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Appendix A Online Appendix

A.1 Inference Model and Information Loss

We now describe information loss and the inference model. As an example of a multiple regression
framework with continuous independent and dependent variables, consider the following log-log
regression in a standard panel data setting with entity i, brand j, and time period t

lnY;'jt = (5]' + lean-jt + Z Brin Xk + €ijts (Al)
k#j

for k number of covariates of interest, where ¢; s the brand-level intercept. This log-log regression
framework has been used widely in marketing and economics, modeling continuous dependent
variables such as store sales, worker wages, and customer demand

One context that falls under this framework is the market response model proposed in SCAN*PRO
(Leeflang and Wittink, 2000), which has been used extensively by AC Nielsen and consumer goods
manufacturers (Schneider et al.,2018]). The SCAN*PRO model uses a log-log framework with own
and competitor pricing as covariates and sales as the dependent VariableE] This corresponds to a
data generating process similar to a nonlinear customer response function, such as the multiplicative
specification proposed by (Wittink et al., |[1988]) for store-level data.

Therefore, we formally capture weekly customer sales for multiple brands:

Sijt = iz Pl HPZ’?;’; Cjt j=1,..nt=1,..,T, (A.2)
k#j

which translates to a log-log regression model:

InSijt = pj + pig + BjlnPij + Z Brln Pt + €ijt, (A.3)
k#j

where S;;; denotes household weekly purchase in dollar amount and F;j; price in dollars for
customer ¢, product brand j, and week t. Pj;; are all prices observed by the customer for competitor
brands; p; is the brand specific intercept term and p;; the household-level random effects term
drawn from a normal distribution N(0,0,,). For log sales models in which the independent variables
are log-prices, 3;, the price coefficient, is also the price elasticity; € is the unobserved, independent
error term.

Mean absolute percentage difference (MAPD), proposed by (Christen et al. (1997) as a measure
of the difference between the regression estimate of a market-level aggregation method and true
data, allows for assessing the relative difference between a protection method and true data. Es-
sentially, MAPD measures the average absolute difference of coefficient estimates across J number
of coeflicients of interest.

MAPD—— ’53 J‘

x 100%, (A.4)

where /éj is the estimated coefficient of interest on protected, and f; the estimated coefficient
on real data and J refers to the number of relevant coefficients to be analyzed using a statistical

"We exclude promotion indicator variables in this proof of concept in order to focus on the method’s power to
protect continuous independent and dependent variables. We will explore how to protect indicator variables in future
research.



modeling technique (e.g., regression). We use the brands’ own price elasticities as the coefficients
of interest in the subsequent sections when MAPD is reported.



A.2 DMonte Carlo Experiment 1 Data

In this section, we describe the Monte Carlo data generation process for experiment 1. We use this
data to benchmark GANs and other data protection models. We use the following equation (from
section [A.1) to generate the sales data S for 5 brands (j), 200 customers(i), and 52 weeks (t):

lnSijt = u; + 5@' + lenBjt + €ijt

We chose the values for the parameters: p = (—0.1,—0.05,—0.09, —0.3, —0.1) is inherent pref-
erence for a brand j, 6 = N(0,2) is the customer specific random effect ¢ for a brand j. For the price
elasticities, we borrow from Christen et al. (1997) the price elastitices: 5 = (—1.5,—1.7, —2.01, —1.98, —1.9).
We draw prices for a brand j as random draws from a normal distribution as follows: P; =
N(ppj,op;), where up = (8.68,5.09, 5.48,5.94,4.15) and op = (0.93,0.5,0.5,0.39,0.77).

With the above parameter settings, we generate the customer sales data that is subsequently
used as the “true” data for the Monte Carlo data.

We also examine the proposed GAN’s generated synthetic data distributional accuracy relative
to that of the true data. Figure compares data densities for log-sales of all brands protected by
various methods. For purposes of this analysis, the 20% and 50% swap methods will not provide
meaningful comparisons, as the distribution of the variable of interest (sales), by construction, does
not change after merely swapping sales in the dataﬂ

Across the five brands, we find that GANs fit the true data the most closely, and that the fit
for GAN (Het.) is higher than for GAN (No Het.). The next best fit is from top-coding, which by
construction, differs from true data post the truncation point of 95th percentile. We also find that
random noise and rounding fluctuate around the true data, and have a poorer fit.

2Nor would market level data be considered, as this analysis aggregates data across customers at the weekly level
and the distribution range would not be amenable to comparison using methods that track individual customer level
sales.
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Figure A.1: Distributional Accuracy for Synthetic Data
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Table A.1: Summary Statistics for Monte Carlo Data (N=10,400)

This table shows the summary statistics for the Monte Carlo data generated using the process described in
the Online Appendix [A2] Variable Visibility column lists whether a variable is public data or private data.
The prices are public data, i.e. observed by both researcher, and the sales are private data, i.e. visible only
to the firm. Note that the generator in the GAN model has access to only the public data (prices), and the
private data (sales) never leaves the walls of the firm.

Variable Mean Std. Dev. Min Max Variable Visibility
Price (Brand 1)  8.69 0.93 5.06 12.24 Public
Price (Brand 2)  5.08 0.50 292 711 Public
Price (Brand 3)  5.48 0.50 351 7.34 Public
Price (Brand 4)  5.94 0.39 4.37 7.45 Public
Price (Brand 5)  4.15 0.77 0.90 7.40 Public
Sales (Brand 1)  0.07 0.09 0 1.40 Private
Sales (Brand 2)  0.11 0.15 0 3.75 Private
Sales (Brand 3)  0.05 0.09 0 4.38 Private
Sales (Brand 4)  0.05 0.06 0 1.21 Private
Sales (Brand 5)  0.12 0.19 0 4.87 Private




A.3 Monte Carlo Experiment 2 - Customer Targeting

We construct purchase behavior for 30 customers and 365 days building on the purchase probability
model from [Park and Park (2016]). More formally:

purchase], = o+ yMinority; + 3,Visits; + By Marketing; ;
+B4Age; + Pilncome; + B, Weight; + 6 Previous Purchase;

purchase;; = 1 if purchase;, >0 (A.5)

where purchase;; is whether a customer i makes a purchase on a day ¢. The variables that we
include directly from |Park and Park! (2016]) in the customer’s utility function are: Visits;+ is the
log of the visits made by the customers to store so far, Marketing; ; is a dummy for whether a
customer was marketed on the day ¢ or not, and PreviousPurchase,,t is the dummy for whether
the customer made a purchase on the preceding day t. We borrow the coefficients from |[Park
and Park (2016). In addition to these variables, we add customer demographic variables: Age;
is the log of the age of the customer in number of years, Income; is the log of the income (in
thousands) of the customer, Weight; is the log of the weight (in pounds) of the customer, and
Minority; is a dummy for whether the customer belongs to a racial minority or not. ¢;; is the
random error term drawn from type I extreme value distribution. The coefficients for the data are:
a = —2.547,v = —0.273, 8, = 0.269, B,, = 1.210,5, = 0.51,5; = 0.5, B, = —0.2,6 = —0.678.We
borrow the coeflicients for previous purchase, marketing, and visits so far from [Park and Park
(2016). We consider the data constructed in this manner as the true data.

Table shows the summary statistics for the data. Figure 5(a) in the main paper shows
the results for GANs (and benchmarks) for customer targeting using the data generated in this
manner.

Table A.2: Summary Statistics for Monte Carlo Data (N=10,950)

This table shows the summary statistics for the Monte Carlo data generated using the process described in
Section 3.3. Variable Visibility column lists whether a variable is public data or private data. The following
variables are public: Marketing, Previous Purchase, and log(Visits So Far), i.e. observed by both researcher,
and the Purchase variable is private data, i.e. visible only to the firm. Note that the generator in the GAN
model has access to only the public data, and the private data never leaves the walls of the firm.

Variable Mean Std. Dev. Min Max Variable Visibility
log(Age) 4.00 0.12 3.74 417 Public
log(Income) 3.73 0.16 3.63  3.99 Public
Marketing 0.10 0.29 0 1.00 Public
Previous Purchase  0.13 0.34 0 1.00 Public
log(Visits so Far) 2.21 0.81 0 3.58 Public
log(Weight) 5.46 0.14 5.22  5.68 Public
Minority 0.27 0.44 0 1.00 Private
Purchase 0.13 0.34 0 1.00 Private

We first report the distributional summary statistics for the protected variables of purchase and
minority obtained from GANSs, and other benchmarks, as compared to the real dataﬁ

3The variables of purchase and minority are binary variables and are obtained by transforming the GAN output
to “discrete” output, which is different from the “continuous” data contexts in the other monte carlo datasets. We
use K-means clustering to transform the output of GANs to discrete, 0 and 1 outputs for purchase and minority
variables. K-means clustering and softmax classification are related approaches (Hess et al., |2020). Other activation



We report the mean and standard deviation for the variables of purchase and minority in Table
Note that Swap 20 and Swap 50 benchmarks will not change the distributional statistics for
these variables by definition, since these are swapping random subsets (20% and 50% respectively)
within the data. Additionally, we also report the conditional statistics for minority (conditional on
purchase = 0 and on purchase =1) in Table @, and conditional statistics for purchase (conditional
on minority = 0 and on minority = 1) in Table@ We find that the protected variables of purchase
and minority generated by GANs are close to the real data in both the summary statistics and
conditional summary statistics.

Table A.3: Summary Statistics for Protected Variables: Purchase and Minority

Minority Purchase
Model Mean Std. Dev. Mean Std. Dev.
Real Data  0.27 0.44 0.13 0.34
GAN 0.28 0.45 0.16 0.37
Swap 20 0.27 0.44 0.13 0.34
Swap 50 0.27 0.44 0.13 0.34

Table A.4: Summary Statistics for Protected Variable: Minority Conditional on Purchase

Minority | Purchase = 0 Minority | Purchase = 1

Model Mean Std. Dev. Mean Std. Dev.
Real Data  0.25 0.43 0.41 0.49
GAN 0.26 0.44 0.38 0.48
Swap 20 0.25 0.43 0.38 0.49
Swap 50 0.26 0.44 0.33 0.47

Table A.5: Summary Statistics for Protected Variable: Purchase Conditional on Minority

Purchase | Minority = 0 Purchase | Minority = 1

Model Mean Std. Dev. Mean Std. Dev.
Real Data  0.11 0.31 0.2 0.4
GAN 0.14 0.35 0.22 0.42
Swap 20 0.11 0.31 0.19 0.39
Swap 50 0.12 0.33 0.17 0.37

functions and approaches can also be used to obtain discrete outputs from GANs and this along with other GAN
architectures can be explored in future research.



Additionally, here we explore three key differences between the firms’ inference model and true
data-generating process to test for robustness of GANs:

1. Difference in missing variables: what happens if the firms’ models has variables that are
missing from the true DGP, especially if the X variables are correlated?

2. Difference in error and heterogeneity: what happens to the firms’ models if the error
in the DGP is large and/or if there are existing heterogeneity in the data?

3. Difference in functional form: what happens if the functional form of the inference model
is different from true DGP?

First, we explore what happens if there are missing data in the firms’ inference models. We
exclude a variable from being shared with the researcher, even when it is a part of the data
generating process. When evaluating GANs and other benchmarks, the variable ”weight” is not
shared, i.e. GANs training data does not include the variable weight, the benchmarks are also not
provided with this variable. This corresponds to the “4+ Missing Data” set of results in Figure
Note that the baseline specification (same as Figure 5b) is the “*” Standard Specification in Figure
A2

Next, we estimate with correlated explanatory variables. Note that the baseline condition has
independent explanatory (X) variables, we next test for robustness with correlated explanatory
variables. We set the covariance matrix for the variables of age, income, and weight as:

3.21 | -2.54 | 4.95
-2.54 | 4.95 | 1.47
4.95 | 147 | 1.62

The “4 Correlated X” set in Figure shows results for correlated data. We estimated different
levels of co-variances, and found that GANs consistently outperform on the accuracy-privacy trade-
off. For brevity, we do not include those results here.

Next, we explore heterogeneity in the effects. For this - we explore two levels of hetero-
geneity based on random effects coefficients for each customer. For the “Heterogeneity Low”,
i.e. low heterogeneity case, the coefficients for each customer are drawn from normal distribu-
tions with the following mean and variance: a = N(—2.547,0.641),v = N(—0.273,0.321), 5, =
N(0.269,0.165), B,, = N(1.210,0.273), B, = N(0.51,0.005), 8; = N(0.5,0.002), B, = N(—0.2,0.04).
For the “Heterogeneity High”, i.e. high heterogeneity case, we use variances that are four times
the variances in the “Low” heterogeneity case.

We then explore the effect of non-linear terms in the data generating process. For this, we
add to the data generating process a squared term for customer visits so far, with the coefficient
Bv2 = —0.2. This allows for non-linear association between customer purchase and customer visits.
These correspond to the “+ Non Linear DGP” set of results.

In addition to differences in the variable space, we also explore difference in error term in the
data generating process. Note that in the standard specification, the error is drawn from a Gumbel
with size = 0 and scale = 1. Now, we construct synthetic data with the error term drawn from a
Gumbel type 1 EV distribution with scale of 1.05 and 0.95. Note that changing the scale parameter
of the Gumbel distribution shifts both the mean and variance of the distribution. As a result,
the percentage of customers-days where we observe a purchase changes from 13% in the baseline
condition to 11% in the low scale condition and 15% in the high scale condition. This is because
both the error mean and variance change due to change in the scale of the Gumbel distribution - see



Table and these push the customers at the margin to make the purchase (or not) depending on
the error term. We find that in both these conditions, the GAN’s loss in accuracy is substantially
similar - from the baseline 0.13% loss in information to 0.17% in the low error scale condition and
0.10% in the high error scale condition. The findings for accuracy-privacy implications for GANs
are similar across the three error scale conditions. These results are reassuring that GANs provide
robustness to different error sizes. We do not report these in the figure here for brevity and clarity.

Table A.6: DGP: With Different Error Scale

size scale mean variance purchase Loss in Information: GAN (1 - F1)

0 095 055 1.48 0.11 0.17
0 1 0.58 1.64 0.13 0.13
0 1.05 0.61 1.81 0.15 0.10

We next examine GANs effectiveness with differences in the researcher’s inference model and
that of the true data generating process. We do this in two steps. In the first step, we apply the
data protection methods to generate data using GANs and benchmarks. In the second step, we
split our data on independent variables into a training set (95% random subset) and a test set (5%
random subset) of the data. The outcome data (purchase) is also split in the same process, but
we are only interested in comparing predictions with the true outcome, i.e. purchase in the real
data to compute loss in information. For consistency, we keep the same observations (X values)
in the test set when comparing different data protection methods. We then train Random Forests
on the training set of these independent and outcome variable: Purchase (Real) for Real Data,
Purchase (GANs) for GANs, Purchase (Swap 20) for Swap 20, and Purchase (Swap 50) for Swap
50. Therefore, the Random Forest trained on the real data observes training set of independent
variables and purchase data from the real data, whereas the Random Forest with GANSs observes
training set of independent variables and purchase data generated using GANs, and similarly for
Swap 20 and Swap 50. We finally obtain the predictions for the test set of data from the different
Random Forests and compare them to the test outcome - purchase data in a relative manner. That
is, we compute information loss (1-F1) for each of the Random Forests, and report the relative
information Loss. Information Loss (Relative) is defined as the additional loss in information from
using GANs and benchmarks, as opposed to using real data.

To operationalize this, we train a standard Random Forest based classifier with 100 decision
treesE] on 95% of data, i.e. with real data, benchmarks, and GANs. We then predict with these
random forests on 5% test data and report the additional loss of of information (1-F1) for Random
Forests for GANs and benchmarks, as compared to the loss of information (1-F1) for Random Forest
trained on the real data. Information Loss (Relative) is thus the incremental loss of predictive power
in Random Forests trained on GANs and benchmarks (as compared to Random Forest trained on
the real data). Table shows the results. These results are reassuring that GANs provide
robustness to different inference models.

Table A.7: Robustness to Researcher’s Model: Random Forests for Inference

Model Loss of Privacy (MLP) Information Loss (Relative)

GAN 2.5 0.01
Swap 20 3.14 0.09
Swap 50 3.27 0.16

*We use sklearn RandomForestClassifier package in python to estimate Random Forests
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Finally, we test GANs (and Benchmarks) on larger data in Section 5.3.2. We estimate the data
for 3,000 customers for 365 days, for a total of 1.095 Million observations. Table shows the
results. We find that GANs outperform even with larger data volumes.

Table A.8: Robustness to Large Data Volume

Model Loss of Privacy (MLP) Information Loss (1 - F1)

Real Data 3.6 0

Swap 20 3.6 0.16
Swap 50 3.49 0.36
GAN 3.35 0.02

In summary, through the above variations in the data and inference models, we find that
GANSs are a suitable substitute for traditional data obfuscation benchmarks. Not surprisingly, we
find that GANs have a lower loss in information when there is heterogeneity and non-linearity in
the data. This is because as GANSs, based on neural networks, can exploit such data better. Also
unsurprisingly, we find that the loss in privacy is higher in these contexts, as customer heterogeneity
and non-linearities in the data make customer identity easier to identify.

A.4 Monte Carlo Experiment 3 Data - Tackling Multiple Marketing Problems

The data generating process specification is along the lines of |Schneider et al.| (2018). More formally:

lnSZ‘jt = W5 + pi; + lenBjt + ln(éfj)Ejt + ln(édj)Dijt + ln((Sfdj)FDijt + €ijt, (A.G)

The price distribution and coefficients are the same as those described in the Online Appendix
The feature, display, and feature and display coefficients are from [Schneider et al. (2018]).
In order to simulate whether a brand was featured, displayed, or both for a customer-brand-
week, we draw randomly from a uniform distribution, with the following thresholds for feature:
(0.3,0.2,0.15,0.25,0.1), and the following threshold for display: (0.25,0.15,0.05,0.15, O.I)E] Thus,
with this data generating process, we construct a dataset of 200 customers for 52 weeks and 5
brands, and compare the MAPD GANSs, as compared to benchmarks, for price coefficients, and
marketing variables coefficients for feature, display, and both.

5We note that the choice of these thresholds is to illustrate as a proof of concept, and that these thresholds should
not influence the subsequent results.
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Table A.9: Summary Statistics for Monte Carlo Data (N=10,400)

This table shows the summary statistics for the Monte Carlo data generated using the process described in
Section 3.3. The data is for 200 customers for 52 weeks across 5 brands. Variable Visibility column lists
whether a variable is public data or private data. The following variables are public for each brand: Display,
Feature, Price, i.e. observed by both researcher, and the Sales variable for each brand is private data, i.e.
visible only to the firm. Note that the generator in the GAN model has access to only the public data, and
the private data never leaves the walls of the firm.

Variable Mean Std. Dev. Min Max Variable Visibility

Display (Brand 1) 0.25 0.43 0 1 Public
Display (Brand 2) 0.15 0.36 0 1 Public
Display (Brand 3) 0.05 0.21 0 1 Public
Display (Brand 4) 0.16 0.36 0 1 Public
Display (Brand 5) 0.10 0.30 0 1 Public
Feature (Brand 1) 0.30 0.46 0 1 Public
Feature (Brand 2) 0.20 0.40 0 1 Public
Feature (Brand 3) 0.15 0.36 0 1 Public
Feature (Brand 4) 0.25 0.43 0 1 Public
Feature (Brand 5) 0.10 0.30 0 1 Public
log (Price Brand 1)  1.08 0.17 0.13 1.60 Public
log (Price Brand 2)  1.59 0.21 0.07 2.20 Public
log (Price Brand 3)  2.07 0.13 142 247 Public
log (Price Brand 4)  2.48 0.08 214 2.75 Public
log (Price Brand 5)  2.30 0.10 1.80 2.62 Public
log (Sales Brand 1)  -0.67 1.40 -5.67 5.14 Private
log (Sales Brand 2) -2.76 1.31 -724 411 Private
log (Sales Brand 3) -3.92 1.47 -7.98 5.57 Private
log (Sales Brand 4)  -4.65 1.48 -9.44  1.88 Private
log (Sales Brand 5) -2.46 1.31 -6.79  4.69 Private
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A.5 Design of Neural Networks in GANs

We discuss the design of the generator and discriminator neural networks. We base the design
of both generator and discriminator on the original conditional GAN from Mirza and Osindero|
(2014). These are neural networks with only “fully-connected” hidden layers, and are represented

in Figures and [A4]

Figure A.3: Design of Generator Neural Network

Inputs Hidden Layer Output

(Random Noise and Prices) (Fully Connected) (Generated Data)

1)
Gee

Dimensions: N X (Z+K) Dimensions: (Z+K) X H Dimensions: N X K
N observations of Z Number of neurons: H N observations of K
dimensional random Each neuron has (Z+K) generated sales
noise and prices weights and 1 bias term

Activation: Leaky Relu(x)

As proof of concept, we employ only one hidden layer for both neural networks. We use
ReLU activation in the discriminator and Leaky ReLU activation in the generator. We also use
batch normalization in the generatorﬁ From previous studies, we understand that neural networks
perform well in classification and data generation tasks due to the universal approximation theorem
(Hornik et al., |1989; Cybenko, [1989)): Given enough neurons in the hidden layers, a neural network
can approximate any function. Essentially, this property allows the generator to represent the true
DGP of original unprotected data in a semi-parametric fashion: such that the more neurons included
in each hidden layer, the better able the network is to capture the true DGP. As the number of
parameters grows, however, the model increases an estimation “burden” on the data as well, which
can potentially yield a nonlinear relationship between the number of neurons and accuracy of the
generator. We thus explore the efficacy of hyperparameters, such as the number of neurons, in
influencing performance on accuracy and privacy metrics in the Online Appendix

SWe discuss the data flows in GANs and robustness to different network architectures in the Online Appendix

and respectively.
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Figure A.4: Design of Discriminator Neural Network

Inputs  Hidden Layer Output

(Sales and Prices) (Fully Connected) (Probability of Real Data)

Dimensions: N X (K+K) Dimensions: (K+K) X H Dimensions: N X 1

N observations of sales Number of neurons: H N probabilities: whether

and prices Each neuron has (K+K) the data is from real data
weights and 1 bias term or from generated data

Activation: ReLu(x): max(0,x)
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A.6 GAN Training

Figure shows the training process with gradients flow used to update the parameters. For
each iteration, the generator samples a mini-batch size of n, i.e., n image equivalents of customer
data. Each image equivalent data ¢ in the mini-batch consists of a k x m random noise, where k
is the number of time periods and m is the dimension of the vector sampled for each time period.
It also observes the publicly available prices across brands: p;xp for a brand B at time period
K. The generator then outputs “generated” data s, for n customers. The discriminator, having
access to the data provider’s private data, is provided samples n customers sales data: s,. Thus,
the discriminator receives a mini-batch samples for the “real” data and the “generated” data. The
discriminator as a binary classifier then predicts labels for the “real” and “generated” data, and
the misclassfication loss gradients are used to update the parameters: Jy(6;) for the discriminator,
and Jy(0y) for the generator.

Figure A.5: GAN Training with Loss Function Gradients

This figure shows the each iteration of the training process for the conditional GAN with a training batch of n
customers who chose from b brands. Note that the actual, private data s, is only accessible by the firm’s private
discriminator. z;km is the m-dimensional random noise draw for customer ¢ at time period k, p;kp is the price for
brand p at time period k that is observed by customer ¢, srixp and Sgirp are the “real” sales and “generated” sales
respectively for a customer ¢ at time period k for brand b. The data and gradients flow in highlighted in red are
private, i.e. visible only to the data providing firm, and those in blue are public and visible to the researcher.
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A.7 Relationship between Hyperparameters and Accuracy

We consider in this section the relationship between number of neurons and accuracy of the GAN’s
replication of the original data distribution for the Monte Carlo data.

Figure A.6: Information Loss vs. Neuron Dimensionality.
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The values reported in Figure are the minimum MAPD values across fifty seeds for each of
the generator types - GAN (Het.) and GAN (No Het.), and also number of neurons[/] We find that
the best performance is for the GAN with heterogeneity and 512 neurons, as it has an information
loss, MAPD, of 1.2, or total of 1.2 percent difference in the regression coefficients from the true
data and GAN generated data. We also find a decreasing relationship between number of neurons
and information loss.

In order to test if the MAPD values differ across the generators, GAN (Het.) and GAN (No
Het.), and for different values of number of neurons, we conduct two-tailed t-tests for the difference.
We first conduct a cross generator-type t-test for each of the number of neurons. We find that for all
values of number of neurons, we reject the null that GAN (Het.) and GAN (No Het.) have the same
MAPD (p < 0.01). We next consider whether for a given generator type, GAN (Het.) or GAN (No
Het.), if the MAPDs’ differ statistically for the different values of number of neurons. We find that
for both GAN (Het.) and GAN (No Het.), the MAPD is statistically different for number of neurons
128, 256, and 512. However, the differences in MAPD after this point are not significantly different
from those of 512. This finding indicates diminishing returns in accuracy for increasing GAN
complexity. Furthermore, we also find that generator trained to incorporate heterogeneity, GAN

(Het.), has consistently lower information loss than the generator trained without heterogeneity -
GAN (No Het.).

"We follow a common convention from computer science literature where the neuron sizes are divisible by multiples
of 8, such as in increments of 128 or 256.
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A.8 Model Architecture and Accuracy

In this section, we evaluate the accuracy of GANs with different model architectures. We use GANs
with the following model architecture as the baseline model:

1. Generator model:

(a) Activation function: Leaky ReLU
(

)
b)
)
)

Batch normalization

Random noise distribution: Uniform

(c

(d) Number of neurons: 512
2. Discriminator model:

(a) Activation function: ReLU
(b) Number of neurons: 512

3. Training procedure: With Heterogeneity

For the activation functions for both the generator model and discriminator model in the GAN,
we consider ReLU and Leaky ReLU activation functions. The rectified linear unit activation func-
tion, also commonly known as ReLLU activation, is defined as:

ReLU(x) = maz(0,x)

Thus, ReLU introduces a non-linearity at * = 0. The leaky rectified linear unit activation
function, also commonly known as Leaky ReLU activation, is defined as:

LeakyReLU (x) = max(x,0.2 X x)

The Leaky ReLU activation potentially helps the sparse gradients problem of ReLU, as the
output of the activation is not set to zero when x is negative. Thus, we explore both Leaky ReLU
and ReLU activations as the activation functions. We also introduce batch normalization in the
intermediate layer of the generator model, as batch normalization can potentially help alleviate
mode collapse problems while training (Xiang and Li, [2017). Finally, we explore both uniform
noise and Gaussian noise for the random noise that is used by the generator model to generate
samples. The uniform noise is drawn randomly between -1 and 1, whereas the Gaussian noise is
drawn from a standard normal distribution with mean 0 and standard deviation 1.

Table shows the MAPD for different activation functions, noise distributions and batch
normalization. We find that compared to baseline, MAPD measures for the other model variants
are not substantially different, as the MAPD ranges from 0.0056 to 0.0215, with the baseline model
MAPD of 0.011.
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Table A.10: GAN Accuracy with Different Architectures

Model Generator Activation | Discriminator Activation | Noise Distribution | Batch Normalization | MAPD
Baseline Leaky ReLLlU ReLLU Uniform Yes 0.0111
2 ReLU Leaky ReLLU Uniform Yes 0.0076
3 Leaky ReLLU Leaky ReLLU Uniform Yes 0.0056
4 ReLU ReLU Uniform Yes 0.0215
5 Leaky ReLU ReLU Uniform No 0.0094
6 Leaky ReLU ReLU Gaussian Yes 0.0106
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