Research Statement

Miao Qiao

I am a researcher dedicated to bridging theory and practice in data science. My long-term research
goal is to develop theory-informed and practically efficient solutions for data management and anal-
ysis, addressing the critical challenges under AI’s transformative advancements in representation and
prediction. During my six years at the University of Auckland, I have successfully led impactful and
well-funded research initiatives. As the sole Principal Investigator, I secured and completed two major
grants from prestigious New Zealand funding agencies, totaling 3.3 million NZD. These accomplishments
highlight my ability to lead high-impact projects and deliver significant outcomes. Topicwise, my current
and future research spans both theoretical and practical domains, with a focus mainly on two directions,
vector data management and graph search and analytics. These endeavors address critical challenges in

data science while laying the foundation for exploring pressing future problems in the field.

o Direction 1: Vector Data Management. Models like word2vec and node2vec represent real-world
objects (e.g., documents, graphs, and images) in high-dimensional vector spaces, where semantically
similar objects are mapped to vectors close to each other in a metric space. Approximate Nearest
Neighbor Search (ANNS) identifies data vectors that are close to a given query vector, playing a
crucial role in similarity search and powering applications such as Retrieval-Augmented Generation
(RAG) and more. Graph-based methods like HNSW [16] and its variations [11, (] have gained an
increasing attention for their superior empirical performance. Our recent work, SeRF [24], tackles
the Range-Filtered ANNS problem using graph-based methods. In this setting, each data vector
is associated with an attribute value (e.g., timestamps or prices), and queries search for nearest
neighbors constrained by a specified attribute range. To the best of our knowledge, SeRF is the first
peer-reviewed solution for this problem, achieving an 2(n) reduction in memory footprint without
compromising search accuracy compared to vanilla approaches. Additionally, we have two works
under submission that investigate ANNS for hybrid queries incorporating structural constraints.
Despite its advancements, graph-based ANNS remains in its early stages compared to the mature
relational database toolset for query processing. This highlights research opportunities to further
enhance the scalability, efficiency, and functionality of graph-based ANNS solutions. It is a pressing
research direction with massive research questions in both theory and practice in ANNS given the

high demand of Al-based data-intensive applications in coming years.

— Opportunities in practice. A comprehensive suite of techniques has yet to be developed to

systematically and efficiently support scalable ANNS query processing with potential point or
range filters across a memory hierarchy. Key research directions include i) vector management
in external memory, i.e., to developing I/O-efficient techniques for querying and updating
ANNS data stored in external memory, ii) multi-model search indexes and iii) real-time,
adaptive ANNS systems, i.e., process dynamic, streaming data, that learn and optimize query

performance on-the-fly, adapting to evolving datasets and changing user requirements.

— Opportunities in theory. Theoretical understanding of why HNSW performs so well remains

limited, leaving its adaptation to memory hierarchies shrouded in uncertainty. While some
progress has been made by Indyk and Xu [[10, 21], their work represents only an initial step.

This gap presents significant opportunities for further exploration, particularly in developing



foundational insights that can guide the efficient adaptation of graph-based ANNS methods

to modern memory architectures.

With my background in theoretical database research [B, [1, 8, 9, [19] and expertise in graph query
optimization [2, B, 12, 13, 14, 15, 17, 18], I shall dedicate a significant portion of my efforts to
advancing graph-based ANNS toolbox in both theory and practice.

Direction 2: Graph Search and Analytics. This research branches two two sub-directions based on
the types of the underlying graphs.

— Direction 2.1: Analyze and search over large graph data. For big graph analytics, we have
studied graph clustering, hypergraph clustering, and attribute hypergraph clustering [, 4, b, 0]
in a scalable and effective way. Our recent work [§] achieved an average of 20% higher F-
measure (these are the quality measures for clustering), 24% higher ARI, 26% higher Jaccard
Similarity, 10% higher Purity, and runs 5.5x faster than the SOTA method for attribute
hypergraph clustering. Apart from clustering we had an in-depth study on the problem of
generalized density-based Local Community Search (LCS) [2, 3] where the user provides a set
of seed nodes and expects a dense subgraph “around” the seed nodes. Our results published
on PODS 2024 [B] unveils the landscape on whether a density-based LCS objective function (a
comprehensive family of objective functions have been covered by the results) could possibly
be optimized by a “strongly local” algorithm for computation. By “strongly local”, we mean
the computation complexity is irrelevant to the size of the graph and only related to the
user input. Furthermore, we provide a strongly local and practical linear programming based
solution that can be easily deployed in practice.

Opportunities: I see the line of work [2, B] a combinations of theory and practice. Note that
“strongly local” is ideal for a graph search algorithm with user input, it is an open problem

to explore a wider range of graph queries to develop their strongly local solutions.

— Direction 2.2: Brain network analytics. This research is conducted under the New Zealand
Singapore Data Science Research Programme, focusing on advancing human brain connectiv-
ity studies using graph-based data science techniques. A key achievement was the creation of a
robust infrastructure for brain network data collection and curation, including preprocessing
brain imaging datasets from diverse sources and establishing an open-access repository for
benchmarking [23]. On this foundation, we developed novel methods. For example, Contrast-
Pool [22] is a graph pooling approach tailored for brain networks. ContrastPool employs dual
attention mechanisms: ROI-wise attention highlights critical brain regions linked to neuro-
logical conditions, aligning with neuroscience domain knowledge, while subject-wise attention
harmonizes dataset differences, reducing overfitting and enhancing group-level insights. The
method outperforms all GNNs designed for brain networks, with improvements of up to 13.6%.

Opportunities:

* Multi-Modal Integration. Current challenges in brain connectivity analysis include effec-
tively integrating diverse data modalities such as fMRI, DTI, and patient metadata. One
direction is to develop graph-based frameworks that combine multi-modal data using ad-
vanced fusion techniques. This involves leveraging shared representations to incorporate
the complementary strengths of each modality, enhancing the robustness and depth of
connectivity analyses.

x Tackling Data Scarcity and Overfitting. Brain network analytics frequently suffer from
limited datasets and the risk of overfitting in high-dimensional feature spaces, particu-

larly when using sophisticated models. To enrich information and synthesize context from



external sources (e.g., clinical notes, genetic profiles), it could be beneficial to incorpo-
rate language models and pre-trained multimodal models, augmenting limited data by

incorporating domain knowledge and cross-domain linkages, mitigating overfitting risks.

My research bridges theory and practice in data science, with a current and future focus on advancing

scalable and efficient solutions for vector data management and graph search and analytics. These

efforts aim to address pressing challenges in Al-driven data-intensive applications, while uncovering new

insights. Looking ahead, I am committed to expanding the boundaries of these research areas, fostering

interdisciplinary collaborations, and driving innovation that combines theoretical rigor with practical

relevance.
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