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Abstract

Generative adversarial networks (GANs) have emerged as a
powerful tool for generating high-fidelity data. However, the
main bottleneck of existing approaches is the lack of super-
vision on the generator training, which often results in un-
damped oscillation and unsatisfactory performance. To ad-
dress this issue, we propose an algorithm called Monte Carlo
GAN (MCGAN). This approach, utilizing an innovative gen-
erative loss function, termed the regression loss, reformulates
the generator training as a regression task and enables the
generator training by minimizing the mean squared error be-
tween the discriminator’s output of real data and the expected
discriminator of fake data. We demonstrate the desirable an-
alytic properties of the regression loss, including discrim-
inability and optimality, and show that our method requires a
weaker condition on the discriminator for effective generator
training. These properties justify the strength of this approach
to improve the training stability while retaining the optimal-
ity of GAN by leveraging strong supervision of the regression
loss. Extensive experiments on diverse datasets, including im-
age data (CIFAR-10/100, FFHQ256, ImageNet, and LSUN
Bedroom), time series data (VAR and stock data), and video
data, are conducted to demonstrate the flexibility and effec-
tiveness of our proposed MCGAN. Numerical results show
that the proposed MCGAN is versatile in enhancing a variety
of backbone GAN models and achieves consistent and sig-
nificant improvement in terms of quality, accuracy, training
stability, and learned latent space.

Code — https://github.com/DeepIntoStreams/MCGAN
Extended version — https://arxiv.org/abs/2405.17191

Introduction
In recent years, Generative Adversarial Network (GAN)
(Goodfellow et al. 2014) has become one of the most pow-
erful tools for realistic image synthesis. However, the insta-
bility of the GAN training and unsatisfying performance re-
mains a challenge. To combat it, much effort has been put
into developing regularization methods, see (Gulrajani et al.
2017; Mescheder, Geiger, and Nowozin 2018; Miyato et al.
2018; Kang, Shin, and Park 2022). Additionally, as (Ar-
jovsky and Bottou 2017) pointed out, the generator usually
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suffers gradient vanishing and instability due to the singu-
larity of the denominator showed in the gradient when the
discriminator becomes accurate. To address this issue, some
work has been done to develop better adversarial loss (Lim
and Ye 2017; Mao et al. 2017; Arjovsky, Chintala, and Bot-
tou 2017). As a variant of GAN, conditional GAN (cGAN)
(Mirza and Osindero 2014) is designed to learn the condi-
tional distribution of target variable given conditioning in-
formation. It improves the GAN performance by incorpo-
rating conditional information to both the discriminator and
generator, we hence have better control over the generated
samples (Zhou et al. 2021; Odena, Olah, and Shlens 2017).

Unlike these works on the regularization method and ad-
versarial loss, our work focuses on the generative loss func-
tion to enhance the performance of GAN training. In this pa-
per, we propose a novel generative loss, termed as the regres-
sion loss LR, which reformulates the generator training as
the least-square optimization task. This regression loss un-
derpins our proposed MCGAN, an enhancement of existing
GAN models achieved by replacing the original generative
loss with our regression loss. This approach leverages the
expected discriminator Dϕ under the fake measure induced
by the generator. Benefiting from the strong supervision ly-
ing in the regression loss, our approach enables the gener-
ator to learn the target distribution with a relatively weak
discriminator in a more efficient and stable manner.

The main contributions of our paper are three folds:

• We propose the MCGAN methodology for enhancing
both unconditional and conditional GAN training.

• We establish the theoretical foundation of the proposed
regression loss, e.g., the discriminability, optimality,
and improved training stability. A simple but effective
toy example of Dirac-GAN is provided to show that
our proposed MCGAN successfully mitigates the non-
convergence issues of conventional GANs by incorporat-
ing regression loss.

• We empirically validate the consistent improvements of
MCGAN over various GANs across diverse data types
(i.e., images, time series, and videos). Our approach im-
proves quality, accuracy, training stability, and learned la-
tent space, showing its generality and flexibility.

Related work GANs have demonstrated their capacity to
simulate high-fidelity synthetic data, facilitating data shar-
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ing and augmentation. Extensive research has focused on
designing GAN models for various data types, including
images (Han et al. 2018), time series (Yoon, Jarrett, and
Van der Schaar 2019; Xu et al. 2020; Ni et al. 2021), and
videos (Gupta, Keshari, and Das 2022). Recently, Condi-
tional GANs (cGANs) have gained significant attention for
their ability to generate synthetic data by incorporating aux-
iliary information (Yoon, Jarrett, and Van der Schaar 2019;
Liao et al. 2024; Xu et al. 2019). For the integer-valued con-
ditioning variable, conditional GANs can be roughly divided
into two groups depending on the way of incorporating
the class information: Classification-based and Projection-
based cGANs (Odena, Olah, and Shlens 2017; Miyato and
Koyama 2018; Kang et al. 2021; Zhou et al. 2021; Mirza
and Osindero 2014; Hou et al. 2022). For the case where
conditioning variable is continuous, the training of condi-
tioning GANs is more challenging. For example, conditional
WGAN suffers difficulty in estimating the conditional ex-
pected discriminator of real data due to the need for recal-
ibration per every discriminator update (Liao et al. 2024).
Attempts are made to mitigate this issue, such as conditional
SigWGAN (Liao et al. 2024), which is designed to tackle
this issue for time series data.

Preliminaries
Generative Adversarial Networks
Generative adversarial networks (GANs) are powerful tools
for learning the target distribution from real data to enable
the simulation of synthetic data. To this goal, GAN plays a
min-max game between two networks: Generator (G) and
Discriminator (D). Let X denote the target space and Z be
the latent space. Then Generator Gθ is defined as a param-
eterised function that maps latent noise z ∈ Z to the target
data x ∈ X , where θ ∈ Θ is the model parameter of G.
Discriminator Dϕ : X → R discriminates between the real
data and fake data generated by the generator.

Let µ and νθ denote the true measure and fake measure
induced by Gθ. For generality, the objective functions of
GANs can be written in the following general form:

max
ϕ

LD(ϕ; θ) = Eµ

[
f1(D

ϕ(X))
]
+ Eνθ

[
f2(D

ϕ(X))
]
,

min
θ

LG(θ;ϕ) = Eνθ

[
h(Dϕ(X))

]
, (1)

where f1, f2 and h are real-valued functions. Different
choices of f1, f2 and h lead to different GAN models.

There are extensive studies concerned with how to mea-
sure the divergence or distance between µ and νθ as the im-
proved GAN loss function, which are instrumental in sta-
bilising the training and enhancing the generation perfor-
mance. Examples include Hinge loss (Lim and Ye 2017),
Wasserstein loss (Arjovsky, Chintala, and Bottou 2017),
Least squares loss (Mao et al. 2017), Energy-based loss
(Zhao 2016) among others. Many of them satisfy Eqn. (1).

Example 1. • classical GAN (Goodfellow et al. 2014):
f1(w) = log(w) and f2(w) = −h(w) = log(1− w).

• HingeGAN (Lim and Ye 2017): f1(w) = f2(−w) =
−max(0, 1− w), and h(w) = −w.

• Wasserstein GAN (Arjovsky, Chintala, and Bottou 2017)
: f1(w) = f2(−w) = w, and h(w) = −w + cµ, where
cµ := EX∼µ[D

ϕ(X)].
The Wasserstein distance is linked with the mean dis-

crepancy. More specifically, let dϕ(µ, ν) denote the mean
discrepancy between any two distributions µ and ν as-
sociated with test function Dϕ defined as dϕ(µ, ν) =
EX∼µ[D

ϕ(X)] − EX∼ν [D
ϕ(X)]. In this case, LG(θ;ϕ)

could be interpreted as dϕ(µ, νθ).

Conditional GANs
Conditional GAN (cGAN) is a conditional version of a gen-
erative adversarial network that can incorporate additional
information, such as data labels or other types of auxiliary
data into both the generator and discriminative loss (Mirza
and Osindero 2014). The goal of conditional GAN is to learn
the conditional distribution µ of the target data distribution
X ∈ X (i.e., image ) given the conditioning variable (i.e.,
image class label) Y ∈ Y . More specifically, under the real
measure µ, X × Y denote the random variable taking val-
ues in the space X × Y . The marginal law of X and Y are
denoted by PX and PY , respectively.

The conditional generator Gθ : Y × Z → X incorpo-
rates the additional conditioning variable to the noise input,
and outputs the target variable in X . Given the noise dis-
tribution Z, Gθ(y) induces the fake measure denoted by
νθ(y), which aims to approximate the conditional law of
µ(y) := P (X|Y = y) under real measure µ. The task of
training an optimal conditional generator is formulated as
the following min-max game:

LD(ϕ, θ) = EY

[
Eµ(y)[f1(D

ϕ(X))] + Eνθ(y)[f2(D
ϕ(X)]

]
,

LG(θ;ϕ) = EY

[
Eνθ(y)[h(D

ϕ(X))]
]
, (2)

where f1, f2 and h are real value functions as before and EY

denotes that the expectation is taken over y sampled from Y .
Different from the unconditional case, LD and LG has in the
outer expectation Ey∼PY

due to Y being a random variable.

Monte-Carlo GAN
Methodology
In this section, we propose the Monte-Carlo GAN (MC-
GAN) for both unconditional and conditional data genera-
tion. Without loss of generality, we describe our methodol-
ogy in the setting of the conditional GAN task.1 Consider the
general conditional GAN composed with the generator loss
LG (Eqn. (2)) and the discrimination loss LD outlined in the
last subsection. To further enhance GAN, we propose the
MCGAN by replacing the generative loss LG with the fol-
lowing novel regression loss for training the generator from
the perspective of the regression, denoted by LR,

LR(θ;ϕ) := E(x,y)∼µ

[
|Dϕ(x)− Ex̂∼νθ(y)[D

ϕ(x̂)]|2
]
, (3)

where the expectation is taken under the joint law µ of X and
Y . We optimize the generator’s parameters θ by minimizing

1The unconditional GAN can be viewed as the conditioning
variable is set to be the empty set.
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the regression loss LR(θ;ϕ). We keep the discriminator loss
and conduct the min-max training as before. The training
algorithm of MCGAN is given in the Appendix.

The name for Monte Carlo in MCGAN is due to the us-
age of the Monte Carlo estimator of expected discriminator
output under the fake measure. This innovative loss function
reframes the conventional generator training into a mean-
square optimization problem by computing the l2 loss be-
tween real and expected fake discriminator outputs.

Next, we explain the intuition behind LG and its link
with optimality of conditional expectation. Let us consider a
slightly more general optimization problem for LR:

min
f∈C(Y,R)

Eµ[|Dϕ(X)− f(Y )|2], (4)

It is well known that the conditional expectation is the op-
timal l2 estimator. So the minimizer to Eqn (4) is given
by the conditional expectation function f∗ : Y → R, de-
fined as f∗(y) = Eµ[D

ϕ(X)|Y = y]. This fact motivates us
to consider the conditional expectation under the fake mea-
sure, Eνθ(Y )[D

ϕ(X)], as the model for the mean equation
f∗. It leads to our regression loss LR, where we replace f
by Eνθ(Y )[D

ϕ(X)] in Eqn. (4).
Minimising the regression loss LG enforces the condi-

tional expectation of Dϕ(X) under fake measure νθ(Y ) to
approach that under the conditional true distribution µ(Y ) =
P(X|Y ) for any given Dϕ. Assume that (Gθ)θ∈Θ provides a
rich enough family of distributions containing the real distri-
bution µ. Then there exists θ∗ ∈ Θ, which is a minimizer of
LR(θ, ϕ) for all discriminator’s parameter ϕ, satisfying that

Eµ(Y )[D
ϕ(X)] = Eνθ∗ (Y )[D

ϕ(X)]. (5)

It implies that no matter whether the discriminator Dϕ

achieves the equilibrium of GAN training, the regression
loss LR is a valid loss to optimize the generator to match
its expectation of Dϕ between true and fake measure.

Moreover, our proposed regression loss can effectively
mitigate the challenge of the conditional Wassaserstain
GAN (c-WGAN). To compute the generative loss of c-
WGAN, one needs to estimate the conditional expectation
Eµ(Y )[D

ϕ(X)]. However, when the conditioning variable is
continuous, it becomes computationally expensive or even
infeasible due to the need for recalibration with each dis-
criminator update. In contrast, our regression loss does not
need the estimator for Eµ(Y )[D

ϕ(X)].

Comparison Between LR and LG

In this subsection, we delve into the training algorithm of the
regression loss LR and illustrate its advantages of enhanc-
ing the training stability in comparison with the generator
loss LG. For ease of notation, we consider the unconditional
case. To optimize the generator’s parameters θ in our MC-
GAN, we apply gradient-descent-based algorithms and the
updating rule of θn is given by

θn+1 =θn − λ
∂LR

∂θ
|θ=θn (6)

=θn − 2λ
(
Eµ[D

ϕ(X)]− Eνθn
[Dϕ(X)]

)︸ ︷︷ ︸
dϕ(µ,νθn )

H(θn, ϕ),

where λ is the learning rate and

H(θ, ϕ) = Ez∼PZ
[∇θG

θ(z)T · ∇xD
ϕ(Gθ(z))]. (7)

Note the gradient ∂LR

∂θ takes into account not only
∇xD

ϕ(x) but also d(µ, νθ) - the discrepancy between the
expected discriminator outputs under two measures µ and
νθ.

In contrast, employing the generator loss LG, the genera-
tor parameter θ is updated by the following formula:

θn+1 =θn − λEz∼PZ

[
h′(Dϕ(Gθn(z)))∇θG

θ(z)T
∣∣∣
θ=θn

· ∇xD
ϕ(Gθn(z))

]
. (8)

One can see that Eqn. (8) depends on the discriminator
gradients ∇xD

ϕ(Gθn(z)) heavily.
MCGAN benefits from the strong supervision of LR,

which provides more control over the gradient behaviour
during the training. When θ is close to the optimal θ∗, even if
Dϕ is away from the optimal discriminator, dϕ(µ, νθ) would
be small and hence leads to stabilize the generator train-
ing. However, it may not be the case for the generator loss
as shown in Eq. (8), resulting in the instability of genera-
tor training. For example, this issue is evident for the Hinge
loss where h(x) = x as shown in (Mescheder, Geiger, and
Nowozin 2018).

Illustrative Dirac-GAN Example
To illustrate the advantages of MCGAN, we present a toy
example from (Mescheder, Geiger, and Nowozin 2018),
demonstrating its resolution of the training instability in
Dirac-GAN. The Dirac-GAN example involves a true data
distribution that is a Dirac distribution concentrated at 0. Be-
sides, the Dirac-GAN model consists of a generator with a
fake distribution νθ(x) = δ(x− θ) with δ(·) is a Dirac func-
tion and a discriminator Dϕ(x) = ϕx.

We consider three different loss functions for both LD and
LG: (1) binary cross-entropy loss (BCE), (2) Non-saturating
loss and (3) Hinge loss, resulting GAN, NSGAN and Hinge-
GAN, respectively. In this case, the unique equilibrium point
of the above GAN training objectives is given by ϕ = θ = 0.

In this case, the update of training GAN is simplified to{
ϕn+1 = ϕn + λf ′(−ϕnθn)θn,

θn+1 = θn − λh′(ϕnθn)ϕn.

where f is specified as f(x) = − log(1 + exp(x)). By ap-
plying MCGAN to enhance GAN training, the update rules
for the model parameters θ and ϕ are modified as follows:{

ϕn+1 = ϕn + λf ′(ϕnθn)θn,

θn+1 = θn − λ2(ϕnθn − ϕnc)ϕn.

Fig. 1 (a-c) demonstrates that GAN, NSGAN and Hinge
GAN all fail to converge to obtain the optimal generator pa-
rameter θ∗ = 0. That is because the updating scheme of θ
depends heavily on the ϕ. When ϕ fails to converge to zero, θ
continues to update even if it has reached zero, and the non-
zero θ further encourages ϕ updating away from 0, which
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results in a vicious cycle and the failure of both generator
and discriminator. In contrast, Fig. 1(d) of MCGAN train-
ing demonstrates that the generator parameter θ successfully
converges to the optimal value 0 thanks to the regression
loss in (3) to bring the training stability of the generator. A
2D Gaussian mixture example is also provided in Appendix,
showing that MCGAN can help mitigate model collapse.

Figure 1: Dirac-GAN example

Discriminability and Optimality of MCGAN
To ensure that MCGAN training leads to the optimal gener-
ator νθ∗ = µ, one needs the sufficient discriminative power
of Dϕ. The discriminative power of Dϕ is determined by the
discriminative loss function LD, which is usually defined as
certain divergences, such as JS divergence in GAN (Good-
fellow et al. 2014). However, computing such divergence in-
volves finding the optimal discriminator that optimizes the
objective function, which might be challenging in practice.
See (Liu, Bousquet, and Chaudhuri 2017) for a comprehen-
sive description of the discriminative loss function.

Instead of needing an optimal discriminator, we introduce
the weaker condition, discriminability of the discriminator
Dϕ, to ensure the generator’s optimality for the training.

Definition 1 (Discriminability). A discriminator

P(X )× P(X )×X → R; (µ, ν, x) 7→ Dϕµ,ν (x),

where ϕ·,· : P(X ) × P(X ) → Φ, is said to have discrim-
inability if there exist two constants a ∈ {−1, 1} and c ∈ R
such that for any two measures µ, ν ∈ P(X ), it satisfies that

a(Dϕµ,ν (x)− c)(pµ(x)− pν(x)) > 0, (9)

for all x ∈ Aµ,ν := {x ∈ X : pµ(x) ̸= pν(x)}. We denote
the set of discriminators with discriminability as DDis.

The discriminability of the discriminator can be inter-
preted as the ability to distinguish between ν and µ point-
wisely over Aµ,ν by telling the sign (or the opposite sign)
of pµ(x) − pν(x). In (9), if a = 1, the constant c can be re-
garded as a criterion in the sense that Dϕµ,ν (x)−c is positive
when pµ(x) > pν(x) and vice versa.

The discriminability covers a variety of optimal discrim-
inators in GAN variants. We present in Table 1 a list of op-
timal discriminators of some commonly used GAN variants
along with their values of a and c. The detailed description
can be found in the Appendix. Although discriminability can
be obtained by training the discriminator via certain LD, it
is worth emphasizing that the discriminator does not neces-
sarily need to reach its optimum to obtain discriminability.

Name Discriminative loss D∗(x) a c

Vanilla GAN Binary cross-entropy pµ(x)

pµ(x)+pνθ (x)
1 1/2

LSGAN Least square loss αpµ(x)+βpνθ (x)

pµ(x)+pνθ (x)
sign (α− β) α+β

2

Hinge GAN Hinge loss 21{pµ(x)≥pνθ (x)} − 1 1 0
Energy GAN Energy-based loss m1{pµ(x)<pνθ (x)} sign (−m) m

2

f -GAN VLB on f -divergence f ′
(

pµ(x)

pνθ (x)

)
1 f ′(1)

Table 1: List of common discriminative loss functions that
satisfy strict discriminability

Assumption 1. Let H be defined in Eqn. (7). The equality
H(θ, ϕ) = 0⃗ holds only if (θ, ϕ) reaches the equilibrium
point where νθ = µ.

Now, we establish the optimality of µ = νθ in the follow-
ing theorem under the regularity condition (Assumption 1).

Theorem 1. Assume Assumption 1 holds, and let ϕ′
·,· :

P(X ) × P(X ) → Φ be a parameterization map such that
Dϕ′

·,· : P(X ) × P(X ) × X → R has discriminability, i.e.
Dϕ′

·,· ∈ DDis. If θ∗ is a local minimizer of LG(θ;ϕ
′
µ,νθ

, µ)
defined in (3), then νθ∗ = µ.

Theorem 1 implies that MCGAN can effectively learn the
data distribution µ without requiring the discriminator to
reach its optimum; the discriminability is sufficient, which
is again attributed to the strong supervision provided by re-
gression loss LR. We defer the proof of Theorem 1 and other
theoretical properties of MCGAN, e.g., improved training
stability and relation to f -divergence to the Appendix.

Numerical Experiments
To validate the efficacy of the proposed MCGAN method,
we conduct extensive experiments on a broad range of data,
including image, time series, and video data for various gen-
erative tasks. For image generation, the conditioning vari-
ables are categorical, whereas for time series and video gen-
eration tasks, the conditioning variables are continuous. To
show the flexibility of MCGAN to enhance different GAN
backbones, we choose several state-of-the-art GAN mod-
els with different discriminative losses (i.e., BCE and Hinge
loss) as baselines. Various test metrics and qualitative analy-
sis are employed to give a comprehensive assessment of the
quality of synthetic data generation.

The full implementation details of numerical experiments,
including models, test metrics, hyperparameters, optimizer
and supplementary numerical results, can be found in Ap-
pendix. Moreover, we will open-source the codes and final
checkpoints upon publication for reproducibility.

Unconditional and Conditional Image Generation
Datasets We conduct conditional image generation tasks
using the CIFAR-10 and CIFAR-100 datasets (Alex 2009),
which are standard benchmarks with 60K 32x32 RGB im-
ages across 10 and 100 classes, respectively. To further
validate our MC method on larger and higher-resolution
datasets, we include: 1) the unconditional FFHQ256 dataset,
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which contains 70K 256x256 human face images, 2) the
conditional ImageNet64 dataset, which has 1.2 million
64x64 images across 1,000 classes, and 3) the unconditional
LSUN bedroom data, which has 3 million 256x256 images.

We validate our method using two different backbones,
BigGAN (Brock, Donahue, and Simonyan 2018) and Style-
GAN2 (Karras et al. 2020b). The test metrics include Incep-
tion Score (IS), Fréchet Inception Distance (FID), and Intra
Fréchet Inception Distance (IFID) together with two recog-
nizability metrics Weak Accuracy (WA) and Strong Accu-
racy (SA). To alleviate the overfitting and improve the gen-
eralization, we also increase data efficiency by using the Dif-
ferentiable Augmentation (DiffAug) (Zhao et al. 2020).

We focus on the CIFAR-10 for in-depth analysis, with a
brief summary of the results on the other datasets.

Faster Training Convergence In Figure 2, we plot the
learning curves in terms of FID and IS during the training. It
shows that the MC method tends to have much faster conver-
gence and ends at a considerably better level in both base-
lines of using Hinge loss and BCE loss.

Improved Fidelity Metrics As shown in Table 2, our MC
method considerably improves all the baselines indepen-
dently of the choice of discriminative loss (LD). Specifi-
cally, when using Hinge loss as LD along with DiffAug, the
MC method improves the FID from 4.43 to 3.61, compara-
ble to the state-of-the-art FID result of (Kang, Shin, and Park
2022). Also, its IS score is significantly increased from 9.61
to 9.96, indicating better diversity of the generated samples.

In addition, applying the MC method to the cStyleGAN2
backbone results in an FID improvement of approximately
0.08. Notably, the combination of Hinge + MC + DiffAug
achieves an FID of 2.16, which, to our knowledge, is the
best FID achieved using StyleGAN2 as the backbone (Kang
et al. 2021; Kang, Shin, and Park 2022; Tseng et al. 2021)

Loss Hinge BCE
Metrics IS ↑ FID ↓ IFID ↓ IS ↑ FID ↓ IFID ↓
BigGAN 9.27 5.31 16.20 9.30 5.55 16.62

+DiffAug 9.61 4.43 14.60 9.51 4.71 14.83
+MC 9.66 4.51 14.71 9.62 4.61 14.82
+MC+DiffAug 9.96 3.61 13.60 9.94 3.93 13.72

StyleGAN2 - - - 10.17 3.7 14.04
+DiffAug 10.19 2.25 11.40 10.03 2.44 11.62
+MC+DiffAug 10.26 2.16 11.04 10.10 2.36 11.30

Table 2: Quantitative results of image generation on CIFAR-
10 using BigGAN/StyleGAN2 w/o and with our MC method
and Differentiable Augmentation.

Improved Recognizability Metrics We generated 10k
(the same setting as the test set) images using the BigGAN
backbone. The WA rates are 62.56%, 52.09%, and 54.71%
for the real test set, the generated set from Hinge baseline,
and the generated set from Hinge + MC, respectively. Our
MC method’s images perform closer to the real test set than
the baseline’s, showing better distribution matching to the
real data in terms of recognizability. The SA rate of our MC

Figure 2: Learning curves in terms of (a) Fréchet Inception
Distance and (b) Inception Score along the training on the
CIFAR-10 using BigGAN with various loss combinations.

method is 83.42% compared to 93.65% of the real test set,
showing that we generate fairly recognizable fake images.

Qualitative Results The qualitative results are shown in
Figure 3 and a figure in Appendix with only a small amount
of images (in red boxes) misclassified by our classifier.

Figure 3: CIFAR-10 samples generated by the BigGAN
backbone trained via Hinge + DiffAug + MC. Images in
each row belong to one of the 10 classes. Images misclas-
sified by ResNet-50 are in red boxes.

Latent Space Analysis The latent space learned by the
generator is expected to be continuous and smooth so that
small perturbations on the conditional input can lead to
smooth and meaningful modifications on the generated out-
put. To explore the latent space, we interpolate between
each pair of randomly generated images by linearly inter-
polating their conditional inputs. The results are shown in
Figure 4. Intermediary images between a pair of images
from two different classes are shown in each row with their
confidence score distributions below. The labels of the two
classes are shown on the left and right sides of each row,
respectively. Each distribution of the confidence scores is
calculated by the bottleneck representation of the ResNet-
50 classifier with a softened softmax function of tempera-
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Loss Hinge BCE
Metrics IS ↑ FID ↓ IFID ↓ IS ↑ FID ↓ IFID ↓
BigGAN 10.73 8.31 83.36 10.81 8.37 81.89

+DiffAug 10.72 7.37 80.00 10.71 7.61 80.48
+MC 11.39 6.97 80.20 11.59 6.99 80.91
+MC+DiffAug 11.81 5.77 76.26 11.90 5.85 77.33

Table 3: Quantitative results of image generation on CIFAR-
100 using BigGAN w/o and with our MC method and Dif-
ferentiable Augmentation.

ture 5.0 for normalization. The score bars of the left class
and the right class are shown in green and magenta, respec-
tively. The red boxes highlight the images being classified as
a third class, while the yellow boxes mark images with non-
monotonic confidence score transitions compared to their
adjacent images. In other words, images in both red and yel-
low boxes are undesirable as they imply that the latent space
is less continuous and less smooth. Comparing Figure 4a
and 4b, the MC method performs better in the learned latent
space, with most decision switches between classes occur-
ring in the mid-range of interpolation.

Figure 4: Latent space interpolation based on cStyleGAN2
backbone trained via Hinge loss w/o and with our MC
method. Red and yellow boxes highlight two types of un-
desirable transitions between generated images.

Quantitative Results on CIFAR-100 For completeness,
we show the image generation performance on CIFAR-100
in Table 3. Significant improvements are achieved by using
our MC method independently for both baseline discrimina-
tive losses, with an average improvement of 1.1 in IS, 1.6 in
FID, and 3.7 in IFID. A detailed sensitive analysis w.r.t the
Monte Carlo sample size is provided in the appendix.

Large-Scale and High-Resolution Dataset Results For
the FFHQ256 (high-resolution), the lmageNet64 (large-
scale), and the LSUN bedroom (large-scale and high-
resolution) dataset, we use the StyleGAN2-ada (Karras et al.

2020a) as backbones. As shown in Table 42, MCGAN
achieved significant and consistent gains in both FID and
IS, as evidenced by 16.4% (4.51 → 3.77), 15.5% (19.83 →
16.76), and 35.7% (4.34 → 2.79) FID improvement, re-
spectively, on FFHQ256, ImageNet64, and LSUN bedroom
datasets. These improvements are significant and consistent
during training periods and across various datasets, demon-
strating faster convergence and better generation ability.

Dataset Method FID ↓ IS ↑ Precision↑ Recall ↑

FFHQ256 original 4.51 5.10 0.69 0.40
+MC 3.77 5.25 0.69 0.45

ImageNet64 original 19.83 13.67 0.65 0.33
+MC 16.76 13.96 0.63 0.43

LSUN bedroom original 4.34 2.45 0.57 0.22
+MC 2.79 2.45 0.61 0.23

Table 4: Quantitative results of image generation on large-
scale and high-resolution datasets using StyleGAN2-ada
w/o and with our MC method; FID is 10-run average.

Conditional Video Generation
The conditional video generation task aims to generate the
next frame given the past frames of the videos. Here, we
used the Moving MNIST data set (Srivastava, Mansimov,
and Salakhudinov 2015), which consists of 10,000 20-frame
64x64 videos of moving digits. The whole dataset is divided
into the training set (9,000 samples) and the test set (1,000
samples). For the architecture of both the generator and dis-
criminator, we use the convolutional LSTM (ConvLSTM)
unit proposed by (Shi et al. 2015) due to its effectiveness in
video prediction tasks. In the model training, the generator
takes in 5 past frames as the input and generates the corre-
sponding 1-step future frame, then the real past frames and
the generated future frames are concatenated along time di-
mension and put into the discriminator.

For comparison, we used classical GAN as the bench-
mark. We trained our model for 20,000 epochs with batch
size 16. The model performance is evaluated by computing
the MSE between the generated frames and the correspond-
ing ground truth on the test set. Numerical results show that
our proposed MC method reduces GAN’s MSE from 0.1012
to 0.0840. Compared to the baseline, the predicted frames
from our MC method are clearer, more coherent, and visu-
ally closer to the ground truth, as shown in Figure 5.

Conditional Time-Series Generation
Following (Liao et al. 2024), we consider the conditional
time-series generation task on two types of datasets (1) d-
dimensional vector auto-regressive (VAR) data and (2) em-
pirical stock data. The goal is to generate 3-step future
paths based on the 3-lagged value of time series. We ap-
ply the MCGAN to the RCGAN baseline (Esteban, Hyland,
and Rätsch 2017) and benchmark it with TimeGAN (Yoon,
Jarrett, and Van der Schaar 2019), GMMN (Li, Swersky,

2Baseline results differ from StyleGAN2-ADA’s official bench-
marks due to hyperparameter adjustments for different GPU setups.
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Figure 5: Results of predicting the next frame given the past
5 frames using ConvLSTM w/o and with our MC method.

and Zemel 2015) and SigWGAN (Liao et al. 2024) as the
strong SOTA models for conditional time series generation.
The model performance is evaluated using metrics in (Liao
et al. 2024) including (1) ABS metric, (2) Correlation met-
ric, (3)ACF metric and (4) R2 error to assess the fitting of
synthetic data in terms of marginal distribution, correlation,
autocorrelation and usefulness, respectively.

VAR Dataset To validate MCGAN for multivariate time
series systematically, we use VAR datasets with various path
dimensions d ∈ [1, 100] and various parameter settings. For
d ∈ {1, 2, 3}, MCGAN consistently outperforms the RC-
GAN and TimeGAN (see results in Appendix). Figure 6
shows that the MCGAN and SigCWGAN have better fitting
than other baselines in terms of conditional law as the esti-
mated mean is closer to that of the ground truth compared
with the others for d = 3. Note that SigCWGAN suffers the
curse of dimensionality resulting from large d and becomes
infeasible for d ≥ 50, whereas MCGAN does not. In fact,
as shown in Table 5, as d increases, the performance gains
of MCGAN become more pronounced. With d = 100, the
MC method improves all the metrics by 30%-40%, further
highlighting its effectiveness in high-dimensional settings.

Stock Dataset The stock dataset is a 4-dimensional time
series composed of the log return and log volatility data of
S&P 500 and DJI spanning from 2005/01/01 to 2020/01/01.
To cover the stylized facts of financial time series like lever-
age effect and volatility clustering, we also evaluate our gen-
erated samples using the ACF metric on the absolute re-
turn and squared return. Table 6 demonstrates that our MC
method consistently improves the generator performance in
terms of temporal dependency, cross-correlation and useful-
ness. Although RCGAN achieved comparable ABS metrics,
it failed to capture the cross-correlation and temporal depen-
dence. Specifically, using our proposed MC method, the cor-
relation metric and ACF metric of RCGAN can be improved
from 0.25184 to 0.15687 and from 0.03814 to 0.02905. The
gap in the R2 further showcases that our MC method can
enhance the generator to generate high-fidelity samples.

Figure 6: Comparison of models’ performance in fitting the
conditional distribution of future time series given one past
path sample. The real and generated paths are plotted in red
and blue, respectively, with the shaded area as the 95% con-
fidence interval. The synthesized data is VAR(1) for d = 3.

Loss Hinge BCE

d Method ABS ↓ Corr ↓ ACF ↓ ABS ↓ Corr ↓ ACF ↓

10 RCGAN 0.0180 0.0568 0.0818 0.0153 0.0507 0.0900
+MC 0.0155 0.0436 0.0651 0.0139 0.0459 0.0719

50 RCGAN 0.0353 0.0700 0.0884 0.0363 0.0710 0.0877
+MC 0.0286 0.0616 0.0687 0.0250 0.0600 0.0700

100 RCGAN 0.0332 0.0790 0.1102 0.0379 0.0730 0.1022
+MC 0.0230 0.0498 0.0669 0.0234 0.0502 0.0614

Table 5: Quantitative results of time-series generation on
VAR data with different path dimensions d ranging from 10
to 100 using RCGAN w/o and with our MC method.

Model ABS ↓ ACF ↓ ACF(|x|) ↓ ACF(x2) ↓ Corr ↓ R2 (%) ↓
RCGAN 0.0087 0.0381 0.0788 0.1393 0.2518 4.4968

MCGAN (ours) 0.0100 0.0291 0.0544 0.0993 0.1569 2.8429
SigCWGAN 0.0096 0.0298 0.1339 0.0846 0.1172 3.8198

GMMN 0.0139 0.0599 0.2530 0.2696 0.3184 11.8758
TimeGAN 0.0110 0.0572 0.0690 0.1258 0.4734 4.5396

Table 6: Quantitative results of time-series generation on
SPX/DJI data using RNN w/o and with our MC method.

Conclusion

This paper presents a general MCGAN method to tackle the
training instability, a key bottleneck of GANs. Our method
enhances generator training by introducing a novel regres-
sion loss for (conditional) GANs. We establish the opti-
mality and discriminability of MCGAN, and prove that the
convergence of optimal generator can be achieved under a
weaker condition of the discriminator due to the strong su-
pervision of the regression loss. Moreover, extensive numer-
ical results on various datasets, including image, time series
data, and video data, are provided to validate the effective-
ness and flexibility of our proposed MCGAN and consistent
improvements over the benchmarking GAN models.

For future work, it is worthwhile to explore the applica-
tion of MCGAN to enhance state-of-the-art GAN models for
more challenging and complex tasks, such as text-to-image
generation. Besides, given the flexibility and promising re-
sults of the MCGAN on different types of data, it can be ef-
fectively applied to generate multi-modality datasets simul-
taneously. Moreover, MCGAN can be extended to incorpo-
rate more advanced discriminative losses, than those used in
our numerical study, for further performance improvement.
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