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} Why Synthetic? ... Real Data has its issues

useful, but
re-identifiable

private, but
useless
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} What is Synthetic Data
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} Tabular ARGN - Auto-Regressiv Generative Networks

Search...

AT {1V > cs > arxiv:2501.12012

Computer Science > Machine Learning

[Submitted on 21 Jan 2025 (v1), last revised 6 Feb 2025 (this version, v2)]

TabularARGN: A Flexible and Efficient Auto-Regressive Framework for Generating High-
Fidelity Synthetic Data

Paul Tiwald, Ivona Krchova, Andrey Sidorenko, Mariana Vargas Vieyra, Mario Scriminaci, Michael Platzer

Synthetic data generation for tabular datasets must balance fidelity, efficiency, and versatility to meet the demands of real-world applications. We introduce the
Tabular Auto-Regressive Generative Network (TabularARGN), a flexible framework designed to handle mixed-type, multivariate, and sequential datasets. By
training on all possible conditional probabilities, TabularARGN supports advanced features such as fairness-aware generation, imputation, and conditional
generation on any subset of columns. The framework achieves state-of-the-art synthetic data quality while significantly reducing training and inference times,
making it ideal for large-scale datasets with diverse structures. Evaluated across established benchmarks, including realistic datasets with complex relationships,

TabularARGN demonstrates its capability to synthesize high-quality data efficiently. By unifying flexibility and performance, this framework paves the way for
practical synthetic data generation across industries.

oLt ':g',.g® Tabular ARGN is implemented in the Synthetic Data SDK:

A

ribi® hitos//qithub.com/mostly-ai/mostlyai

@f{'iﬁ pip install -U mostlyai[local]

,r!‘t
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https://github.com/mostly-ai/mostlyai
https://github.com/mostly-ai/mostlyai

P’ Taxonomy of deep generative models

e only care about generation, not p(x)
Implicit | Learning by e instead of maximizing the density, compare real vs
density comparison generated sample (classification problem)

e examples: GAN, GMMN

e directly learn density p(x)
Exact density e examples: autoregressive models (Transformer, RNNs),
flow-based models

A,

Generative
models
Explicit Unnormalized e learn unnormalized density E(x)ec p(x)
density density e examples: EBM
Approximate e learn approximation (e.g. lower bound) of density
density L(x) < p(x)
e examples: VAE, diffusion models
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} Flat Model 7y 75 z3
v v v

Fixed (column) Order Training Phase embedding layer 1| |embedding layer 2| |embedding layer 3

patients data set: \—> (€21, €ay) €a4] <«

x1 - age i‘

permutation masking layer

X2 - gender
x3 - blood type (/i«\)
0c,,,0c,,,0,,| | | [en:0c.,,00,,] €2y, €03, 00,
loss function:
D regressor block 1 regressor block 2 regressor block 3
max Y logpy(z; | 1<)
0 i—1 predictor layer 1 predictor layer 2 predictor layer 3
Y Y Y
p(x1) p(z2 | 1) p(zs3 | 1, x2)
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} Flat Model

Any (column) Order Training Phase ‘embedding layer 1

patients data set:
x1 - age
X2 - gender

x3 - blood type

v

v

!

v

embedding layer 2 embedding layer 3

L

[eml bl e.’II27 em3]

-

Y

permutation masking layer

{to regressor blocks 2 and 3}

Y

loss function:;
D

nglX EaEUniform(SD) 2_1: 1ng0 (:I:U(i) | xa(<i>)

GenSyn Workshop, CAISE - 16.6.2025 | PUBLIC
B

regressor block 1

predictor layer 1

v

p(x1) or p(zy | z2) or p(x1 | z3) or p(x1 | 2, z3)

MOSTLY Al




} Flat Model

Generation Phase

patients data set:
x1 - age
X2 - gender

x3 - blood type
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} Sequential Model - doctor visits

auto-regressive along the column and the time dimensions

date systolic blood pressure body weight

— time

16.7.2022 132 ?

history encoder

4

p(body weight | date, blood pressure, _)
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} Sequential Model with context

auto-regressive along the column, time, and table dimensions

date systolic blood pressure body weight age gender blood type
\
)
£ 8 y
— Y
16.7.2022 132 ?
history encoder context proc.

\ 4 \ 4
p(body weight | date, blood pressure, Encoded history. context)
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} Flexible context allows for synthesis of mulli-table setups

/

insurance claims

patients

‘\
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} Synthetic Data = Generative Al
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The main use case:
Privacy and Data Access
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} Privacy/Data Access - the main use case

e reducing the “time-to-data”
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P’ Privacy/Data Access - the main use case

e reducing the “time-to-data”

e breaking down data silos within organizations
(e.g. synthetic-data products)
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} Know your customer

OPEN CB EXPLORER

thesized da

Age distribution of B2C Postpaid Customers
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use online porta
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'li??‘ Privacy/Data Access - the main use case

e reducing the “time-to-data”

e breaking down data silos within organizations

(e.g. synthetic-data products)
e share data between subsidiaries in different countries
e share data between organizations (e.g. clean rooms)
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ll?? Privacy/Data Access - the main use case

e reducing the “time-to-data”

e breaking down data silos within organizations

(e.g. synthetic-data products)
e share data between subsidiaries in different countries
e share data between organizations (e.g. clean rooms)

e open-data initiatives by public entities
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} make the information in EPCs accessible

EPC - Analysis |2, Synthetic EPC Energy Performance Certificate - Geoclustering e MOSTLY-Al
N Analysis
. Q
13 Q=
= o
DPR412_classification construction_year degree_days altitude floors net_area heat_loss_surface
13 2017 2981 537 0 622.69 1664
8 1970 3396 840 0 164.15 579.5
8 2005 2426 197 1 129.18 487.23
4 1900 2765 354 1 74.37 228.65
13 1975 2591 265 0 2532.5 5743.9
5 1940 2778 283 0 6678.71 11930.02
6 1930 2741 345 0 299.21 1340.18
4 1900 3224 664 0 145.38 623.28
4 1992 2528 172 2 197.347 413.73
12 2022 2961 405 0 81.68 801.35
Rows per page 10 2 1-10 of 2519 > >

About MODERATE

”~N
@ MODERATE

https://tools.eeb.eurac.edu/epc_clustering/piemonte/ MOSTLY- Al
GenSyn Workshop, CAISE - 16.6.2025 | PUBLIC



} How to test Synthetic-Data Privacy

We must not be able to

e § infer more about an

| individual, when that

A difference?

\ person is included in the

et database used for

synthesis.
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} How to test Synthetic-Data Privacy - Empirically

Accuracy scores for 50 randomly chosen subjects, that were part of training

NB SVM KNN RF LR FRNN ENS
42.8+5 43+6.6 41.6+£9.3 49.8+9 4 38.3£3.7  49.1£9.8 45+6.8
Target T
. 42.1+4.2 39.5+7.3 36.2+6.8 37.9+£5.9 36.5+6 37+6.3 39.7+6.1
Synthetic §;
Accuracy scores for 50 randomly chosen subjects, that were NOT part of training
NB SVM KNN RF LR FRNN ENS
+
Torge’r T 42.1+£5 39.9+7.1 36.9+5.7 39.7+5.1 37.6+4.1 39.145 39.7+£5.9
. 43.7+4.2 40.4+6.4 35.9+6.4 39.1+6.2 36.9+4.6 38+5.8 40.5+7
Synthetic §,
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DUM RMEAN
32 44.2+3.8

32 38.4+2

DUM RMEAN
32 39.3+1.6

32 39.2+2.4

SBA Research, 2020
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} How to test Synthetic-Data Privacy - Mathematically

e gold standard definition of privacy

PI[A<T)] S 66 . PY[A(T,)] e idea: limit influence of single individuals

e provides a mathematical guaranteed upper
bound (g) for the difference in outcomes of an
algorithm A applied to the adjacent data sets T

T *“jiii i L ‘f’jiii i and T
COOURE - SICH N
rrY exclude 1 Lk |
subject
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} Differential Privacy

Accuracy vs DP Epsilon
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ML on synthefic dato
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} Synthetic Switzerland

[
05 9
o

https://www.youtube.com/watchev=Rt5gXclcOjY
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Switzerland has around 92 Mio. Inhabitants

Only 15% (1/9) provide explicit consent for
marketing use

8/9 remain locked behind privacy

Synthetic Switzerland mirrors population
patterns without real identities

We can now analyse and train models with 9/9
citizens instead of 1/9

Zero personal data is used
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} Rebalancing of underrepresented Classes

o Y / Y
Original ::: Synthetic
Dataset Dataset
Minority Synthetic
M Class — “Minority”
O Class
\_ 4 @ 4
AUC: 68.2%, F1 Score: 0.59 AUC: 87.9%, F1 Score: 0.75
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https://colab.research.google.com/github/mostly-ai/mostlyai/blob/main/docs/tutorials/rebalancing/rebalancing.ipynb

} Rebalancing of underrepresented Classes

AUC-ROC

model: LGBM model: random forest

0.9

] train_data
= hybrid
0.8 ‘ orig

orig_naive_up

0.7 orig_smotenc
syn
06 = syn_up
05
0.05 0.1 0.2 0.5 1 2 50.05 0.1 0.2 0.5 1 2 5
imbalance ratio [%] imbalance ratio [%]
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Imputation
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b Smart Imputation of Missing Data

Age Distribution

0.035 == . g—
— Original Data (with missings)
----- Original Data (ground truth)
0.030 A —— Synthetic Data (imputed)
0.025 A
. 0.020 -
‘@
=
8

0.010 -

0.005 -

0.000 £
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https://colab.research.google.com/github/mostly-ai/mostlyai/blob/main/docs/tutorials/smart-imputation/smart-imputation.ipynb

Fair synthetic data
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} Fair Synthetic Data

... Subject to Strong Statistical Parity

https://openreview.net/pdf2id=HbU5SQUPZjé

Fairness original synthetic, A=1
1 Gender
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‘é ~—— Male

g 05 Model: XGBoost
> 2
o= a
w

0

C
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“Simulation”
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b Simulation with Synthefic Data

9, O

RS /RS
A
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} Simulation through Flexible Conditional Generation

Probability of Earning High Income - Male Executive Manager from US

0.5+

0.4 -
203
E
(4]
e
2
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https://colab.research.google.com/github/mostly-ai/mostlyai/blob/main/docs/tutorials/smart-imputation/smart-imputation.ipynb

b Simulation with Synthefic Data

International Journal of Research in
Marketing

Volume 39, Issue 4, December 2022, Pages 988-1018

ELSEVIER

Full length article

Customer base analysis with
recurrent neural networks

Jan Valendin @ L X, Thomas Reutterer &, Michael Platzer ® &

 Klaudius Kalcher © &

Customer base analysis with recurrent neural networks

Charity Contributions: Calibration, Actual and Predicted Holdout

<
o
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2005

------- Observed Repeat
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- =+ Pareto/NBD

-~ Base LSTM
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training_start

GenSyn Workshop, CAISE - 16.6.2025 | PUBLIC

il
holdout start

end

MOSTLY Al

38


https://www.sciencedirect.com/science/article/pii/S0167811622000180
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} What is Synthetic Data

300px 300px 300px 300px
> ol o >
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< o N <
self-generated data model-generated data Al-generated data
rule-based “data-based”

random data
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P Get reasonable mock data out of “nothing”

Generative Model Mock Data
LLM reasonable

rule-adhering
granular level
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https://github.com/mostly-ai/mostlyai-mock

Data Democratization

Data Access Data Insights

Synthetic Data power of LLMs/assistants

... for everyone
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) Use natural language to get insights

o

app.mostly.ai
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