) how graph machine learning, in turn, aids in graph
data management, with a focus on applications like query
answering over knowledge graphs and various data sci-
ence tasks. We discuss pertinent open problems and de-
lineate crucial research directions.

1. INTRODUCTION
Graph data, ranging from social and biological net-

works to financial transactions, knowledge bases, and
transportation systems, permeates various domains. In
these graphs, nodes represent entities with distinct fea-
tures, while edges capture relationships between them.
The growing volume of graph data and the increasing
demand to extract value in real applications necessitate
effective graph data management (GDM). Broadly speak-
ing, data management encompasses a suite of algorithms
and systems for acquiring, validating, storing, organiz-
ing, protecting, and processing data so they can be easily

found and queried effectively, efficiently, securely, and
cost-effectively. The principle of data management is to
optimize data usage and comply with regulations, so to
enable fair and responsible decision making, while max-
imizing the utility in downstream tasks. Modern data
management challenges include the three V’s of big data
(volume, velocity, and veracity), dirty data, secure and
distributed data processing, cloud computing, usability,
new data types, emerging applications, etc. While gen-
eral data management focuses on handling structured or
semi-structured data such as tables and logs, graph data
management presents unique challenges due to the inter-
connected nature of graph data. Managing relationships,
traversals, and graph-specific queries (e.g., communities
or reachabilities) demand specialized algorithms and data
structures. Additionally, the irregularity and scale of
graphs introduce challenges in indexing, storage, and
real-time updates that go beyond traditional DM solu-
tions. Specialized graph database management systems
(graph DBMS), e.g., Neo4j, TigerGraph, Microsoft Cos-
mos DB, and Amazon Neptune were developed support-
ing graph transactions, queries, visualization, and di-
verse data models [113].

Machine learning (ML), a subfield of artificial intel-
ligence (AI), uses algorithms to learn knowledge from
data and generalize to unseen cases, often without ex-
plicit programming. Key principles of ML include data
representation, performance evaluation on downstream
tasks, and iterative optimization to improve accuracy.
Based on the above requirements, ML models and sys-
tems are developed and deployed ensuring that they are
effective, efficient, robust, and user-friendly. As ML be-
comes mainstream, there is a growing focus on explain-
ability, transparency, fairness, safety, trust, and ethical
decision-making. Graph machine learning (GML), in
particular, graph neural networks (GNNs) have shown
great promises for graph data-centric applications, such
as classification, link prediction, community detection,
question answering, and recommendation [135].

While data management (DM) and machine learn-
ing (ML) serve distinct purposes, their synergy is es-
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Figure 1: Graph data pipeline in data science and
machine learning applications. Graph embedding
can be task-specific or task-agnostic. Graph neural
network (GNN) training can be end-to-end based on
downstream tasks. We show which phases belong
to GDM and which belong to GML, and can bene-
fit from each other.
sential, as data is foundational to both. First, effec-
tive collaboration between data management and ML
is necessary to unleash the full potential of an orga-
nization’s data. For instance, data management tech-
niques ensure clean, reliable, and up-to-date datasets,
enabling ML models to generate accurate and trustwor-
thy insights. Second, in modern data science applica-
tions, complex data undergo various processes involved
in machine learning to generate the final predictive out-
put, collectively forming a data pipeline [89, 59]. Fig-
ure 1 illustrates a representative graph data pipeline, en-
compassing the early stages of the graph data extrac-
tion, integration, cleaning, acquisition, validation, and
enrichment; intermediate stages dealing with graph em-
bedding, vector data, graph neural network (GNN) train-
ing, AutoML; and concluding stages involving down-
stream tasks and human-in-the-loop interactions, such
as explaining the results of black-box GNN models. Man-
aging effective and efficient data pipelines increases the
need for robust data management solutions. Third, ML
approaches enhance DM functionalities, e.g., ML can
automate data transformation processes and might also
understand a user’s query intent to improve querying
performance. Recent graph systems with ML capabil-
ities [97, 39, 1] highlight the need to explore the syner-
gies between two related fields: GDM and GML. Emerg-
ing technology landscapes such as AI, ML, edge com-
puting, serverless and cloud computing, modern hard-
ware, Internet-of-Things, data lakes, and Large Language
Models (LLMs) are expanding the domain of data-driven
downstream applications and what is feasible including
real-time decision-making capabilities, streamlining in-
tegration, and enhanced security, making the synergy
even more critical.

This survey examines the interplay between GDM and
GML across different stages of the data pipeline de-
picted in Figure 1. We identify three key scenarios to
structure the survey: (a) when GDM benefits GML; (b)

when GML enhances GDM; and finally (c) when GDM
+ GML integration facilitates downstream tasks. For ex-
ample, the initial phase of graph data cleaning is a GDM
task, where we explore GML’s contributions (§3.1). In
contrast, stages like graph embedding, GNN training,
and explainability focus on GML objectives, with GDM
systems improving their efficiency and effectiveness (§3.2,
§3.3, and §3.4). The fourth phase about downstream
tasks benefits significantly from the synergy of GDM
and GML, as discussed in §4.

Motivation: What are new in GDM and GML? With
the rapid advances of graph machine learning (GML)
techniques, such as graph embedding [137], GNNs [136,
155, 77], graph transformers [81], graphGPT [112], foun-
dation models [72], and LLMs for graphs [47, 65], the
role of graph data management (GDM) in the GML life-
cycle has become increasingly vital. This spans all stages
of the data pipeline, including preparation, improvement,
embedding, training, and explanation. Recently, both
academia and industry have emphasized the need for
high-quality, large-scale data and robust, scalable, se-
cure, and explainable models in ML systems [89, 167].
While there exist surveys and tutorials discussing the
synergy between data management and ML – primarily
focusing on relational data and relational database man-
agement systems [14, 59, 89], similar resources about
graph data are comparatively scarce. Both GDM and
GML pose significant challenges as follows.

In terms of GDM, graph data are inherently irregular,
with nodes and edges forming complex, variable-length
connections. This contrasts with the strict schema of
relational data, where rows and columns provide a pre-
dictable structure. Therefore, specialized GDM systems
are often required to quickly navigate and retrieve com-
plex multi-hop neighbors. This places unique demands
on GDM for efficient sampling and traversal strategies.

Due to their interconnected nature, partitioning graph
nodes without disrupting critical structural properties,
such as community boundaries, poses significant chal-
lenges. Unlike traditional data partitioning, where rows
in tables can often be divided without impacting data re-
lationships, graph partitioning must preserve inter-node
dependencies to maintain the graph’s integrity, typically
requiring extensive communication between nodes or
servers. GDM systems have to manage this inter-partition
communication efficiently to support applications at scale
– a challenge that is usually less pronounced in rela-
tional data management where tables can often be pro-
cessed more independently.

Last but not least, graphs can be both high-dimensional
and sparse, especially real-world graphs containing bil-
lions of nodes, but relatively few edges per node. Stor-
ing and efficiently retrieving meaningful patterns from
these sparse yet high-dimensional graphs cause difficul-
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ties that do not typically arise with dense tabular data.
Analogously, GML poses significant challenges due

to the non-IID and unnormalized nature of graph data,
the absence of strict schema, and irregular structures.
Unlike traditional ML, where data samples are often pro-
cessed independently, graph data require interdependent
computations, leading to increased computational costs.
Optimizing GML systems for model training, such as by
supporting distributed training with efficient data load-
ing and caching, is essential but challenging.

GML also generates high-dimensional embeddings for
nodes and edges, which are crucial for tasks like node
classification, link prediction, and similarity search. Man-
aging these embeddings is more demanding than han-
dling traditional ML data with simpler numeric or cat-
egorical features. Efficient storage, indexing, and re-
trieval mechanisms, such as vector databases or hybrid
storage solutions, are essential for managing the large-
volume high-dimensional embeddings produced by GML.

Additionally, reasoning in GML relies heavily on com-
bining intricate feature interactions with graph topology.
Graph data often require advanced feature engineering
based on structural motifs or specific subgraph patterns.
This demands robust support for pattern matching and
subgraph extraction within GML systems, capabilities
that are rarely needed in tabular ML. Scaling these op-
erations for large graphs is particularly challenging and
requires effective indexing and optimization strategies.

Finally, heterogeneity and multimodal graph data (e.g.,
graphs with nodes and edges having text and image-
based features), along with emerging applications be-
yond classification and prediction (e.g., entity resolu-
tion [62], knowledge graphs question-answering [143],
graph combinatorial optimizations [117]), and “black-
box” deep learning approaches introduce further com-
plexities to the deployment of GNNs.

Against this backdrop, our survey covering a set of
the latest solutions that integrate GDM and GML tech-
niques is both timely and relevant. We believe that our
survey will attract and promote interdisciplinary research
that advances scalable and explainable data pipelines for
new data challenges in graph analysis.

Roadmap. In this survey, we demonstrate how graph
data management and machine learning facilitate each
other at different stages in a graph data pipeline. In par-
ticular, we delve into the following topics:
• Benefits of graph data cleaning and augmentation in
improving the GNN performance (§3.1);
• Application of graph data management algorithms and
systems for scalable graph embedding learning (§3.2);
• Vector data management using graph-based indexes
(§3.3);
• GNN explainability methods, focusing on their usabil-
ity and robustness (§3.4);

• Application of graph machine learning in knowledge
graphs query answering (§4.1); and
• Applications of graph-based retrieval augmented gen-
eration (graph RAG) in large language models (LLMs)
for data science tasks (§4.2).

We discuss background and related work in §2 and
§5, respectively, and conclude with future work in §6.

2. BACKGROUND
We introduce background materials on graph neural

networks and graph embeddings.
Graph neural networks (GNNs) are deep learning

models to tackle graph-related tasks in an end-to-end
manner [136]. GNNs have many variants, e.g., graph
convolutional network (GCN) [57], graph attention net-
work (GAT) [116], graph isomorphism network (GIN)
[139], GraphSAGE [36], graph auto-encoder [56], graph
generative adversarial network (GraphGAN) [119], and
APPNP [58], etc. Specifically, graph convolution op-
erations can be categorized as spectral [10] and spatial
[21] approaches. In spectral methods, filters are ap-
plied on a graph’s frequency modes computed via graph
Fourier transform. Spectral formulations rely on the
fixed spectrum of the graph Laplacian, and are suitable
only for graphs with a single structure (and varying fea-
tures on nodes), as well as are computationally expen-
sive. On the other hand, spatial methods are not re-
stricted to a fixed graph structure, as they extract local
information by propagating features between neighbor-
ing nodes. Kipf and Welling [57] also develop a first-
order approximation of the spectral convolution, which
results in propagation between neighboring nodes. In
particular, GCN adopts a general form as follows.

Xk = d(D̂� 1
2 ÂD̂� 1

2 Xk�1Qk) (1)

Here Â = A+ I, where I represents the identity ma-
trix and A is the adjacency matrix of graph G. Xk indi-
cates node feature representation in the k-th GCN layer,
(with X0 = X a matrix of input node features). D̂ rep-
resents the diagonal node degree matrix of Â, d(.) is
the non-linear activation function, and Qk represents the
learnable weight matrix for the k-th layer. State-of-the-
art GNNs follow a similar feature learning paradigm:
Update the features of every node by aggregating the
counterparts from its neighbors. The inference cost of
feature propagation-based GNNs is usually polynomial-
time [15, 58]. GNNs have been employed in node and
graph classification (e.g., GCN [57], GAT [116], Graph-
SAGE [36], GIN [139]), link prediction (e.g., LGLP
[12]), and entity resolution (e.g., GraphER [62]), etc.

Graph embedding or representation learning [11,
17] generates low-dimensional representation vectors of
nodes, edges, and graphs that capture the structure and
features of graphs accurately for downstream ML tasks.
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Graph embedding algorithms can be categorized into
three classes. (1) Matrix factorization methods [93] con-
struct feature representations based on the adjacency or
Laplacian matrix, and exploit spectral techniques. (2)
Random-walk methods [32] transform a graph into a set
of random walks via sampling and then employ Skip-
Gram to generate embeddings. (3) Graph neural net-
works (GNNs)-based approaches [36, 116] focus on gen-
eralizing graph spectra into semi-supervised or super-
vised graph learning. They often follow a recursive neigh-
borhood aggregation scheme to generate embeddings.
State-of-the-art matrix factorization and random walk
methods generally work on homogeneous graphs where
nodes and edges share the same type, and the algorithms
consider only graph structures. In contrast, GNN-based
approaches exploit both graph structures and node fea-
tures. They can be end-to-end, implying that the learn-
ing of embeddings is implicit within the GNN model
and computed in a task-dependent manner. Embeddings
of more complex networks such as heterogeneous in-
formation networks [107], relational graphs [102], hy-
pergraphs [5], knowledge graphs [2], uncertain graphs
[40], signed networks [150], dynamic graphs [7], spatio-
temporal networks [105] have been studied.

3. GRAPH DATA MANAGEMENT
FOR GRAPH ML

We discuss applications of graph data management
such as data cleaning and augmentation in improving
the GNN performance, graph algorithms, databases, and
systems for scalable embedding learning, graph indexes
for vector data management, and graph view-based ex-
planation generation to enhance usability.

3.1 Graph Data Cleaning and
Augmentation

Enhancing graph data to improve the performance of
graph learning has seen an increased interest [167]. Ex-
isting data augmentation techniques from computer vi-
sion and natural language processing research cannot be
easily generalized to irregular-shaped graph data. Graph
data augmentation (GDA) [159] specifies enriching graph
data to improve graph learning, which is categorized
into “editing-based” and “representation-based”. Editing-
based methods aim to derive graph editing operations,
such as removal, addition, or modify nodes, edges, fea-
tures, or (sub)graphs [160, 162, 154, 37, 33], to im-
prove the model performance such as graph neural net-
works. These methods may follow a deterministic pro-
cess, learning to derive editing operations, or via a stochas-
tic editing process. Graph sparsification [165], conden-
sation [48], and diffusion [157] are also applied to im-
prove GNN-based analysis.

Instead of deriving graph editing operators, represen-
tation based GDA directly learns to refine graph repre-
sentation to improve follow-up analytical tasks. These
methods train learnable parameters to generate augmented
samples or graph representation and may adopt struc-
ture learning, adversarial training, contrastive learning,
or automated augmentation [169, 161, 109]. Compared
with representation-based approaches, editing-based GPA
may be more interpretable and explainable, by perform-
ing data provenance analysis over the derived editing
operators. On the other hand, representation-based ap-
proaches can be readily streamlined as input for down-
stream (graph) learning tasks, hence, may serve better
in the need of end-to-end learning pipelines.

Error detection and repairing have been studied for
graphs using rules and logic-based solutions, such as
graph dependencies [26] and graph keys [24], neigh-
borhood constraints [49, 68], uncertain edges cleaning
[69]. Graph association rules (GARs) [25] detect miss-
ing links and semantic errors in graphs, while assist-
ing in link prediction. GNNCleaner [138] repairs node
labels to improve GNN robustness against label noise.
Recent work such as SHACTOR [95] extracts validated
shapes (a graph pattern carrying value, topological or
cardinality constraints) with configurable measurements
such as support to detect anomalies in knowledge graphs
for error detection and cleaning. In general, rule-based
error detection treats and deals with each error scenario
in an isolated manner and often falls short of captur-
ing complex scenarios where errors are from multiple
sources with different forms, and may require additional
effort to be adapted for general error detection.

Graph learning has been introduced to improve error
detection and repairing for graphs. Generative adver-
sarial learning and active learning has been exploited to
improve error detection in graphs [33, 34]. For exam-
ple, GALE [34] supports an interactive active, genera-
tive adversarial detection framework for graph error de-
tection. The method applies few-shot learning to learn
an error generation model that best fits a limited number
of examples of different types of errors, and applies the
model to augment the detected errors via a generative
adversarial model to detect more errors. Active learning
is adopted in this process to assist the error generation
in the GAN-based error detection.

Synergy. There are good opportunities to integrate and
interact with machine learning and graph data clean-
ing towards ML-based graph data cleaning systems. (1)
Graph data constraints and rules can be exploited to char-
acterize domain knowledge and context for ML data clean-
ing models. These graph data constraints and rules also
provide a validation mechanism to make ML-based data
cleaning reasonable. For example, graph association
rules [25] or validation shapes [95] can be equipped with
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learnable domain-specific patterns to improve the qual-
ity of domain-specific knowledge graphs. (2) The do-
main knowledge, context, and data constraints may also
be properly featurized for potential training of founda-
tional data cleaning models. The expressive ML mod-
els can be fine-tuned to perform downstream data clean-
ing tasks without conducting isolated, from-scratch data
cleaning pipelines.

On the other hand, learning for graph error detection
still requires a properly large amount of high-quality
annotated examples, which remain a luxury for many
applications such as domain sciences. Scaling ML so-
lutions to large-scale graph cleaning also calls for ef-
ficient graph learning algorithms. Moreover, making
ML-empowered data cleaning explainable with domain
knowledge remains desirable yet a missing feature in
current data systems. These provide opportunities for
emerging needs such as fact checking tools in scientific
knowledge graphs.

3.2 Scalable Graph Embedding
and GNN Training

The surge of billion-scale graphs emphasizes the im-
portance of efficient embedding learning on large graphs,
as well as GNN training with them, such as for link pre-
diction on Twitter with over one billion edges [35], users
and products recommendation at Alibaba [120], etc. To
scale GNNs to large graphs, various sampling strate-
gies, e.g., node-wise sampling, layer-wise sampling, and
graph-wise sampling are adopted [67].

To resolve efficiency and scalability issues with large
graphs, recent works mainly focus on parallel compu-
tation, distributed systems, CPU-GPU hybrid architec-
ture, and new hardware. PANE enables scalable and
attributed networks embedding by measuring node at-
tribute affinity with random walks, embedding compu-
tation via joint matrix factorization, and using multi-
core parallelization [141]. DistGER exploits informa-
tion oriented distributed random walks and distributed
Skip-Gram learning for scalable graph embedding [27].
GraphVite [170] employs a CPU-GPU hybrid architec-
ture, simultaneously performing graph random walks on
CPUs and embedding training on GPUs. Marius [82]
optimizes data movements between CPU and GPU on a
single machine for large KG embedding. Seastar [134]
develops a novel GNN training framework on GPUs with
a vertex-centric programming paradigm. XGNN [111]
designs a multi-GPU GNN training system to fully uti-
lize GPU and CPU memory and high-speed intercon-
nects. Amazon released DistDGL [166], a distributed
graph embedding framework with mini-batch training
using the Deep Graph Library (DGL). Facebook’s Py-
torch Biggraph [61] exploits graph partitioning and pa-
rameter servers to learn large-graph embeddings on mul-

tiple CPUs using PyTorch. ReGNN develops ReRAM-
based architecture for GNN acceleration [71].

Synergy. Both graph embedding and GNN training are
GML tasks. We showcase how GDM techniques can en-
hance them in four major ways: algorithms and systems,
software-hardware co-design, and graph databases.
• Efficient algorithms. To improve efficiency and scala-
bility of GNN training often at the cost of accuracy loss,
mini-batch training and sampling strategies are devel-
oped, which can scale with data parallelism. Parallel and
distributed training algorithms aim at reducing computa-
tion and communication overheads and design effective
graph partitioning methods, all of which deal with ir-
regularity, inter-connectedness, and sparseness in graph
structure. Random walks approximate GNN message
passing (e.g., APPNP [58]) and capture neighborhood
structures for generating graph embedding. Therefore,
improving the effectiveness of random walks, reducing
their numbers and path lengths, as well as distributed
random walk mechanisms have great potentials to im-
prove the efficiency and scalability of GNN training and
graph embedding. Efficient matrix factorization tech-
niques can also gain superior performance and scale to
embeddings of large-scale graphs.
• Scalable systems. Multi-CPU and multi-GPU plat-
forms are widely-adopted scalable systems for distributed
GNN training and graph embedding. Multi-CPU plat-
forms enable distributed GNN training across multiple
machines. Multi-GPU platforms employ CPU-GPU col-
laborative solutions, where GPUs conduct GNN train-
ing/ embedding, whereas CPUs handle computationally
intensive tasks, including sampling, random walks, and
workload partition. Modern hardware, e.g., FPGA, SSD,
and ReRAM enable training larger graphs on a single
machine, while providing accelerations, fault-awareness,
and energy-efficiency.
• Software-Hardware co-design. PyTorch Geometric
(PyG) and Deep Graph Library (DGL) are common soft-
ware paradigms for GNN training. They support CPU
and GPU computing, full-batch and mini-batch training,
also provide APIs and user-defined functions to abstract
computation and communication. Using them, more
advanced software frameworks, e.g., AliGraph [168],
DistGNN [115], and DistDGL [166] are developed which
define user-friendly programming models (e.g., vertex-
centric paradigm) and efficient data structures. They
employ software-hardware co-design to reduce compu-
tation and communication costs via different paralleliza-
tion schemes (e.g., pipeline parallelism), optimization
strategies (e.g., synchronous vs. asynchronous commu-
nication, parameter server), on-chip data reuse, etc.
• Graph databases. Popular graph databases (graph DBs),
e.g., Neo4J, ArangoDB, Amazon Neptune, TigerGraph,
and Kùzu provide data science libraries and ML tools
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to support a number of graph embedding methods and
GNN training [52]. Graph DB’s disk-based storage sys-
tems can be used with PyG remote backend to train a
GNN model on very large graphs that do not fit on the
main memory of a single server 1. While graph DBs cur-
rently provide only basic graph ML functionalities such
as node classification and regression, link prediction, it
would be interesting to seamlessly integrate graph em-
beddings and GNN’s capabilities into graph query pro-
cessing and question answering (QA) (§4.1), also en-
abling vector indexes for efficient similarity search to
facilitate graph RAG paradigm in LLMs (§4.2). These
highlight the potential of graph DBs to be coupled with
ML-based QA systems and LLMs [86, 73].
• Improving graph data pipeline. Finally, efficient graph
embedding and GNN training are key to many down-
stream applications, e.g., graph data cleaning, entity res-
olution, and knowledge graph question answering, en-
suring effective, efficient, and robust graph data pipelines.

3.3 Graph-based Vector Data Indexes
The management of vector data intersects with graph

data management, particularly in systems that support
graph-based machine learning (GML). A prime example
is the use of graph-based vector indices, e.g., HNSW [20,
78, 28] to organize high-dimensional embeddings for re-
trieval tasks. These embeddings often originate from
GML models like Graph Neural Networks (GNNs) [54,
9], where node or graph-level representations are com-
puted for downstream applications. This synergy be-
tween graph-based indices and GML pipelines positions
GDM systems, including Neo4j and TigerGraph, as com-
prehensive platforms for building GML workflows, in-
tegrating data storage, embedding generation, and simi-
larity search functionalities.

Graph-based indices [84] diverge from traditional in-
dexing methods, such as inverted indices [6, 46], locality-
sensitive hashing [3, 114], and tree-based indices [8,
51], which typically partition vectors into buckets. In-
stead, graph-based indices construct proximity graphs,
where nodes represent data points and edges denote neigh-
bor relationships. These graph-based approaches present
unparalleled effectiveness by leveraging semantic sim-
ilarities through the principle that a neighbor’s neigh-
bor is likely to be a neighbor and iteratively expand-
ing neighbors’ neighbors through a best-first search [26,
124]. Recent works substantiate their scalability, posi-
tioning them for handling billion-scale datasets [127].
Unlike traditional graph data structures used for rep-
resenting networked information, these indices are op-
timized for the Approximate Nearest Neighbor Search
(ANNS) [4, 64, 127], a task foundational to many AI-
driven applications. This makes them particularly rele-
1https://blog.kuzudb.com/post/kuzu-pyg-remote-backend/

vant to GDM systems that serve as infrastructure for hy-
brid tasks combining traditional graph analysis and ML-
based embedding retrieval. The implications of such
methods extend beyond ANNS, permeating into the fab-
ric of LLMs [54] and unstructured data management [41,
131], heralding a new era in the intersection of graph-
based data management and real-world applications.

Graph-based vector indices have been subject to a
range of optimizations aimed at improving both the in-
dex structure and search procedures, which can be cate-
gorized into four key areas:

The first major category, graph index optimization,
focuses on diversifying neighbor connections to enhance
graph navigability and capture semantic relationships be-
tween embeddings, such as refining the quality of the
edge set [28], leveraging more sophisticated distance
functions [20], adaptive neighbor selection [88], and hi-
erarchical layouts [78]. These ensure that similar em-
beddings are efficiently connected and easily discover-
able during search. The index graph quality directly im-
pacts downstream GML tasks like node classification
and link prediction, where effective and efficient simi-
larity assessments are critical for model performance.

The second set of optimizations focuses on enhanc-
ing search strategies to reduce traversal overhead while
maintaining high query accuracy. This is particularly
important when scaling graph-based models to larger
datasets, as the cost of inefficient traversal can quickly
overwhelm the benefits of an optimized index. Rout-
ing optimizations address this challenge by refining key
aspects such as entry point acquisition [74, 164], rout-
ing strategy [30, 151, 75, 151], and termination condi-
tions [63, 152]. By combining these strategies, rout-
ing optimization ensures that even in large-scale GML
datasets, searches remain fast and precise, minimizing
the impact of increasing data size on performance.

Building on these search optimizations, the third cat-
egory focuses on scaling solutions through hardware-
aware optimizations, which adapt the index layout and
search strategies to specific hardware capabilities [126].
Graph-based methods have been implemented in exter-
nal memory such as heterogeneous memory (HM) [99]
and solid-state disk (SSD) [45], to scale the system be-
yond traditional memory limitations. A recent work [44]
has adapted graph-based indexes to the cutting-edge com-
pute express link (CXL) architecture. In addition, accel-
eration hardware such as GPUs and FPGAs are utilized
to parallelize vector computation [163, 83, 79] or data
structure maintenance [146], providing an order of mag-
nitude increase in efficiency for both index construction
and search, These innovations exemplify how software-
hardware collaboration enables scalable solutions for
embedding-intensive GML tasks, addressing computa-
tional bottlenecks in GML workflows.

SIGMOD Record, June 2025 (Vol. 54, No. 2) 33



The fourth line of research integrates additional in-
formation into graph indices to further support more so-
phisticated retrieval scenarios, a critical need for com-
plex graph ML workflows. Techniques such as attribute-
based filtering [123, 31, 87, 171] incorporate structured
attributes directly into the index, enabling hybrid queries
that combine structured and unstructured data. For in-
stance, in multimodal search scenarios, where each en-
tity comprises multiple vectors, multiple graph indexes
may be constructed and scanned to address a multi-vector
query [121, 152]. An innovative approach [122] has
fused multiple embeddings into a unified graph index
with automatic weight learning, enabling efficient and
accurate multimodal queries. These methods have demon-
strated applicability in ML-powered systems, such as
LLM-based online query answering [125], further bridg-
ing the gap between advanced data management and
real-world applications.

Synergy. We illustrate how advancements in graph-based
vector indices, a core GDM technique, significantly con-
tribute to the scalability and efficacy of GML systems.
• Efficient embedding management. Graph indices ex-
cel at managing high-dimensional embeddings gener-
ated by GML tasks, such as node classification and link
prediction. By leveraging optimizations in graph struc-
ture and search procedures, including neighbor diver-
sification, efficient routing, and hardware acceleration,
these indices enable faster and more precise similarity
searches essential for embedding-driven GML workflows.
• Scalable multimodal integration. For multimodal GML
tasks, where nodes or entities are represented by multi-
ple embeddings, graph indices adapt to efficiently han-
dle hybrid and multimodal queries. Techniques like fused
graph indices allow simultaneous processing of multiple
data modalities, directly benefiting use cases like multi-
modal knowledge retrieval and enhanced representation
learning in large-scale systems.
• Hardware acceleration for GML. The alignment of
graph indices with emerging hardware architectures, such
as GPUs, FPGAs, and CXL, drives substantial improve-
ments in computation and memory efficiency. These
optimizations enable graph ML systems to scale effec-
tively, overcoming the limitations of traditional memory-
based approaches for embedding-intensive workloads.
• Enhanced machine learning pipelines. By integrating
attribute filtering, handling incomplete data, and accom-
modating large-scale retrieval, graph indices bolster the
robustness of GML pipelines. This ensures reliable and
efficient data processing for tasks such as hybrid query
answering, anomaly detection, and fair representation
learning. The adaptability of graph indices to evolv-
ing GML requirements demonstrates their critical role
in enabling complex, real-world applications.

3.4 GNN Explainability
To safely and trustfully deploy deep neural models,

it is critical to provide human-intelligible explanations
to end users and domain experts: Which aspects of the
input data drive the decisions of the model? Therefore,
explainability methods for GNNs are becoming popular.

Deriving and comparing GNN explanations are diffi-
cult. (1) There is no unique notion of explainability –
the requirements arise due to many factors, e.g., trust,
causality, transferability, fair decision making, model
debugging, informativeness, etc. [70, 55]. (2) Analo-
gously, several quantitative metrics such as fidelity, spar-
sity, contrastivity, and stability are proposed to evaluate
explanation quality. It may be required to modify these
metrics to capture the complex dependency of structure
and feature in the graph space. For instance, perturbation-
based metrics (e.g., fidelity) can drastically change the
graph’s structure, resulting in data outside the training
distribution. Instead, a standard practice is to consider
“milder” perturbations by removing associated features
of important nodes and edges, while keeping the graph
structure intact [90, 148]. (3) Due to the emerging na-
ture of graph data and downstream tasks, there has been
less qualitative evaluation of GNN explainability (e.g.,
human grounded evaluation) [118, 96]. Lack of real-
world ground-truth explanations, complexity in graph
data, and requirement of expert domain knowledge are
key bottlenecks behind qualitative evaluation. (4) The
output of GNN explainability (e.g., nodes, edges, fea-
tures, subgraphs) and their categories (e.g., factual vs.
counterfactual, instance vs. model-level) are different.
For a holistic evaluation, such factors must be consid-
ered [53]. (5) Other concerns include non-robust GNN
models and training bias [23].

Recently, many explainability methods for GNNs have
been developed, which can be categorized across several
dimensions [148, 50, 53]. Self-explanatory approaches
incorporate explainability directly into GNN models, e.g.,
[18, 156]. Post-hoc methods [144, 29, 76, 147, 101, 118,
149] create a separate model to provide explanations for
an existing GNN. In global explanation methods, users
understand how the model works globally by inspecting
the structures and parameters of a GNN model, or by
generating graph patterns which maximize a certain pre-
diction of the model [147]. In contrast, local methods
examine an individual prediction of a model, figuring
out why the model makes the decision on a specific test
instance [144, 29, 101, 118, 149]. Forward explainabil-
ity methods are GNN model-agnostic by learning evi-
dences about graphs or nodes passed through the GNN.
They can be perturbation-based, that is, masking some
node features and/or edge features and analyzing the
changes when the modified graphs are passed through
GNNs [144]. They might also employ a simple, explain-
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able surrogate model to approximate the predictions of
a complex GNN [118]. In contrast, backward inter-
pretability methods are GNN model-specific and can be
either gradient-based [90] – backpropagating importance
signals backward from the output neuron of the model to
the individual nodes of the input graph, or decomposition-
based [103] – distributing the prediction score in a back-
propagation manner until the input layer. Thus, one
identifies which nodes, edges, and features contribute
the most to the specific output label in the GNN. Fur-
thermore, GNN explainability methods can be classified
as factual (i.e., finding a subgraph whose information
is sufficient – which, if retained, will result in the same
prediction), counterfactual (i.e., finding a subgraph that
is necessary – which, if removed, will result in a differ-
ent prediction), or both [110].

However, existing approaches in this field are lim-
ited to providing explanations for individual instances or
specific class labels. The main focus of these methods is
on defining explanations as crucial input features, often
in the shape of numerical encoding. These methods gen-
erally fall short in providing targeted and configurable
explanations for multiple class labels of interest. Ad-
ditionally, existing methods may return large explana-
tion structures and hence are not easily comprehensible.
These explanation structures often lack direct accessibil-
ity and cannot be queried easily, posing a challenge for
expert users who seek to inspect the specific reasoning
behind a GNN’s decision based on domain knowledge.

A recent work, GVEX [16] proposes a novel two-tier
explanation structure called explanation views. An ex-
planation view (similar to graph view) comprises a col-
lection of graph patterns along with a set of induced
explanation subgraphs. Given a database of multiple
graphs and a specific class label assigned by a GNN-
based classifier, lower-tier subgraphs provide insights
into the reasons behind the assignment of the label by
the classifier. They serve as both factual (that preserves
the result of classification) and counterfactual explana-
tions (which flips the result if removed). On the other
hand, the higher-tier patterns summarize the subgraphs
using common substructures for efficient search and ex-
ploration of these subgraphs. Analogously, RoboGExp
[92] introduces a new class of explanation structures
to provide robust, both counterfactual and factual ex-
planations for graph neural networks. Given a GNN,
a robust explanation refers to the fraction of a graph
that are counterfactual and factual explanation of the re-
sults of the GNN over the graph, but also remains so
for any “disturbance” by flipping up to k of its node
pairs. In particular, such explanation indicates “invari-
ant” representative structures for similar graphs that fall
into the same group, i.e., be “robust” to small changes
of the graphs, and be both “factual” and “counterfac-

tual”. Both GVEX and RoboGExp also emphasize ef-
fective, efficient, and scalable explanation generation by
providing theoretical approximation guarantees and de-
veloping parallel and streaming algorithms.

Synergy. We depict how GDM assists in generating bet-
ter GNN explanations, which is a GML task.
• Useful explanations. First, explanations should not
only dissect the decision-making process of GNN mod-
els, but can also zoom in/out on how certain features,
nodes, or subgraphs contribute to specific classifications,
that is, explanations can be provided across multiple gran-
ularity of concept hierarchy depending on the needs of
end users. Moreover, enhancing the accessibility, con-
figurability, and queryability of explanations is crucial.
Graph view-based two-tier explanations in GVEX [16]
provide the first step in this direction, and a natural ex-
tension might be generating an explanation OLAP cube
that can be drill up/down based on domain-specific re-
quirements. Second, explanations should be presented
in a user-friendly manner, possibly through visualiza-
tions or interactive tools that allow users to explore and
interrogate GNNs’ decisions. These tools could enable
desirable capabilities, e.g., highlighting critical substruc-
tures, providing interactive interfaces, and allowing tun-
able parameters for domain experts to “query” the model
about its decisions. It is paramount to think beyond “ex-
planation of GNN models” and towards “explanations
for users” to enable trust and effective deployment.
• Efficient explanations. Past research on explanation
generation often does not emphasize on efficiency and
scalability, e.g., requiring more than one day to generate
an explanation over large-scale graphs [16]. Real-time
explanations are key to interactiveness, configurability,
queryability, and in-depth exploration of GNNs’ deci-
sion making process. Parallel, streaming, and anytime
algorithms, modern hardware, and software-hardware
co-design have potentials to reduce explanation time.
• Diversified explanations. As stated earlier, several
quantitative metrics, e.g., fidelity, sparsity, contrastivity,
and stability are designed to evaluate explanation qual-
ity; however, no single measure is the best. It is impor-
tant to pursue explanations that optimize multi-objective
quality criteria, while also improving diversity. Con-
cepts from databases, such as Pareto optimality and a
skyline set of explanatory subgraphs can be useful.
• Better explanations to improve data pipeline. Finally,
explanations can reveal unfairness in GNN’s decision
making process, detect anomalies and potential threats,
help in model debugging, and assist organizations in
meeting compliance and regulations, thereby improving
the robustness of graph data pipeline.
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4. GRAPH ML FOR GRAPH
DATA MANAGEMENT

We illustrate applications of graph machine learning
and graph-based LLMs in knowledge graphs query an-
swering and other data science tasks.

4.1 Knowledge Graphs Query Answering
Query answering over datasets is an important data

management task. We consider knowledge graph (KG)
– a graph-based data model to store facts – denoted as
hsubject, predicate, objecti triples, or a large-scale graph
having nodes (subjects and objects) and edges (predi-
cates) [132]. Querying KGs is critical for web search,
semantic search, fact checking, and personal assistants.
However, it is difficult due to their massive volume, het-
erogeneity, incompleteness, and schema flexibility. Ad-
ditionally, a user’s query (e.g., natural language query or
query graph) may not match exactly w.r.t. entities, rela-
tions, and structure of the KG, requiring approximate
matches to retrieve relevant answers [52].

Machine learning assists in (1) inferencing over KGs
to identify missing relations during query answering,
and also (2) finding approximate matches for queries [1,
39, 97]. (3) Natural language queries (NLQs) are se-
mantically parsed to structured queries (e.g., SPARQL
queries over KGs) using neural approaches [94]. (4)
More recent techniques employ sequential models for
end-to-end answering of NLQs over KGs, e.g., KEQA
[42] for simple NLQs and EmbedKGQA [100] for multi-
hop NLQs. (5) KG embedding methods can be useful as
well. Wang et al. [129, 128] decompose multi-hop and
complex queries into smaller subqueries, answer each
subquery via single-hop reasoning with KG embedding,
and then assemble the answers. In contrast, Query2box
[98] and follow-up works train on multi-hop queries –
they embed multi-hop logic queries and their answers
(i.e., entities from a KG) in the same embedding space
to reduce the query processing cost via inference.

Domain-specific knowledge graphs (KGs) [124, 66]
have been curated to host scientific, factual knowledge
rather than generic Web or common knowledge, such
as KGs in material science, healthcare, medicine, ed-
ucation, cybersecurity, biology, and chemistry. While
knowledge curation has been extensively studied, search-
ing domain data remains nontrivial. Domain experts are
still expected to write complex declarative queries (such
as SPARQL), or data scripts to access KGs. There is a
gap between the need of accessing KGs with (domain)
languages and optimized query processing within state-
of-the-art KG data systems. The rise of large language
models (LLMs), such as GPT provides promising capa-
bilities in generating natural language solutions in re-
sponse to users’ prompts. There are efforts on linking
LLMs to KG search and exploration [85], as well as

LLM-based knowledge graph exploratory search [60].
KG-enhanced, LLM-based QA is also studied: QAGNN
[143] and GreaseLM [153] fine-tune a vanilla LM with a
KG on downstream tasks, whereas DRAGON [142] and
JAKET [145] perform self-supervised pre-training from
both text and KGs at scale.
Synergy. Query processing is the bread-and-butter for
the data management community. We highlight how
GML and LLMs assist in KG querying and QA.
• Natural language query processing. Natural language
interfaces to databases (NLIDB) is the holy grail for
query interface to DBs – automatically translating nat-
ural language questions (NLQs) to structured queries
(e.g., SQL) that can be processed by a database manage-
ment system. With the prevalence of graph data (e.g.,
domain-specific KGs) and the standardization of graph
query languages (GQL), there is an emerging need to
covert NLQs to graph queries, e.g., Cypher, SPARQL,
Gremlin, GSQL, PGQL, etc. This is more challenging
due to the complexity and expressivity of graph queries,
coupled with the schema-flexibility and heterogeneity in
graph data. GNNs and LLMs can assist in these tasks
because of their understanding of contexts in conver-
sational QA, background knowledge, and capability of
dealing with natural language text. For instance, Neo4J
recently developed NeoDash2 which leverages LLMs to
interpret user’s input NLQs and generates Cypher queries
based on the provided schema definition.
• Approximate query processing. KGs are schema flexi-
ble, i.e., similar relationships between entity pairs can be
represented in different ways. Therefore, one needs to
construct various query patterns to retrieve all relevant
answers from the underlying dataset, which is challeng-
ing. This necessitates approximate matches w.r.t. users’
queries by understanding the query intent – KG embed-
ding and KG + query embedding approaches can sup-
port approximate matching via inference.
• Query processing over incomplete data. KGs follow
the open-world assumption, i.e., they are incomplete. To
retrieve the complete set of answers for a given query,
one must infer missing relations in KGs. In contrast, re-
lational DBs generally follow the closed-world assump-
tion with the presumption that all relevant knowledge
is explicitly stored within the DB. Additionally, dealing
with missing graph structure is more challenging than
imputing missing feature values. ML-based link predic-
tion and multi-hop inference techniques can be coupled
with graph queries to resolve these problems.
• Multimodal and multilingual data and queries. En-
tities and relations in a KG can have features with dif-
ferent data modalities, e.g., text, images, and multime-
dia data. Analogously, text data in node features and
2https://neo4j.com/labs/neodash/2.4/user-guide/extensions/
natural-language-queries/
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queries can be in different languages. Dense vector em-
bedding of multimodal and multilingual data, obtained
via deep models, provide a unique opportunity to query
such heterogeneous data. Data management techniques
can also contribute in querying vector data with high-
dimensional indexes and join, leveraging modern hard-
ware and geometric data processing.
• Graph databases and query optimization. ML ap-
proaches, e.g., deep learning, reinforcement learning,
and LLMs have shown promises in optimizing database
queries and enhancing database administration functions
such as query optimization, workload management, in-
dexing, and storage layouts. Although there are recent
developments in deep learning methods for graph pat-
tern search and cardinality estimation [158], more work
is needed in AI-facilitated graph databases and query
optimization. Graph ML algorithms could play a piv-
otal role in predicting access patterns, node importance,
learning graph indexes based on query characteristics.
By leveraging historical usage data and graph topology,
these systems can autonomously adapt storage strategies
and retrieval mechanisms to match the evolving needs.

4.2 Graph RAG-based LLMs in Data Sci-
ence Applications

LLMs which are a category of generative AI mod-
els and proficient at generating new text contents, offer
a myriad of opportunities in data science by automat-
ing data analysis, manipulation, querying, and interpre-
tation, as well as in code synthesis, digital assistants,
finance, law, and education. Nevertheless, due to poor
reasoning capacity, outdated or lack of domain knowl-
edge, expensive re-training costs, and limited context
lengths of LLMs, LLM-based data science pipelines of-
ten struggle with complex tasks – they hallucinate, i.e.,
generate factually incorrect, or even harmful contents.
To address these issues, KGs are used as background
knowledge to enhance LLMs for downstream tasks. The
questions are parsed to identify relevant subgraphs from
KGs, then they are integrated and fused with LLMs based
on knowledge integration, prompt augmentation, and re-
trieval augmented generation (RAG). This framework,
known as graph RAG or KG-RAG [140], is increasingly
becoming popular due to its ability to capture the global
context, compared to conventional RAG that retrieves
knowledge from embeddings of textual chunks.

Recent works [80, 38, 130, 133] develop KG-unified
language models in a graph RAG style. They can be
broadly categorized into two groups according to the
roles of KGs: (1) KGs as background knowledge, and
(2) KGs as reasoning guidelines. While the former only
retrieves relevant subgraphs as contexts based on input
questions, the later retrieves the most relevant paths adap-
tively to guide the LLM’s reasoning process [106]. Graph

RAG is further added within LLM-based agent systems
to leverage structured knowledge for enhanced decision-
making and problem-solving capabilities [108].
Synergy. Besides GDM, effective text or vector pro-
cessing may benefit graph RAG. For example, (1) What
is the proper data model to represent and feed the re-
trieved knowledge to the LLM? Options include prompt-
based or embedding-based data model. For the former,
prompt engineering can be explored, such as serializ-
ing subgraphs to token sequences or hsubject, predicate,
objecti triples, to best exploit LLMs’ ability of text (nat-
ural language) processing. The latter can be better sup-
ported by vector databases (see § 3.3). (2) How to de-
sign indexes, search algorithms, and systems for more
complex and hybrid vector search, including graph traver-
sal with vector retrieval? Those may require unifying
graph DBs and vector DBs as external memory of LLMs.
(3) Graph query optimization, (explanatory) views, and
provenance can help in making graph RAG better grounded
by linking LLM response to factual knowledge at scale.
(4) Last but not least, graph DBs may be used as “se-
mantic caches” of LLMs by indexing previous question-
answer pairs into a graph or vector space, enabling se-
mantic matching with new queries instead of more ex-
pensive LLM API calls. These create new opportunities
for GDM and broader data management techniques to
play critical roles for graph RAG systems.

5. RELATED WORK
The closest to our work are surveys and tutorials on

ML for data management and data management for ML,
emphasizing on relational data and RDBMS [14, 59, 89,
43]. However, graph data result in unique challenges
to both data management and ML (§1), justifying the
importance of our survey.

Additionally, there are related surveys and tutorials
on, e.g., graph representation learning [11, 17], graph
neural networks [136, 155, 77], AI for data prepara-
tion [13], the role of graph data in graph ML [167],
distributed GNN training [104], explainable AI in data
management [91], ML explainability and robustness [19],
LLM+KG [85], and high-dimensional vector similarity
search [22], etc. However, none of them investigate the
synergy of GDM and GML. To the best of our knowl-
edge, ours is the first survey exploring the synergies be-
tween graph data management and graph ML over the
end-to-end graph data pipeline. We hope that our survey
will bridge the gap between these two popular domains
– GDM and GML, and would inspire others to work on
the emerging graph data challenges at their intersection.

6. FUTURE DIRECTIONS
Future work can be in several directions.
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Real-time Graph Learning and Inference. The in-
tegration of spatiotemporal GNNs and dynamic graphs
would enable the real-time decision that can rapidly ex-
plore evolving nodes and links. This calls for adaptive
graph query processing and optimization, online graph
learning, and real-time inference at scale. Graph anal-
ysis in finance, healthcare, security, and manufacturing
will benefit significantly from this capability.

Privacy-preserving Graph ML. As the usage of graph
data expands, so does the concern for privacy and secu-
rity. Future developments in the synergy between graph
machine learning and data management could delve into
advanced privacy-preserving techniques for graph data.
This might involve the integration of federated learn-
ing approaches, differential privacy, or novel encryp-
tion methods tailored to the unique characteristics of
graph structures. Ensuring the confidentiality of sen-
sitive graph information, while still extracting valuable
insights, poses an exciting challenge.

Robust Graph ML. GNNs can be sensitive under a set
of link perturbations or adversarial attacks. ML com-
munities have investigated several approaches on how
to quantify and improve the robustness of graph learn-
ing, e.g., certifiable robustness. Data management tech-
niques such as graph sparsification and cleaning can also
be employed. In the past, data imputation and integra-
tion for graphs have been extensively studied with the
objective of data correctness and completeness, instead
it would be interesting to clean graphs for optimizing the
robustness of graph learning.

Unifying LLMs+KGs+Vector DBs. Knowledge bases
such as KGs and data lakes support holistic integration
for multimodal data arriving from heterogeneous sources,
including tabular, key-value pairs, text, images, and mul-
timedia data. Vector embedding represents each predi-
cate and entity from diverse sources as a low-dimensional
vector, such that the original structures and relations in
the knowledge base are approximately preserved. Query-
ing these vectors are essential for a wide range of appli-
cations, e.g., QA and semantic search. Finally, LLM
pipelines are generally faster than traditional ML lifecy-
cles – thanks to simpler prompt-based interactions with-
out any requirement of re-training, making it easy to
build AI pipelines around LLMs. Thus, the unification
of three modern technologies LLMs, KGs, and vector
DBs seem indispensable. There also remain fundamen-
tal challenges, e.g., how to create a holistic embedding
across multiple modalities? It remains a nontrivial task
to explain the results of LLMs and to incorporate do-
main knowledge – KGs could assist in both following
graph RAG approaches. Analogously, adding human-
in-the-loop and analyzing utility vs. privacy, bias, and
fairness to derive quality solutions are important.
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