




pixels in the images with an attention module [9]. Spade
module is introduced in GauGAN to avoid the loss of se-
mantic information in batch normalization layers [39]. Re-
cently, researchers find that the perfect reconstruction in Cy-
cleGAN may be too difficult to achieve [36]. To address
this issue, Park et al. introduce the patch-wise contrastive
learning which improves the generation quality, stabilizes
the training process, and reduces the training time, sim-
ulanteously [38]. The high-resolution and photo-realistic
generated images come at the expense of intensive com-
putation and massive parameters. To tackle this challenge,
fruitful compression methods such as network pruning and
network architecture search have been proposed recently.
Li et al. propose the GAN Compression, which applies
once-for-all search to find the best tiny GAN architec-
ture [23]. Jin et al. introduce an inception-based residual
block into generators and further compress them with chan-
nel pruning [19]. Liu et al. propose the Content-Aware
GAN Compression, which enables GANs to maintain the
content of crucial regions during compression [32]. Li et
al. propose to revisit the role of discriminator in GAN com-
pression with a selective activation discriminator [24].

2.2. Knowledge Distillation

Knowledge distillation, which aims to facilitate the train-
ing of a lightweight student model under the supervision
of a cumbersome teacher model, has been considered as
an effective approach for both model compression and
model accuracy boosting. The idea of employing a teacher
model to train a student model is first proposed by Bu-
ciluǎ et al. for ensemble model compression [5]. Then
Hinton et al. propose the concept of knowledge distilla-
tion, which introduces a hyper-parameter named temper-
ature in softmax to soften the distribution of teacher log-
its [14]. Recently, abundant methods have been proposed
to distill the knowledge in the intermediate features [52,54]
and their relation [40, 45]. Besides image classification, re-
cent works have also successfully applied knowledge dis-
tillation to more challenging tasks such as object detec-
tion [3, 53], semantic segmentation [31], pre-trained lan-
guage models [42,50], machine translation [27], distributed
training [37], multi-exit models [56] and so on.

However, the effect of knowledge distillation on GANs
for image-to-image translation has not been well-studied.
Existing research shows that directly minimizing the dis-
tance between the generated images of students and teach-
ers does not improve but sometimes harms the perfor-
mance of students [26]. A few previous methods have
tried to apply the classification-based knowledge distillation
to image-to-image translation but earned very limited im-
provements. For instance, Li et al. propose to minimize the
distance between intermediate features of teacher and stu-
dent GANs [23] and Li et al. have tried to distill the seman-

tic relation between the features of different patches [26].
Recently, Chen et al. propose an overall knowledge distil-
lation framework on GANs by distilling both the generator
and the discriminator [6]. Jin et al. propose to distill gen-
erators with global kernel alignment on intermediate fea-
tures [19], which boosts student performance without intro-
ducing additional layers. The main difference between our
method and the previous GAN knowledge distillation meth-
ods is that our method distills the generated images instead
of the intermediate features. As a result, our method is or-
thogonal to the previous methods, and it can be utilized with
previous methods to achieve better performance.

2.3. Wavelet Analysis in Deep Learning

Compared with the other frequency analysis methods
such as Fourier analysis, wavelet transformation can cap-
ture both the spatial and the frequency information in the
sign and is thus considered as a more effective method in
image processing [33]. Along with the success of deep
learning, fruitful methods have been proposed to apply
wavelet methods into neural networks for different targets.
Williams et al. propose the wavelet pooling which replaces
the max and average pooling with discrete wavelet trans-
formation to preserve the global information of images dur-
ing down sampling [49]. Chen et al. propose wavelet-like
auto-encoder, which compresses the original image into two
low-resolution images to accelerate the inference computa-
tion [8]. Liu et al. introduce wavelet transformation to the
convolutional neural networks to leverage the spectral in-
formation in texture classification [12].

Recent works have also applied wavelet analysis to the
image-to-image translation tasks. Huang et al. first propose
the wavelet-SRNet, which performs single image super-
resolution by predicting the wavelet coefficients of high-
resolution images [15]. Inspired by the architecture of U-
Net, Liu et al. apply the wavelet package in convolu-
tional neural networks to obtain a large receptive field ef-
ficiently [29]. To the best of our knowledge, this paper is
the first work which applies wavelet analysis to knowledge
distillation and GANs compression.

3. Methodology

3.1. Wavelet Analysis

Given a function ψ, let X (ψ) be the collection of the
dilations and shift of ψ:

X (ψ) = {ψjk = 2−j/2ψ(2−jx− k)| j, k ∈ Z}, (1)

where ψ is the orthogonal wavelet if X (ψ) forms a ba-
sis in L2 spaces. Discrete wavelet transformation (DWT)
is a mathematical tool for pyramidal image decomposi-
tion. With DWT, each image can be decomposed into
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Table 1. Experiment results on paired image-to-image translation on Edges→Shoes with Pix2Pix and Pix2PixHD. A lower FID is better
performance. ∆ indicates the performance improvements compared with the origin student. Each result is averaged over 8 trials.

Pix2PixHD Pix2Pix

#Params (M) FLOPs (G) Method Metric #Params (M) FLOPs (G) Method Metric

FID↓ ∆ ↑ FID↓ ∆ ↑

45.59 48.36 Teacher 41.59±0.42 – 54.41 6.06 Teacher 59.70±0.91 –

1.61
28.32×

1.89
25.59×

Origin Student 44.64±0.54 –

13.61
4.00×

1.56
3.88×

Origin Student 85.06±0.98 –
Hinton et al. [14] 45.31±0.63 -0.67 Hinton et al. [14] 86.97±3.49 -1.91
Zagoruyko et al. [52] 44.21±0.72 0.43 Zagoruyko et al. [52] 84.25±2.08 0.81
Li and Lin et al. [23] 44.03±0.41 0.61 Li and Lin et al. [23] 83.63±3.12 1.43
Li and Jiang et al. [26] 43.90±0.36 0.74 Li and Jiang et al. [26] 84.01±2.31 1.05
Jin et al. [19] 43.97±0.17 0.67 Jin et al. [19] 84.39±3.62 0.67
Ahn et al. [1] 44.53±0.48 0.11 Ahn et al. [1] 84.92±0.78 0.14
Ours 42.53±0.29 2.11 Ours 80.13±2.18 4.93

Table 2. Experiment results on unpaired image-to-image translation on Horse→Zebra and Zebra→Horse with CycleGAN. A lower FID
is better. ∆ indicates the performance improvements compared with the origin student. Each result is averaged over 8 trials.

Horse→Zebra Zebra→Horse

#Params (M) FLOPs (G) Method Metric #Params (M) FLOPs (G) Method Metric

FID↓ ∆ ↑ FID↓ ∆ ↑

11.38 49.64 Teacher 61.34±4.35 – 11.38 49.64 Teacher 138.07±4.01 –

0.72
15.81×

3.35
14.82×

Origin Student 85.04±6.88 –

0.72
15.81×

3.35
14.82×

Origin Student 152.67±9.63 –
Hinton et al. [14] 84.08±3.78 0.96 Hinton et al. [14] 148.64±1.62 4.03
Zagoruyko et al. [52] 81.24±2.01 3.80 Zagoruyko et al. [52] 148.92±1.20 3.75
Li and Lin et al. [23] 83.97±5.01 1.07 Li and Lin et al. [23] 151.32±2.31 1.35
Li and Jiang et al. [26] 81.74±4.65 3.30 Li and Jiang et al. [26] 151.09±3.67 1.58
Jin et al. [19] 82.37±8.56 2.67 Jin et al. [19] 149.73±3.94 2.94
Ahn et al. [1] 82.91±2.41 2.13 Ahn et al. [1] 150.31±3.55 2.36
Ours 77.04±3.52 8.00 Ours 146.01±1.86 6.66
Ours + Li and Lin et al. 76.40±3.17 8.64 Ours + Li and Lin et al. 145.96±1.92 6.71

1.61
7.08×

7.29
6.80×

Origin Student 70.54±9.63 –

1.61
7.08×

7.29
6.80×

Origin Student 141.86±1.57 –
Hinton et al. [14] 70.35±3.27 0.19 Hinton et al. [14] 142.03±1.61 -0.17
Zagoruyko et al. [52] 67.51±4.57 3.03 Zagoruyko et al. [52] 141.23±1.88 0.63
Li and Lin et al. [23] 68.58±4.31 1.96 Li and Lin et al. [23] 141.32±1.27 0.54
Li and Jiang et al. [26] 68.94±2.98 1.60 Li and Jiang et al. [26] 151.09±3.67 1.58
Jin et al. [19] 67.31±3.01 3.23 Jin et al. [19] 140.98±1.41 0.88
Ahn et al. [1] 69.32±5.89 1.22 Ahn et al. [1] 141.50±2.51 0.36
Ours 61.65±4.73 8.89 Ours 138.84±1.47 3.02
Ours + Li and Lin et al. 60.13±4.08 10.41 Ours + Li and Lin et al. 138.52±0.95 3.34

four bands, including LL, LH, HL and HH, where LL in-
dicates the low frequency band and the others are high
frequency bands. The LL band can be further decom-
posed by DWT into LL2, LH2, HL2 HH2 and so on. De-
note DWT as Ψ(·), then the high frequency and the low
frequency bands of an image x can be written as ΨH(x)
and ΨL(x), respectively. More specifically, in this pa-
per, we apply 3-level discrete wavelet transformation in all
the experiments. ΨL(x) indicates LL3 band. ΨH(x) =
{HL3, LH3, HH3, HL2, LH2, HH2, HL1, LH1, HH1}.

3.2. Knowledge Distillation

Revisit Knowledge Distillation for Classification At the
beginning of this subsection, we revisit the formulation of

knowledge distillation on classification [14]. Given a set
of training samples X = {x1, x2, ..., xn} and their labels
Y = {y1, y2, ..., yn}, denoting the networks of the student
and the teacher as fs and ft, the loss function of the student
can be formulated as LStudent = α·LCE+(1−α)·LKD, where
LCE indicates the cross-entropy loss between the prediction
f(x) and its label y. α ∈ (0, 1] is a hyper-parameter to
balance two loss items, and LKD indicates the knowledge
distillation loss.

On classification tasks, LKD can be formulated as

LKD =
1

n

n∑
i

KL
(

softmax
(
ft(xi)

τ

)
, softmax

(
fs(xi)

τ

))
, (2)

where KL indicates the Kullback-Leibler divergence,
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Figure 4. Qualitative experiments on the other datasets: Winter→Summer (subfig. a-b), Summer→Winter (subfig. d-e), Apple→Orange
(subfig. c), Photo→Monet (subfig. f), Cityscapes (subfig. g), Facades (subfig. h) and Maps (subfig. i).

Table 3. Paired image-to-image translation experiment results on
Cityscapes with Pix2Pix. A higher mIoU is better. ∆ indicates
the performance improvements compared with the origin student.
Each experiment is averaged over 8 trials.

#Params (M) FLOPs (G) Method Metric

mIoU↑ ∆ ↑

54.41 96.97 Teacher 46.51±0.32 –

13.61 4.00× 24.90 3.88×

Origin Student 41.35±0.22 –
Hinton et al. [14] 40.49±0.41 -0.86
Zagoruyko et al. [52] 40.17±0.36 -1.18
Li and Lin et al. [23] 41.52±0.34 0.17
Li and Jiang et al. [26] 41.77±0.30 0.42
Jin et al. [19] 41.29±0.51 -0.06
Ahn et al. [1] 41.88±0.45 0.53
Ours 42.93±0.25 1.58

4. Experiment
4.1. Experiment Settings

Models and Datasets Experiments are mainly conducted
with three models including Pix2Pix [17], CycleGAN [59]
and Pix2PixHD [48]. Our teacher is the original model
with the setting from their released codes (ngf=64)2. The
student model has the same architecture and depth but
fewer channels (ngf=32/24/16) compared with its teacher.
Quantitative experiments have been conducted on Horse
→Zebra, Edge→Shoe and Cityscapes [11]. Besides, we
also conduct qualitative experiments on Winter→Summer,
Summer→Winter, Apple→Orange, Photo→Monet, Fa-
cades and Maps [16, 58].

Evaluation Settings Following previous works [19], we
adopt Fréchet Inception Distance (FID) and mIoU as the
performance metrics on Cityscapes and the other datasets.
A lower FID and a higher mIoU indicate that the generated
images have better quality. Please refer to the codes in the
supplementary material for more details.

2“ngf” indicates “number of generator filters”

4.2. Quantitative Results

The quantitative experiment results on paired and un-
paired image-to-image translation have been shown in Ta-
ble 1 and Table 2, respectively. Experiments on Cityscapes
have been shown in Table 3. It is observed that: (a) Di-
rectly applying the native knowledge distillation (Equa-
tion 3) to GANs sometimes leads to performance degrada-
tion. For instance, there are 1.91 and 0.67 FID increments
(performance degradation) on Edges→Shoes with Pix2pix
and Pix2PixHD, respectively. (b) In contrast, our method
achieves consistent and significant performance improve-
ments on all the datasets and models, which outperforms
the other GAN knowledge distillation methods by a clear
margin, e.g. 3.78 FID lower than the second-best method
on CycleGAN, on average. (c) On Horse→Zebra and
Zebra→Horse, the student models trained with our method
achieve almost the same FID with the teacher model, which
indicates 7.08× compression and 6.80× acceleration with
almost no performance degradation. (d) Compared with
the students trained without knowledge distillation, the dis-
tilled students usually not only achieve lower FID, but also
tend to have lower FID standard deviation, which shows that
knowledge distillation may stabilize the training of GANs.
(e) Our method and previous feature knowledge distillation
method can be utilized together, which further leads to 0.63
FID reduction on CycleGAN on average.

4.3. Qualitative Results

The qualitative results of CycleGAN on Horse→Zebra
(a-d) and Pix2Pix on Edges→Shoes (e-h) have been shown
in Figure 3. It is observed that:(a) On Horse→Zebra, the
baseline model can not transform the whole body of horses
to zebras (e.g. subfigures a, b and c). Besides, the generated
stripes of zebras are chaotic and unnatural (e.g. subfigure d).
This problem also exists in the other knowledge distillation
methods (e.g. subfigure c). In contrast, the images gener-
ated by the distilled students don’t have these issues. (b) On
Edges→Shoes, the generated images from distilled students
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