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Abstract

Over the past few years, there has been growing interest in developing larger and
deeper neural networks, including deep generative models like generative adversar-
ial networks (GANs). However, GANs typically come with high computational
complexity, leading researchers to explore methods for reducing the training and
inference costs. One such approach gaining popularity in supervised learning is
dynamic sparse training (DST), which maintains good performance while enjoy-
ing excellent training efficiency. Despite its potential benefits, applying DST to
GANSs presents challenges due to the adversarial nature of the training process.
In this paper, we propose a novel metric called the balance ratio (BR) to study
the balance between the sparse generator and discriminator. We also introduce a
new method called balanced dynamic sparse training (ADAPT), which seeks to
control the BR during GAN training to achieve a good trade-off between perfor-
mance and computational cost. Our proposed method shows promising results
on multiple datasets, demonstrating its effectiveness. Our code is available at
https://github.com/YiteWang/ADAPT,

1 Introduction

Generative adversarial networks (GANs) [20,[7, 70, 44] are a type of generative model that has gained
significant attention in recent years due to their impressive performance in image-generation tasks.
However, the mainstream models in GANs are known to be computationally intensive, making them
challenging to train in resource-constrained settings. Therefore, it is crucial to develop methods that
can effectively reduce the computational cost of training GANs while maintaining their performance,
making GANs more practical and applicable in real-world scenarios.

Neural network pruning has recently emerged as a powerful tool to reduce the training and inference
costs of DNNs for supervised learning. There are mainly three genres of pruning methods, namely
pruning-at-initialization, pruning-during-training, and post-hoc pruning methods. Post-hoc pruning
[32,!42] 25]] can date back to the 1980s, which was first introduced for reducing inference time and
memory requirements for efficient deployment; hence does not align with our purpose of efficient
training. Later, pruning-at-initialization [46} 78| [75] and pruning-during-training methods [84] were
introduced to circumvent the need to fully train the dense networks. However, early pruning-during-
training algorithms [58]] do not bring much training efficiency compared to post-hoc pruning, while
pruning-at-initialization methods usually suffer from significant performance drop [[L8]. Recently,
advances in dynamic sparse training (DST) [62} 116} 51 152] [54] for the first time show that pruning-
during-training methods can have comparable training FLOPs as pruning-at-initialization methods
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while having competing performance to post-hoc pruning. Therefore, applying DST on GANSs seems
to be a promising choice.

Although DST has attained remarkable achievements in supervised learning, the application of DST
on GAN:Ss is not successful due to newly emerging challenges. One challenge is keeping the generator
and the discriminator balanced. In particular, using overly strong discriminators can lead to overfitting,
while weaker discriminators may fail to effectively prevent mode collapse [3}4]]. Hence, balancing
the sparse generator and the (possibly) sparse discriminator throughout training is even more difficult.
To mitigate the unbalance issue, a recent work STU-GAN [53]] proposes to apply DST directly to the
generator. However, we find empirically that such an algorithm is likely to fail when the generator
is already more powerful than the discriminator. Consequently, it remains unclear how to conduct
balanced dynamic sparse training for GANs.

To this end, we propose a metric called balance ratio (BR), which measures the degree of balance of
the two components, to study sparse GAN training. We find that BR is useful in (1) understanding the
interaction between the discriminator and the generator, (2) identifying the cause of a certain training
failure/collapse [7, [8], and (3) helping stabilize sparse GAN training as an indicator. To our best
knowledge, this is the first study to quantify the unbalance of sparse GANs and may even provide
new insights into dense GAN training.

Furthermore, using BR as an indicator, we propose bAlanced DynAmic sParse Training (ADAPT) to
adjust the density and the connections of the discriminator automatically during training.

Our main contributions are summarized below:

* We introduce a novel quantity named balance ratio to study the degree of balance in sparse
GAN training.

» We find empirically that the balance ratio is problematic in certain practical training scenarios
and that existing methods are inadequate for resolving this issue.

* We propose ADAPT, which makes real-time monitoring of the balance ratio. By dynam-
ically adjusting the discriminator, ADAPT enables effective control of the balance ratio
throughout training. Empirically, ADAPT achieves a good trade-off between performance
and computational cost on several datasets.

2 Related works

2.1 Neural network pruning

In deep learning, efficiency is achieved through several methods. This paper primarily focuses
on model training and inference efficiency, which is different from techniques for data efficiency
[83L 185, 186]. These include neural architecture search (NAS) [80, 49]] to discover optimal network
structures, quantization [31} 67]] for computational efficacy, knowledge distillation [28] to leverage
the knowledge of larger models for smaller counterparts, and neural network pruning to remove
unnecessary connections. Among these, neural network pruning is the focal point of our research.
More specifically, we narrow our focus on unstructured pruning [25, [17]], where individual weight is
the finest resolution. This contracts with structured pruning [56} 159,157, [30]] where entire neurons or
channels are pruned.

Post-hoc pruning. Post-hoc pruning method prunes weights of a fully-trained neural network.
It usually requires high computational costs due to the multiple rounds of the train-prune-retrain
procedure [25, |68]]. Some use specific criteria [42] [26] 25 23 [15} [12] 91} |63] to remove weights,
while others perform extra optimization iterations [77]]. Post-hoc pruning was initially proposed to
reduce the inference time, while lottery ticket works [[17,68] aimed to mine trainable sub-networks.

Pruning-at-initialization methods. SNIP [46] is one of the pioneering works that aim to find
trainable sub-networks without any training. Some follow-up works [[78 75,113,165} 1] aim to propose
different metrics to prune networks at initialization. Among them, Synflow [75]], SPP [45]], and
FORCE [13]] try to address the problem of layer collapse during pruning. NTT [55], PHEW [65]], and
NTK-SAP [82] draw inspiration from neural tangent kernel theory.

Pruning-during-training methods. Another genre of pruning algorithms prunes or adjusts DNNs
throughout training. Early works add explicit £y [S8]] or ¢; [84] regularization terms to encourage a



sparse solution, hence mitigating performance drop incurred by post-hoc pruning. Later works learn
the subnetworks structures through projected gradient descent [94] or trainable masks [73} 188,35} 14 1}
50, [71]]. However, these pruning-during-training methods often do not introduce memory sparsity
during training. As a remedy, DST methods [5. 162,164} 14, 16,151,152} 154} 21]] were introduced to train
the neural networks under a given parameter budget while allowing mask change during training.

2.2 Generative adversarial networks

Generative adversarial networks (GANs). GANs [20] have drawn considerable attention and have
been widely investigated for years. Deep convolutional GANs [66] replace fully-connected layers
in the generator and the discriminator. Follow-up works [22, 36, [7, 92] employed more advanced
methods to improve the fidelity of generated samples. After that, several novel loss functions
(69,160, 2, 122! [74]], normalization and regularization methods [61} 76, [87]] were proposed to stabilize
the adversarial training. Besides the efforts devoted to training GANs, image-to-image translation is
also extensively explored [96} 95|10, 38 43| [81]].

GAN balance. Addressing the balance between the generator and discriminator in GAN training
has been the focus of various works. However, directly applying existing methods to sparse GAN
training poses challenges. For instance, [3} 4] offer theoretical analyses on the issue of imbalance but
may have limited practical benefits, e.g., they require training multiple generators and discriminators.
Empirically, BEGAN [6] proposes to use proportional control theory to maintain a hyper-parameter

W, but it is only applicable when the discriminator is an auto-encoder. Unbalanced

GAN [24]] pretrains a VAE to initialize the generator, which may only address the unbalance near
initialization. GCC [48] considers the balance during GAN compression, while its criterion requires
a trained (dense) GAN, which is not given in the DST setting. Finally, STU-GAN [53]] proposes to
use DST to address the unbalance issues but may fail under certain conditions, as demonstrated in
our experiments.

GAN compression and pruning. One of the promising ways is based on neural architecture search
and distillation algorithm [47} 19} 29]. Another part of the work applied pruning-based methods for
generator compression [[72} 90} 33]]. Later, works by [[79] presented a unified framework by combing
the methods mentioned above. Nevertheless, they only focus on the pruning of generators, thus
potentially posing a negative influence on Nash Equilibrium between generators and discriminators.
GCC [48]] compresses both components of GANs by letting the student GANs also learn the losses.
Another line of work [34, 19, 8] tries to test the existence of lottery tickets in GANs. To the best of our
knowledge, STU-GAN [53] is the only work that tries to directly train sparse GANs from scratch.

3 Preliminary and setups

Generative adversarial networks (GANSs) have two fundamental components, a generator G(-; 0¢)
and a discriminator D(-; 0p). Specifically, the generator maps a sampled noise z from a multivariate
normal distribution p(z) into a fake image to cheat the discriminator. In contrast, the discriminator
distinguishes the generator’s output and the real images x,. from the distribution pgae, ().

Formally, the optimization objective of the two-player game defined in GANs can be generally
defined as follows:

Lp(0p,0g) =
Lc(0c) =

B, ~pue [[1(D(@r;0D))] + Eznp [f2(D(G(2;66)))] )
Eznp [91(D(G(2:60)))] - )
To be more specific, different losses can be used, including the loss in the original JS-GAN [20]]
where f1(z) = —log(z), fa(x) = —g1(x) = —log(1 — x); Wasserstein loss [22] where f;(z) =

—fa(z) = g1 () = —x; and hinge loss [61]] where f;(z) = max(0,1 — z), fo(z) = max(0,1+ z),
and g1 () = —z. The two components are optimized alternately to achieve the Nash equilibrium.
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Figure 1: FID ({) comparison of SDST against STATIC sparse training for SNGAN on CIFAR-10
with different sparsity ratio combinations. The shaded areas denote the standard deviation.

GAN sparse training. In this work, we are interested in sparse training for GANs. In particular, the
objective of sparse GAN training can be formulated as follows:

01 = rginﬁp(@D ®mp,0c ©mg)
D
05 = min L (0 © me)
€]

st. mp € {0,121 mg € {0,111, |mpllo/|0n] < dp, [Imallo/|0c| < da,

where © is the Hadamard product; 6%, mp, |0p|, dp are the sparse solution, mask, number of
parameters, and target density for the discriminator, respectively. The corresponding variables for
the generator are denoted with subscript GG. For pruning-at-initialization methods, masks m are
determined before training, whereas m are dynamically adjusted for dynamic sparse training (DST)
methods.

Dynamic sparse training (DST). DST methods [62} [16] usually start with a sparse network parame-
terized by @ ® m with randomly initialized mask m. After a constant time interval AT, it updates
mask m by removing a fraction of connections and activating new ones with a certain criterion. The
total number of active parameters ||m||o is hence kept under a certain threshold d|6|. Please see

for more details.

4 Motivating observations: The unbalance in sparse GAN training

As discussed in it is essential to maintain the balance of generator and discriminator during
GAN training. As strong discriminators may lead to over-fitting, whereas weak discriminators may
be unable to detect mode collapse. When it comes to sparse GAN training, the consequences caused
by the unbalance can be further amplified. For example, sparsifying a weak generator while keeping
the discriminator unmodified may lead to an even more unbalanced worst-case scenario.

To support our claim, we conduct experiments with SNGAN [61]] on the CIFAR-10 dataset. We
consider the following sparse training algorithms:

O Static sparse training (STATIC). For STATIC, layer-wise sparsity ratio and masks mq, mp
are fixed throughout the training.

@ Single dynamic sparse training (SDST). SDST is a direct application of the DST method on
GANs where only the generator dynamically adjusts masks during the training. We name such
method SDST as only one component of the GAN, i.e., the generator, is dynamic. Furthermore,
we call the variant which grows connections based on gradients magnitude as @ SDST-RigL [[16]],
and randomly as ¢ SDST—-SET [62]]. Note that STU-GAN [53]] is almost identical to @ SDST-RigL
with EMA [89] tailored for DST. We do not consider naively applying DST on both generators and
discriminators, as in STU-GAN, it is empirically shown that simply adjusting both components
generates worse performance with more severe training instability.

We test the considered algorithms with dg € {10%, 20%, 30%,50%} and dp € {10%, 20%, 30%,
50%, 100%}. More experiment details can be found at|Appendix A|and|Appendix B|

2We also perform a small experiment in[subsection E.2|to validate their findings.
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Figure 2: BR comparison of SDST against STATIC sparse training for SNGAN on CIFAR-10 with
different sparsity ratio combinations.

4.1 Key observations

We report the results in[Figure T|and summarize our critical findings as follows:

O Observation 1: Neither strong nor weak sparse discriminators can provide satisfactory
results. The phenomenon is most noticeable when dg = 10%, where the FID initially decreases but
then increases. The reasons may be as follows: (1) Overly weak discriminators may cause training
collapse as they cannot provide useful information to the generator, resulting in a sudden increase in
FID at the early stage of sparse GAN training. (2) Overly strong discriminators may not yield good
FID results because they learn too quickly, not allowing the generator to keep up. Hence, to ensure a
balanced training of GAN for sparse training methods, it is crucial to find an appropriate sparsity
ratio for the discriminator.

® Observation 2: SDST is unable to give stable performance boost compared to the STATIC
baseline. Another critical observation is that SDST is better than STATIC only when the discrimina-
tor is strong enough. More specifically, for all selected discriminator density ratios, SDST method is
not better than STATIC when using a small discriminator density (dp = 10%). On the contrary, for
the cases where dp > d¢g, we generally see a significant performance boost brought by SDST.

5 Balance ratio: Towards quantifying the unbalance in sparse GAN training

5.1 Formulation of the balance ratio

To gain a deeper understanding of the phenomenon observed in the previous section, and to better
monitor and control the degree of unbalance in sparse GANs, we introduce a novel quantity called
the balance ratio (BR). This quantity is defined as follows.

At each training iteration, we draw random noise z from a multivariate normal distribution and
real images x, from the training set. We denote the discriminator after gradient descent update
as D(-;0p). We denote generator before and after gradient descent training as GP*(-;0¢) and
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different sparsity ratio combinations. The result of DDA is independent of dp as it is determined
automatically. The shaded areas denote the standard deviation.

GP*'(-; 8¢, ), respectively. Then the balance ratio is defined as:

bR = B [D(G™(2) = DE™(z)]

By pen [D(@,)] — B2y [D(GP(2))] )

™| L

Precisely, BR measures how much improvement
the generator can achieve in the scale measured o
by the discriminator for a specific random noise 03
z. When BR is too small (e.g., BR< 30%), < **
the updated generator is too weak to trick the &
discriminator, as the generated images are still o
considered fake. Similarly, for the case where o

BT
BR is too large (e.g., BR> 80%), the discrimi- "

1 3 . Fake i — — Real i
nator is considered too weak hence it may not ake Images X eal images

provide useful information to the generator. We
also illustrate BR in Figure 3: Illustration of balance ratio.

5.2 Understanding observation 1: Analysing GAN balance with the balance ratio

We visualize the BR evolution throughout the training for the experiments in[section E to show the
effectiveness of BR in quantifying the balance of sparse GANs. We show the results in [Figure 2

It illustrates that BR can distinguish the density difference (hence the representation power difference)
of the discriminator. Specifically, we can see that for larger discriminator density dp, the BR is much
lower throughout the training, indicating strong discriminators. On the contrary, for the cases where
the discriminators are too weak compared to the generators, e.g., all cases where dp = 10%, we can
observe BR first increases and then oscillates wildly. We believe this oscillatory behavior is related to
the training collapse. Empirical results also show that the FID metric experiences a sudden increase
after this turning point.

5.3 Dynamic density adjust: A first attempt to utilize the balance ratio

As demonstrated in the previous section, the balance ratio (BR) effectively captures the degree of
balance between the generators and discriminators in sparse GANs. Hence, it is natural to leverage BR
to dynamically adjust the density of discriminators during sparse GAN training so that a reasonable
discriminator density can be found.

To demonstrate the value of BR, we propose a simple yet powerful modification to the STATIC
baseline. This method, which we call dynamic density adjust (DDA), is explained below. Specifically,
we initialize the initial density of the discriminator digi‘ = dg. After a specific training iteration
interval, we adjust the density of the discriminator based on the BR over the last few iterations with a
pre-defined density increment Ad. With a pre-defined BR bounds [B_, B ], we decrease dp by Ad
when BR is smaller than B_, and vise versa. We show the algorithm in[Appendix C||Algorithm 1}

Comparison to ADA [37]. In this paragraph, we compare ADA and DDA. (1) Notice that DDA
algorithm is orthogonal to ADA in a sense that StyleGAN2-ADA adjusts the data augmentation



probability while DDA adjusts the discriminator density. (2) Moreover, the criterion used in DDA, i.e.

BR, is very different from the criterion proposed in StyleGAN2-ADA, i.e. r, = ﬁggﬁ;%kﬁg%&j? %}

and r; = E[sign(D(@yum))]. In particular, 7, requires a separate validation set, while r; only
quantifies the overfitting of the discriminator to the training set. (3) Another note is that DDA is a
flexible framework, where its criterion, i.e. BR, can be potentially replaced by 7., r;, and such.

Experiment results. We test DDA with target BR interval [B_, B = [0.5,0.65]. Precisely, DDA
tends to find a suitable discriminator where the generator can just trick the discriminator throughout
the training. We show the results in with red lines. The experiments show that DDA can
identify reasonable discriminator densities to enable balanced training for sparse GANs.

5.4 Understanding observation 2: Analysing the failure of SDST with the balance ratio

By leveraging BR, we can also gain further insights into why some configurations do not benefit from
SDST as compared to STATIC.

Regarding SDST as a way of increasing the generator capacity. Our findings suggest that
SDST can possibly enhance the generator’s representation power, as demonstrated by the higher
BR values compared to STATIC observed in We attribute this effect to the in-time
over-parameterization (ITOP) [54] induced by dynamic sparse training.

SDST does not address training collapse. The increase in generator’s representation power resulting
from SDST is only beneficial when the discriminator has matching or superior representation power.
Therefore, if the training has already collapsed for the static baseline methods (STATIC), meaning
that the generator is already stronger than the discriminator, SDST may not be effective in stabilizing
sparse GAN training. This is evident from the results shown in[Figure 2|first-row column 1, second-
row column 1, third-row columns 1-2, and fourth-row columns 1-3.

Despite the superior performance of STU-GAN (or SDST in general) at higher discriminator density
ratios dp, there exist some limitations for SDST, which we summarize below:

@ SDST requires a pre-defined discriminator density dp before training. However, it is unclear
what is a good choice. In real-world scenarios, it is not practical to manually search for the optimal
dp for each dg. A workaround may be using the maximum allowed density for the discriminator.
However, as shown in the best performance is not always obtained with the maximum
dp = 100%. Moreover, we are wasting extra computational cost for a worse performance if we use
an overly-strong discriminator.

@ SDST fails if there is an additional constraint on the density of the discriminator dp. As
suggests, for weak discriminators, SDST is unable to show consistent improvement compared to the
STATIC baseline.

Hence, STU-GAN (or SDST in general), which directly applies DST to the generator, may only be
useful when the corresponding discriminator is strong enough. In this sense, obtaining balanced
training automatically is essential in GAN DST to deal with more complicated scenarios.

6 Balanced dynamic sparse training for GANs

In this section, we describe our methodology for balanced sparse GAN training.

STU-GAN (or SDST in general) considered in the last section cannot generate stable and satisfying
performance. This implies that we should utilize the discriminator in a better way rather than do
nothing (like SDST) or directly apply DST to the discriminator (see for additional
experiments). Consequently, DDA (subsection 5.3)), which adjusts the discriminator density to stabilize
GAN training, is a favorable candidate to address the issue. To this end, we propose bAlanced
DynAmic sParse Training (ADAPT), which adjusts the density of the discriminator during training
with DDA while the generator performs DST.

We further introduce two variants, namely ADAP T .jox and ADAP Tgyict, based on whether we force
the discriminator to be sparse. We present them in [subsection 6.1|and [subsection 6.2] These methods
are more flexible and generate more stable performance compared to SDST.




Table 1: FID () of different sparse training methods with no constraint on the density of the
discriminator. Best results are in bold; second-best results are underlined.

Dataset CIFAR-10 (SNGAN) STL-10 (SNGAN) CIFAR-10 (BigGAN) TinyImageNet (BigGAN)
Generator density 10%  20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 10.74 29.71 8.11 15.43
STATIC-Balance 2675 19.04 15.05 1224 48.18 44.67 4173 37.68 1698 1281 1033 847 2878 21.67 1886 17.51
STATIC-Strong 2679 19.65 1438 1191 5248 43.85 4206 3747 2348 1426 11.19 8.64 31.44 2251 1822 18.00

« SDST-Balance-SET 2623 17.79 1321 11.79 5641 46.58 39.93 3037 1241 987 9.3 8.01 2539 2130 21.80 2120
« SDST-Strong-SET 1649 1336 11.68 10.68 67.37 4996 37.99 31.08 1894 9.64 875 836 2220 2056 21.70 1832
o SDST-Balance-Rigl.  27.06 16.36 14.00 12.28 43.08 3390 31.83 30.30 1245 942 886 8.03 21.60 1933 1857 1745
@ SDST-Strong-RigL. 17.02 1386 1251 1135 53.65 3325 31.41 30.18 1058 9.11 869 833 21.14 1895 17.75 16.30

ADAPT ¢jax (Ours) 1419 1319 1238 10.60 3598 33.06 31.71 2996 10.19 856 836 822 1942 1799 17.06 14.15

6.1 ADAPT,qax: Balanced dynamic sparse training in the relaxed setting

In this section, we consider the relaxed setting where a dense discriminator can be used, i.e., dp <
dmax = 100%. This relaxed scenario gives the greatest flexibility to the discriminator. However, it
does not necessarily enforce the sparsity of the discriminator (hence, no computational savings for
the discriminator) because the density of the discriminator can be as high as 100%.

For the relaxed setting, we use the direct combination of SDST with DDA. Precisely, the generator is

adjusted using DST as mentioned in while the density of the discriminator is dynamically
adjusted with DDA as mentioned in[subsection 5.3 We call such a combination relaxed balanced

dynamic sparse training (ADAPT,.j,x). Please see[Appendix Cl[Algorithm 2|for more details.

Comparison to STU-GAN (or SDST in general). Compared to STU-GAN (or SDST in general),
which pre-defines and fixes the discriminator density during training, the difference is that for
ADAPTclax, the density of the discriminator is adjusted during the training process automatically
through real-time monitoring of the balance ratio. Given the initial discriminator density d'y = dg,
ADAPT ..« increases the discriminator density if a stronger discriminator is needed, and vice versa.

6.2 ADAPT,i: Balanced dynamic sparse training in the strict setting

Different from[subsection 6.1] we now consider a strict setting where there is an additional sparsity
constraint on the discriminator density in this section, i.e., dp < dyax < 100%.

ADAPT,.,x introduced in the previous section does not necessarily enforce sparsity for the discrimi-
nator, which provides less memory/training resources saving for larger generator density ratios. Note
that the discriminator does not take advantage of DST to explore the structure of the dense network.
Hence, we further present strict balanced dynamic sparse training (ADAP Ty.¢) in this section.
This method allows the discriminator to perform DST in a controlled manner, which can lead to a
better exploration of the dense network structure while maintaining the balance between the generator
and the discriminator. We explain how ADAP Ty differs from ADAP Tyejax below:

O Capacity increase of the discriminator. The essential difference lies when the observed BR is
higher than B, which means we need a stronger discriminator. In this case, if the discriminator
density is lower than the constraint, i.e., dp < dpax, ADAP Tyiee Will perform just like ADAP Ty, to
increase the discriminator density. However, if the discriminator is already the maximum density, i.e.,
dp = dpmax, the discriminator will alternatively perform DST as a way of increasing the discriminator

capacity (See for intuition).

@ Capacity decrease of the discriminator. Similar to ADAP Tjax, When the observed BR is lower
than B_, we will decrease the discriminator density.

Hence, ADAP Tyt makes the discriminator adaptive both in the density level (through density
adjustment) and the parameter level (through DST). The algorithm of ADAP Tgyi¢ is shown in
[Appendix ClfAlgorithm 3}

6.3 Experiment setting

Datasets, architectures, and target sparsity ratios. We conduct experiments on SNGAN with
ResNet architectures on the CIFAR-10 [40]] and the STL-10 [[11] datasets. We have also conducted
experiments with BigGAN [7] on the CIFAR-10 and TinyImageNet dataset (with DiffAug [93]).



Table 2: FID (|) of different sparse training methods. The density of the discriminator is con-
strained to be lower than 50%. Best results are in bold; second-best results are underlined.

Dataset CIFAR-10 (SNGAN) STL-10 (SNGAN) CIFAR-10 (BigGAN) TinyImageNet (BigGAN)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10%  20% 30% 50% 10% 20% 30%  50%
(Dense Baseline) 10.74 29.71 8.11 15.43
STATIC-Balance 2675 19.04 1505 12.58 48.18 44.67 41.73 37.68 1698 12.81 1033 847 28.78 21.67 18.86 17.51
STATIC-Strong 21.73  16.69 1348 12.58 5036 44.06 40.73 37.68 1891 1343 10.84 847 33.01 2393 1790 17.51

« SDST-Balance-SET 2623 17.79 1321 11.79 5624 4451 4123 3080 1241 9.87 9.13 801 2539 2130 21.80 21.20
+ SDST-Strong-SET 15.68 1275 11.98 11.79 5791 50.05 38.13 3080 11.85 939 861 801 22,68 2024 2200 21.20
e SDST-Balance-RigL  27.06 16.36 14.00 1228 43.08 33.90 31.64 3030 1245 942 886 803 21.60 19.33 1857 1745
o SDST-Strong-RigL. 15.19 1293 1275 1228 53.74 3734 3198 3030 10.11 9.17 835 803 2190 2043 1829 1745

ADAPTyi¢; (Ours) 1453 1273 1220 12.11 41.18 3159 31.16 29.11 929 864 844 790 1889 17.37 1693 16.02

Table 3: Normalized training FLOPs (]) of different sparse training methods with no constraint on
the density of the discriminator.

Dataset CIFAR-10 (SNGAN) STL-10 (SNGAN) CIFAR-10 (BigGAN) TinyImageNet (BigGAN)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 100% (2.67 x 10'7) 100% (3.94 x 10'7) 100% (6.81 x 10'7) 100% (9.85 x 10'7)
Static-Balance 8.97% 17.08% 2625% 47.25% 21.30% 47.14% 59.22% 73.35% 9.79% 19.02% 28.66% 49.03% 23.25% 44.87% 6091% 79.29%
Static-Strong 5829% 60.94% 64.53% 74.61% 86.12% 86.94% 87.60% 88.84% 83.78% 84.80% 86.21% 90.15% 48.02% 61.62% 72.79% 85.79%

« SDST-Balance-SET ~ 9.78%  18.91% 28.35% 48.44% 27.55% 47.60% 60.17% 75.38% 10.35% 20.12% 29.96% 49.82% 21.13% 37.06% 48.83% 65.58%
+ SDST-Strong-SET 59.25% 62.94% 66.89% 75.96% 86.36% 87.43% 88.49% 90.82% 84.36% 85.90% 87.52% 90.95% 45.66% 5391% 60.61% 71.88%
o SDST-Balance-Rigl.  10.71% 17.43% 25.66% 43.56% 29.51% 50.41% 63.34% 79.03% 9.92% 19.30% 28.90% 48.31% 2497% 43.86% 57.26% 76.75%
o SDST-Strong-RigL ~ 58.63% 61.35% 64.04% 71.01% 88.51% 90.24% 91.78% 94.57% 83.97% 85.24% 86.59% 89.54% 50.05% 61.02% 69.64% 83.35%

ADAPT o (Ours) 36.67% 57.62% 61.31% 70.11% 46.73% 77.92% 83.62% 90.49% 1039% 2590% 40.65% 80.76% 29.75% 51.98% 64.57% 80.81%

Target density ratios of the generators d¢ are chosen from {10%,20%, 30%,50%}. Please see
for more experiment details.

Baseline methods and two practical strategies. We use STATIC and SDST as our
baselines. Note that in real-world application scenarios, it is not practical to perform a grid search
for a good dp as in Hence, we propose two practical strategies to define the constant
discriminator density for these baseline methods: (1) balance strategy, where we set the density of
the discriminator dp the same as the density of the generator d¢; (2) strong strategy, where we set
the density of the discriminator as large as possible, i.e., dp = diyax. For SDST methods, we test
both ¢ SDST-SET and @ SDST-RigL. For a fair comparison, dp,x is set to be 100% and 50% for
the relaxed setting and the strict setting, respectively.

For ADAPT, we use the @ RigL version, which grows connections of the generators and discriminators
based on gradient magnitude. The gradient information enables two components to react promptly
according to the change of each other. Different from the value used in we control
the balance ratio in the range [0.45, 0.55] unless otherwise mentioned to have a slightly stronger
discriminator, potentially avoiding training collapse. More details can be found in

6.4 Experiment results

We show the experiment results in[Table T|and[Table 2] for the relaxed setting and the strict setting,
respectively. We also present the training FLOPs normalized by the dense counterpart for the relaxed

setting in We defer the results for the strict setting to [Appendix F|[Table 12} We show

FID for the CIFAR-10 test set, Inception scores, and comparison with post-hoc pruning baseline in
Appendix E| We also show ADAPT BR evolution in We summarize our findings below.

The strong strategy and the balance strategy for baselines. Generally, using the strong strategy has
some advantages over the balance strategy. Such an observation is most prominent in the CIFAR-10
dataset. For the cases where the balance strategy is better, e.g., SNGAN on the STL-10 dataset, our
explanation is that the size difference between generators and discriminators is more significant.
Hence, the degree of unbalance is more severe and leads to more detrimental effects.

Comparison of e RigL and ¢ SET for SDST. We found that @ RigL has an advantage over ¢ SET
when dealing with more sparse generators. Our hypothesis is that gradient information can effectively
guide the generator to identify the most crucial connections in such cases. However, this advantage is
not as apparent for more dense generators.

ADAPT, .y achieves a good trade-off between performance and computational cost. Experiments
show that ADAPT,.1,x shows promising performance by being best for 13 out of 16 cases. The
advantage of ADAP Ty|ax is most prominent for the most difficult case, i.e., dg = 10%. Specifically, it



shows 2.3 and 7.1 FID improvements over the second-best methods for the SNGAN on the CIFAR-10
and the STL-10, respectively. Moreover, compared to the competitive baseline methods that use the
strong strategy, i.e., # SDST-Strong—RigL and ¢ SDST-Strong—SET, ADAP T jax Shows great
computational cost reduction. For example, it outperforms @ SDST-St rong—RigL on BigGAN
(CIFAR-10) with much-reduced training FLOPs (10.39% v.s. 83.97%).

ADAPTi« Shows stable and superior performance. Similar to ADAPT.x, We notice that
ADAP Tgyier also delivers promising results compared to baselines, even with a further constraint
on the discriminator. More precisely, among all the cases, ADAP Ty ranks top 2 for all cases,
with 13 cases being the best. Moreover, ADAP Ty again shows comparable or better performance
compared to @ SDST-Strong-RigL with reduced computational cost.

A more interesting observation is that ADAP T, Sometimes outperforms ADAP T .1,x. We speculate
that this phenomenon occurs because changes in density may result in a larger influence on the GAN
balance during training compared to DST. Hence, the strict version, whose discriminator density
range is smaller, may offer a more consistent performance.

7 Conclusion

In this paper, we investigate the use of DST for GANs and find that solely applying DST to the
generator does not necessarily enhance the performance of sparse GANs. To address this, we introduce
BR to examine the degree of unbalance between the sparse generators and discriminators. We find
that applying DST to the generator only benefits the training when the discriminator is comparatively
stronger. Additionally, we propose ADAPT, which can dynamically adjust the discriminator at both
the parameter and density levels. Our approach shows promising results, and we hope it can aid
researchers in better comprehending the interplay between the two components of GAN training and
motivate further exploration of sparse training for GANs. However, we must note that we have not
yet evaluated our methods on the latest GAN architectures due to computational constraints.
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Overview of the Appendix

The Appendix is organized as follows:

* [Appendix Alintroduces the general experimental setup.
* [Appendix Bfintroduces the details of dynamic sparse training.
. shows detailed algorithms, i.e., DDA, ADAP Tefax, and ADAP Tic.

. shows the BR evolution during training for ADAPT.
. shows additional results, including IS and FID of test sets of the main paper.

. shows detailed FLOPs comparisons of sparse training methods.

A Experimental setup

In this section, we explain the training details used in our experiments. Our code is mainly based on
the original code of ITOP [54]] and GAN ticket [9].

A.1 Architecture details

We use ResNet-32 [27] for the CIFAR-10 dataset and ResNet-48 for the STL-10 dataset. See[Table 4]
and[Table 3| for detailed architectures. We apply spectral normalization for all fully-connected layers
and convolutional layers of the discriminators.

For BigGAN architecture, we use the implementation used in DiffAugment [93]

A.2 Datasets

We use the training set of CIFAR-10, the unlabeled partition of STL-10, and the training set of
TinyImageNet for GAN training. Training images are resized to 32 x 32, 48 x 48, 64 x 64 for
CIFAR-10, STL-10, and TinyImageNet datasets, respectively. Augmentation methods for both
datasets are random horizontal flip and per-channel normalization.

A.3 Training hyperparameters

SNGAN on the CIFAR-10 and STL-10 datasets. We use a learning rate of 2 x 10~ for both
generators and discriminators. The discriminator is updated five times for every generator update.
We adopt Adam optimizer with 8; = 0 and B2 = 0.9. The batch size of the discriminator and the
generator is set to 64 and 128, respectively. Hinge loss is used following [7,9]]. We use exponential
moving average (EMA) [89] with 5 = 0.999. The generator is trained for a total of 100k iterations.

BigGAN on the CIFAR-10 dataset. We use a learning rate of 2 x 10~ for both generators and
discriminators. The discriminator is updated four times for every generator update. We adopt Adam
optimizer with 8; = 0 and B2 = 0.999. The batch size of both the discriminator and the generator
is set to 50. Hinge loss is used following [7,[87]]. We use EMA with 5 = 0.9999. The generator is
trained for a total of 200k iterations.

BigGAN on the TinyImageNet dataset. We use DiffAug [93]] to augment the input. The learning
rate of the discriminator and the generator are set to 4 x 1074 and 1 x 104, respectively. The
discriminator is updated one time for every generator update. We adopt Adam optimizer with 5, = 0
and B> = 0.999. The batch size of both the discriminator and the generator is set to 256. Hinge loss
is used following [[7,[87]. We use EMA with 5 = 0.9999. The generator is trained for a total of 200k
iterations.

A.4 Evaluation metric

SNGAN on the CIFAR-10 and the STL-10 datasets. We compute Fréchet inception distance
(FID) and Inception score (IS) for 50k generated images every 5000 iterations. Best FID and IS are

*https://github.com/mit-han-lab/data-efficient-gans/tree/master/
DiffAugment-biggan-cifar.
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reported. For the CIFAR-10 dataset, we report both FID for the training set and test set, whereas, for
the STL-10 dataset, we report the FID of the unlabeled partition.

BigGAN on the CIFAR-10 and the TinyImageNet dataset. We compute Fréchet inception distance
(FID) and Inception score (IS) for 10k generated images every 5000 iterations. Best FID and IS are
reported.

B Dynamic sparse training details

B.1 How the generator performs DST

In this section, we explain how the generator performs DST below. Note that the generator performs
the same for SDST and ADAPT.

Sparsity distribution at initialization. Following Rigl. and ITOP [16, [54], only parameters of
fully connected and convolutional layers will be pruned. At initialization, we use the commonly
adopted Erdds-Rényi-Kernel (ERK) strategy [[16, [14}154] to allocate higher sparsity to larger layers.

. . . . . -1 L 1 l
Specifically, the sparsity of convolutional layers [ is scaled with 1 — %

the number of channels of layer [ while w' and h' are the widths and the height of the corresponding

kernel in that layer. For fully connected layers, Erdds-Rényi (ER) strategy is used, where the sparsity
-1 1

SN Fial

Update schedule. The update schedule controls how many connections are adjusted per DST

operation. It can be specified by the number of training iterations between sparse connectivity updates

AT, the initial fraction of connections adjusted ~y, and decaying schedule fyecay (7, T") for 7.

, where n! denotes

is scaled with 1 —

Drop and grow. After AT training iterations, we update the mask m by dropping/pruning
faecay (7, T) |0c| de number of connections with the lowest magnitude, where |0¢|, dg are the
number of parameters and target density for the generator, fgecay(7,7) is the update schedule. Right
after the connection drop, we regrow the same amount of connections.

For the growing criterion, we test both random growth ¢ SET [62| 54] and gradient-based growth e
RigL [16]. Concretely, gradient-based methods find newly-activated connections # with the highest
gradient magnitude % , while random-based methods explore connections in a random fashion. All
the newly-activated connections are set to 0. One thing that should be noticed is that while previous
works consider layer-wise connections drop and growth, we grow and drop connections globally as it
grants more flexibility to the DST method.

EMA for sparse GAN. EMA [89] is well-known for its ability to alleviate the non-convergence
of GAN. We also implement EMA for sparse GAN training. Specifically, we zero out the moving
average of dropped weights whenever there is a mask change.

B.2 DST hyperparameters for the generator

We use the same hyper-parameters for SDST and ADAPT. The initial -y is set to 0.5, and we use a
cosine annealing function fgecay following RigL and ITOP.

SNGAN on the CIFAR-10 and the STL-10 datasets. The connection update frequency of the
generator AT is set to 500 and 1000 for the CIFAR-10 dataset and STL-10 dataset, respectively.

BigGAN on the CIFAR-10 and the TinyImageNet dataset. The connection update frequency of
the generator AT is set to be 1000.

B.3 Density dynamic adjust (DDA) hyper-parameters

In this section, we provide hyper-parameters used in Wesetdp = 2000, ATp = 0.05,
[B_, B4+] = [0.5,0.65]. Time-averaged BR over 1000 iterations is used as the indicator.

B.4 DST hyperparameters for the discriminator in ADAPT

We use a constant BR interval [B_, B | = [0.45, 0.55] for SNGAN experiments and BigGAN on the
CIFAR-10 dataset. We set the BR interval [B_, B] = [0.3,0.4] for BigGAN on the TinyImageNet
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Table 4: ResNet architecture for CIFAR-10. Table 5: ResNet architecture for STL-10.

(@) Generator (5) Discrimimator (a) Generator (b) Discriminator
TeRE N0 mage 7 € [1, 17257253 2z € R128 ~ N(0,1) image x € [—1, 1]48x48x3
- ’ dense, 6 x 6 x 512 ResBlock down 64
dense, 4 X 4 x 256 ResBlock down 128
ResBlock up 256 ResBlock down 128
ResBlock up 256 ResBlock down 128
ResBlock up 128 ResBlock down 256
ResBlock up 256 ResBlock down 128 ResBlock up 64 ResBlock 4 =
esBlock u esBlock down
ResBlock up 256 ResBlock down 128 P
BN ReLU. 3 x 3 —— ReLU O.1 BN, ReL.U, 3 x 3 conv, Tanh ResBlock down 1024
, ReLU, 3 x 3 conv, Tan e .
ReLU 0.1

Global sum pooling Global ave pooling

dense — 1

dense — 1

since it uses DiffAug. Time-averaged BR over 1000 iterations is used as the indicator. Density
increment Ad is set to be 0.05, 0.025, and 0.05 for SNGAN (CIFAR-10), SNGAN (STL-10), and
BigGAN (CIFAR-10), respectively. We use the same setting used in for the generator.

Hyper-parameters for ADAPT,.x. The density update frequency of the discriminator AT is 1000,
2000, 5000, and 10000 iterations for SNGAN (CIFAR-10), SNGAN (STL-10), BigGAN (CIFAR-10),
and BigGAN (TinylmageNet), respectively.

Hyper-parameters for ADAPT;¢. The density/connections update frequency of the discriminator
ATp is 2000, 2000, 5000, and 10000 iterations for SNGAN (CIFAR-10), SNGAN (STL-10),
BigGAN (CIFAR-10), and BigGAN (TinyImageNet), respectively.

Note that we compute BR for every iteration to visualize the BR evolution, whereas one should note
that such computational cost can be greatly decreased if BR is computed every few iterations.

C Algorithms
In this section, we present the detailed algorithms for DDA, ADAP Tyejax, and ADAP Tyict.

C.1 Dynamic adjust algorithm
We first present DDA in[Algorithm 1]

Algorithm 1 Dynamic density adjust (DDA) for the discriminator.

Require: Generator G, discriminator D, BR upper bound B and lower bound B_, DA interval ATp, density
increment Ad, current training iteration .
ift mod ATp == 0 then
Compute time-averaged BR with [Equation 3|
if BR > B then
Increase the density of discriminator from dp to dp + Ad.
else if BR < B_ then
Decrease the density of discriminator from dp to dp — Ad.
end if
end if

PRI

C.2 Relaxed balanced dynamic sparse training algorithm

Details of ADAP Tyejax algorithm is presented in

C.3 Strict balanced dynamic sparse training algorithm

Details of ADAP Ty algorithm is presented in|Algorithm 3
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Algorithm 2 Relaxed balanced dynamic sparse training (ADAP Tyejax) for GAN.

Require: Generator G, discriminator D, total number of training iterations 7', number of training steps for
discriminator in each iteration N, discriminator adjustment interval ATp, DST interval for the generator
ATg, density increment Ad, target generator density dg, BR upper bound B and lower bound B_.

1: Set initial discriminator density dp = dg

2: fortin[l,---,T]do

3 fornin[l,---,N]do

4 Compute the loss of discriminator £p(0p)
5 Lp(0p).backward()

6:  end for

7:  ift mod ATp == 0 then

8 Compute the loss of generator L (0¢)

9 La(0¢c).backward()

10: Compute time-averaged BR with [Equation 3]

11: if BR > By then

12: Increase the density of discriminator from dp to min(100%, dp + Ad).
13: else if BR < B_ then

14: Decrease the density of discriminator from dp to max(0%, dp — Ad).
15: end if

16:  endif

17: if t mod ATg == 0 then

18: Apply DST to G

19:  endif

20: end for

Algorithm 3 Strict balanced dynamic sparse training (ADAP Tic) for GANS.

Require: Generator G, discriminator D, total number of training iterations 7', number of training steps for
discriminator in each iteration IV, given maximal density of discriminator dmax, discriminator adjustment
interval ATp, DST interval for the generator AT, density increment Ad, target generator density dg, BR
upper bound B and lower bound B_.

1: Set initial discriminator density dp = da
2: fortin[l,---,T]do
3: fornin[l,---,N]do
4: Compute the loss of discriminator £Lp(6p)
5: Lp(0p).backward()
6:  end for
7:  ift mod ATp == 0 then
8: Compute the loss of generator L (0¢)
9: La(0¢c).backward()
10: Compute time-averaged BR with [Equation 3|
11: if BR > B, and dp < dmax then
12: Increase the density of discriminator from dp to min(dmax, dp + Ad).
13: else if BR > B, and dp == dmax then
14: Apply DST to D
15: else if BR < B_ then
16: Decrease the density of discriminator from dp to max(0%, dp — Ad).
17: end if
18:  endif
19: if t mod ATg == 0 then
20: Apply DST to G
21:  endif
22: end for
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Figure 5: Balance ratio and discriminator density evolution during training for ADAP Tyejax 0n BigGAN
(CIFAR-10). Dashed lines represent BR values of 0.45 and 0.55.
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Figure 6: Balance ratio and discriminator density evolution during training for ADAP T on BigGAN
(CIFAR-10). Dashed lines represent BR values of 0.45 and 0.55.

D ADAPT balance ratio evolution

In this section, we show that ADAPT methods are able to maintain a BR throughout training. We
show the time evolution of BR and discriminator density for BigGAN on the CIFAR-10 dataset.

Results of ADAP Tejax and ADAP Tyyice are shown in|[Figure 5|and [Figure 6] It clearly illustrates the
ability of ADAPT to keep the BR controlled during GAN training.
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Table 6: FID (|) of different sparse training methods along with post-hoc pruning baseline with no
constraint on the density of the discriminator. Best results are in bold; second-best results are
underlined.

Dataset CIFAR-10 (SNGAN) STL-10 (SNGAN) CIFAR-10 (BigGAN)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 10.74 29.71 8.11

Post-hoc pruning 20.89 14.07 1299 1190 57.28 37.12 3198 29.70 1544 1084 9.65 877
STATIC-Balance 2675 19.04 15.05 1224 48.18 44.67 4173 37.68 1698 12.81 1033 8.47
STATIC-Strong 26.79 19.65 1438 1191 5248 4385 42.06 3747 2348 1426 11.19 8.64
 SDST-Balance-SET 2623 17.79 1321 11.79 5641 46.58 3993 3037 1241 987 9.13 8.01

+ SDST-Strong-SET 16.49 1336 11.68 10.68 67.37 49.96 3799 31.08 1894 9.64 875 8.36
e SDST-Balance-Rigl.  27.06 1636 14.00 1228 43.08 3390 31.83 3030 1245 942 886 8.03
e SDST-Strong-RigL 17.02 13.86 1251 1135 53.65 3325 3141 30.18 10.58 9.11 8.69 833

ADAPT ¢jax (Ours) 1419 13.19 1238 10.60 3598 33.06 31.71 2996 10.19 856 836 822

E More experiment results

E.1 IS and FID for the CIFAR-10 dataset

In this section, we present corresponding IS scores results for[Table 1|and [Table 2] The results are
shown in [Table 8] and [Table 9} respectively. We also include FID results of CIFAR-10 test set in
[Table 10

E.2 Naively applying DST to both the generator and the discriminator

In this section, we follow STU-GAN to compare the baseline where applying DST on both generators
and discriminators. We name it DST-bothGD.

We test on SNGAN (CIFAR-10) with ATp = 1000, AT = 500, and v = 0.5. Note that we use the
balance strategy where dg = dp. The reason is that the strong strategy uses a dense discriminator,
and it does not make sense to apply DST to a dense network.

We show the results in[Table 7] It shows that it generates unstable results and consistenly performs
worse than SDST-Strong. So we do not compare such baseline in the main body of the paper.

E.3 Post-hoc pruning baseline

In this section, we compare different sparse training methods with post-hoc magnitude pruning [68]]
baseline. Magnitude pruning involves first training a dense generator, then pruning its weights globally
based on their magnitudes. The pruned generator is then fine-tuned with the dense discriminator.
We perform additional fine-tuning for 50% of the original total iterations. Results are presented in
[Table 6

Our experimental results clearly demonstrate the advantages of dynamic sparse training over post-
hoc magnitude pruning. The latter typically requires around 150% normalized training FLOPs,
while DST methods constantly achieve comparable or better performance with significantly reduced
computational cost.

F A detailed comparison of training costs

In this section, we include the detailed computational cost of all sparse training methods. More
specifically, we take into account the density redistribution over different layers in this section.
Also, we make an assumption that the computational overhead introduced by computing BR can be
neglected

Here we provide training costs for the strict setting in

“This is true if we compute BR less frequently.
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Table 7: FID (]) of different sparse training methods on CIFAR-10 datasets with no constraint on the
density of the discriminator. Best results are in bold; second-best results are underlined.

Dataset CIFAR-10
Generator density 10% 20% 30% 50%
(Dense Baseline) 10.74
Static-Balance 26.75 19.04 15.05 12.24
Static-Strong 26.79 19.65 1438 1191
 DST-bothGD-SET 20.57 1490 1258 11.86
e DST-bothGD-RigL 3195 1799 1324 1247
«» SDST-Balance-SET  26.23 17.79 13.21 11.79
+ SDST-Strong-SET 1649 1336 11.68 10.68
e SDST-Balance-Rigl.  27.06 1636 14.00 12.28
o SDST-Strong-RigL 17.02 1386 12.51 11.35
ADAPT,¢jax (Ours) 14.19 13.19 12.38 10.60

Table 8: IS (higher is better) of different sparse training methods. There is no constraint on the density

of the discriminator, i.e., dmax = 100%.

Dataset SNGAN(CIFAR-10) SNGAN(STL-10) BigGAN(CIFAR-10) BigGAN(TinyImageNet)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 8.48 9.16 8.99 14.65
Static-Balance 724 783 806 838 794 819 844 869 799 824 868 890 10.65 1228 1341 13.57
Static-Strong 752 803 832 845 770 822 835 870 775 813 852 899 1045 1256 13.61 13.73
¢ SDST-Balance-SET ~ 7.28 7.89 822 838 843 892 926 931 862 867 882 898 1175 1260 1230 12.21
 SDST-Strong-SET 837 854 857 860 7.65 853 939 921 816 878 885 906 1275 12.84 1246 13.73
e SDST-Balance-RigL.  7.19 794 818 834 898 9.07 9.2 928 864 871 891 893 1267 1332 13.18 13.61
o SDST-Strong-RigL 832 852 859 857 815 9.10 9.16 9.17 865 872 897 9.00 1332 1335 13.60 14.47
ADAPT 15 (Ours) 842 844 854 860 9.08 929 9.06 926 874 9.07 898 9.00 13.09 13.57 13.68 15.77

Table 9: IS (higher is better) of different sparse training methods. The density of the discriminator is

constrained to be lower than dp,,, = 50%.

Dataset SNGAN(CIFAR-10) SNGAN(STL-10) BigGAN(CIFAR-10) BigGAN(TinyImageNet)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 8.48 9.16 8.99 14.65
Static-Balance 724 7.83 806 838 794 819 844 869 799 824 868 890 10.65 1228 1341 13.57
Static-Strong 7.85 8.14 831 838 7.89 822 838 869 775 803 852 890 999 11.61 13.77 1357
« SDST-Balance-SET  7.28 7.89 822 838 843 892 926 931 862 867 882 898 1175 1260 1230 1221
+ SDST-Strong-SET 833 853 840 838 850 877 946 926 855 877 884 898 12.00 1287 12.16 1221
o SDST-Balance-RigL  7.19 794 818 834 898 9.07 9.12 928 864 871 891 893 1267 1332 13.18 13.61
o SDST-Strong-RigL. 824 848 837 834 828 9.05 9.11 928 861 883 884 893 1204 1266 1357 13.61
ADAPTyi¢; (Ours) 827 836 848 847 898 9.7 920 9.19 890 889 892 9.0 13.85 13.61 14.05 1440

Table 10: FID of test set (]) of different sparse training methods on SNGAN (CIFAR-10) dataset.
Best results are in bold; second-best results are underlined.

Maximal discriminator density dpmax 100 % 50 %

Generator density 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 13.32

Static-Balance 29.56 2179 17.80 1494 29.56 21.79 17.80 14.94
Static-Strong 29.50 2245 17.12 1458 24.62 1943 1632 1494
o SDST-Balance-SET 28.84 2031 1595 1435 28.84 20.31 1595 14.35
+ SDST-Strong-SET 19.16 16.12 1445 1350 1838 1533 14.78 14.35
e SDST-Balance-RigL 29.77 19.02 16.68 15.05 29.77 19.02 16.68 15.05
o SDST-Strong-RigL 19.72 1650 1520 14.09 17.92 15.51 1552 15.05
ADAPT 15« (Ours) 16.82 15.85 15.14 13.37 - - - -
ADAPT i (Ours) - - - - 17.19 1557 1492 14.80
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Table 11: FID of test set (]) of different sparse training methods on BigGAN (CIFAR-10) dataset.
Best results are in bold; second-best results are underlined.

Maximal discriminator density dpmax 100 % 50 %

Generator density 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 10.36

Static-Balance 19.58 15.63 13.21 1092 19.58 15.63 13.21 1092
Static-Strong 26.08 15.82 13.47 1095 22.04 1639 13.73 1092
« SDST-Balance-SET 1490 1277 11.82 10.68 1490 12.77 11.82 10.68
+ SDST-Strong-SET 21.63 1192 11.27 10.75 1453 11.83 1096 10.68
e SDST-Balance-RigL 1486 12.03 11.30 10.68 14.86 12.03 11.30 10.68
o SDST-Strong-RigL 1335 11.58 11.00 10.88 12.59 12.03 10.89 10.68
ADAPT 15« (Ours) 12.71 11.02 10.62 10.80 - - - -
ADAPT i (Ours) - - - - 11.83 11.22 1092 10.33

Table 12: Normalized training FLOPs () of different sparse training methods. The density of the
discriminator is constrained to be lower than 50%.

Dataset CIFAR-10 (SNGAN) STL-10 (SNGAN) CIFAR-10 (BigGAN) TinyImageNet (BigGAN)
Generator density 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50% 10% 20% 30% 50%
(Dense Baseline) 100% (2.67 x 10'7) 100% (3.94 x 1017) 100% (6.81 x 10'7) 100% (9.85 x 10'7)
Static-Balance 8.97% 17.08% 2625% 47.25% 21.30% 47.14% 59.22% 73.35% 9.79% 19.02% 28.66% 49.03% 23.25% 44.87% 6091% 79.29%
Static-Strong 30.89% 33.58% 37.17% 47.25% 70.65% 71.48% 72.14% 13.35% 42.66% 43.69% 45.10% 49.03% 41.52% 55.03% 66.29% 79.29%

«SDST-Balance-SET ~ 9.78%  18.91% 28.35% 48.44% 27.55% 47.60% 60.17% 7538% 10.35% 20.12% 29.96% 49.82% 21.13% 37.06% 48.83% 65.58%
+ SDST-Strong-SET 31.87% 3551% 39.53% 48.44% 7095% 71.97% 73.07% 75.38% 43.25% 44.80% 46.42% 49.82% 39.28% 47.31% 54.11% 65.58%
o SDST-Balance-Rigl.  10.71% 17.43% 25.66% 43.56% 29.51% 50.41% 63.34% 79.03% 9.92% 19.30% 28.90% 48.31% 24.97% 43.86% 57.26% 76.75%
o SDST-Strong-RigL. ~ 31.22% 33.93% 36.63% 43.56% 72.95% 75.05% 76.42% 79.03% 42.80% 44.08% 45.37% 48.31% 43.76% 53.71% 63.05% 76.75%

ADAPT ¢ (Ours) 24.23% 27.55% 31.70% 37.83% 5091% 70.18% 75.99% 80.68% 10.32% 23.69% 31.54% 33.83% 34.42% 51.68% 62.34% 77.46%
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