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Bios

• Major: Mathematics and Physics + Civil Engineering and
Systems, Tsinghua University, 2021-2026 (expected).

• Overall GPA: 3.9/4.0, ∼ Top 15%.
• Research Assistant to Prof. Weichi Wu and Prof. Chenlei

Leng, at Tsinghua (2024.05 - 2025.09). Topic: graphon
estimation.

• Research Assistant to Prof. Ji Zhu and Prof. Gongjun Xu, at
UMich (2025.03 - 2026.01). Topic: generative models for
structured data.
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Academic Performance

• Undergraduate-Level Math Courses: Probability Theory (1)
(A+), Measures and Integrals (A), Abstract Algebra (A), Topology
(A), Differential Geometry (A), Numerical Analysis (A), Advanced
Topics in Linear Algebra (A-), Basic Functional Analysis (B+).

• Graduate-Level Courses: Advanced Mathematical Statistics I (A),
Advanced Mathematical Statistics II (A-), Computational
Probability (A), Statistical Analysis of Network Data (A),
Probability (2) (B+).

• Statistics Relevant Courses: Reliability Data and Survival
Analysis (A), Linear Regression Analysis (A-), Statistical Inference
(A-), Financial Statistics (A+), Operation Research (A), Intro to
Biostatistics (A), Introduction to Optimization Theory (A-), Topics
in Logics (A).
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Low-Rank Graphon Learning for Networks

Low-Rank Graphon Learning for Networks: Supervised by Prof.
Weichi Wu and Prof. Chenlei Leng at Tsinghua.
Co-first-authored paper accepted by NeurIPS 2025.

• We propose a novel approach that leverages a low-rank additive
representation, yielding both a low-rank connection probability
matrix and a low-rank graphon. Our method resolves identification
issues and enables an efficient sequential algorithm based on
subgraph counts and interpolation.

• We establish consistency and demonstrate strong empirical
performance in terms of computational efficiency and estimation
accuracy through simulations and data analysis.
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Graphon (Graph Limits)

• We “lift” graphs of different sizes to analyze them in the same
space by defining graphon (also called graph limit):

• A graphon is a symmetric measurable function f : [0, 1]2 → [0, 1].
• Consider a random graph G = ([n],E ) within the graphon model

framework. For i = 1, . . . , n, each node i is associated with an i.i.d.
random variable Ui ∼ Uniform(0, 1).

• The edges Eij are independently drawn as Eij ∼ Bernoulli(f (Ui ,Uj))
for i < j , and Eii = 0.

Feiyan Ma Weiyang College, Tsinghua University
9 / 28



Academic Performance Research Experiences Future Directions References

Related Works

Our Goal: Estimate the connection probability matrix
P = {Pij}1≤i,j≤n ≜ {E(Eij)}1≤i,j≤n, and the graphon function f (·, ·)
simultaneously, based on a single observed graph G([n],E ).
Graphon-based approaches:

• The approaches of Olhede & Wolfe (2014) relies on permutation
maximization via a greedy algorithm, which is computationally
intensive.

• Chan & Airoldi (2015) requires strictly monotonic marginals
(doesn’t allow SBMs), and the resulting P is generally not low-rank.

P-based approaches do not directly recover the graphon f , and all
focus on mean squared error bounds:

• Chatterjee (2015), Zhang et al. (2017), Gao et al. (2016), · · ·

⇒ Inconsistency in low-rank P and underlying f usually exists.

Feiyan Ma Weiyang College, Tsinghua University
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Key Idea

• Key idea: Utilize a low-rank additive separable representation of f :

f (Ui ,Uj) =
r∑

k=1
λkGk(Ui)Gk(Uj),

where |λ1| ≥ |λ2| ≥ · · · ≥ |λr | > 0, Gk is a measurable function
with

∫ 1
0 G2

k (u) du = 1 for k = 1, . . . , r , and
∫ 1

0 Gk(u)Gl(u) du = 0
for k ̸= l (orthonormal conditions).

• This is a truncated eigen-decomposition, as suggested by the
Hilbert-Schmidt theorem. It includes both the SBM and RDPG as
special cases.

• The estimation of graphon f reduces to estimating {λk}’s and
{Gk}’s.

Feiyan Ma Weiyang College, Tsinghua University
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• We develop an efficient sequential fitting algorithm using subgraph
counts.

• With estimated discrete values of Gk ’s, under the assumption that
G1 is monotonic, we can sort the nodes to identify their latent
variables {Ui}’s. Then recover Gk ’s and f by interpolation.
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Main Theoretical Results

• We also establish the error rate of the proposed method
regarding estimated connection probability matrix P̂ and
estimated graphon function f̂ (·, ·) under regular assumptions.

• Our result is based on the sup-norm, providing a stronger
uniform convergence guarantee compared to point-wise or
average error metrics. The achieved rate

√
log(n)/n matches

that of Chan & Airoldi (2014).

Feiyan Ma Weiyang College, Tsinghua University
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Main Empirical Results

• We demonstrate its computational efficiency and estimation
accuracy through extensive simulation studies.

Figure 1: Learned P̂ (Left) and learned graphon f̂ (Right) for the
primary school student interaction dataset 2.

• In sparse graphon cases, our method consistently outperforming all
other approaches. This is expected, as it directly incorporates the
sparsity parameter ρn during the equation solving procedure.

2http://www.sociopatterns.org/
Feiyan Ma Weiyang College, Tsinghua University
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Generative model for hypergraph with hyperlink-wise attributes

ReLaSH: Reconstructing Joint Latent Spaces for Efficient
Generation of Synthetic Hypergraphs with Hyperlink Attributes:
Supervised by Prof. Ji Zhu and Prof. Gongjun Xu at UMich.
First-authored paper accepted by ICLR 2026.

• We introduce ReLaSH (REconstructing joint LAtent Spaces for
Hypergraphs with attributes), a general generative framework for
producing realistic synthetic hypergraph data with hyperlink
attributes via training a likelihood-based joint embedding model and
reconstructing the joint latent space.

• ReLaSH explicitly accounts for the unique structure of hypergraphs
and jointly models hyperlinks and their attributes. It also provides
flexibility, efficiency, and interpretability relative to deep black-box
architectures.

• We theoretically demonstrate consistency and generalizability of
ReLaSH. Empirical results on a range of real-world datasets from
diverse domains demonstrate its strong performance.

Feiyan Ma Weiyang College, Tsinghua University
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Hypergraph Network Data

Hypergraph characteristics: sparsity of hyperlinks, degree
heterogeneity of nodes, mixed data types of hyperlink attributes (and
hyperlinks, since hyperlinks can be expressed as a binary vector).

Feiyan Ma Weiyang College, Tsinghua University
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Examples of generative modeling:
• Create synthetic medical records to share across medical

centers while preserving patient privacy.
• Generate new recipes with predicted nutrition contents.

Goal: generate new hyperlinks and hyperlink-wise attributes on the
same node set, and preserve structural properties of the original
hypergraph.

Feiyan Ma Weiyang College, Tsinghua University
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Related Work

Existing research for tabular data generation: Generative models
operating in discrete state spaces/mixed-type data have slow
convergence in training and sampling [1, 6]. They do not account for the
special characteristics of structured hypergraph data.
Existing research for graph generation:

• Existing graph generative models capture pairwise relations [9, 3].
• Representative learning on hypergraphs captures structural

characteristics, but doesn’t extend to generative models[7, 8].
• A thread of recent works on attributed hypergraphs address

different problems and objectives compared to ours.[2, 4, 5]
Key ideas: ReLaSH first maps the mixed-type data onto continuous
spaces, then works on the continuous manifold.

Feiyan Ma Weiyang College, Tsinghua University
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Pipeline of ReLaSH

Step 1: Joint latent space embedding to low-dimensional latent space
based on PH([n],{E})|u(23),Zn,αn and PX |u(12),B,γ .

• Given a hypergraph dataset H([n], Em,Xm), ReLaSH first embeds
the hyperlinks and their attributes into a joint latent space by
training a likelihood-based model.

• ⇒ interpretable, preserving the characteristics of structured data,
computationally efficient.

Feiyan Ma Weiyang College, Tsinghua University
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Step 2: Reconstructing joint latent space.
• Train a distribution-free generator (diffusion models3) in the

low-dim latent space RK to learn the distribution of Ûm, which
estimates {u1, u2, · · · , um}, an empirical distribution of PU .

• Sample the new embeddings Ũm̃ = {ũ1, · · · , ũm̃} from the
distribution-free generator.

3Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., &
Poole, B. Score-Based Generative Modeling through Stochastic Differential
Equations. In International Conference on Learning Representations, 2021.

Feiyan Ma Weiyang College, Tsinghua University
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Step 3: Generating new hyperlinks and attributes.
• New hyperlinks ẽj and attributes x̃j are decoded via the trained

likelihood-based model PH([n],{E},{X})|ũ,Ẑn,α̂n,B̂,γ̂ .

Key ideas: Generative models working on mixed-type data are slow in
training and sampling. ReLaSH mitigates this by mapping the mixed-type
data onto continuous spaces, and then works on the continuous manifold.

Feiyan Ma Weiyang College, Tsinghua University
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Main Theoretical Results

We theoretically demonstrate consistency and generalizability of ReLaSH
by decomposing the overall error.

Under regular assumptions, the error rates can be computed.
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Main Empirical Results

Empirical results on a range of real-world datasets from diverse
domains demonstrate the strong performance of ReLaSH, underscoring
its broad utility and effectiveness in practical applications.

Figure 2: An example of synthetic ICU medical record forms generated from
ReLaSH, trained on a symptom co-occurrence hypergraph from Johnson et al. (2016),
which includes 3,000 ICU patient profiles and 2,230 distinct disease and symptom
codes. The disease combinations in this synthetic record reflect the characteristics of
an aged, medically complex ICU patient, where the co-occurrence of symptoms often
leads to the development of new syndromes.

Feiyan Ma Weiyang College, Tsinghua University
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We compare ReLaSH with 9 methods that can be used to produce
synthetic hyperlinks with attributes: Gau-Diff, RealNVP, WGAN, VAE,
ForestDiffusion, TabPFGen, CTAB-GAN, CTAB-GAN+, and CTGAN.
For the last five tabular data generation baselines, these methods do not
scale to the patient-profile and co-citation generation tasks, so we just
test them on a smaller recipe hypergraph dataset.
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Future Directions

• In addition to areas related to statistical network analysis, I
am also open to explore broader topics in statistical machine
learning and embrace new challenges.

• I have a strong foundation in mathematics and statistics, with
extensive experience in both theoretical analysis and code
implementation.

• My research background spans multiple areas, with tangible
outcomes, enabling me to rapidly adapt to new research fields
and make meaningful contributions during my Ph.D.

Feiyan Ma Weiyang College, Tsinghua University
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Thank you!
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