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Relational Databases (RDBS) ...

* .. 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].

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

Applications:
* Privacy-preserving data sharing.

« Data augmentation for machine learning models.

» Synthetic data for training foundation models.
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How to model p(R)?

Autoregressive (prior works)
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RDBs as Heterogeneous Graphs
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Method: RDB generation as two-step graph generation procedure

[p(R) =p(G) =p(WV, E)p(X|V, 5)}
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Node Degree-Preserving Random Graph Generation
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Graph-Conditional Relational Diffusion Model (GRDM)
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Graph-Conditional Relational Diffusion Model (GRDM)
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Graph-Conditional Relational Diffusion Model (GRDM)
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Training of GRDM
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Evaluation of Synthetic RDB quality

| SDV SingleTable ~ Denorm  ClavaDDPM | GRDM (Ours) | Improvement (%)

Berka
CARDINALITY 97.06 +0s0  96.06 115  96.75 +o.26 99.70 +o.07
COLUMN SHAPES 94.58 001 83.28 +o.97 94.60 +o.41 96.90 +o.07
INTRA-TABLE TRENDS > 5 tables 91.72 +023  72.12 +o713 90.53 +1.93 98.21 +o.05
INTER-TABLE TRENDS (1-HOP) 81.77 119 55.77 +280  83.79 +a21 92.94 +0.06
° . INTER-TABLE TRENDS (2-HOP) 78.09 053  57.68 167  85.87 +a2m 96.04 +o0.20
M et FicCs. INTER-TABLE TRENDS (3-HOP) 75.56 z03 5559 s1as  80.98 xa1z | 9313 oar
Instacart 05
° ° CARDINALITY 94.73 r014  94.98 o84 94.91 +150 99.96 +o.01
o Ca rd|nal|ty: Compares gra ph structure. COLUMN SHAPES 89.30 +000  71.83 02 90.18 s 98.87 006
INTRA-TABLE TRENDS > 5 tables 99.70 <000 88.74 000  99.68 +o0.02 98.33 +o0.04
. . INTER-TABLE TRENDS (1-HOP) 66.93 007 62.58 005  75.84 +o.36 92.03 +o0.30
. Colu mn Sh a pes: com p are column-wise ma rg| nal INTER-TABLE TRENDS (2-HOP) 16.22 14 0.00 o000 14.40 5203 |  96.17 zous
RelBench-F1
CARDINALITY 94.94 +106  93.39 156 94.04 +233 98.26 +o0.12
d ISt rl bUt I Ons' COLUMN SHAPES 95.93 £016  89.25 0.8 95.19 +oms 97.28 +o029
INTRA-TABLE TRENDS >5tables  95.80 x020  90.30 o056  94.71 +os3 96.74 +0.36
. H INTER-TABLE TRENDS (1-HOP) 79.61 +065  65.60 +045  88.19 +o2r 93.74 +o0.50
* Intra-Table Trends: compare correlations of column SRR Thenos ion THI0 i 6221 o 8317 s | 9681 e
M Movie Lens
pairs from the same table. CARDINALITY 08.99 o 08T o 9879 som | 0880 s0m
COLUMN SHAPES > 5 tables 99.19 o000 78.03 o017 99.11 +o.09 98.22 +0.05
o INTRA-TABLE TRENDS 98.56 +001  57.33 o010 98.52 +0.05 96.24 +0.24
e Inter-Table Trends: com pare correlations of column INTER-TABLE TRENDS (1-HOP) 9272 zom 7745 s1m 9211 s212 | 95.60 sour
. . CCS
- - CARDINALITY 74.36 £840  99.37 x016  26.70 o020 98.96 +o.79 99.79 +o.03
paIrS from d Iffe rent tables (1 hop’ 2 hop’ etC.) COLUMN SHAPES 69.04 143 95.20 o0  79.29 ro1s  92.64 303 97.03 +osr
INTRA-TABLE TRENDS 94.84 +1.00 98.96 to0o0 86.60 xo01a  97.75 1m0 93.60 +261
INTER-TABLE TRENDS (1-HOP) | 21.74 +962  51.62 +o022  57.77 +o.69 72.65 +s.10 85.54 +2091
California
CARDINALITY 71.45 000  99.89 x004  99.87 r002  98.99 ro69 99.96 +o.01
COLUMN SHAPES 72.32 £000  99.51 +o0a  94.99 +o002 98.76 +o27 99.15 +o0.02
INTRA-TABLE TRENDS 50.23 000  98.69 +o00s 94.17 r001  97.65 +o039 98.00 +o0.01
INTER-TABLE TRENDS (1-HOP) | 54.89 000  92.96 005 87.24 010  95.34 +o4s 97.68 0.0

GRDM consistently outperforms all baselines on
Inter-Table Trends across all databases.




Ablation Study

We conduct an ablation study to understand the impact of the number of hops K and the joint

modeling aspect.

| K=2(Default) | K =1 | K =1, Sequential
Berka

CARDINALITY 99.70 +o.07 99.70 +o.07 99.70 +o.07
COLUMN SHAPES 96.90 +o.07 97.18 +o0.03 38.97 +365
INTRA-TABLE TRENDS 98.21 +o0.05 98.47 +o.07 52.10 +298
INTER-TABLE TRENDS (1-HOP) 92.94 +o.06 93.21 +o0.04 28.53 1384
INTER-TABLE TRENDS (2-HOP) 96.04 +0.20 95.69 +o.19 52.01 +255
INTER-TABLE TRENDS (3-HOP) 93.13 +o.47 92.84 1014 49.45 +414

Instacart 05
CARDINALITY 99.96 +o.01 99.96 +o0.01 99.96 +o.01
COLUMN SHAPES 98.87 +0.06 98.40 +o01 67.51 +3.93
INTRA-TABLE TRENDS 98.33 +0.04 97.53 +0.06 89.33 1227
INTER-TABLE TRENDS (1-HOP) 92.03 +o.30 88.83 o070 63.32 +201
INTER-TABLE TRENDS (2-HOP) 96.17 +o0.15 93.30 +o.0s 13.41 +364

RelBench-F1
CARDINALITY 98.26 +o0.12 98.26 +o0.12 98.26 +o0.12
COLUMN SHAPES 97.28 +0.29 96.76 +0.06 94.83 +0.09
INTRA-TABLE TRENDS 96.74 +o0.36 95.92 +o0.04 95.01 +o75
INTER-TABLE TRENDS (1-HOP) 93.74 +o.50 93.33 +o017 90.82 +037
INTER-TABLE TRENDS (2-HOP) 96.81 +0.28 96.33 +o.08 87.73 +o0s6
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Thank You!

If you have any gquestions, send us an email at:
a.Ketata@tum.de



