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• … organize data into multiple, interlinked tables.

• ... are the most widely used data management system: 
they store over 70% of the world’s structured data [1].

Relational Databases (RDBs) …

Source: https://relbench.stanford.edu/datasets/rel-trial/

[1] DB-Engines. DBMS popularity broken down by database model, 2023. Available: https: //db-engines.com/en/ranking_categories.
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Applications:

• Privacy-preserving data sharing.

• Data augmentation for machine learning models.

• Synthetic data for training foundation models.

• . . .

Synthetic RDB Generation

Real RDB
ℛ 𝑝(ℛ) Synthetic RDB 

ℛ′
Learn Sample
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How to model	𝒑(𝓡)?

Autoregressive (prior works)

𝑹(𝟏)

𝑹(𝟐)

𝑹(𝟑)

Step 1

Step 2

Step 3

𝑝 ℛ ='
!"#

$

𝑝(𝑅 ! |{𝑅 % |𝑗 < 𝑖})

− Fixed table order

− Sequential generation

𝑹(𝟏)
𝑹(𝟐)

𝑹(𝟑)

Joint (Ours)

𝑝 ℛ = 𝑝(𝑅 # , … , 𝑅($))

+ No table order

+ Parallel generation
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RDBs as Heterogeneous Graphs

ID Age Income City

1 27 33K A

2 56 60K C

3 32 40K B

ID Brand Category

1 X Food

2 Y Clothing

ID Customer 
ID

Product 
ID Price Time

1 1 2 30.0 09:35

2 2 1 15.7 12:45

3 2 2 35.4 15:34

4 3 1 17.5 19:03

Customers
Products

Transactions

RDB ℛ Graph 𝒢 with nodes 𝒱,
edges ℰ, and features 𝒳

𝑝 ℛ = 𝑝 𝒢 = 𝑝(𝒱, ℰ,𝒳)
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Method: RDB generation as two-step graph generation procedure

Step 2: 𝑝(𝒳|𝒱, ℰ)

Step 1: 𝑝 𝒱, ℰ

𝑝 ℛ = 𝑝 𝒢 = 𝑝 𝒱, ℰ 𝑝(𝒳|𝒱, ℰ)
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Node Degree-Preserving Random Graph Generation

Learning Sampling

𝑝(𝒱, ℰ)

0
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Edge Type 1 Edge Type 2

Per-edge-type indegree 
distribution

1 2 3

Training graph

Sampled graph
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Graph-Conditional Relational Diffusion Model (GRDM)

… GNN …

𝑝(𝒳|𝒱, ℰ)

𝑝 𝒳 ( 𝒱, ℰ 𝑝) 𝒳 * 𝒳 # , 𝒱, ℰ𝑝) 𝒳 +,# 𝒳 + , 𝒱, ℰ𝑝) 𝒳 + 𝒳 +-# , 𝒱, ℰ. . . . . . .
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Graph-Conditional Relational Diffusion Model (GRDM)

GNN

𝑡 𝑡 − 1

𝑝) 𝒳 +,# 𝒳 + , 𝒱, ℰ ='
.∈𝒱

𝑝)(	𝑥.
+,# 	|	𝒢.,3

+ 	)

𝑝(𝒳|𝒱, ℰ)
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Graph-Conditional Relational Diffusion Model (GRDM)

GNN

𝑝) 𝒳 +,# 𝒳 + , 𝒱, ℰ ='
.∈𝒱

𝑝)(	𝑥.
+,# 	|	𝒢.,3

+ 	)

𝑡 𝑡 − 1
Message
passing

𝑝(𝒳|𝒱, ℰ)
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Training of GRDM

Sample target node

and its neighborhood Add noise GNN
^

Loss

𝐿 𝜃 = 𝔼.~𝒱,+~ #,…,( ,6~𝒩(*,8) 𝜖. − 𝜖) 	𝒢.,3
+ , 𝑡
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Metrics:
• Cardinality: compares graph structure.

• Column Shapes: compare column-wise marginal
distributions.

• Intra-Table Trends: compare correlations of column 
pairs from the same table.

• Inter-Table Trends: compare correlations of column 
pairs from different tables (1-hop, 2-hop, etc.)

Evaluation of Synthetic RDB quality

GRDM consistently outperforms all baselines on 
Inter-Table Trends across all databases.
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We conduct an ablation study to understand the impact of the number of hops 𝐾 and the joint 
modeling aspect.

Ablation Study
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Thank You!

If you have any questions, send us an email at:

a.Ketata@tum.de


