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Figure 1. We introduce Unified GAN Compression (UGC) for compressing image-to-image translation-based GANs. UGC reduces
29.6-63.6× MACs and 50% of data labels while preserving visual fidelity. UGC establishes new state-of-the-art performance across
various model constraints (12-67× MACs), label constraints (10%, 25%, 50%), datasets (Cityscapes (City)[8], Edges2Shoes (E2S)[48])
and generator architectures (ResNet[14, 17], UNet[36, 17]). R0.9G denotes the Resnet-style generator with 0.9G MACs. Our code and
models are made public at: https://github.com/bytedance/UGC

Abstract

Recent years have witnessed the prevailing progress
of Generative Adversarial Networks (GANs) in image-to-
image translation. However, the success of these GAN mod-
els hinges on ponderous computational costs and labor-
expensive training data. Current efficient GAN learning
techniques often fall into two orthogonal aspects: i) model
slimming via reduced calculation costs; ii) data/label-
efficient learning with fewer training data/labels. To com-
bine the best of both worlds, we propose a new learning
paradigm, Unified GAN Compression (UGC), with a uni-
fied optimization objective to seamlessly prompt the syn-
ergy of model-efficient and label-efficient learning. UGC
sets up semi-supervised-driven network architecture search
and adaptive online semi-supervised distillation stages se-
quentially, which formulates a heterogeneous mutual learn-
ing scheme to obtain an architecture-flexible, label-efficient,
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and performance-excellent model. Extensive experiments
demonstrate that UGC obtains state-of-the-art lightweight
models even with less than 50% labels. UGC that com-
presses 40× MACs can achieve 21.43 FID on edges→shoes
with 25% labels, which even outperforms the original model
with 100% labels by 2.75 FID.

1. Introduction

Recently, Generative Adversarial Networks (GANs)[12,
1, 32, 33, 4, 17, 55] have achieved prominent results in
various visual generative tasks, such as image-to-image
translation[17, 44, 30, 55, 7] and style transfer[21, 22,
39, 9]. Albeit with varying degrees of progress, most of
its recent successes rely on explosive computational com-
plexities or extensive labeled images. Training or de-
ploying these excellent GAN models with unwieldy re-
source demands is arduous, especially in the hardware-
constrained[23, 35, 18] or low-data regime[52, 5, 27]. To
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3. Unified GAN Compression

Unified GAN Compression attempts to accomplish
GAN-oriented tasks in the hardware-constrained and label-
limited regime. Conditional GANs[17, 44, 30] aim to learn
a mapping function between a source domain X = {xi}N

i=1

and a target domain Y . In the label-efficient setting, we
construct the labeled (paired) training set A = {xA

i , yA
i }M

i=1

and an unlabeled datasets U = {xU
j }N−M

j=1 . For the label-
efficient setting, we set the labeled proportion (i.e, M

N ) to
10%, 25% and 50% to accomplish the GAN-oriented tasks.

This paper offers the first attempt to integrate model-
efficient and label-efficient algorithms in the GAN tasks,
leveraging network architecture search[4, 43], semi-
supervised learning[2, 40, 45] and distillation algorithm[10,
35, 51] to learn efficient GAN models in a cooperative set-
ting. The whole pipeline of the UGC framework is illus-
trated in Figure 3, which consists of a two-stage training
process. Specifically, semi-supervised-driven network ar-
chitecture search and adaptive online semi-supervised dis-
tillation are introduced in section 3.1 and 3.2, respectively.

3.1. Semi-Supervised Network Architecture Search

Network Architecture Search (NAS)[49, 43] is a widely-
used model slimming technology for GAN-oriented com-
pression. However, previous methods[11, 16, 23, 18] rely
heavily on the labeled dataset, thus constraining the model
performance in the low-annotation regime. To alleviate this
problem, we introduce Semi-Supervised Learning (SSL)
into NAS procedure, which can be regarded as auxiliary su-
pervision to relieve the high dependency on labeled data. As
is shown in Step ① of Figure 3, we construct a depth-width
dynamic supernet as the search space S = {Gi}, Gi is a
sub-network sampled from S. We leverage sandwich train-
ing rule [49] to sample the largest sub-network Gl, smallest
sub-network Gs and a random sub-networks Gr from S,
then formulates the following optimization function:

Lstage1 = LA
sup(Gl) + LU

dist(Gr, Gs) (1)

The largest sub-network Gl is optimized on the labeled
dataset A and other attentively sampled sub-networks are
supervised by distillation loss on the unlabeled dataset U .

Supervised Largest Sub-Network Training. We fol-
low the training scheduler in [17, 44, 30] that employs
paired samples from dataset A to optimize the largest sub-
network Gl. Take Pix2Pix[17] as an example, Gl is trained
to map xA to yA while its corresponding discriminator D
is optimized to distinguish the fake images generated by Gl

from the real images:

LGAN (Gl, D) =ExA,yA [log D(xA, yA)]

+ ExA [log(1 − D(xA, Gl(x
A))].

(2)

Meanwhile, a reconstruction loss is introduced to push
the output of Gl to be close to the ground truth yA:

LRecon(Gl) = ExA,yA [∥ yA − Gl(x
A) ∥1]. (3)

To sum up, the supervised loss function LA of Gl is:

LA
sup(Gl) = arg min

Gl

max
D

LGAN (Gl, D)

+ λreconLRecon(Gl)
(4)

Semi-supervised Sub-Networks Training. To reduce
training dependency on target domain images, we randomly
sample a middle-sized sub-network Gr and the smallest
sub-networks Gs[49] from the search space S. Then we
conduct an online distillation[35, 26] on U to capture com-
plementary concepts from unlabeled images.

Specifically, we feed source domain images xU from 4.3
to Gl to generate the pseudo paired target domain images
ŷ = Gl(x

U ). Then semi-supervised learning is conducted
via online distillation loss LOD, where Gl guides the opti-
mization direction of sub-networks Gr and Gs step by step.
This progressive guidance technique ensures sub-networks
are no longer deeply bound with the discriminator, which
can train more flexibly and obtain further compression:

LU
dist(Gr, Gs) = LOD(Gl(x

U ), Gr(xU ))

+ LOD(Gl(x
U ), Gs(xU ))

(5)

We utilize the distillation loss in OMGD [35] as our
LOD, which is composed by Structural Similarity (SSIM)
Loss[46], Perceptual Losses[19] and Total Variation
Loss[37].

In short, Gl is trained on A and supervises sub-networks,
while sub-networks absorb knowledge from U and further
promote Gl via a weight-sharing mechanism. This mutual
assistant strategy between sub-networks and the largest net
promotes the whole super-network in a progressive collab-
orative way, which overcomes the first challenge that facili-
tates model-data mutual learning in a unified framework.

3.2. Adaptive Online Semi-Supervised Distillation

As summarized in [23, 18], the fine-tuning procedure
helps to further boost the target generation capability. So
we follow [35] to conduct an online multi-teachers distilla-
tion to facilitate lightweight GAN learning. We evolution-
ary search student and teacher models from S in the first
stage and conduct an adaptive online multi-teachers distilla-
tion fine-tuning scheme to achieve better performance in the
second stage. Online distillation formulates the optimiza-
tion of the student model in the discriminator-free setting,
where the teacher model guides the student model progres-
sively and steadily. The adaptive semi-supervised online
KD loss consists of a supervised part and a semi-supervised
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