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ABSTRACT

Machine learning (ML) utility has been the main evaluation metrics for
data synthesizers. However, because ML utility cannot be simply
calculated, none of the previous synthesizers were trained to reach the
same level of ML utility as a training objective. This study aims to
integrate ML utility into data synthesizer training using a transformer-
based model as a learned loss function. The transformer was trained to
estimate ML utility of synthetic datasets, then it’s integrated by
backpropagating the difference between estimated and expected value.
The integration has significantly improved the average ML utility of
LCT-GAN and Realtabformer. The ML utility of LCT-GAN improved

Transformer by 0.0158 for Contraceptive dataset, 0.031 for Insurance dataset, and

0.0561 for Treatment dataset. The ML utility of Realtabformer improved
by 0.02 for Contraceptive dataset and 0.0024 for Insurance dataset. The
increase affects the dataset distribution, correlation between features, and
privacy, but the direction varies. Correlation coefficients indicate that
synthetic data distribution gets closer to real data as ML utility improves.
In addition to ML utility integration, this study has also shown that
patterns between rows in a dataset can be learned, so better synthesizers
can be developed based on them.

INTRODUCTION

Research using a company’s data is often done collaboratively with a third party [1].
However, this became hard to do since General Data Protection Regulation (GDPR) came
into existence. GDPR requires companies to protect their customers’ or users’ data privacy
and may only share their data with their consent as the rightful owner. GDPR only applies
to the European Union, but since 2022, Indonesia also has private data protection law [2].
Therefore, companies must be careful in sharing data that concerns their customers or users.
Even when personal information has been removed, the information owner may still be
identified by connecting it to other information, such as from the internet [3]. Data synthesis
can be an alternative to share data without risking user privacy, or at least without breaking
the law. However, despite having smaller dimensions than other kinds of data, such as image
data, tabular data is not easy to synthesize. Tabular data may have many categorical variables
[4]. Even the numerical variable may have multimode or long tail distribution, or even be a
mixed type [3]-[5].

Several data synthesizers based on deep learning have been proposed [3]-[8]. Machine
learning utility (ML utility / MLU) — such as the accuracy and F1-score for classification
task [3] — has been the main and most common evaluation metrics because the main concern
with synthetic data is whether it can lead to similar inference as the real data [9], [10]. ML
utility is a measure of data synthesizer performance measured by performance of a model
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trained with synthetic data and tested with real data [3], [6], [7]. However, none of the
previous models has integrated ML utility in training as one of the training objectives. This
may be because ML utility cannot be simply calculated. This study aims to integrate ML
utility into data synthesizer training using a transformer-based model as a learned loss
function. [11]-[13]. Within the authors’ knowledge, none of the previous studies have used
ML utility as a training objective. The closest one was TabDDPM which used it as tuning
objective [6].

The learned loss model is based on transformer [14] with modifications from set
transformer [15]. Transformer was used because it is necessary to recognize patterns
between rows within a dataset, in which each row consists of multiple values, the row order
must not matter, and each row contributes differently to the prediction performance (ML
utility). Transformer is quite slow and costly, but for now, the main concern is to see whether
it is doable. The transformer was trained on synthetic datasets to estimate their ML utility.
From this point onwards, the model will be called estimator. ML utility is measured using a
fine-tuned Catboost model, because it was found to be more robust than simpler models [6].
The estimations are then compared to the expected ML utility value and the error is
backpropagated into the synthesizer. The result of the integration is evaluated by comparing
metrics before and after integration: ML utility, distribution, correlation between features,
and privacy. The rest of this paper is structured as follows. The second part describes the
research method used in this study. The third part describes and discusses the result. The last
part concludes this paper.

METHODS

Synthesizer Selection

A literature review was done for tabular data synthesizers based on deep learning
starting from 2019. For each type of synthesizer found, a synthesizer that stated advantage
from the previous models is chosen to have its ML utility estimated. Four synthesizers were
chosen: TVAE [5], LCT-GAN [16], TabDDPM [6], and ReaLTabFormer [17]. TVAE is a
VAE-based tabular data synthesizer which was introduced as competition for CT-GAN
evaluation [5]. LCT-GAN is a GAN-based tabular data synthesizer which tries to mitigate
dimension explosion caused by one-hot encoding by synthesizing data in latent space,
resulting in faster convergence [16]. TabDDPM is the first DDPM-based tabular data
synthesizer which claimed superior performance to the previous GAN-based models [6].
Realtabformer is a transformer-based tabular data synthesizer for relational data, but it can
also be used for singular tables and claims to have decent performance without requiring
fine-tuning [17]. These four synthesizers are all tabular data synthesizers based on deep
learning. They do not have the same level of complexity or performance, but they are not
meant to be compared against each other. Instead, this study compares each synthesizer
before and after the ML utility integration.

Data Collection
This study used publicly available datasets which are usually private, such as health and business datasets,
because they tend to contain sensitive private information [18], [19]. The datasets are shown in Table 1. The
contraceptive dataset [20] task is to predict whether a non-pregnant married woman uses long term, short
term, or no contraceptives (multiclass classification task). The insurance dataset [22] task is to predict the
insurance medical cost (regression task). The treatment dataset [21] task is to predict whether a person should
be an in-care or out-care patient (binary classification task). Each dataset is not balanced (
Figure 1); synthesizers are expected to reproduce the distributions, including

imbalanced ones, though it is not the concern of this study.
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— |
Table 1. Datasets
Dataset Task Rows | Attributes
Contraceptive Prevalence Survey [20] = Classification (Multiclass) = 1.473 10
Insurance [22] Regression 1.338 7
Patient Treatment [21] Classification (Binary) 3.309 11
600 b — Real 000
5
500 1500
4
o 400 o ]
T 200 g 3 3 1000
200
500
100 1
s Real  Real
0 — 0 0
1:No-use 2ZLong-term 3:Short-term 0 50000 100000 0:Out-care 1:In-care
contraceptive charges source
Contraceptive Insurance Treatment

Figure 1. Distribution of the Datasets’ Target Variables

Data Preparation

The data was split randomly into 5 folds of training and test sets with ratio of 80:20. To
train the estimator, for each model and fold (out of the 5 folds of datasets), 6 synthetic
datasets were generated during synthesizer training every 10% epoch or step. This is done
to produce training datasets with wider ML utility value range by purposefully synthesizing
progressively worse datasets. This resulted in 1200 synthetic datasets, which were then split
into 800 training datasets, 200 validation datasets, and 200 testing datasets. The 5 folds of
real datasets were then added to training datasets so the estimator would have also seen the
optimal dataset. All of them had their ML utility measured by R? or F1-score of a fine-tuned
Catboost model [6]. Preprocessing is done according to each synthesizer as shown in Table
2. Realtabformer [17] preprocessing is treated specially by adding an embedding layer.
During estimator training, the embedding layer is from a trained model, while during
inference, the embedding layer is from the model being trained.

Table 2. Preprocessing Methods of the Synthesizers

Model Preprocessing variable
Continuous Categorical
Simple Multimode Long Small Big
tail
TVAE [5] Mode-specific normalization One-Hot Encoding
LCT-GAN [16] Min-max Mode-specific Log One-Hot Integer + Min-max
normalization normalization + Encoding normalization [-1,
[-1, 1] Mode Vector 1]
TabDDPM [6] Gaussian Quantile Transformation One-Hot Integer Encoding
Encoding
REaLTabFormer = Rounding + String Conversion + Split String Conversion
[17] Tokenization and embedding

Estimator Model Development

An estimator model is trained to estimate the ML utility of a dataset. The estimator is
made by modifying transformer encoder [14] to use Induced Set Attention Block (ISAB)
and Pooling by Multihead Attention (PMA) from set transformer [15]. Transformer [14] is
a sequence-to-sequence NLP model that primarily uses attention mechanism, which works
as if it calculates weights for each input token based on input tokens. Meanwhile the Set
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Transformer is a variant that was proposed for set to set processing [15]. The architecture is
shown on Figure 2. Every multi-head attention from the original transformer encoder is
replaced by ISAB. ISAB is necessary to reduce the attention computation complexity by
doing the computation twice, but within smaller dimensions [15]. This is done using a vector
called induction point (Figure 3a). Transformer encoder produces a sequence of output, or
in this case a set. It will be fed into dense head layers, so it needs to be pooled. The pooling
is done using PMA, which weighs each row differently by attention [15]. PMA works
similarly to ISAB using a vector called seed (Figure 3b). Positional encoding is removed
because the position of samples in a dataset is meaningless [15]. Embedding layer is changed
into dense encoder layer. The synthetic dataset takes the role of training set while the test set
is real data (Figure 4a). They’re both processed by the same encoder and the results are
combined by subtraction and flattened into one vector to be processed by dense head layer
which will output the estimation [23]. For regression, R? score can be negative so the model
output, the estimated value, is transformed to (—oo, 1] range using Eq. (1. The main
loss function used is Mean Squared Error (MSE) between the real loss and the estimated loss
[12].

fx)=1-x (1)
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Figure 2 (a) ML Utility Estimator Architecture; and (b) its Transformer Encoder Architecture
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Figure 3 (a) Induced Set Attention Block (ISAB); and (b) Pooling by Multihead Attention (PMA)

A good loss function should scale smoothly with the loss [24], [25]. Gradient penalty
[26] is used to shape the gradient to have magnitude that scales with the mean absolute error
(MAE) of the estimation with certain scaling (hyperparameter). The evaluation of the ML
utility estimator is done for each dataset and synthesizer pair using the previously separated
test set. The evaluation is repeated 5 times with index as seed. The average of RMSE (Root
Mean Square Error) between the estimated and actual ML utility are reported.

Estimator Integration

The ML utility estimator is then integrated into the training of data synthesizers as a
learned loss function (Figure 4b). It is done by backpropagating the “error” between
estimated ML utility and expected ML utility every few epochs or steps. This is done by
generating a certain number of synthetic data, combining it with sampled real data to make
full-sized dataset, then having its ML utility estimated. The estimation is compared to the
expected value and the “error” is propagated back to the synthesizer. This process can be
repeated a few times and done every few epochs or steps. The frequency, repetition,
generation sample size, and target value are hyperparameters chosen through
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hyperparameter tuning. The synthetic dataset is not generated with full size due to hardware
limitation, because it may take a very long time and the graph for backpropagation may
require very large amount of memory. The synthetic data are assumed to be unable to surpass
the ML utility of the real data, so if they’re estimated to surpass the target value, it is regarded
as estimation error and will not be backpropagated.
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Figure 4 (a) The Proposed ML Utility Estimator Training; and (b) The Proposed ML Utility Estimator
Integration into Synthesizer Training

Evaluation

The effect of ML utility integration is evaluated by comparing the average ML utility of
each synthesizer before and after the integration. The evaluation is done 5 times for each
synthesizer-dataset pair; once for each fold out of the 5 folds of a dataset. In addition, the
effect towards distribution, correlation between features, and privacy are also measured and
compared similarly. The evaluation is done with metrics commonly used in previous studies
(Table 3). F1-score is used to measure ML Utility for classification datasets, while R? score
is used to measure ML utility for regression datasets. Their optimal value is 1, but R? can be
negative. Wasserstein Distance (WD) is used to measure the distribution similarity for
numerical variables, while Jensen-Shannon Divergence (JSD) is used for categorical
variables. They are distance/divergence metrics, so the optimal value for similarity is 0. Diff.
Corr. is calculated by Pearson correlation for continuous features and Theil uncertainty
coefficient for categorical features [3]. Correlation ranges from -1 to 1, so the difference
ranges from 0 to 2, and the optimal value is 0. DCR is the average of 5% smallest distance
between a synthetic data and real data closest to it [4], [6]. Low DCR means synthetic data
is individually similar to real data, which means privacy level is low, so the larger the value
the better the privacy.
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Table 3. Evaluation Metrics and Previous Studies which Used The Metrics

Criterion Metric Range Direction Previous
Min Max Studies
ML Utility / Regression R? -00 1  Maximize [5], [6], [17]
Efficacy Classification = Fl-score 0 1  Maximize [4]-[6],
[16], [17]
Distribution Numerical Wasserstein Distance 0 o  Minimize | [3], [4], [16]
Similarity (WD)
Categorical Jensen-Shannon 0 1 Minimize
Divergence (JSD)
Correlation between features Difference in Pairwise 0 2 Minimize [3], [4], [6],
Correlation (Diff. Corr.) [16]
Privacy Distance to Closest Record 0 o Maximize [4], [6]
(DCR)

RESULTS AND DISCUSSIONS

Dataset Preparation

To train the estimator, for each model and fold (out of the 5 folds of datasets), 6 synthetic
datasets were generated during synthesizer training every 10% epoch or step. This resulted
in 1200 synthetic datasets. All of them had their ML utility scored by a fine-tuned Catboost
model. The bad synthetic datasets generally came from LCT-GAN, so this might result in a
bias (Table 4). The datasets were then split into 800 training datasets, 200 validation datasets,
and 200 testing datasets. Sample synthetic data is shown in Table 5. Although they look
almost real individually, they might not have similar distribution, correlation, or predictive
performance (Table 4).

Table 4. Descriptive Statistics of the ML Utility of Synthetic Datasets per Synthesizer for Estimator Training

Synthesizer = Count ML Utility
Contraceptive Insurance Treatment
F1 R? F1

Mean Stdev Mean @ Stdev Mean @ Stdev
LCT-GAN 300 0.2667 0.0789 -0.1622 0.2006 0.1443 0.1936
Realtabformer 300 0.4533 0.0513 0.1317 0.0104 0.6008 0.0448
TabDDPM 300 0.4684 0.0436 0.1301 0.0095 0.5895 0.0373
TVAE 300 0.4283 0.0695 0.0534 0.1012 0.5513 0.0622

Table 5. Sample of real and synthetic insurance data (additional trailing zeros marked by bold)

Model Data
Age  Sex Bmi Children = Smoker  Region Charges
LCT-GAN 21 female @ 29.809109 0 no southwest  2467.160142
Realtabformer 51 female 36.385000 3 no northwest = 11436.73815
TabDDPM 45 male 39.730782 0 no northeast = 7448.403950
TVAE 21 female 34.795737 0 no southeast = 2157.665097
Real 46 male 24.795000 3 no northeast = 9500.573050

Estimator Model Development

For each model and each fold (out of the 5 folds of datasets), an estimator was trained
for 1 hour maximum and the checkpoint with smallest validation loss was loaded for
evaluation. The error rates are shown in Table 6. The RMSE might be small, but it’s also
because the target value range, ML utility, is small. However, the TabDDPM estimator for
insurance dataset has a high error rate. The high error rate was caused by its inability to
predict large negative values (Figure 5).
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Table 6. RMSE of the Estimator
Synthesizer | Contraceptive Insurance Treatment

LCT-GAN 0.0419 0.0156 0.0430
Realtabformer 0.0415 0.0161 0.0443
TabDDPM 0.0396 0.1506 0.0386
TVAE 0.0396 0.0153 0.0424
Mean 0.0406 0.0494 0.0421
0.2
=] . |
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Figure 5. Estimator Test Prediction Box Plot for Insurance Dataset

Estimator Integration

The integration is done by generating synthetic data, estimating its ML utility,
comparing the estimated and expected ML utility, then backpropagating the loss and its
gradients (Figure 6). This is injected at the end of training iteration code. To enable
backpropagation from the estimated ML utility, the sampling (data generation) code was
modified to provide the option to skip postprocessing and return synthetic data in raw GPU
tensor with backpropagation graph intact. Some functions had to have their no_grad
decorator removed for this to work. LCT-GAN training is done in two separate phases, the
autoencoder training and the GAN training. The ML utility backpropagation was done in
both phases. In autoencoder training, instead of sampling synthetic data, the real data was
autoencoded and had its ML utility estimated. Realtabformer was based on GPT-2 from
huggingface library, so it uses the huggingface Trainer. ML utility backpropagation for
Realtabformer was implemented through TrainerCallback.
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Figure 6. Example of ML Utility Loss (Left) and its Gradient (Center) for LCT-GAN Generator for Insurance
Dataset, in Addition to the Generator’s Own Loss (Right)

Evaluation

The ML utility of real dataset and baseline synthetic datasets are shown in Table 7. The
synthetic datasets were produced by training each synthesizer with each fold of the 5 folds
of real datasets then generating 30 datasets from each model, resulting in 150 datasets for
each synthesizer. Realtabformer synthetic treatment dataset has equal ML utility to the real
dataset. Aside from that, LCT-GAN synthetic datasets are generally bad compared to the
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other synthesizers, especially for insurance dataset with negative ML utility score. The score
for insurance dataset can be negative because the metric is R?.

The changes in average ML utility of synthetic datasets after ML utility integration are
shown in Table 8. The values were calculated by subtracting the average ML utility of
synthetic datasets with integration and the baseline values. Positive change means the
integration has successfully improved the average ML utility. The integration has improved
the average ML utility of 7 out of 12 synthesizer-dataset pairs. One-way T-Test was done to
test for significance with 5% alpha value. The significant improvements is marked by bold
(Table 8). Only 5 out of the 12 pairs have improved significantly, which are LCT-GAN for
all three datasets and Realtabformer for Contraceptive and Insurance datasets. Recall that
originally Realtabformer had achieved equal ML utility to the real dataset for Treatment
dataset (Table 7).

Table 7. Average ML Utility of Real Datasets and Baseline Synthetic Datasets

Dataset Type  Synthesizer Average ML Utility

Contraceptive Insurance Treatment
F1 R? F1

Synthetic LCT-GAN 0.3442 -0.0932 0.3943
Baseline Realtabformer 0.4454 0.1274 0.6224
TabDDPM 0.4710 0.1321 0.5983
TVAE 0.4790 0.1127 0.5533
Real 0.5120 0.1390 0.6220

Table 8. Changes in Average ML Utility of Synthetic Datasets after ML Utility Integration

Synthesizer Change in Average ML Utility
Contraceptive = Insurance Treatment

F1 R? F1
LCT-GAN 0.0158 0.0310 0.0561
Realtabformer 0.0200 0.0024 -0.0136
TabDDPM 0.0033 0.0000 -0.2211
TVAE -0.0048 -0.0153 -0.0038

For the other metrics, only the pairs with significantly improved ML utility will be
discussed (Table 8). The average values of the other metrics for synthesizer-dataset pairs
without integration are shown in Table 9. Jensen-Shannon Divergence (JSD), Wasserstein
Distance (WD), and Difference in Pairwise Correlation (Diff. Corr.) are metrics where
smaller values mean better models, while Distance to Closest Record (DCR) are metrics
where larger values mean better models. Synthetic datasets generated by Realtabformer have
rather small DCR values, which means individual data rows are similar to the real data.
Synthetic datasets generated by LCT-GAN have rather large Diff. Corr. values, which means
the generated datasets have quite a different correlation between features compared to the
real datasets.

The changes in average values for synthetic datasets after ML utility estimator
integration are shown in Table 10. The changes were calculated by subtracting the average
values of each metric value of the synthetic datasets with ML utility estimator integration
with the baseline values. JSD, WD, and Diff. Corr. are metrics where smaller values mean
better models, so negative change means the value has improved. Meanwhile DCR is a
metric where larger values mean better models, so positive change means the value has
improved.

The four other metrics have changed in inconsistent directions. Two-way T-test was
done to test for significance with 5% alpha value. The significant changes is marked by bold
(Table 10). Almost every change is significant, even though the direction varies.
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Additionally, the correlation between the change in ML utility and the change in the other
metrics are measured with Pearson Correlation (Table 11). JSD and WD always correlate
negatively with ML utility, which means ML utility improves along with improvement in
distribution which becomes closer to the real data. Meanwhile for Diff. Corr. and DCR, the
direction of the correlation still varies, and some are even the opposite of the direction of
change in average value.

Table 9. Baseline Average ML Utility and Other Metrics of Synthetic Datasets

Dataset Synthesizer ML Utility Distribution Diff. Corr. Privacy
JSD (Cat) WD (Num.) DCR
() Q) () ) (+)
Contraceptive = LCT-GAN F1  0.344 0.243 0.079 2.311 1.098
Insurance LCT-GAN R? -0.093 0.191 0.110 1.883 0.405
Treatment LCT-GAN F1  0.394 0.087 0.058 2.836 0.867
Contraceptive = RealTabFormer F1 = 0.445 0.065 0.021 0.421 0.008
Insurance RealTabFormer R? 0.127 0.067 0.025 0.229 0.068

Table 10. Changes in Average ML Utility and Other Metrics of Synthetic Datasets after ML Utility

Integration
Dataset Synthesizer Changes in Values
ML Utility Distribution Diff.  Privacy
JSD (Cat) WD (Num.) Corr. DCR
(+) ) ) ) (+)
Contraceptive LCT-GAN F1 0.016 0.008 0.010 -0.187 -0.539
Insurance LCT-GAN R? 0.031 0.014 -0.013  -0.205 -0.024
Treatment LCT-GAN F1 0.056 -0.008 -0.003 0.182 0.028
Contraceptive = RealTabFormer F1 0.020 0.010 0.003 = 0.027 0.005
Insurance RealTabFormer R? 0.002 -0.010 -0.003 | -0.014  -0.007

Table 11 Pearson Correlation Values Between the Changes in the Other Metrics and the Changes in ML

Utility
Dataset Synthesizer Correlation with Changes in ML Utility

JSD (Cat) WD (Num.) Diff. Corr. DCR
Contraceptive LCT-GAN -0.643 -0.327 -0.167 | -0.791
Insurance LCT-GAN -0.450 -0.093 -0.248 0.536
Treatment LCT-GAN -0.724 -0.519 -0.716  -0.794
Contraceptive = RealTabFormer -0.129 -0.100 0.126 -0.122
Insurance RealTabFormer -0.886 -0.876 -0.448 0.641

Sample

To show the result of the experiment, a pair of synthetic Insurance datasets by LCT-
GAN, before (Synth Baseline) and after ML utility integration (Synth MLU), was selected
from the same fold and seed. Figure 7 shows the distribution of charges, which is the target
variable, and the distribution of smoker, which the Catboost model deemed as the most
important variable (75.81%). The distribution of Synth MLU is closer to the real distribution,
specially for smoker variable where Synth Baseline has no “yes” class at all. Table 12 shows
the difference in correlation (Diff. Corr.) of features toward the target variable “charges”
from the pair of datasets. These are differences between the correlation of synthetic data and
real data, so smaller values are better. Overall, the Synth MLU dataset has smaller Diff.
Corr., thus more similar correlation to real dataset.
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Figure 7 Distribution of Charges (Left) and Smoker (Right) Variable of the Sample Synthetic LCT-GAN
Insurance Dataset Pair

Table 12 Difference in Correlation of Features Toward Target Variable from the Sample Synthetic LCT-
GAN Insurance Dataset Pair

Model Difference in Feature Correlation towards Target Sum  Magnitude
Age Sex BMI  Children Smoker Region

Synth Baseline  0.037 0.307 = 0.208  0.477  0.018 0.225 1.273 0.646

Synth MLU 0.094 0.248 0.134 0.161  0.146 0.119 0.902 0.387

Difference 0.056 -0.059 -0.074 -0.316  0.128 -0.106  -0.371 -0.259

Table 13 and Table 14 shows a pair of most similar real and synthetic Insurance data
row from the dataset pair. There is not much difference to see, except that the distance is
closer after the integration. The DCR value decreased by 0.073, which is not much but still
a degradation. This is consistent with previous studies which stated that there is trade-off
between information or prediction performance of synthetic datasets and its privacy [3],
[27]-[29]. The ML utility improved with privacy as a cost, although privacy is still kept at
some level.

Table 13 A Pair of Most Similar Real and Synthetic Insurance Data Row from the Baseline LCT-GAN

Dataset
Type Age Sex  BMI Children Smoker Region Charges Distance
Real 47 female 29.55 1 no northwest ~ 8930.93 0.092
Synth Baseline 46 female 29.81 1 no northwest = 9390.71

Table 14 A Pair of Most Similar Real and Synthetic Insurance Data Row from the MLU LCT-GAN Dataset
Type Age  Sex BMI Children Smoker Region @ Charges Distance

Real 47 female 29.55 1 no northwest =~ 8930.93 0.089
SynthMLU =~ 46 female 29.81 1 no northwest  8571.73
CONCLUSION

The ML utility integration has significantly improved the average ML utility of LCT-
GAN and Realtabformer. The ML utility of LCT-GAN improved by 0.0158 for
Contraceptive dataset, 0.031 for Insurance dataset, and 0.0561 for Treatment dataset. The
ML utility of Realtabformer improved by 0.02 for Contraceptive dataset and 0.0024 for
Insurance dataset. ML utility of Realtabformer for Treatment dataset did not improve, but it
had achieved ML utility equal to real data from the beginning. The improvement of ML
utility affects distribution, correlation between features, and the privacy of the synthetic
datasets, but the direction of the change varies. However, Pearson correlation between the
change in ML utility and the change in Jensen-Shannon Divergence (JSD) and Wasserstein
Distance (WD) are always negative, indicating JSD and WD decreases (distribution becomes
closer to real data) as ML utility increases (improves). This method of integrating ML utility
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can require quite a long time for the sampling and a large amount of memory for
backpropagation, depending on the synthesizer. The estimator itself requires a lot of
parameters to learn the patterns in a dataset, synthesizer, and the target model used to
evaluate ML utility, so itis hard to use for large datasets. Therefore, scalability and efficiency
are the main issues of this method. Future research can be done to address these issues.

This study has shown that pattern between rows in a dataset can be learned by a
transformer model with modifications from set transformer. This study has also shown that
the estimated ML utility from the transformer model can be propagated back to the
synthesizers to improve the value like a loss function does. The findings in this study can be
used as basis to develop a synthesizer that also learns the pattern between data rows in a
dataset and produces a set of data. Previous models, including ones used in this study, learns
data individually and produces data individually too. The integration of pattern between data
rows into a synthesizer might be the missing piece of data synthesizers to achieve even closer
predictive performance to real data. As opposed to Realtabformer which processes a data
row as a string of text tokens, the transformer in this study processes rows of data as a set.

The improvement of ML utility in this study may cause decrease in privacy. This is a
known tradeoff, so users should pay attention to this, especially for sensitive medical
records. Synthesizers that can generate data with certain privacy levels have been developed
previously, but within the writers’ knowledge, there hasn’t been a study to find ways to
optimize the tradeoff between ML utility and privacy. Perhaps loss learning with privacy
objective can also be applied. Aside from that, data rows with high similarity to real data can
be detected and removed, but it will affect the ML utility, distribution, and correlation in the
dataset. Future research can be done to develop a method to determine which rows are safe
to remove and which rows are important in a dataset. If such a method or model exists, the
filtering can be automated during the synthesizing, or even integrated into the synthesizer
training.
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