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Abstract. Neural representation for video (NeRV), which employs a
neural network to parameterize video signals, introduces a novel method-
ology in video representations. However, existing NeRV-based methods
have difficulty in capturing fine spatial details and motion patterns due
to spectral bias, in which a neural network learns high-frequency (HF)
components at a slower rate than low-frequency (LF) components. In
this paper, we propose spectra-preserving NeRV (SNeRV) as a novel ap-
proach to enhance implicit video representations by efficiently handling
various frequency components. SNeRV uses 2D discrete wavelet trans-
form (DWT) to decompose video into LF and HF features, preserving
spatial structures and directly addressing the spectral bias issue. To bal-
ance the compactness, we encode only the LF components, while HF
components that include fine textures are generated by a decoder. Spe-
cialized modules, including a multi-resolution fusion unit (MFU) and a
high-frequency restorer (HFR), are integrated into a backbone to facil-
itate the representation. Furthermore, we extend SNeRV to effectively
capture temporal correlations between adjacent video frames, by casting
the extension as additional frequency decomposition to a temporal do-
main. This approach allows us to embed spatio-temporal LF features into
the network, using temporally extended up-sampling blocks (TUBs). Ex-
perimental results demonstrate that SNeRV outperforms existing NeRV
models in capturing fine details and achieves enhanced reconstruction,
making it a promising approach in the field of implicit video representa-
tions. The codes are available at https://github.com/qwertja/SNeRV.

Keywords: Implicit neural representation - Neural representation for
video - Wavelet transform

1 Introduction

Implicit neural representation for video, also referred to as neural representation
for video (NeRV), has attracted considerable attention as a promising method
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Fig. 1: Visual comparisons of the reconstructed HF coefficients of previous NeRV meth-
ods and the proposed method in “Jockey” sequence. Our model is designed to
efficiently encode fine details, by implicitly circumventing the spectral bias problem.

for video representations . NeRV is used to parameterize

a video signal with a neural network, in which a space-time coordinate is used as
a query, and the network outputs the corresponding RGB value. As a result, a
NeRV model itself can serve as a proxy for the video. This approach has proven
effective in various tasks, including video compression , video interpolation

[18,/34], and video super-resolution [9}[10}[26].

Previous studies use pixel-wise or frame-wise mapping models
with various positional embedding of space-time coordinates. However, the qual-
ity of the reconstructed frame is severely degraded, when a learned decoder fails
to capture the spatial details of diverse video contents. HNeRV utilizes a
content-adaptive embedding generated by an encoder in addition to a learned
decoder. Temporal correlation among adjacent video frames is exploited in the
NeRV pipelines using a dynamical system and a decomposition of visual
content and motion information . Nevertheless, capturing video representa-
tions remains challenging due to the intricate spatio-temporal dynamics in video
scenes, while trying to maintain the size of a model.

The performance of a NeRV model is significantly affected by the character-
istics of an input video . When a NeRV approximates an input video,
the optimization is carried out to best represent the input within a budget of
a model size. However, inherently, the current methods struggle to accurately
capture fine spatial details and temporal patterns [7,[14}[24,48|. According to
recent studies on the neural tangent kernel (NTK) @, the learning rate of a
neural network is determined by the magnitude of the eigenvalues of the target
function. Because natural videos are mostly composed of low-frequency (LF)
components, neural networks tend to learn the LF components more quickly,
while the learning of high-frequency (HF) components proceeds at a slower rate.
Fig.[T)indicates that the existing NeRVs would face challenges in representing HF
components due to spectral bias within the vast redundancies. While these be-
haviors are evident in the learning of implicit neural representations 7 current
NeRV methods have not addressed this problem effectively.

In this paper, we propose a spectra-preserving NeRV (SNeRV) that enhances
the learning of implicit video representations, by efficiently processing different
frequency components. First, we present a SNeRV backbone model to achieve
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the goal. We employ a discrete wavelet transform (DWT) to decompose a video
into LF and HF features, thereby preserving their spatial structures and directly
addressing the issue in the frequency domain. The model capacity is determined
with the content-adaptive embeddings and the decoder sizes as |7]. To represent a
target in more detail, a decoder requires a larger size of a model or an embedding
vector, but it compromises the model compactness. Thus, our encoder embeds
only the LF component, exploiting its more suitable characteristics to learn the
implicit representations. Meanwhile, the HF components including fine textures
are generated by a decoder to circumvent the bias problem. This strategy enables
a model to reduce redundancies and achieve a more compact representation with
several specialized modules such as a multi-resolution fusion unit (MFU) and a
high-frequency restorer (HFR) in a backbone model.

On top of the backbone, we extend our model to efficiently represent temporal
correlations between adjacent video frames, by casting the temporal modeling
as spectral decomposition of the video frames. This is accomplished by per-
forming an additional 1D DWT to a temporal dimension, where the motion is
considered as HF components. While the backbone lacks the time analysis by
maximising the capability of spectral analysis, the temporal extension consid-
ers both time and frequency domains in the analysis. By extending the time
analysis, the backbone can capture temporal correlation and efficiently perform
temporal modeling, well-suited for related tasks such as video interpolation. In
experimental results, the backbone and its temporal extension each exhibit a
performance trade-off in video regression and interpolation, while maintaining
the same model capacity.

Our paper has major contributions as follows:

— We propose the spectra-preserving NeRV that enhances implicit video repre-
sentations by efficiently processing different frequency components through
specialized modules such as an MFU and a HFR.

— We extend the backbone to capture temporal correlations between adjacent
video frames, by embedding spatio-temporal LF features into the model.

— We evaluate the performance of the proposed methods on various video
processing tasks and datasets, demonstrating their effectiveness. Our model
outperforms previous approaches, emphasizing the advantages of mitigating
the spectral bias problem in the INR for videos.

2 Related Work

Implicit Neural Representation (INR) for Video. INR for video exploited
multi-layer perceptron (MLP) transforming the continuous spaces of high-dimensional
data into density or RGB values [11}/39]. However, the computational complexity
increased substantially, as they calculated a neural function for each coordinate.
To address this issue, NeRV [8] proposed a method to use a temporal index
with positional encoding (PE) and restore up-scaled spatial information using a
NeRV block with a PixelShuffle method [38|. Based on this, E-NeRV [24] sepa-
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rated spatial and temporal contexts to improve the representation. PS-NeRV |[2]
further decomposed a video into a set of patches.

Pixel-wise [11}31,39] and frame-wise [2|8] NeRV models exploited no spatial
prior of a target frame, which compromised the performance. HNeRV|[[7] pro-
posed a hybrid model using a content-adaptive frame embedding. The embedding
was created in the encoder and jointly optimized with the trained decoder pa-
rameters. By conveying the content-adaptive spatial features, it enhanced the
quality of reconstructed frames. However, as the parameters were tted to the
current frame, the interpolation performance was simultaneously degraded due
to the lack of temporal modeling. For this, the motion information in adjacent
frames was exploited|[14, 21,27, 48] to achieve better results.

Neural Networks in Frequency Domain. Discrete wavelet transform (DWT)
decomposes a local region of an image into di erent frequency levels [28] and
proven to be e ective in various computer vision tasks [16, 17|, 46]. Multi-level
space-time wavelet decomposition was employed to extract motion information
using a video prediction network, while preserving spatial details|[1[7]. This tech-
nigue was applied to image super resolution [46], enhanced with wavelet at-
tention embeddings for video super resolution|[12]. The DWT typically yields
sparse yet signi cant non-zero coe cients when representing the original signal,
a property that was actively used in various directions, such as monocular depth
estimation [33] and video interpolation [19].

Neural Tangent Kernel. Modeling the learning process of a neural network
has been actively studied using kernel regression with NTK analysis [1]4|6, 36],
in which the training rate is decided by the eigenvalues of the NTK matrix. The
eigenvalue spectrum of an NTK matrix explains the spectral bias of a neural
network towards training speed of HF functions [4]. As over-parameterized neu-
ral networks would be poorly suited for learning HF functions [1], mitigating the
bias is essential for improving the performance of neural networks [39, 41]. Sev-
eral studies have attempted to alleviate the bias using various input mapping
of a coordinate. Sinusoidal functions were modulated into an activation func-
tion [39]. Gabor-wavelets were introduced for exible representations in space
and frequency domains [37]. However, such e orts have not been explored for
NeRVs to circumvent the spectral bias. Motivated by the NTK, we aim to de-
velop compact implicit representations of diverse frequency components with a
reduced number of parameters. We use the inherent sparsity of the HF wavelet
transformed components in videos.

Video Compression. In recent years, deep learning-based video coding tech-
nigues were actively studied as alternatives to traditional codecs [5,40,45]. This
approach involved substituting various coding modules, such as frame restora-
tion [30], motion prediction [13,22], and transform and entropy coding [3], with
neural networks. DVC [25] proposed an end-to-end video coding model. The
NeRV models [8,20,21,27] converted the compression tasks into model compres-
sion, using weight pruning, quantization, and entropy coding.
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Fig.2: SNeRV backbone encoder and decoder architectures. The encoder applies 2D
DWT to extract LF and HF features and embeds only the LF feature to save param-
eters. The decoder uses MFU and HFR to e ciently process the LF and HF features.
CT and RB refer to transposed convolution and residual blocks, respectively.

3 Proposed Method

3.1 Overview

Our network is designed to enhance the learning of implicit representations of
video by mitigating spectral bias. We use a DWT to decompose video into LF
and HF components to use an analysis-and-synthesis approach. The LF features
with little variation across frames are embedded through the network, because
this is inherently suitable for learning a NeRV model. The HF features are re-
stored by a decoder. Speci cally, the decoder sequentially forms the HF features
with the LF ones as prior rather than directly learning the HF details. This
implicit mapping enables the reallocation of the parameters to concentrate on
representing LF features. Both features are optimized to consider the analysis-
and-synthesis scheme, thus allowing for a more e cient representation of the HF
textures and motions, based upon the stable base provided by the LF contents.

These schemes are implemented as our backbone model of the SNeRV. It
employs the HNeRV framework [7], in which the implicit representations are
composed of a set of embedding vectors and learned decoder parameters. Based
on this, we explain the novel design principles of the encoder and decoder, as
shown in Fig. 2. On top of that, we extend the backbone to e ectively represent
temporal contexts of video. We explain the extended modules to accommodate
these schemes step-by-step in Fig. 3.

The di erences between the backbone and its temporal extension not only
clearly demonstrate their distinct architectural characteristics but also assist
the performance analysis in various video processing tasks, while the backbone
exhibits its superiority to the conventional methods.

3.2 SNeRV Backbone Architecture

Encoder Design. Given a video sequenced/ = flg;l1;:::;11 10, in the back-
bone, an encoder conducts a 2D DWT along th y spatial axes to decompose
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each video framely 2 R" W 3 into multiple wavelet sub-bands. It produces four
sets of wavelet coe cients in R*=2 W=2 3 ‘including Cy; , Ciy , CHL , and Cpy ,
at the current time-step. C_. contains the LF component, which often appears as
a blurred and smoothed version of the original frame. The HF components, rep-
resented byCy , CyL , and Chy , encode the horizontal, vertical, and diagonal
details of the image.d:gr siripglicity, we utilize the Haar WT [28], wBeJe theplgw
pass lteris | =[1= 2;1= 2], and the high pass lteris y =[1= 2; 1= 2].

We input only the C,, into a down-sampling block (DB) to generate a
content-adaptive and time-speci ¢ embedding e whose dimension is 162 4.
We use the same DB blocks as [7] and keep the same dimension epffor fair
comparisons. Due to the 2D DWT, the reduced original input size alleviates the
burden of parameter sizes on the decoder sidé&C, y , Cy. , and Cyy are not
explicitly embedded but synthesized in the decoder.
Decoder Design. The decoder involves the reconstruction process using =
fe g and learned decoder parameters. It consists of three components, including
up-sampling blocks (UBs), MFU, and HFR. Firstly, UB is used to progressively
increase the resolution of the embedding and reconstruct the spectral information
of a target time step. We employ ve NeRV blocks [8,38] for the UBs. Then, the
MFU fuses features from di erent resolutions to enrich the LF features. The HFR
restoresC.y , ChL , and Cyy from the reconstructed C.| . The target frame is
reconstructed from an inverse DWT (IDWT), by combining all the frequency
components. Fig. 2 presents the decoder architecture. We explain the MFU and
HFR modules in detail as follows.
Multi-resolution Fusion Unit (MFU). UBs are used to sequentially recon-
struct the LF features and recover the original dimension. However, using only
UBs has limits in improving the output quality of C,, . To address this, we de-
velop the MFU with a coarse-to- ne structure, in which the blurred outcomes are
progressively re ned with multi-scaled features during up-sampling. The MFU
comprises two MF blocks (MFBs), each consisting of one transposed convolution
and six residual blocks.

In each MFB, the current feature m; is up-sampled using the transposed con-
volution, and then its concatenation with the outcomes of thei-th UB, denoted
by u;i, goes through the residual blocks, which is mathematically expressed as,

Mi+1 = Fre (Fet (M) Ui+3); 1=0;1; 1)

whereFct and Frg are the operations of the transposed convolution and resid-
ual blocks, respectively, is a concatenation, andmgy = u,. We use u; from
the last three UBs and two MFBs, empirically considering the trade-o between
learning ability and the size of parameters.

High-Frequency Restorer (HFR). Sparse representations of HF wavelet co-
e cients have been exploited in wavelet video compression and various computer
vision researches [33,35,42,43]. The HF coe cients in the at regions of an im-
age are nearly zero, whereas signi cant coe cients are found in the edges, which
are essential for achieving a high quality image. Motivated by this, the HFR is
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Fig. 3: Temporal extension from the backbone: the encoder uses additional 1D DWT to
generate spatio-temporal embeddings. The decoder uses TUBs to address the features.

designed to restore the high spatial-frequency details from the composite of LF
features generated by the MFU. We employ three HFR blocks, with each com-
prising two convolution layers. These HFR blocks are responsible for generating
CiH , CHL , and Cyy from the results of Fygy . This process is shown in Fig. 2.
Because the synthesis process requires less parameters than the direct learning
of the HF coe cients, the decoder can save the parameters and allow for more
parameters to represent the LF ones.

3.3 SNeRV Temporal Extension

Inspired by [48], we extend the backbone to analyse the e ect of considering
temporal redundancies. We apply 3D (2+1D) DWT to the image sequenceV
to decompose the LF and HF components along temporal axis in addition to
the existing 2D DWT. Speci cally, we use two sets of adjacent frames, including
fly 1;1tgand fl;li+1 g as a backward and a forward set, respectively. The 3D
DWT is applied to the two image sets, in which 2D DWTs are rst applied,
and then 1D DWT is applied to the temporal axis. Accordingly, it produces two
spatio-temporal LF components corresponding to the sets. Then, we acquire
temporal embeddingse; , and e; , through DBs to represent the LF compo-
nents of the backward and forward set, respectively. In the decodere; s are
jointly up-sampled with e. For this, we replace the last three UBs with tempo-
rally extended UBs (TUBS), since they are used as inputs of the MFU as in the
backbone. The overall architecture with temporal extension is shown in Fig. 3.
Temporally Extended Up-sampling Block (TUB). We propose the TUBs
to processe; , and e; , in addition to & using 3D convolution operations. The
three inputs are up-sampled using a transposed convolution and then passed
through two 3D convolution layers. The computational complexity of the 3D
convolution can be signi cantly reduced using 2D operations. More details of
our implementation can be found in the supplementary. During the consecutive
3D convolutions, the channel dimension increases by a factor of 2 and then
reduces back to expand the implicit capacity of the network. In the last TUB,
all three components re ecting the di erent time steps are merged to output the
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LF feature for a target at t. This operation allows to exploit temporal information

in adjacent frames, resulting in an enhanced expressive capacity of the network
over time. The outputs C,_ , C .y , CHL , and Cyy for the target at t are obtained
by passing the results of the last TUB through the MFU and HFR, as described
in Sec. 3.2, obtaining the nal output by applying 2D IDWT.

3.4 Implementation

The total size of the decoder parameters and embedding vectors determine the
model capacity for representation. Because the performance would vary with the
sizes and the extra embeddings are generated at the expense of the decoder size,
we carefully explain the modi ed parameters to keep the total size. We set the
size ofe; to 16 2 4 and use ve UBs as in [7] for fair comparisons. We us€

as input that is recovered to the original dimension using IDWT. Because the
IDWT replaces a UB in the last stage, we save some parameters by setting a size
of a stride to the half of [7,48]. This parsimony allows the parameters for MFU
and HFR. In the temporal extension, we use a dimension of 320 40 for e; .
Because the size is slightly larger than that ofe;, in our implementation, the
channel width of a decoder is reduced to maintain the overall size. We analyze
the trade-o s with various temporal embedding sizes in Sec. 4.4. More details
such as stride and channel sizes can be found in the supplementary materials.

3.5 Loss Function

To generate visually pleasing frames with the restored HF features, we combine
both L1 and SSIM loss functions over frames, given as

X1
Loah= 3 il fir@ )@ ssMagh): @

t=0

where [} is the reconstructed frame, andl is the ground truth at time step t.
SSIM () calculates the SSIM score. is set to 0.7 during training.

Moreover, we compute the loss on a set of the four wavelet coe cient$C for
better frequency reconstruction. Our nal loss objective is formulated as

Liotal = L(It;l/\t)"' L(Ct;é\t); 3)

where €, and C; are the output coe cients and the ground truth, respectively.

4 Experiments

4.1 Experimental Settings

We conduct experiments on Bunny, UVG [29], and DAVIS [32] datasets. Bunny
has 132 frames of 7201280 resolution. UVG is composed of 7 video sequences
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Table 1: Performance comparisons (dB) in video regression in UVG and DAVIS
datasets with di erent sizes of resolutions.

Dataset I uvG I DAVIS
sizefmethod ||Beauty Bosph Bee Jockey Ready Shake Yachi Avg. || Bike Swan Dance Camel Car Cows Twirl | Avg.
NeRV [8] 33.56 33.28 37.93 31.31 26.95 32.67 28.782.06||25.77 27.22 2559 23.82 28.09 21.75 25.525.39

E-NeRV [24]|| 34.12 32.96 35.45 31.92 30.14 32.91 29.232.39|27.12 28.70 27.87 25.68 28.18 24.24 26.826.94
HNeRV [7] 34.12 36.38 38.96 33.58 29.97 34.15 31.4034.08|30.75 31.77 28.84 26.59 33.50 23.85 28.529.12
DNeRV [48] || 34.02 35.39 38.71 34.45 30.40 33.57 30.883.91|30.04 32.61 29.52 26.97 32.97 23.64 28.§29.23

Ours(B) 37.74 38.80 35.69 33.16 34.52 33.43 |35.40 ||33.29 33.83 31.40 28.68 35.79 25.14 30.41|31.22
Ours(T) 34.14 37.64 39.11 36.17 33.21 34.41 32.71|35.34|31.90 33.08 31.26 30.14 34.33 27.38 29.93|31.15

NeRV [8] 3459 3542 38.90 34.43 30.16 31.82 33.534.12|28.91 32.77 28.95 30.26 32.08 24.77 27.$29.33
E-NeRV [24]|| 35.08 36.63 39.28 34.62 31.06 32.43 33.984.73||29.03 33.35 29.21 30.98 34.99 25.76 26.930.04
HNeRV [7] 35.68 38.7339.72 37.12 34.38 34.24 37.6336.79|36.07 39.40 34.62 35.20 38.6129.89 33.3435.30
DNeRV [48] || 35.30 38.40 39.50 37.56 34.18 33.83 37.186.56||35.66 39.25 34.22 35.14 38.35 29.08 33.284.99

Ours(B) H 36.01 40.09 39.52 38.36 36.90 35.15 38.97 ‘37.86 H37.32 40.57 36.02 36.68 39.08 31.78 35.16 |36.66

96!

o

w
o
»
w

48

o

Ours(T) 35.78 40.24 39.61 38.21 36.77 34.70 38.30|37.66| 36.40 38.94 35.59 36.04 38.17 32.11 34.12|35.91

with 300 or 600 frames of 1080 1920. We utilize 20 subsets of DAVIS datasets of
1080 1920 sized frames. We used the same center-crop as in [7,48]. For training,
we utilized an Adam optimizer and a learning rate of 1 10 3 with a cosine
learning rate scheduling. The batch size is set to 1.

We use a peak signal-to-noise ratio (PSNR) and a structural similarity index
measure (SSIM) for evaluation and bits-per-pixel (bpp) for compression. If none
of the conditions are speci ed, we use 3M-sized models trained for 300 epochs in
the experiments. We compare our backbone, denoted as Ours(B) , and the tem-
poral extension, denoted as Ours(T), with the state-of-the-art methods such
as NeRV [8], E-NeRV [24], HNeRV [7], and DNeRV [48]. We train all the mod-
els, utilizing the original codes provided by the authors, and report the testing
results under the same conditions. To ensure a fair comparison, we maintained
the total capacity of the experimented models. To reduce the original model
size from 3.8M to 3M in [48], the channel width was decreased from 92 to 70
which varies depending on the embedding sizes, resulting in a slight drop in
performance compared to the original results.

4.2 Performance Evaluation and Analysis

Video Regression. Tab. 1 presents the performance of the tested methods in
the tasks of video regression in UVG and DAVIS datasets with various reso-
lutions. In the comparisons, our method presents the highest performance on
average among the tested methods. In UVG dataset of 9601920 resolutions,
Ours(B) improves the performance approximately by 1.32dB  1.46dB over
HNeRV and DNeRV, respectively. In DAVIS datasets, our methods outperform
the previous methods by 2.17dB  2.35dB. While we show the results from 7
video samples of DAVIS subsets, more results are reported in the supplementary.
We observe similar results in 480 960 resolutions. These results imply that our
methods signi cantly improve the performance in video regression.

Tab. 2 exhibits the performance analysis with di erent model sizes and train-
ing epochs in Bunny dataset. We present the results in Tab. 2a for model sizes
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Table 2: Performance comparisons (dB) in video regression on Bunny dataset with
di erent model sizes and training epochs.

(a) Performance evaluation in PSNR (dB) (b) Performance evaluation with training epochs

with di erent model sizes. and model complexity.
Model size [0.35M 0.75M 1.5M 3.0M Epochs || 300 600 1200 1800 2400 MACs
NeRV [8] 28.16 29.83 31.88 33.01 NeRV [8] 33.01 33.54 33.96 34.16 34.2[1100.9G
E-NeRV [24]]|27.78 29.12 31.65 36.89 E-NeRV [24]|/36.89 38.69 39.71 39.90 39.9%103.3G
HNeRV [7] | 30.67 32.81 35.57 38.06 HNeRV [7] |/38.06 39.27 39.87 40.10 40.1]{60.89G
DNeRV [48] || 29.36 31.97 35.18 37.55 DNeRV [48] || 37.55 38.17 38.55 38.68 38.7448.39G
Ours(B) 30.88 33.25 36.76 39.64 Ours(B) 39.64 40.40 40.82 40.94 40.99 ||90.49G
Ours(T) H 30.40 33.19 36.68 39.09 Ours(T) 39.09 39.95 40.41 40.63 40.68/||181.8G

Table 3: Video interpolation results on UVG and DAVIS datasets.

Dataset I uvG I DAVIS
Method |Beauty Bosph Bee Jockey Ready Shake Yacht Avg. || Bike Swan Dance Camel Car Cows Twirl | Avg.

NeRV [8] 27.74 29.05 3450 18.62 17.54 28.56 23.525.65||16.70 19.88 18.03 17.38 17.55 17.72 16.287.65
E-NeRV [24]|| 26.49 28.31 35.55 18.07 17.21 28.22 23.125.29|/16.76 20.02 18.20 18.25 16.76 17.25 16.807.72
HNeRV [7] 30.64 35.57 38.60 21.08 21.82 30.7827.31|29.40||19.26 20.77 20.33 19.02 18.51 18.8717.56|19.19
DNeRV [48] || 30.79 34.07 38.16 28.68 24.76 30.24 25.97/30.34|/20.33 21.71 21.51 19.30 21.05 18.11 18.96(20.14

Ours(B) 30.60 36.44 38.37 20.81 21.76 30.70 27.0529.37|/19.48 20.80 20.23 19.10 18.39 18.82 17.639.21
Ours(T) 31.92 36.63 38.63 29.37 27.52 31.3528.32 |31.96||20.47 22.19 21.87 22.37 21.31 21.64 19.12 |21.28

of 0.35M, 0.75M, 1.5M, and 3M, where the di erent sizes correspond to di erent
bit budgets. The results demonstrate the superiority of our backbone model in
various model capacities. Ours(T) also secures the second-best results in most
scenarios. Tab. 2b exhibits the performance changes, when the epochs vary from
300 to 2400 with 3M-models, implying di erent encoding times. Ours(B) and
Ours(T) exhibit the best and second-best performance, respectively. We also
show the encoding complexity of 640 1280 video resolutions compared to other
NeRV-based methods in Tab. 2b. Despite the higher complexity involved in
processing multi-scale features, Ours(B) excels in video regression, delivering
superior results over other methods across all sizes and training epochs.

Video Interpolation. Tab. 3 displays the comparative studies of video inter-
polation in UVG and DAVIS datasets. We train the model with odd frames and
test results with even frames. We observe Ours(T) and DNeRV that embed the
frame di erences yield better performance than the tested methods without time
embeddings because the time embedding is essential to continuously represent
videos over time. Ours(T) achieves the highest performance among the tested
methods, which is approximately 1.14dB  1.62dB better than DNeRV in UVG
and DAVIS datasets, respectively. The results indicate that Ours(T) provides

e cient video representations over time.

Video Compression. We compare compression results with commercial video
codecs such as H.264 [45] and H.265 [40] and learning-based codecs such as
DVC [25], FVC [15], and DCVC [23]. Fig. 4 presents the rate-distortion curves.
Our method improves coding e ciency over H.264 and all the other NeRV-based
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Fig. 4: Coding performance comparisons in UVG datasets.

Table 4: Video in-painting results on
DAVIS dataset.

Method ||In-painting1 In-painting2 | Avg.

gmeg[ﬂa H gg-g? 223-;'2} ;g-gg Fig.5: Visualization of In-paintingl:
eRv [48]]] 3001 = == masked input (left) and reconstructed

ours(8) | 30.70 29.90  [30.30 output (right).

methods and achieves comparable coding gains with H.265, DVC, and FVC at
low bit-rates with SSIM results. In the comparisons, we use the same coding
pipeline and con gurations as in [48]. We adopt 10% model pruning followed by
6-bit quantization for embeddings and 8-bit quantization for decoder parameters
for all tested methods. Our methods do not apply additional techniques such
as quantization-aware training (QAT) and predictive coding to improve coding
e ciency for fair comparisons. HiNeRV [20] provides improved performance with
specialized coding tools for NeRVs at the expense of substantial computational
complexity and limited performance in video interpolation. Our method provides
more fundamental changes as a backbone, which is orthogonal to the direction.
Accordingly, we integrate our model into HiNeRV's coding framework and show
the results denoted by Ours(B)+HiNeRV in Fig. 4. It improves the BD-PSNR
by 0.3dB compared to HiNeRV. Our supplementary results also demonstrate the
generalization ability of our study. In terms of model complexity, Ours(B) has
168G multiply accumulates (MACs) in UVG dataset. HNeRV and DNeRV have
111.71G MACs and 69.86G MACs in the same dataset, respectively. These values
are signi cantly smaller than those of neural network based video compression
(NVC) methods such as DCVC, which has 2,268G MACs as reported in [23].
Ours(B) has 31.3 decoding fps, which is relatively slower than 48.4 fps of HNeRV
but is signi cantly faster than 1.75 fps of DCVC, measured in NVIDIA GeForce
RTX 3090 GPU. When comparing the results, Ours(B) provides a practically
reasonable trade-o between coding performance and computational complexity.

Video In-painting.  We evaluate the performance of a video in-painting task.
We use 50 50 masks with ve xed points and ten random points in In-paintingl
and In-painting2 [48], respectively. Tab. 4 presents that our model provides im-
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(a) Visual comparisons of tested methods in the tasks of video regression. From the top, Bike, Bosph,
and Yacht.

(b) Visual comparisons of tested methods in the tasks of video interpolation. From the top, Jockey
and Ready.

Fig. 6: Visual comparisons in video regression and interpolation tasks. From the left,
ground-truth (GT), HNeRV, DNeRV, and Ours.

proved results approximately 0.38dB  0.71dB over the existing methods. Fig. 5
shows the visualization results of In-paintingl.

Qualitative Performance Analysis. We provide the qualitative results of the
tested methods in Fig. 6. The results illustrate that our methods provide visually
pleasing results in video regression and interpolation.

4.3 Discussion

Trade-o between Video Regression and Time Interpolation. Tab. 1
and Tab. 3 display the video regression and interpolation performances, respec-
tively. According to the results, Ours(B) outperforms Ours(T) in regression, but
underperforms in interpolation, indicating a trade-o relationship. We explain
this trade-o between time duration ( t ) and spectral band (! ) in terms of
learning aspects. Ours(B) setst =0, lacking the time analysis but maximizing
the spectral analysis, while Ours(T) compromisest and ! . Given the limited
model parameters, learning the spatial spectral representation of a current frame
could t a reconstruction task but might compromise the generalization ability
across time. In contrast, learning temporal relations can make it challenging to
t the parameters to the current time. Similar characteristics are present not
only in Ours(B) and Ours(T) but also in other ndings. DNeRV [48] o ers su-
perior performance in video interpolation compared to HNeRV [7], but not in
video reconstruction. This strategy in our approach signi es a new direction in
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Fig. 7: Training rates for different frequency components.

analyzing and optimizing NeRV for various video processing tasks from a time
and spectra perspective, which has not been conducted before.

Learning Characteristics of LF and HF Components. Fig. 7 displays
the learning characteristics of LF and HF components separately for analysis,
while they are trained simultaneously. Jockey and Ready sequences contain fine
textures and motions, yielding some HF components that are challenging to
represent with an implicit neural network. Fig. 7a and Fig. 7c show the results
of the LF at training steps. The LFs are steadily trained to reach the con-
vergence points producing similar PSNR values to the tested methods. Besides,
Ours(T) and DNeRV exhibit better performance in the early stage, because they
use larger sizes of embeddings. However, Fig. 7b and Fig. 7d show significantly
different characteristics in learning HF components. While the previous meth-
ods fail to efficiently learn the HFs, our methods achieve significantly improved
performance with increasing epochs. These results verify that our model could
mitigate the spectral bias and successfully preserve HF components.

4.4 Ablation Study

MFU and HFR Modules. Tab. 5a presents the effectiveness of the MFU
and HFR. We conduct ablation tests on the Bunny dataset mostly including LF
components and the Yacht sequence in UVG including comparatively larger HF
components. The best performance is achieved when both the MFU and HFR
are utilized. MFU achieves significantly improved performance approximately
1.20dB  1.88dB, demonstrating the effectiveness of the module. Using HFR,
while Bunny increases the performance by 0.21dB, Yacht observes 1.62dB. This
confirms that HFR is capable of restoring HF components. Further, the HFR
contributes approximately 0.44dB  1.50dB on top of the MFU. This refine-
ment is particularly advantageous in generating HFs that were hardly trained in
previous NeRV models.

Temporal Up-sampling Block. We evaluate the performance of the TUBs,
by replacing them in Ours(T) with the conventional NeRV blocks comprising
PixelShuffle and 2D convolution layers. Tab. 5b shows that our TUB is suitable
for processing time-extended features than the 2D operations. TUB improves
the PSNR around 0.80dB.

Loss Terms. We conduct ablation tests on the loss function in Eq. (2) using a
Yacht sequence. Tab. 5b shows the results, when the terms are turned on or off.
Both the terms contribute to the performance improvements.
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