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ABSTRACT

Over-fitting-based image compression requires weights com-
pactness for compression and fast convergence for practical
use, posing challenges for deep convolutional neural networks
(CNNs) based methods. This paper presents a simple re-
parameterization method to train CNNs with reduced weights
storage and accelerated convergence. The convolution ker-
nels are re-parameterized as a weighted sum of discrete co-
sine transform (DCT) kernels enabling direct optimization in
the frequency domain. Combined with L1 regularization, the
proposed method surpasses vanilla convolutions by achiev-
ing a significantly improved rate-distortion with low compu-
tational cost. The proposed method is verified with extensive
experiments of over-fitting-based image restoration on vari-
ous datasets, achieving up to -46.12% BD-rate on top of HEIF
with only 200 iterations.

Index Terms— Image Compression, Over-fitting based
Compression, Convolutional Neural Networks, Rate-Distortion

1. INTRODUCTION

Image compression using deep CNNs has been rapidly devel-
oped in recent years. Most existing works focus on learning
a representation that can be efficiently compressed for trans-
mission and storage [1]. This kind of methods require train-
ing on large scale datasets and may not perform well if the
image to be compressed is not from the same distribution of
training data. To avoid the potential bad performance on out-
of-distribution samples as well as to better utilize the fitting
ability of deep CNNs, it’s a natural idea to over-fit particu-
lar data and transmit both the representation and the weights
bond to it. Over-fitting based methods have received much
less attention compared to learned image compression due to
the limitations on both weights storage and training computa-
tion cost. Existing over-fitting based methods all focus on
reducing the weights storage for efficient transmission and
storage. To the best of the authors’ knowledge, the second
limitation on training efficiency has never been studied.

This work aims to tackle both the limitations for the first
time, and explores a different direction from prior works.
Inspired by the energy compaction property of discrete co-
sine transform (DCT) [2], we propose Frequency-Aware
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Fig. 1. R-D curve of an image from CLIC professional.

Re-parameterization (FAR) that re-parameterizes the convo-
lution kernels by the weighted sum of DCT kernels such that
the weights of CNNs can be optimized directly in frequency
domain. CNNs based on this simple design converges much
faster in training by better capturing the high frequency com-
ponents. Accompanied with L1 regularization, the method
achieves both a high weights sparsity and fast convergence
without sacrificing much expressive power. Figure 1 is an
example illustrating the rate-distortion (R-D) curves of peak
signal-to-noise ratio (PSNR) comparing FAR and vanilla
convolution. The red curve represents an image compressed
by JPEG at different qualities. The blue and green curves
are the same images restored by over-fitting using FAR and
vanilla convolution, respectively. The corresponding BD-
rates of both compared to JPEG are shown in the label.
We can clearly see that the images restored by FAR has a
much better rate-distortion curve than the images restored
by vanilla CNNs, indicating much better expressive powers
with the same compressed weights sizes. We further verified
the advantages of FAR by extensive experiments conducted
on various datasets with popular image codecs. For all the
datasets and image codecs, FAR outperforms vanilla con-
volution measured by the BD-rates in terms of PSNR and
multi-scale structural similarity index measures (MS-SSIM).

The contribution of this paper is two-fold: 1) We propose
a simple method, called frequency-aware re-parameterization
(FAR), to diminish the two limitations for over-fitting based
image/video compression; 2) Extensive experiments con-
ducted on various datasets and codecs to verify the effective-
ness of the proposed method.
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2. RELATED WORKS

Most existing over-fitting based methods study fine-tuning
from a pre-trained post-filtering network to restore on top of
conventional codecs. Lam et al. proposed to compress weight
updates instead of the whole weights [3]. The strategy is later
extended by fine-tuning only a part of the weights [4, 5, 6, 7].
It can also be combined with super-resolution task [8, 9] or
a jointly learned representation [10]. Recent works also ex-
plored over-fitting without a pre-trained global model. Video
restoration by over-fitting is studied in [11]. Mikami et al.
proposed an approach to over-fit an image using a small-scale
auto-encoder and verified on large images [12]. This work
differs from the above by re-parameterizing convolution to
improve both the weights compression and training efficiency,
and it is supposed to benefit all the works above.

The effectiveness of DCT for NN weights compression
has been studied before. Ko et al. implicitly makes use of
DCT to compress NN weights as a JPEG image [13]. Ulicny
et al. use DCT kernels followed by 1×1 convolutions to re-
place the conventional convolution layer with reduced redun-
dancy [14]. Their following work applies DCT on reshaped
and reordered weight tensors for low-rank pruning and com-
pression [15]. DCT for both CNNs compression and running
efficiency is studied in [16]. FAR shares the weights com-
pression by DCT with previous works. The key difference is
that our method optimizes and regularizes weights directly in
frequency domain via DCT kernels.

This work is benefited from DCT not only in compression
but also in training convergence. Traditional deep NNs tend to
fit lower frequency components first, which is called spectral
bias [17] or F-principle [18]. Our experiments suggest that by
training in frequency domain, the over-fitting is less impacted
by the spectral bias and results in a much better convergence.

3. METHOD

3.1. Frequency-Aware Re-parameterization

The idea is to replace the standard basis of a convolution ker-
nel with basis of frequencies. Denote convolution kernels
with M input channels, N output channels, and H ×W size
as K ∈ RM×N×H×W . A kernel Dijhw of the orthogonalized
DCT-II [2] at subband i, j ∈ H ×W is expressed as

Dijhw =
cicj√
HW

cos

(
(2h+ 1)

2H
iπ

)
cos

(
(2w + 1)

2W
jπ

)
(1)

, where ck = 1 if k = 0 else
√
2. Then the convolution ker-

nels are re-parameterized as the weighted sum over H × W
subbands

Kmnhw =

H−1∑
i=0

W−1∑
j=0

VmnijDijhw (2)
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Fig. 2. Illustration of re-parameterizing a kernel of a 3×3
convolution as the weighted sum of 9 DCT kernels

, where V ∈ RM×N×H×W is the weight of the convolution
using FAR. We illustrate the idea with an example of 3×3
convolution in Fig. 2.

FAR can be easily implemented with popular deep learn-
ing frameworks. It is equivalent to an inverse DCT such that
the training is performed in frequency domain. The networks
using FAR are trained with L1 regularization, which is veri-
fied in training sparse DNNs for compression [19].

3.2. Behaviors in Frequency Domain

A toy example comparing the frequency domain behaviors of
FAR and vanilla convolution is demonstrated in this section.
We train a three-layer CNN with two 512 intermediate chan-
nels activated by ReLU to restore an image of 256×256 by
over-fitting. The input image is compressed by JPEG at a
quality of 15. The network is trained 100,000 iterations using
Adam [20] at a learning rate of 1e-5. The kernel size of both
FAR and vanilla convolution is 3×3.

To check how the different frequency components in the
restored image change over training, we decompose the image
using a 4×4 DCT and plot the mean absolute values at each
subband in Fig. 3. The image restored by vanilla convolu-
tion exactly follows the spectral bias that the high-frequency
components converge much slower than low-frequency com-
ponents. The FAR based network is less impacted by the
spectral bias. The mean absolute coefficients for most high-
frequency components converge much faster than vanilla con-
volution based network. The different behavior can be visu-
ally observed in Fig. 4 that the images restored by FAR are
always sharper, particularly at early iterations.

We also checked the training dynamics by visualizing the
weights updates in frequency domain. Figure 5 demonstrates
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Fig. 3. Mean Absolute Coefficients at Different Frequencies.
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Fig. 4. PSNR & The Restored Images at Different Iterations.
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Fig. 5. Weights Updates at Different Frequencies

the mean absolute change of the DCT coefficients of the 3×3
convolutions at each iteration. We can see that the magnitudes
of the weights update of FAR are more uniformly distributed
over all subbands, while vanilla convolution updates more to
the low-frequency subbands for most iterations. The results
demonstrated in Fig. 3, Fig. 4 and Fig. 5 all suggest that FAR
better learns information distributed accross frequencies.

4. EXPERIMENTS

4.1. Setup

The proposed method is verified with over-fitting based im-
age restoration. Each image compressed by a conventional
codec is over-fitted and compared by a network using FAR
and vanilla, respectively. Kodak1, Tecnick2 and CLIC3 2020
are evaluated with JPEG (cjpeg 9e), HEIF (HEVC, libheif
1.12) and VVC (intra mode, VTM 19.0).

The architecture of the image restoration network is
shown in Fig. 6. We follow [11] by taking multi-scaled
images as inputs. The major difference from both [11] and
the toy example in 3.2 is that the network over-fits the com-
pression residual rather than the raw image. We found that
over-fitting residual results in both better compression and

1https://r0k.us/graphics/kodak
2https://testimages.org/sampling
3http://compression.cc

C
on

ca
t

Bulk

Bulk

Bulk

C
on

v 
1x

1

2x down

4x down

R
eL

U

In
st

. n
or

m

C
on

v 
3x

3

R
eL

U

In
st

. n
or

m

C
on

v 
3x

3

C
on

v 
3x

3

N Channels N Channels

Bulk

3 Channels3 Channels

2x up

4x up

down: average pooling
up: bilinear interpolation

Fig. 6. Network architecture for image restoration. The
weights of the bulk are shared for inputs at different scales.

convergence for both FAR and vanilla convolution. The bulk
of the proposed network is a three-layer CNN with an equal
number of channels (N) for the intermediate features. We use
instance normalization without affine transform before ReLU
as we found it further improves the convergence for both
FAR and vanilla convolution. To make a fair comparison, the
weight of FAR is initialized by projecting the same weights of
vanilla convolution to frequency domain. The default number
of channels used for JPEG, HEIF and VVC are 64, 32, and
16, respectively. For Kodak the number is halved as it has
smaller images. For JPEG and HEIF the qualities are 15,
40, 65, 90. For VVC the QPs are 37, 32, 27, 22. The pixel
formats evaluated are YUV420 and YUV444.

The training objective is the mean-square error between
the restored image and the raw image. The network is trained
by Adam optimizer for 200 iterations with an L1 penalty of
1e-3 and a linearly decayed learning rate starting from 0.05.
After training, the weights are quantized and compressed by
DeepCABAC [21]. The quantization step size is calculated
as |V|max /L, where L=127 is used in our experiments. Then
the quantized weights are loaded back for measuring PSNR,
MS-SSIM for the corresponding R-D curves, and BD-rates.

4.2. Result

The results comparing the BD-rates of FAR and vanilla con-
volution are listed in Table 1. FAR overwhelms vanilla con-
volution in all the evaluations. Vanilla convolution failed to
optimize R-D in many cases (red in Table 1), while FAR only
failed to optimize MS-SSIM for VVC(4:4:4) compressed Ko-
dak images. This limits the practical use of small images
with highly optimized image codecs. For other cases FAR
is promising for further image compression on top of the con-
ventional image codecs. An example R-D curve from the re-
sults is shown in Fig. 1.

Figure 7 shows the restored image samples and the same
images compressed by the same codec at approximately the
same bits per pixel (BPP). We can find that different kinds of
artifacts by conventional codecs are removed and it results in



Table 1. BD-rates of over-fitting based image restoration. Bold indicates better and red indicates the result is worse than the
corresponding codec. CLIC-M and CLIC-P are CLIC mobile and CLIC professional, respectively

PSNR MS-SSIM
Kodak Tecnick CLIC-M CLIC-P Kodak Tecnick CLIC-M CLIC-P

FAR vanilla FAR vanilla FAR vanilla FAR vanilla FAR vanilla FAR vanilla FAR vanilla FAR vanilla
JPEG 420 -19.78 -6.39 -41.60 -13.50 -24.22 -3.79 -30.73 -11.62 -14.79 -5.07 -37.52 -12.50 -20.80 -4.41 -26.73 -11.44
JPEG 444 -15.56 -3.29 -30.29 -2.21 -19.22 -0.72 -22.83 -4.11 -6.32 0.99 -26.28 -2.37 -14.53 -0.53 -16.34 -3.94
HEIF 420 -19.23 -14.63 -46.12 -25.98 -20.62 -10.51 -30.46 -20.25 -2.01 2.02 -27.49 -4.92 -7.51 3.01 -20.24 -9.13
HEIF 444 -7.94 -3.98 -18.04 1.41 -6.02 0.71 -13.00 -3.36 -0.38 4.42 -15.39 8.05 -4.38 5.88 -15.84 -3.55
VVC 420 -12.30 -9.33 -29.83 -20.67 -16.38 -12.11 -19.95 -15.60 -4.04 -0.85 -9.80 -1.13 -4.90 -0.41 -10.18 -5.77
VVC 444 -0.46 1.29 -4.52 2.05 -2.45 -0.01 -3.20 -0.22 1.43 2.86 -1.20 4.58 -0.88 1.56 -2.39 0.39

JPEG 4:2:0 
33.05 dB, 0.337 bpp

JPEG 4:2:0 + FAR 
35.67 dB, 0.330 bpp RAW

HEIF 4:2:0 
33.85 dB, 0.0730 bpp

HEIF 4:2:0 + FAR 
34.35 dB, 0.0725 bpp RAW

VVC 4:2:0 
28.60 dB, 0.192 bpp

VVC 4:2:0 + FAR 
30.20 dB, 0.190 bpp RAW

Blocking Artifacts

Ringing Artifacts

Chroma Subsampling Artifacts

Fig. 7. Image samples comparing FAR with image codecs.

much better visual quality.

4.3. Convergence

The BD-rates of both FAR and vanilla convolution with dif-
ferent total training iterations on CLIC professional are illus-
trated in Fig. 8. FAR shows much better convergence over
vanilla convolution, particularly at fewer total training itera-
tions. Though the gap between FAR and vanilla convolutions
gets smaller as the number of training iterations goes up, FAR
is more practical for implementation as it cost much fewer

JPEG (4:2:0) + FAR
JPEG (4:2:0) + Vanilla

B
D

-R
at

e 
(%

)

−20

0

20

Total # of Iterations
0 200 400 600 800

Fig. 8. BD-rates of PSNR vs. total number of iterations

Table 2. BD-rates with & without L1 regularization.
L1 FAR PSNR MS-SSIM
✓ ✓ -30.73 -26.73

✓ -23.38 -17.34
✓ -11.62 -11.44

4.62 3.27

computations in general to achieve the same BD-rate.

4.4. Ablation Study

L1 regularization is supposed to make both FAR and vanilla
convolution weights sparse. To study its impact, we conduct
experiments on CLIC professional for both FAR and vanilla
convolution. The corresponding BD-rates are summarized in
Table 2. We found that L1 regularization improves the BD-
rates for both as expected. Note that even without L1 reg-
ularization FAR outperforms vanilla convolution by a large
margin.

5. CONCLUSION

A frequency-aware re-parameterization method for convolu-
tion has been presented for over-fitting based image compres-
sion. It converges fast in training by better capturing high
frequency components such that it has the potential for prac-
tical use. It achieves much better rate-distortion compared
with vanilla convolution based networks, particularly for the
case with a few iterations. The method is evaluated with over-
fitting based image restoration showing the superiority over
vanilla convolution.
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