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Abstract

Data collaboration via Data Clean Room offers value but raises privacy concerns,
which can be addressed through synthetic data and multi-table synthesizers. Common
multi-table synthesizers fail to perform when subjects occur repeatedly in both tables.
This is an urgent yet unresolved problem, since having both tables with repeating
subjects is common. To improve performance in this scenario, we present the DEREC
3-step pre-processing pipeline to generalize adaptability of multi-table synthesizers.
We also introduce the SIMPRO 3-aspect evaluation metrics, which leverage conditional
distribution and large-scale simultaneous hypothesis testing to provide comprehensive
feedback on synthetic data fidelity at both column and table levels. Results show
that using DEREC improves fidelity, and multi-table synthesizers outperform single-table
counterparts in collaboration settings. Together, the DEREC-SIMPRO pipeline offers a
robust solution for generalizing data collaboration, promoting a more efficient, data-
driven society.
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Figure 1: Proposed DEREC 3-steps pre-processing pipeline and SIMPRO 3-aspects synthetic
data evaluation metrics. (1) Party 1 and Party 2 contribute their data in Data Clean Room
(2) Construct parent and child columns with DEREC (Section 4.1) (3) Generate synthetic
data with language model-based multi-table synthesizer (4) Audit the quality of synthetic
data through SIMPRO evaluation metrics (Section 4.2): (4.1) Compute statistical similarity
between original and synthetic data (Section 4.2.1) (4.2 & 4.3) Compare synthetic data
quality generated by different models (Section 4.2) using statistical equality test p-values
(4.2) and distance metrics (4.3) (5) Augment the first (second) party real data with synthetic
second (first) party data (6) Send the augmented tabular data back to both parties to share

the data




1 Introduction

Data collaboration promotes innovation by leveraging the collective expertise of various
stakeholders, e.g., two initiatives in Nepal have developed a platform to gather resources
from different parties to improve local health and population data systems [54]. Increas-
ingly, enterprises are turning to Data Clean Rooms, which connect and synthesize datasets
from multiple sources [37] [36]. Multi-table synthesizers address both data synthesis and
integration needs, sparking interest in incorporating Language Model backbones for data
generation, particularly following the success of ChatGPT [32].

In managing a generation-based Data Clean Room that involves synthesis and evaluation
processes, a key challenge for each is identified. During the synthesis process, existing multi-
table synthesizers require a strict one-to-many table relationship, and any deviation from
this can result in underperformance. However, real-life datasets often feature subjects that
occur repeatedly (Section 3.1), which existing synthesizers are not equipped to handle due
to their inability to manage many-to-many relationships. This limitation negatively impacts
synthesizer performance (Refer to Section 6.2). In the evaluation step, current metrics are
inefficient in assessing synthetic data quality in multi-table contexts, e.g., the Synthetic
Data Metrics (”"SDMetrics”) [11] tends to favor 'smoothed’ results without accurately re-
flecting shape similarity:.

The first challenge involves effectively establishing connections between two tables with
many-to-many relationships, as the potential combinations for each column can be infinite
unless additional information from the datasets helps differentiate specific observations. The
second challenge focuses on defining an indicator that accurately measures the similarity
between features of the original and synthetic datasets.

In summary, the contributions of this work include:

e Introducing a pipeline (Section 4.1) to transform many-to-many collaborative data into
one-to-many scenarios (Figure 5) for data synthesis

e Proposing the usage of conditional distribution (Section 4.2) and similarity metrics (Sec-
tion 4.2.2 and 4.2.3) to measure individual column synthetic data fidelity

e Developing an iterative algorithm to manage synthetic table fidelity in entirety (Section
4.2.1) using 'distribution of distribution similarity’ (Figure 12)

2 Related Works

We refer to papers regarding data synthesis, where limited amount of work on multi-table
cases leads to overlooking of certain details that significantly impact synthetic data quality.



Privacy leakage when synthesising data.

Research indicates that using transformers in data synthesis can enhance data security.
While synthetic data aims to mitigate privacy leakage, studies show potential risks, par-
ticularly in ID-based data matching scenarios common in Data Clean Room [47] [18]. The
SiloFuse framework [44] offers a privacy-protecting solution by using distributed transform-
ers to convert data into latent representations, making it impossible to retrieve the original
data without access to the transformer. Consequently, language model-based synthesizers,
particularly those incorporating multi-table synthesizers with LLM backbones (Section 5.2),
are explored as a potential solution for enhancing synthetic data security.

Multi-table synthesizer architecture for data collaboration scenarios.

Multi-table synthesizers are designed for tables with a one-to-many relationship, as illus-
trated as the parent-child structure in [38] [45] [44]. This architecture is often impractical
in Data Clean Rooms, where formats like loghbooks are frequently shared among users (Sec-
tion 3.1). Despite significant advancements in single-table synthesizers like CT-GAN [58] and
TabDDPM [23], these models struggle in data collaboration contexts (Figure 9), highlighting
the need for multi-table synthesizers (Table 1).

Intuitive evaluation results for immediate performance monitoring.

[11] and [44] assess synthetic data quality using robust mathematical formulas and provide
score-based outputs. However, while plotting these results for comparison, we found that
the metric scores are biased in certain scenarios (Section 3.2), highlighting the need for
new metrics to address this bias. The Benjamini-Hochberg procedure [4], commonly used
in medical research, offers a generalized performance analysis across various factors. This
inspired the development of the SIMPRO evaluation metrics, which provide a comprehensive
analysis and utilize illustrative plots for immediate performance comparison.

Table 1: SiloFuse provides privacy protection through tokenization but is limited to one-
to-one data relationships. While REaLTabFormer supports one-to-many data synthesis with
tokenization, the one-to-many assumption falls short in various collaborative data scenarios
(Section 3.1).

Tabular Data Singular | Multiple | Token-
Generator Table Table -ization
CT-GAN [58] X X
TabDDPM [23]

SiloFuse [44]
REaLTabFormer [45]

DEREC-REalL.TabFormer
(This work)
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3 Issues of multi-table synthesizers in realistic data
collaboration scenarios

There are two concerns on multi-table synthesis with real life data, namely privacy and
architecture, and one concern on multi-table synthesis evaluation, that is evaluation met-
rics intuitiveness. Section 2 shows that the privacy concern can be well addressed by using
language model-based synthesizer [44], such as the REaLTabFormer [45]. This work then fo-
cuses on the architectural issue of multi-table synthesizers and the intuitiveness of evaluation
metrics.

3.1 Multi-table Synthesizer Architecture
Cross-Table Management.

Multi-table synthesizers are not designed to manage across tables without pre-defined hier-
archy. In Data Clean Room, tables from two parties do not necessarily have a parent table
that contains one observation for each unique identifier (Table 2). Formal definitions are in
Appendix A. Figure 2 serves as an ideal parent table while Figure 3 acts as a child table.
When both parties’ data contain repeating identifiers (Table 3), the multi-table synthesizer
struggles to produce quality synthetic data without proper pre-processing (Figure 9). To
address this architectural issue, we propose the DEREC pre-processing pipeline, which creates
a table with unique subjects to restructure the data for better compatibility with multi-table
synthesizers.

Figure 2: Unique subject Figure 3: Repeating subjects
Name | Age | Sex City Name Access Date| Device Purchased?
Ann | 34 | F | New York Ann Oct 18, 23 Tablet Yes
b 4 s . Bob Jul 5, 22 Phone Yes
B'O 7 M a'n D'lego Tina Jun e, 22 Laptop No
Tina [ 48 | F | Michigan Tina Sep 28,22 | Laptop Yes

Different tabular structure in real life data. For multi-table synthesizer, Figure 2 shows the
required form for a parent table (Definition 1).

Contextual Variation Disturbance.

Contextual information refers to data that remains constant within a sequence, such as
a person’s gender or age group (Section 5). However, this consistency may not always be
observed, e.g., a person might use a friend’s membership card, resulting in varying contextual
columns like gender or purchase habits. This variation is particularly problematic when
the frequency of subject occurrences is imbalanced, causing certain categories to dominate.
This disruption indicates the need to separate contextual and non-contextual columns. To
address this, DEREC (Section 4.1) extracts contextual columns from non-contextual ones to
more accurately reflect the distribution of both types. Formal definition is in Appendix B.



Example of Contextual Variation Disturbance.

This work’s experiments observe a case involving the age group column, which is expected to
be contextual. Due to the high occurrence of a specific individual (with the same identifier),
synthesizers misinterpret the distribution, leading to a dominant synthesis of that individual’s
age group, even among different synthesized individuals.

3.2 Evaluation Metrics Intuitiveness
Conditional Consistency Focus.

Existing synthetic data evaluation metrics, like SDMetrics [11], assume a parent-child table
relationship, which is unsuitable for data collaboration due to the absence of a true hierarchy.
For instance, SDMetrics evaluates multi-table synthetic data by comparing the cardinality
of child rows in synthetic and original data. Instead, a comprehensive assessment of rela-
tionships across all columns is needed. Thus, the SIMPRO evaluation metrics are designed to
measure these relationships in their entirety (Section 4.2).

Distribution Smoothing Bias.

Existing evaluation methods use mean-squared error function [11], which favors smoothening
the distribution shape. This distribution smoothening may not actually lead to improved
synthetic data fidelity, since specific patterns may be neglected in the smoothened distribu-
tion.

Example of Distribution Smoothing Bias.

SDMetrics is used to evaluate synthetic data quality of Synthetic Data Vault ("SDV”) and
REaLTabFormer. In Figure 4, the SDMetrics rates the SDV-synthesised data considerably
higher than the REaLTabFormer data, but histograms show that the REaLTabFormer (in
Figure 4) can capture the distribution shape better.

SDV Column Shape Score: 84.79% REaLTabFormer Column Shape Score: 62.95%

Figure 4: Histogram of synthetic data from REalLTabFormer shows a more similar distri-
bution shape as the original data than SDV-synthesized data but is rated with lower score
by the evaluation metrics (Section 3.2), which implies curve smoothening may not facilitate
capturing true distribution shape.



4 The DEREC-SIMPRO Framework

The DEREC-SIMPRO framework combines the DEREC three-step pre-processing pipeline with
the SIMPRO three-aspect evaluation metrics (Figure 1). The DEREC process involves (1) de-
tecting contextual columns (formally defined in Appendix B), (2) recreating a parent table
by extracting a single observation for each repeating subject, and (3) connecting this parent
table with the remaining columns in a parent-child structure for multi-table synthesizers.
Further details are provided in Sections 4.1.1, 4.1.2, and 4.1.3. The SIMPRO metrics evaluate
synthetic data performance based on (1) statistical similarity to original data, (2) improve-
ment counts of synthetic column pairs, and (3) probabilistic distance between original and

synthetic data for a broader evaluation perspective. More details will be discussed in Sections
4.2.1,4.2.2, and 4.2.3.

4.1 DEREC 3-steps Pre-Processing Pipeline

DEREC is designed to ensure up-to-standard performance of multi-table synthesizers, regard-
less of input tabular structure, addressing the common occurrence of tables with repeating
subjects. The three steps, namely Detect, Recreate, and Connect, transform incompatible
tables (left of Figure 5) into a compatible format for multi-table synthesizers. Each step will
be discussed in detail, with accompanying algorithm examples provided in Appendix D.
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Figure 5: Common multi-table structures before data synthesis (left subgroup) would be
transformed into the parent-child structure (right subgroup) through the three-steps proce-
dure (Section 4.1.1, 4.1.2, 4.1.3).

4.1.1 DEtect.

The Detect step identifies contextual columns (Section 3.1) and mitigates Contextual Varia-
tion Disturbance. This work shows the importance of addressing contextual variables during
multi-tabular data synthesis (Section 3.1), echoing a point made in the SDV work [38] about
the need for extra attention to contextual properties. With potential error in the dataset, it
is impractical to have a threshold of 100%, i.e. classifying the column to be contextual only
if 100% of unique subjects contain contextual information. For practicality, this study uses
an arbitrary threshold of M = 95%.

4.1.2 REcreate.

In the Recreate step, an arbitrary parent table is formed using the contextual columns
to tackle the Cross-table Management challenge (Section 3.1). Since these columns contain
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repeating values for the same subject, retaining one observation per subject does not result in
information loss. This table now has unique observations for each subject. This visualization
of true contextual distribution helps mitigate the impact of Contextual Variation Disturbance
(Section 3.1).

4.1.3 Connect.

This step connects the arbitrary parent table with the remaining columns as a parent-child
pair. Remaining non-contextual columns are treated as the child tables. The multi-table
synthesizer architecture (Section 3.1) is now satisfied. If there are non-contextual columns
in both original datasets, they are considered as different child tables for two separate data
synthesis rounds. Figure 5 treats the remaining columns in the orange and blue tables as
two separate child tables. These two child tables are then connected with the green parent
table for separate data synthesis.

4.2 SIMPRO 3-aspects Evaluation Metrics

The SIMPRO evaluation metrics seek to provide simple and intuitive evaluation on synthetic
data fidelity. It is based on the individual and overall statistical behaviour of the data.
SIMPRO evaluates how well the cross-table feature correlation is captured in three different
aspects. The cross-table feature correlation is based on the conditional distribution of one
column given the other column.

Conditional Distribution Indicator.

The conditional distribution indicator measures the similarity between synthetic and original
data based on the conditional relationships between two columns. Switching the column
order (e.g., Column A given B vs. Column B given A) allows for a more thorough analysis of
causality on each feature. This similarity quantification enables apples-to-apples comparison
between different synthesizers. This work proposes using the Kolmogorov-Smirnov Test for
Goodness of Fit (KS-Test) [15] and Wasserstein Distance (W-Distance) [43] [22], as both
metrics have no pre-specified distribution assumptions [41]. Detailed calculation algorithms
are provided in Appendix C. After defining the fundamental cross-table feature correlation,
three aspects to measure synthetic data are derived accordingly.

e Statistical similarity (Section 4.2.1) between original and synthetic data distribution
to measure overall table similarity, pursuing for consistency in entirety (Section 3.2),

e IMprovement counts (Section 4.2.2) of synthesised column pairs fidelity to evaluate
individual column similarity, addressing Distribution Smoothing Bias (Section 3.2),
and

e PRObabilistic distance (Section 4.2.3) between original data and synthetic data for
additional evaluation angle



4.2.1 Statistical Similarity.

The fidelity of synthetic data from different synthesizers is compared as a whole, evaluat-
ing both marginal distributions for each column and conditional distributions for column
combinations. This aspect measures the similarity of these distributions between original
and synthetic data [29], drawing a ”distribution of distribution similarity” for generalized
comparisons across synthesizers. Distribution similarity can be assessed using goodness of
fit test. This work focuses on using the KS-Test [15] for its non-parametric property and
sensitivity to central of distribution [30]. A large p-value indicates that we do not reject the
hypothesis that the distribution of data generated by synthesizer A (Fiza) is similar to that
from synthesizer B (Fz.g), and vice versa. This is formally specified as a hypothesis test:

Hy:Fza=Fzp versus Hy:Fya# Fun (1)

4.2.2 IMprovement Counts.

This aspect examines the performance of each cross-table feature correlation individually.
Synthetic data fidelity is estimated by comparing the p-values from the KS-test statistic.
If the KS-test p-value for a column from original data and synthesizer A is greater than
that for synthesizer B, then A demonstrates higher fidelity for that column. Given that
the difference of p-values are bounded to [—1, 1] and are sensitive to noise [16], a threshold
is introduced to determine improvement. We denote the p-value-based cross-table feature
correlation for column 2 given column 1 as Q,2,1,p and set the threshold 7" = 0.333. This
categorizes results into "better”, "no change”, or "worsened”, each occupying one-third of
the p-value range.

better if ,Px2|xl;A — PxQ\xl;B >T =0.333
Qu2z1p =  worsened  if Ppojgi,a — Pozjpig < —1' = —0.333
no change otherwise

The numbers of improved cross-table feature correlation Ng,—improvea 15 counted and com-
pared with the numbers of worsened pairs N¢,—worsened to identify if there is net improvement
[14] [17].

4.2.3 PRODbabilistic Distance.

In addition to p-values, distance metrics provide a useful measure of similarity [12]. This
work employs the Wasserstein Distance (W-Distance) [24] [22] [34] to assess the distance be-
tween the conditional distributions of synthetic and original columns. A smaller W-Distance
indicates higher similarity. We denote the distance-based cross-table feature correlation for
column 2 given column 1 as Q,2,1,» and set the threshold 7" as the median (M) of all
correlations. This approach accounts for the unbounded nature of W-Distance differences,
ensuring that a median difference is substantial enough to reduce noise effects.

better if Wa2pta — Wy < =1 = -M
Q221w = { worsened if Wazjp1,a — Waejprg > T = M
no change otherwise



5 Experimental Settings

5.1 Datasets and Assumptions
Dataset.

The CTR Prediction - 2022 DIGIX Global AI Challenge [57] is used in this study. It contains

two datasets, namely Advertisement and Feeds, both containing repeating 'user_ID’s. Due to

the large data size, the data is subgrouped based on the type of advertisement tasks, resulting

in eight task subgroups with over 750 observations each. All data, results, and related materi-

als are stored in Google Drive, as the dataset size exceeds GitHub’s 1GB repository limit. The

link is as follows: https://drive.google.com/file/d/1tZotBaeCkXOKypbmH-0Alo6LrHGYOWSw/
view?usp=sharing.

Assumptions.

Additional assumptions include: (1) no missing data, (2) only retaining subjects that co-exist
in both tables (no orphan data), and (3) removing any non-classifiable string features.

5.2 DEREC-REaLTabFormer: This work

The DEREC-REaLTabFormer integrates DEREC (Section 4.1) with the REaLTabFormer synthe-
sizer [45]. The REaLTabFormer contains a GPT-2 backbone for data generation, along with
a quantile difference statistic measure to prevent overfitting and ’data copying’ [27]. DEREC
addresses the remaining architectural challenges of multi-table synthesizers as discussed in
Section 3.1.

5.3 Comparable Models

The Control Group simulates a scenario where the parent-child requirement (Section 3.1) is
ignored. The Feeds table with more contextual variables is chosen as the parent input. For
benchmarking, single-table synthesizers CT-GAN and TabDDPM are used, with two datasets
flattened into one by joining each subject with every possible combination. These bench-
marks serve to show the need for multi-table synthesizers in data collaboration.

6 Experimental Results using SIMPRO 3-aspects Evalu-
ation Metrics

6.1 Statistical Similarity
Different synthetic data quality from different models.

The DEREC-REaLTabFormer generates synthetic data of significantly different quality com-
pared to the three models discussed in Section 5.3. By calculating the series of cross-table
feature correlation (Section 4.2), we assess 'distribution of distribution similarity’ between
original data and synthetic data generated by each synthesizer. Figure 6 presents the p-values

10


https://drive.google.com/file/d/1tZotBaeCkX0KypbmH-OAlo6LrHGYOW8w/view?usp=sharing
https://drive.google.com/file/d/1tZotBaeCkX0KypbmH-OAlo6LrHGYOW8w/view?usp=sharing

for the statistical similarity of these distributions. While all p-values are small, indicating
low similarity, the Control Group shows a non-zero similarity, unlike the single-table synthe-
sizers, indicating higher similarity between DEREC-REaLTabFormer and the Control Group.

Task IDs Control Group CT-GAN TabDDPM

KS statistic | Respective p-value [ KS statistic | Respective p-value | KS statistic | Respective p-value
10005 0.1433 5.68E-17 0.8021 0.00E+00 0.7761 0.00E+00
10006 0.1498 1.64E-18 0.7772 0.00E+00 0.7415 0.00E+00
14584 0.1558 5.56E-20 0.8096 0.00E+00 0.7712 0.00E+00
22100 0.0703 2.13E-04 0.8037 0.00E+00 0.7734 0.00E+00
31941 0.1725 1.93E-24 0.8112 0.00E+00 0.7523 0.00E+00
31996 0.119 8.11E-12 0.8172 0.00E+00 0.7518 0.00E+00
34382 0.2125 5.70E-37 0.8183 0.00E+00 0.7907 0.00E+00
34975 0.1931 1.53E-30 0.8042 0.00E+00 0.7804 0.00E+00

Figure 6: The Statistical Similarity evaluation metrics (Section 4.2.1) reveal significant dif-
ferences in overall synthetic data distribution compared to the three baselines

6.2 Improvement Counts
Necessity of multi-table synthesizer in data collaboration.

Multi-table synthesizers consistently outperform single-table synthesizers. Table 2 highlights
a significant improvement in cross-table feature correlation (Section 4.2), while most values
in the Control Group remain unchanged, contributing to a net improvement. This aligns
with the results in Section 6.1, where the difference between DEREC-REaLTabFormer and
the Control Group is less pronounced than that between DEREC-REaLTabFormer and the
single-table synthesizers. This supports the need for multi-table synthesizers in Data Clean
Room. The next step involves a detailed comparison of performance with and without DEREC
implementation.

Performance | Control Group | CT-GAN | TabDDPM
Improved 147 1362 1506
No Change 1670 423 308
Worsened 32 64 35

Table 2: The DEREC-REaLTabFormer outperformed single-table synthesizers dominantly and
showed considerable net improvement against the Control Group.

Consistent net improvement after implementing DEREC

DEREC implementation brings a consistent net improvement in synthetic data fidelity (Figure
7). Although the majority of column pairs show unchanged quality, there is a consistently
greater number of pairs with improvements compared to those with worsened fidelity. This
pattern indicates an overall net fidelity improvement. The results suggest the value of DEREC,
by guaranteeing proper input requirement (Section 3.1) to optimize multi-table synthesizer
performance.
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Sub-Groups | Beiter | No Change | Worsened
10005 271 1334 238
10006 330 1291 228
14584 177 1576 96
22100 119 1649 81
34382 262 1543 44
31941 165 1579 105
319%6 170 1648 31
34975 166 1601 82
Total 1666 12221 905

Total (in %) | 11.26% | 82.62% 6.12%

Figure 7: The KS-test p-values indicate a consistent trend of more improved than worsened
cross-table feature correlations, reflecting a net improvement in overall synthetic data fidelity
after implementing the DEREC pipeline.

Improvement illustrations.

Inspired by the Benjamini-Hochberg Method [4], we plot both kernel and cumulative density
graphs of the p-value-based cross-table feature correlations (Section 4.2.2). In the kernel
density graph, a heavier right tail indicates more large p-values, implying higher similarity
to the original data. For the cumulative density graph, better fidelity is inferred if the curve
has a smaller area at low p-values and a sharp spike at larger p-values.

In the one-dimensional marginal distribution case, Figure 8 shows that both CT-GAN and
DEREC-REaLTabFormer capture the marginal distribution well, although the general shapes
are similar across models. The DEREC-REaLTabFormer shows the lowest density at the lower
p-values (0 to 0.2) but has a thicker density in the middle range (0.4 to 0.7), indicating slight
outperformance. The CT-GAN also demonstrates improved performance, evident from a later
spike in the cumulative density plot. This suggests that most models effectively model the
individual distributions of each column. Individual subgroup plots are available in the Ap-
pendix (Figure 11).

In Figure 9, both single-table synthesizers exhibit heavy tails at the lower end, indicating
low similarity to the original data, hence their inadequacy for Data Clean Room. The shape
of DEREC-REaLTabFormer closely mirrors that of the Control Group, but it demonstrates
improvements across most ranges, with lighter densities in lower end, and a significantly
heavier density in higher end, reinforcing the need to adhere to multi-table synthesizer input
requirements. Individual subgroup plots are available in the Appendix (Figure 12).
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Control Group DEREC CT-GAN TabDDPM
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Figure 8: The shapes of the four models are fairly similar, with comparable densities at the
endpoints, implying most models can understand individual column distribution well.

Control Group DEREC CT-GAN TabDDPM
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Figure 9: Single-table synthesizers perform significantly worse than multi-table synthesizers,
regardless of being network-based as CT-GAN or diffusion-based as TabDDPM.
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6.3 Probabilistic Distance

Consistent results when using distance metrics.

Sub-Groups | Better |No Change| Worsened
10003 522 1020 307
10006 588 1028 233
14584 441 1163 245
22100 169 1332 348
34382 495 1212 142
31941 4380 1150 179
31996 439 1126 234
34975 488 1188 173
Total 3672 9259 1861

Total (in %) | 24.82% | 62.59% 12 58%

Figure 10: The W-Distance metrics results align with the p-value results from Section 6.2, confirm-
ing interchangeability across different metrics in measuring similarity.

The W-Distance-based cross-table feature correlation serves as an additional metric to val-
idate the results. Figure 10 shows a similar pattern to the p-value analysis, indicating
consistent net improvement across all subgroups.

6.4 Result Implication

Two areas for improvement in the DEREC pipeline are identified for future research. (1)
Incorporating Cross-Child-Table Feature Correlation: The current DEREC pipeline
(Section 4.1) does not fully capture all cross-table feature correlations, as it synthesizes the
parent table independently with each child table. A unified training approach could enhance
model performance by better capturing these correlations. (2) Using Advanced Language
Model Backbones: While REaLTabFormer currently uses the GPT-2 model, future imple-
mentations of advanced models like GPT-40 [32] or Llama 3 [49] may yield better results.

A coding error in the REaLTabFormer package is also found. During bootstrapping, a folder
named 'not-best-disc-model’ is created to store model weights with the second-best results.
However, weights are only saved under a specific condition, which may leave the folder empty
and cause the program to crash when it attempts to retrieve weights. This issue was resolved
by adding code (details in Appendix F) to ensure that current weights are saved in the folder
if it is empty, with these weights later replaced by improved results.

7 Conclusion
This work identifies a gap between multi-table synthesizer architecture and real-world data
collaboration in Data Clean Room, proposing the DEREC 3-step pipeline to adapt real-life

data to a parent-child structure (Section 3.1). This transformation helps mitigate contextual
variable disturbances (Section 3.1) by creating an arbitrary parent table that reflects true
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variable distributions. However, there are still opportunities to improve DEREC by including
all cross-child-table feature correlations. Additionally, inefficiencies in current multi-table
evaluation metrics are noted, particularly in their emphasis on parent-child correlations
(Section 3.2) and preference for smoothed distributions (Section 3.2). The SIMPRO 3-aspect
evaluation metrics is designed to evaluate multi-table synthetic data both individually and
collectively using cross-table feature correlations (Section 4.2), effectively addressing these
existing challenges.
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A Formal Definition for Section 3.1

Definition 1 (Parent Table). Parent table T is defined to be a table containing different
observations with n features such that for each unique identifier i, o; = [z;1, Zi2, - - . , Tin)-

Definition 2 (Child Table). A child table s contains some observations on every unique
parental observation o;. For a child table subset that only contains observations from o;,

[
(2) (2 (2 . N2

S0, = O | — |Tin T2 Lim (2)
] I

B Formal Definition for Section 3.1

Definition 3 (Contextual Information). Rewrite s from (2):

o]
2 n2) (2 ’(2
0&3) ml(l; $1(23) . ml(?)
/ / /
05 ) 951(1) 951(2) T 551(m)
1 1 1 1
= w1 % g
Y I T
/ / /
02 La1 Lo 2m
1 /(1 /(1 (1
o/ el )
Consider the column z/,
r_ [ 1)y 12 1) n2) ) T
Tn = [T1° Z1p T Top Ty Iy
= [T T o Tl
If :cll(,?) = :c’l(f;)v@ # b, then ), is contextual for unique identifier ¢ = 1. If over M%

#,Vd € {unique identifier} is contextual , z/, is a conteztual column.
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C

Detailed Algorithm for Section 4.2

Algorithm 1 Cross-table Feature Correlation computation

1.

Given original columns 1 and 2 71,0, T2,0 =
1;0 1;0 1;0 T 2;0 2;0 2;0 T .

(279 29 239 ) (279 23¢9 239 --.), and synthetic columns 1 and
— — _ 1;syn 1;syn 1;syn T 2;syn 2;syn 2;syn T

2 Tisyn, Tosyn = (Il Lo T3 o ) ) (551 Lo T3 i )

Compute P(z3|z;) for column 2 value z7 given column 1 value x;

1

)

Repeat (2) for every z7 to obtain the conditional distribution of z%|x

Implement (2) to (3) on both the original and synthetic data to obtain 2%°|z" and

. 1;syn
x?,synlxi Y

Measure the similarity of the distributions with different statistical tools to obtain a
similarity indicator given column 1 value z}. KS-Test (Section 4.2.2) and W-Distance
(4.2.3) are recommended.

Repeat (2) to (5) on every column 1 value z} to obtain a conditional distribution given
every column 1 value Z,z2,1Vz;

Compute cross-table feature correlation Z,2,1 by taking the weighted average of all
Zg2|p1 with the probability of the occurrence for every unique parent value P(x})

Repeat on every column pair to obtain a series of cross-table feature correlation

D

Supplementary algorithm for DEREC pipeline in Sec-
tion 4.1

D.1 Algorithm of the DEREC pipeline

if number of unique identifier with only one category / number of unique identifier = 0.95
then

column < contextual

else

column < non-contextual

end if

Repeat for all columns

Repeat for all tables

Parent Table < all contextual columns
Child Table < all non-contextual columns
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D.2 Python Code Example

parent_col = []
child _col_tablel = []
child _col_table2 = []

for every column in tablel:

for

count = 0

for every unique_ID:
if column.nunique() = 1:

count += 1

if count / count(unique_-ID) >= 0.95:
parent_col.append (column)

else:
child_col_tablel .append (column)

every column in table2:
count = 0
for every unique_ID:
if column.nunique() = 1:
count += 1
if count / count(unique-ID) >= 0.95:
parent_col.append (column)
else:
child_col_table2 .append(column)

return parent_col, child_col_tablel ,
child_col_table2
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E Supplementary results for Section 6.2

Figures 11 and 12 supplementary the results for this work’s claim on Figures 8 and 9.
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Figure 11: Density of Column Marginal Distribution in each task ID subgroup showing
general outperformance of the DEREC-REaLTabFormer and CT-GAN
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Figure 12: Density of Column Conditional Distribution in each task ID subgroup showing

general outperformance of the DEREC-REaLTabFormer
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F Coding Error of REaLTabFormer package

The original code was written as in line 791 of the 'realtabformer.py’ file in the REaLTabFormer
package folder as follows:

ivity value:

The 'not-best-model’ named as 'not_bdm_path’ in the code will only be saved in the else-if-
statement. In case where the else-if-statement is not triggered, the 'not-best-model” folder
will be empty, and subsequent weighting calls on the 'not-best-model’ from the 'mean-best-
model’ (named as 'mean_closest_bdm’ in the code) will crash the program. To solve that,
the following code is added into the code that saves the 'mean-best-model’ weightings:
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trainer.stat B
(not_bdm_path /

ivity wvalue <
tivity walue

save_to_j (
t_bdm_path / “trainer_state

y(os.listdir(not_bdm_path.as
ave_model(pnot_bdm path.as
trainer.state.s L {
(not_bdm path /

This ensures that the 'not-best-model” folder will never be empty if there is any saving in
the 'mean-best-model’, hence making sure there is always a valid object upon any weighting
calls.
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