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Abstract—Overfitting is usually regarded as a negative con-
dition since it impairs the generalisation power of a model.
Nevertheless, overfitting a Neural Network (NN) on test data
may be advantageous to improve the compression efficiency of
image/video coding tools and systems. Previous research has
demonstrated the benefits of NN overfitting for post-processing
operations, i.e. post-filters, but not yet for actual decoding tools.
Generally, the NN is overfitted on test data at the encoder end,
and the weight update is coded and sent to the decoder end along
the image/video bitstream. The proposed approach follows this
strategy. In particular, the overfitting of the Low Operation Point
(LOP) loop-filter in NN-based Video Coding (NNVC) software
is studied. The overall approach yields Bjøntegaard Delta rate
(BD-rate) of -7.74%, -13.73% and -12.49%, for the Y, U and
V components, respectively. Out of these coding gains, 1.21%,
6.43% and 5.52%, for the Y, U and V components, are attributed
to the overfitting. The boost in the coding gains comes with
only 1.5% more complexity, due to the multiplier parameters
introduced during the overfitting.

Index Terms—Loop-filter, neural network, overfitting, video
coding.

I. INTRODUCTION

The popularity and effectiveness of Neural Networks (NNs)
has spread to a wide range of application fields, including
video compression. The Joint Video Experts Team (JVET) is
investigating NN technologies to attain video compression effi-
ciency beyond the Versatile Video Coding (VVC) standard [1].

In video compression, as in other domains, a NN is usually
trained on a big set of data in order to perform well on
average on any new data. That is, the goal is to get a high
generalisation power. It is also known that when a NN is
overfitted, it learns particularities from the training data and, in
general, performs rather well only on such data. This situation
is perhaps detrimental for most applications, but in video
compression it can be exploited to increase the efficiency.
Often at the encoder end, the NN parameters are overfitted
on a small set of data. The weight update that results from
this process is compressed and delivered to the decoder end,
where the overfitted NN is recovered prior to inference [2]–
[11]. Other forms of overfitting focus on adapting the latent
tensor at test time by typically back-propagating the loss with
respect to the latent tensor [12]–[14].

In JVET, NNs are being explored for intra-prediction,
inter-prediction, loop-filtering, post-filtering and super resolu-
tion [15]. The tools are available in the NN-based Video Cod-
ing (NNVC) software, which is built on top of the VVC Test
Model (VTM) 11.0. The post-filtering tool uses overfitting as
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Fig. 1. Complexity performance trade-off of NN tools in NNVC 5.0 (random
access configuration). The dashed line represents real-time processing on a
GPU (64 kMAC/pixel) [15].

content-adaptive mechanism and achieves higher coding gains
compared to its baseline (where no overfitting is done) [16].

Fig. 1 displays the trade-off between coding efficiency and
computational complexity of various NN tools in NNVC 5.0.
The former is expressed in terms of the Bjøntegaard Delta
rate (BD-rate) derived from the Peak Signal-to-Noise Ratio
(PSNR) of the luma (Y) component, and the latter in units of a
thousand Multiply-ACcumulate (kMAC) operations per pixel.
While the High Operation Point (HOP) loop-filter provides
around −9.5% BD-rate, it is significantly more complex (477
kMAC/pixel) than other NN filters. On the other hand, the
Low Operation Point (LOP) loop-filter [17] strikes a rea-
sonable balance between coding efficiency (−5.2% BD-rate)
and computational complexity (16 kMAC/pixel). Therefore,
by overfitting the LOP loop-filter on test data, here the aim
is to increase its coding efficiency along with keeping the
complexity low. While previous works have concentrated on
overfitting of NN post-filters, or overfitting non-NN loop-
filters [18], this paper is arguably the first to apply overfitting
to an NN loop-filter.

The proposed approach is evaluated on NNVC 5.0 under the
JVET Random Access (RA) Common Test Conditions (CTC)
for NNVC [19]. On top of NNVC 5.0 without any NN tools
enabled, when the NN intra tool and the overfitted LOP loop-
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Fig. 2. LOP loop-filter architecture [17]. BS stands for boundary strength.

filter are used, the average coding gains are 7.74%, 13.73%
and 12.49% for the Y, U and V components, respectively.
When the anchor has enabled the NN intra tool and the
base LOP loop-filter, the coding gain improves by 1.21%,
6.43% and 5.52% for the Y, U and V components, and the
computational complexity goes from 24 kMAC/pixel to 24.3
kMAC/pixel (1.5% increase) due to introduction of multiplier
parameters during the overfitting.

The rest of paper is organised as follows. Section II
describes the proposed approach. Section III presents the
experimental results. Section IV summarises final remarks.

II. OVERFITTING NNVC LOP LOOP-FILTER

This work aims at increasing the coding efficiency of NNVC
5.0 LOP loop-filter by overfitting it on each test video. Since
the filter is known at both the encoder and decoder ends,
the weight update is compressed and sent along the video
bitstream in order to recover the overfitted filter, before it is
deployed.

The LOP filter architecture is illustrated in Fig. 2. The
network processes 10-bit YUV 4:2:0 blocks of size 144×144.
The input are reconstructed blocks (before any loop-filter is
applied), the Quantisation Parameter (QP) step q = 2(QP−42)/6,
and the boundary strength information, i.e. a map that contains
the boundaries and edges relative to the block partitioning.
The output are the filtered blocks. For both input and output,
the luma samples are interleaved to create four channels that
match the size of the chroma samples.

A. Overview

Most of the complexity of the proposed approach is at the
encoder end given that two-pass encoding is required.

In the first-pass the test video is encoded, the training data is
extracted and the overfitting takes place. The resulting weight
update (parameter difference between base NN and overfitted
NN) is then lossy coded with the Moving Picture Experts
Group (MPEG) Neural Network Compression and representa-
tion (NNC) standard [20]. Finally, the decoded overfitted NN
is generated and used in the second-pass encoding, replacing
the corresponding base LOP loop-filter model.

Once the second-pass encoding is completed, the video
bitstream and the NNC bitstream are transmitted to the decoder
end.

At the decoder, first the NNC bitstream is decoded and then
the overfitted NN is recovered. In this way, the overfitted NN
can be used when needed.

B. Overfitting

The LOP loop-filter consists of four different models.
However, for each test sequence and coding configuration
only one of these is overfitted. The selected model is the
one that at inference time provides the higher gain in terms
of PSNR. In order to restrict the overhead from the weight
update, multiplier parameters are introduced, initialised in 1
and overfitted for each non-separable convolutional block:

y = (K ∗ x+ b) ·m, (1)

where x is the input, K is the kernel, ∗ is the convolution
operator, b the bias and m the multiplier.

The overfitting involves several training iterations where the
training data and the test data are the same. The loss function
is the weighted Mean Squared Error (MSE), with weights 4,
1 and 1 for the Y (de-interleaved), U and V components,
respectively. The optimiser is Adam [21], the learning rate
is 0.001 and the batch size is 64.

Given this process occurs at the encoder side, and that
only the base LOP models are part of the video encoder and
decoder, the weight update that results from the overfitting
must be delivered to the decoder somehow.

C. Weight update compression

For transmission, the weight update is coded with the NNC
standard. The encoding makes use of Inference-Optimised
Quantisation (IOQ) [22] in order to find a trade-off between
∆PSNR (difference between the PSNR of the filtered video
and the PSNR of the unfiltered video) and the NNC bitstream
size.

IOQ starts from a low QP, which is increased at each
iteration. Each iteration the NN weights are quantised with the
current QP and encoded with Deep Context-Adaptive Binary
Arithmetic Coding (DeepCABAC) [23]. The ∆PSNR of the



TABLE I
CODING PERFORMANCE. ANCHOR: NN TOOLS DISABLED. TEST: NN

INTRA TOOL AND LOP LOOP-FILTER ENABLED (3 BASE AND 1
OVERFITTED MODELS).

Class BD-rate Y BD-rate U BD-rate V

A1 −8.69% −8.66% −13.54%
A2 −6.75% −13.29% −11.76%
B −7.88% −16.07% −12.30%
C −7.61% −14.93% −12.50%

Overall −7.74% −13.73% −12.49%

D −8.29% −16.82% −16.31%
F −4.09% −13.17% −9.94%

resulting NN is evaluated. When the performance falls below
a certain threshold, the QP of the previous iteration is chosen
as the best and the final NNC bitstream is generated.

D. Decoded overfitted model

The overfitting is done in TensorFlow 2.8.0 using 32-bit
floating-point precision, although, the inference within the
video codec uses 16-bit fixed-point precision. Hence, before
the overfitted model is ready to be used, it is quantised. The
NN parameters are normalised to reduce large values and avoid
overflows [17].

III. EXPERIMENTAL RESULTS

The video codec utilised is NNVC 5.0, where for NN
inference uses the Small Adhoc Deep-Learning (SADL) li-
brary [24]. The video codec is ran on Intel Xeon Gold 6240
CPUs only, whereas the overfitting ran on Nvidia Tesla A100
GPUs.

The LOP loop-filter signalling mechanism remains the
same: index of the filter to be used, enable/disabled filter usage
at frame or block level, and residual scaling factors.

The evaluation was done according to the JVET RA CTC
for NNVC [19], using as test content the mandatory video
sequences, which have spatial resolutions ranging from 240p
to 2160p. The PSNR measures the quality of the reconstructed
videos, and the BD-rate [25] indicates the coding performance.

In the first-pass encoding, used to generate the overfitting
data, the NN intra tool and the base LOP loop-filter are
enabled. During the second-pass encoding, the overfitted filter
replaces the corresponding base filter.

Table I shows the BD-rate when the NN intra tool and the
overfitted LOP loop-filter are enabled, and the anchor has all
the NN tools disabled. Table II shows the performance of the
same test, but in this case the anchor has the NN intra tool and
the base LOP loop-filter enabled. These results demonstrate
the benefits of the overfitting strategy in conjunction with the
intra tool: reference (and output) frames are of higher quality,
allowing for more temporal and spatial compression.

Fig. 3 depicts a comparison of the trade-off (coding effi-
ciency and complexity) between the proposed approach and
various NN tools in NNVC 5.0. It can be observed that over-
fitting the LOP loop-filter increases the coding gains, reducing

TABLE II
CODING PERFORMANCE. ANCHOR: NN INTRA TOOL AND LOP

LOOP-FILTER ENABLED (BASE MODELS). TEST: NN INTRA TOOL AND
LOP LOOP-FILTER ENABLED (3 BASE AND 1 OVERFITTED MODELS).

Class BD-rate Y BD-rate U BD-rate V

A1 −1.59% −3.96% −7.97%
A2 −0.22% −7.77% −6.84%
B −1.70% −8.42% −5.13%
C −1.06% −4.80% −3.17%

Overall −1.21% −6.43% −5.52%

D −0.80% −7.86% −7.23%
F −1.07% −7.51% −5.16%
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Fig. 3. Complexity performance trade-off of the proposed approach and
NN tools in NNVC 5.0 in RA configuration. The dashed line marks 64
kMAC/pixel.

TABLE III
CODING PERFORMANCE. ANCHOR: NN INTRA TOOL AND LOP

LOOP-FILTER ENABLED (BASE MODELS). TEST: NN INTRA TOOL AND
LOP LOOP-FILTER ENABLED (4 BASE AND 1 OVERFITTED MODELS).

Class BD-rate Y BD-rate U BD-rate V

C −1.12% −5.14% −3.30%
D −0.84% −8.08% −7.35%

TABLE IV
CODING PERFORMANCE. ANCHOR: NN TOOLS DISABLED. TEST: LOP

LOOP-FILTER ENABLED (3 BASE AND 1 OVERFITTED MODELS).

Class BD-rate Y BD-rate U BD-rate V

C −6.17% −14.12% −11.49%
D −7.14% −15.87% −15.65%

the gap between LOP and HOP filters and maintaining a low
complexity below to 64 kMAC/pixel.

In a different test, during the second-pass encoding the
overfitted filter is considered an additional LOP model can-
didate, meaning five filters are evaluated. The results are in



TABLE V
CODING PERFORMANCE. ANCHOR: LOP LOOP-FILTER ENABLED (BASE

MODELS). TEST: LOP LOOP-FILTER ENABLED (3 BASE AND 1 OVERFITTED
MODELS).

Class BD-rate Y BD-rate U BD-rate V

C −1.07% −4.80% −3.27%
D −0.83% −7.57% −7.42%

Table III, which shows a slight boosts in the BD-rate compared
to the scenario where four LOP models (three base and one
overfitted) are evaluated (Table II).

In order to remove the influence of the NN intra tool on the
overfitting strategy, the NN intra tool is disabled during the
first- and second-pass encodings, meaning the overfitting data
is different too. Tables IV and V show the coding gains on
top of NNVC 5.0 with all NN tools disabled and when only
the base LOP loop-filter is enabled.

A. Encoding and decoding times

When using Intel Xeon Gold 6240 CPUs, a single-pass
video encoding of the proposed approach takes nearly the same
elapsed time than the anchor in Table I (101%). A similar
trend was observed for the video decoding, where the elapsed
time of the proposed approach is on average 105% of the
elapsed time for the anchor. That is owning to the fact that the
same amount of models are deployed, and that only one out of
four models requires additional kMAC/pixel associated with
the multiplier parameters. Since the proposed approach uses
multi-pass encoding, the actual video encoding takes roughly
double the elapsed time of the anchor.

Furthermore, overfitting in Nvidia Tesla A100 GPU, takes
from 1 hour for a 420p video sequence, up to 11 hours for a 4K
video sequence. In addition, the weight update compression
ranges from 2 minutes for a 420p video sequence to 1 hour
for a 4K video sequence.

Finally, decoding the weight update and reconstructing the
overfitted model have a negligible time impact, as they take 5
seconds on average.

IV. CONCLUSION

This paper studied the overfitting LOP loop-filter in NNVC
5.0 on test data. The strategy makes use of two-pass encoding.
After the first-pass, the overfitting data is extracted and the
training is done. The weight update is NNC-coded, and
the decoded overfitted NN is generated. In the second-pass
encoding, this NN is deployed as loop-filter. Finally, both the
video and the NNC bitstream are transmitted. For decoding,
first the NNC bitstream is decoded and then the overfitted
NN is obtained. Next, the video decoding takes place, with
the overfitted NN ready to be used as loop-filter. The results
showed that the overfitting a low complexity NN tool on
test data boost the coding gains, while introducing a minimal
increase in computing complexity.
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