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Neural Representations for Video (NeRV) have emerged as a powerful paradigm for video representation, gaining
considerable attention for their strong performance across various video tasks like video compression. However,
NeRV models are fundamentally limited by the inherent spectral bias of neural networks, struggling to learn
high-frequency details, which leads to pervasively blurred reconstructions and loss of texture. While existing
works attempt to address this, they often either fail to treat high- and low-frequency components differently
according to their distinct statistical properties, or rely on upsampling operators for multi-scale fusion that are
prone to introducing visual artifacts such as blurring and checkerboarding, thus hindering further improvements
in reconstruction quality. To precisely tackle these challenges, this paper proposes a Frequency Separation and
Augmentation based Neural Representation for video (FANeRV). Our method utilizes the Discrete Wavelet Trans-
form (DWT) to explicitly decompose features into high- and low-frequency components and, for the first time,
introduces an asymmetric architecture for specialized processing. Furthermore, we discard traditional upsam-
pling operators and instead leverage the DWT’s inherent multi-resolution properties to design a novel multi-scale
fusion mechanism. This mechanism directly fuses features from lower-resolution stages with corresponding fre-
quency subbands at higher resolutions, optimizing information propagation. Finally, a residual enhancement
block is integrated into the network’s later stages to further bolster the restoration of high-frequency details. Ex-
tensive experiments demonstrate that FANeRV achieves superior reconstruction quality and outperforms existing
NeRV methods across multiple tasks, including video compression, interpolation, and inpainting.

1. Introduction (Li et al., 2023; Saragadam et al., 2023), signal compression (Striimpler
et al., 2022; Zhang et al., 2021), and generative modeling (Skorokhodov

Implicit Neural Representations (INRs) have emerged as a power- et al., 2021, 2022).

ful paradigm for efficiently representing and processing complex mul-
timedia signals, such as images, video, and 3D scenes (Dupont et al.,
2021; Mildenhall et al., 2021; Sitzmann et al., 2020, 2019). Unlike
traditional explicit representations, such as pixel grids for images or
vertex meshes for 3D models, INRs utilize a neural network to pa-
rameterize the signal as a continuous function that maps input co-
ordinates (e.g., spatial coordinates) to corresponding signal attributes
(e.g., RGB color). This approach yields inherently compact, continu-
ous, and potentially resolution-agnostic representations, offering no-
table advantages for diverse applications including data inpainting
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Neural Representations for Videos (NeRV) (Chen et al., 2021) repre-
sents a significant application of INRs in the video processing domain.
NeRV employs Convolutional Neural Networks (CNNs) to represent a
video as a continuous function mapping frame indices to the correspond-
ing video frames. Using a single network with shared parameters for the
entire sequence, the model learns to represent both the invariant content
and the varying details across video frames. This process naturally cap-
tures spatio-temporal correlations, thereby exploiting redundancy for
efficient compression. In this paradigm, the video encoding process is
converted into optimizing the network parameters to fit the video data
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while decoding process becomes a forward inference pass through the
trained network. Compared to traditional video compression methods
reliant on complex procedures like motion estimation, motion compen-
sation, and transform coding, the NeRV approach significantly simpli-
fies the codec pipeline and achieves high decoding speeds, emerging
as a promising alternative for video compression. Consequently, subse-
quent research (Chen et al., 2023; Li et al., 2022; Zhang et al., 2024) has
advanced NeRV-based models through enhanced network architectures
and optimized training strategies, yielding notable improvements in re-
construction fidelity and compression efficiency, achieving competitive
rate-distortion performance against established coding standards like
H.264/AVC (Wiegand et al., 2003) and H.265/HEVC (Sullivan et al.,
2012). Furthermore, the inherent continuous nature of this representa-
tion facilitates various downstream tasks (Chen et al., 2022; Jung et al.,
2023; Lu et al., 2023; Rho et al., 2022),including video frame interpola-
tion, video inpainting, and video super-resolution, showcasing its broad
application prospects.

Although the universal approximation theorem for neural networks
suggests that INRs can achieve high-fidelity video reconstruction with
sufficient network capacity and training duration, practical implemen-
tations remain constrained by the inherent spectral bias of neural net-
works (Rahaman et al., 2019; Xu et al., 2019). This indicates that neural
networks preferentially learn low-frequency information during training
and exhibit a weaker capability in fitting high-frequency details. Con-
sequently, INR-based video reconstructions often suffer from a loss of
image texture and sharpness, which directly impacts the overall visual
quality.

To address the challenge of spectral bias, several approaches have
been proposed from a frequency-domain perspective. Some works at-
tempt to facilitate high-frequency recovery by directly incorporating
priors into the network (Hayami et al., 2025; Wu et al., 2024a; Xu
et al., 2024; Yu et al., 2025), though this often increases model size and
computational cost. More recent methods leverage the Discrete Wavelet
Transform (DWT) for explicit frequency decomposition. For instance,
SNeRV (Kim et al., 2025) decomposes the input video for staged re-
covery, while HFS-HNeRV (Zhao et al., 2024) uses wavelets to build
frequency-aware attention mechanisms. While these methods validate
the potential of frequency-domain processing, they often treat the de-
composed components uniformly. A key limitation of this approach
is its uniform treatment of low-frequency (global structure) and high-
frequency (local details) components, which possess distinct statisti-
cal properties and thus demand specialized, asymmetric processing. Hu
et al. (2024), Lu et al. (2022), Yang et al. (2024). Other works aim to
improve detail preservation by fusing features across different resolu-
tions during decoding, as seen in models like NeRV+ + (Chen et al.,
2025; Ghorbel et al., 2024). However, the effectiveness of these archi-
tectures is often constrained by the upsampling operators they rely on.
Common operators, such as transposed convolution and bilinear inter-
polation, are prone to introducing visual artifacts like checkerboarding
or blurring. These artifacts can degrade the very high-frequency details
the fusion is intended to preserve, thereby hindering the overall recon-
struction quality.

Building on these insights, this paper proposes a Frequency Separa-
tion and Augmentation based Neural Representation for Video (FAN-
eRV). FANeRV utilizes the Discrete Wavelet Transform (DWT) to ex-
plicitly decompose intermediate features within the reconstruction pro-
cess into high-frequency and low-frequency components. Subsequently,
lightweight enhancement modules tailored to the characteristics of each
component are applied. These enhanced components are then fused and
optimized using the Inverse Discrete Wavelet Transform (IDWT) and a
gating feed-froward network. Crucially, the multi-resolution property
inherent to the DWT provides a parameter-free, and frequency-specific
mechanism for feature alignment across different stages, obviating the
need for artifact-prone upsampling operations like transposed convo-
lution. We leverage this by fusing low-resolution features from a pre-
ceding decoding stage directly with the low-frequency subband to en-
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hance information propagation and guide the network towards high-
frequency details. Finally, to further bolster high-frequency detail re-
covery and refine the learned representations, a residual enhancement
block is integrated into the network’s deeper stages. Experimental re-
sults on the Bunny, UVG, and DAVIS datasets demonstrate that FANeRV
significantly improves video reconstruction quality and achieves supe-
rior performance across multiple tasks, including video compression,
video inpainting, and video interpolation, outperforming existing NeRV
methods while maintaining the comparable model capacity. The main
contributions of this paper are summarized as follows:

e We propose FANeRV, a novel video representation framework that
mitigates spectral bias by employing the Discrete Wavelet Transform
(DWT) for explicit frequency separation and applying frequency-
specific enhancement strategies.

e We propose a Frequency-Specific Multi-Resolution Fusion, which
leverages the inherent multi-resolution properties of the DWT to fa-
cilitate multi-resolution feature fusion. This parameter-free approach
avoids the blurring and checkerboard artifacts.

e We conduct comprehensive experiments, demonstrating that FAN-
eRV achieves significantly improved reconstruction performance and
achieves superior results across multiple tasks.

2. Related work
2.1. Neural representations for video

Implicit Neural Representations (INRs) have emerged as a powerful
paradigm for modeling diverse signals via a function F, which maps in-
put coordinates § € R" to corresponding signal values y = F(6), where
y € R™. Owing to their ability to represent signals accurately using neu-
ral networks with parameter counts significantly smaller than the raw
data, INRs have been increasingly applied to video representation.

Early video INRs (Zhang et al., 2021) often directly adapted methods
from image INRs (Dupont et al., 2021), employing Multilayer Percep-
trons (MLPs) to learn a mapping function from individual pixel coor-
dinates to corresponding pixel values. However, this pixel-wise repre-
sentation strategy incurs substantial computational costs, as the neural
network must be evaluated independently for every pixel coordinate,
leading to slow decoding speeds and suboptimal reconstruction quality.
To address this limitation, NeRV (Chen et al., 2021) introduces a frame-
wise approach that utilizes Convolutional Neural Networks (CNNs) to
directly learn a mapping from a frame index ¢ to the entire correspond-
ing RGB image, significantly enhancing both coding efficiency and re-
construction fidelity. Building upon this foundation, E-nerv (Li et al.,
2022) proposed decomposing the neural representation input into sepa-
rate spatial and temporal contexts, thereby reducing model parameters
while maintaining representational power. Addressing the lack of vi-
sual priors in earlier methods, HNeRV (Chen et al., 2023) introduced a
hybrid representation scheme. This approach replaces the simple time
coordinate ¢ input with compact, content-related feature embeddings,
markedly improving reconstruction quality and convergence speed. Sub-
sequently, Zhang et al. (2024) tackled the issue of inadequate tempo-
ral alignment of intermediate features during decoding in NeRV-based
models by introducing a temporal modulation mechanism. They further
enhanced both reconstruction quality and compression performance by
employing improved entropy minimization techniques for model com-
pression.

Despite these advancements, overcoming the inherent spectral bias
of NeRV-based models remains a critical bottleneck. Research to ad-
dress this issue has largely followed three directions. The first involves
injecting high-frequency priors, for instance, through vector quantiza-
tion (Wu et al., 2024a; Xu et al., 2024; Yu et al., 2025), though this
often increases model complexity. A second, more common strategy is
multi-resolution feature fusion, as seen in models like LNeRV (Chen
et al.,, 2025) and NeRV+ + (Ghorbel et al., 2024). These methods
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typically employ residual learning principles and use upsampling op-
erators like transposed convolution to combine features from different
decoder stages. More recently, a third direction has emerged that lever-
ages the Discrete Wavelet Transform (DWT). For example, SNeRV (Kim
et al., 2025) applies DWT to decompose the input video into differ-
ent frequency sub-bands, while HFS-HNeRV (Zhao et al., 2024) uses
wavelets to construct frequency-aware attention mechanisms. While
these works validate the promise of frequency-domain processing, our
approach is fundamentally different. FANeRV applies frequency separa-
tion not to the input, but to the intermediate features within the decoder
for frequency-specific enhancement. Critically, we also leverage the
DWT’s inherent multi-resolution properties as a principled, parameter-
free mechanism for multi-resolution feature fusion, which completely
replaces the problematic upsampling operators used in prior art. This
integrated design allows FANeRV to simultaneously address two key
challenges: spectral bias is mitigated through targeted frequency en-
hancement, while upsampling artifacts are eliminated by the alias-free
nature of the DWT-based fusion.

2.2. Frequency domain learning

Frequency domain analysis is a well-established technique in tradi-
tional low-level computer vision. Following the advancements in deep
learning, it has increasingly been leveraged to enhance performance
across various computer vision applications. Among frequency analy-
sis methods, the Discrete Wavelet Transform (DWT) is particularly no-
table for its inherent multi-resolution analysis capabilities. The DWT
decomposes a signal, such as an image, into multiple subbands at differ-
ent scales, where each subband represents information within a specific
frequency range. This multi-resolution decomposition allows the DWT
to effectively represent both fine-grained local details (e.g., edges, tex-
tures) and coarse-grained global structures within the signal simultane-
ously.

Researchers have successfully integrated this technique with Con-
volutional Neural Networks (CNNs), yielding significant advancements
in diverse tasks (Liu et al., 2018; Wu et al., 2024b; Xu et al., 2023).
For instance, Liu et al. (2018) proposed a novel multi-level wavelet
convolutional neural network designed to enlarge the receptive field,
thereby achieving a favorable trade-off between efficiency and recon-
struction performance. Xu et al. (2023) designed a downsampling mod-
ule based on the Haar wavelet transform to reduce image resolution
while alleviating the loss of information crucial for semantic segmen-
tation tasks. Wu et al. (2024b) utilized DWT to decompose features
into low-frequency and high-frequency components, subsequently com-
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puting attention based on the low-frequency components, which sig-
nificantly mitigated the detrimental effects of noise on model perfor-
mance. Drawing inspiration from these successes, we identify the spe-
cific properties that make DWT uniquely suited for our method. Unlike
the spatially-agnostic Fast Fourier Transform (FFT), it preserves cru-
cial spatial locality for convolutional processing. In contrast to learn-
able operators like transposed convolution, it is a parameter-free trans-
formation that fundamentally avoids training artifacts such as checker-
boarding. We leverage these properties to tackle the dual challenges in
our work: using its frequency decomposition for targeted enhancement
against spectral bias, and its multi-resolution nature for an artifact-free
feature fusion to solve the feature alignment problem.

3. Proposed method
3.1. Overview

To directly combat the inherent spectral bias of neural networks,
which hinders the reconstruction of high-frequency details, our core
design philosophy is to divide and conquer in the frequency domain.
Our approach is built on three key strategies: explicitly separating fea-
tures into distinct frequency components, applying specialized enhance-
ments to each, and leveraging a novel, artifact-free mechanism for
multi-resolution fusion. This philosophy is embodied in our proposed
Frequency Separation and Augmentation based Neural Representation
for Video (FANeRV) architecture, whose workflow we detail next. As
shown in Fig. 1, for a given video frame 7,, a ConvNeXt-based encoder
(Liu et al., 2022) first produces a compact, content-related embedding
that encapsulates its essential spatial information. Concurrently, the
frame index 7 is converted into a high-dimensional temporal embed-
ding ¢,,, via a positional encoding function and a small MLP. These
two embeddings serve as the primary inputs to decoder.The decoder
is a five-stage network designed to progressively synthesize the final
video frame. The intermediate stages (2-4) pair a standard NeRV block
with the proposed Wavelet Frequency Upgrade (WFU) block. The initial
stage omits the WFU block, as its low feature resolution is incompat-
ible with the dyadic decomposition required by the Discrete Wavelet
Transform, while the final stage is augmented with a Residual En-
hancement Block (REB) to enhance the final reconstruction. The WFU
block utilizes the DWT for frequency separation, subsequently enhanc-
ing the resulting components via specialized branches and integrating
information from the previous stage. The REB is to further boost the
model’s capacity for restoring challenging fine-grained details, ensur-
ing a faithful and sharp final output f,. Throughout this process, the

~

Dec.  FANeRV !

1 temb :
215 e 7
& o e !

. REB
(Residual Enhancement Block )

Q Q
lg@g '
< < M X

Fig. 1. Architecture of the proposed FANeRV. The model consists of an encoder-decoder structure. The encoder maps an input frame I, to a content embedding,
while the frame index 7 is processed into a temporal embedding t,,,,. The decoder then synthesizes the output frame /, using these embeddings. The bottom panel
details the decoder’s three key building blocks: the NeRV Block (NB) for spatial upsampling, our Wavelet Frequency Upgrade Block (WFUB) for frequency-specific
enhancement under temporal modulation, and the Residual Enhancement Block (REB) for final feature refinement.
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temporal embedding ¢,,, provides frame-specific conditioning at each
stage. It does this by generating parameters that dynamically modu-
late the features, ensuring the decoder synthesizes the correct frame
corresponding to index t. After training is complete, the video is repre-
sented by the combination of explicit embeddings and implicit network
weights, enabling high-speed frame reconstruction through a simple for-
ward pass.

3.2. Wavelet frequency upgrade block

A key limitation of existing methods is their uniform treatment of all
frequency components, which is suboptimal for recovering both global
structures and fine details simultaneously. To address this, we pro-
pose an asymmetric processing strategy where low- and high-frequency
components are handled by specialized modules. The rationale for this
approach stems from their significant differences in information con-
tent and processing requirements. Low-frequency components primarily
carry global structural information, such as shape contours, background,
and overall object forms. These features often exhibit long-range de-
pendencies across regions, making the exploration of non-local fea-
ture interactions crucial for their effective recovery. Conversely, high-
frequency components mainly contain local details like textures, edges,
and fine structural information. These details often vary significantly
across different local regions; therefore, the precise recovery of high-
frequency information demands fine-grained modeling capable of cap-
turing these localized characteristics. To implement this strategy, this
paper proposes a Wavelet Frequency Upgrade (WFU) module. This mod-
ule utilizes the Discrete Wavelet Transform (DWT) to explicitly separate
high-frequency and low-frequency components of the image features
and applies distinct enhancement processes to each. Furthermore, the
module leverages the DWT’s inherent multi-resolution property for our
Frequency-Specific Multi-Resolution Fusion, guiding the network to fo-
cus on the recovery of high-frequency details while providing an artifact-
free fusion path. As illustrated in Fig. 1, The WFU module comprises
a Frequency Separation Feature Boosting (FSFB) module and a Time-
Modulated Gated Feed-Forward Network (TGFN). The FSFB is respon-
sible for feature enhancement on the separated frequency components,
while the TGFN module dynamically fuses the enhanced components
under temporal modulation.

Specifically, given an input feature map F; € REXW*C we first em-
ploy the Haar wavelet transform (Daubechies, 1990) to decompose it.
This transform is fundamentally constructed from a pair of 1D filters: a
low-pass filter L for capturing approximations and a high-pass filter H
for capturing details. For the Haar wavelet, they are defined as:

L=t w=Liny &)
V2 V2

By applying these filters sequentially along the feature map’s spatial

axes—first horizontally, then vertically—the transform decomposes the

feature map from the current stage, (F,), into the following four sub-
bands:

Vi

i
H HL>

i
A LH>

- Db, = DWT(F). ©)
where A, represents the low-frequency subband containing global
structural information , while H! , V},,, and D}, represent the high-
frequency subbands capturing horizontal, vertical, and diagonal texture
details, respectively. Each subband has dimensions R /2X(W/2xC,
Since the spatial upsampling factor at each decoding stage is 2, the
subbands generated by the DWT at the current stage (i) naturally pos-
sess the same spatial dimensions as the low-resolution feature map £;_,
from the previous stage (i — 1). Due to low-resolution features predomi-
nantly contain low-frequency information, we directly fuse F;_; with the
current low-frequency subband A’ ;. This provides a strong, relevant
prior for the current stage, effectively guiding the network to lever-
age existing low-frequency information and dedicate more resources
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to learning the challenging high-frequency details. After obtaining the
high-frequency components and the enhanced low-frequency compo-
nent, 1 x 1 convolutions are applied to transform them into prelimi-
nary high-frequency features F/" and low-frequency features F'. Sub-
sequently, the low-frequency and high-frequency branches within the
FSFB module operate distinctly to capture global and local character-
istics, respectively, facilitating the precise recovery of both low- and
high-frequency information.This process can be formulated as:

£l Convyy (A" ® F_)),
F Convyy (H} 1 Vi Dy )

where F! € RH/DXW/DXC and Fh e RUH/DXW/2X3C gre the refined
low-frequency and high-frequency features, respectively, ® denotes the
concatenation operation along the channel dimension. Finally, the In-
verse Discrete Wavelet Transform (IDWT) is applied to I:"l.’ and I:"l." to
reconstruct a preliminary fused feature F, incorporating a residual con-
nection with the original input F;:

F/ =IDWT(F], F + F, )

1
To further refine the fused features and integrate temporal information
at each stage, we first generate a temporal embedding from the frame in-
dex. Given the integer frame index 1, it is first converted into a positional
encoding (PE) and then passed through a small multi-layer perceptron
(MLP) to produce the high-dimensional temporal embedding ¢

emb*
femb = MLP(PE(1)). (%)

This temporal embedding 7., is then used by the Time-Modulated Gated
Feed-Forward Network (TGFN) to modulate the intermediate feature Fi’ s
and generate the final output feature of the WFU block F;.

F; = TGEN(F) [t o) + F. (6)

3.2.1. Frequency Separation Feature Boosting module

The design of the FSFB module is driven by two core principles:
(1) Asymmetric Processing for different frequency components and
(2) Frequency-Specific Multi-Resolution Fusion, as described in the
previous section. We recognize that low-frequency (global structure)
and high-frequency (local details) components have different modeling
needs. Therefore, FSFB uses two specialized, parallel branches to pro-
cess them asymmetrically, which is more effective than a single, uniform
structure (Fig. 2).

Specifically, the low-frequency branch is designed to model the
long-range dependencies characteristic of global structures. While
Transformer-based self-attention mechanisms excel at this, their
quadratic complexity can be a bottleneck. Inspired by recent works
showing that large kernel convolutions (Ding et al., 2022; Guo et al.,
2023) can achieve similar long-range modeling capabilities with higher
efficiency, we design a multi-resolution deep feature modulation
branch. As illustrated in Fig. 1, this branch employs parallel Atrous
Separable Convolution (ASC) with varying kernel sizes and dilation
rates to construct multi-scale feature maps f. l’ , capturing low-frequency
characteristics at different scales. Given an input low-frequency feature
F! e REXWXC 'this process is represented as:

Jl=ASCy, 4 (F), 0<j<3. )

where k; and d; denote the kernel size and dilation rate, respectively,
specifically set as k; € {5,7,9,11} and d; € {1,2,3,4} for j =0, 1,2,3.

To refine the low-frequency features F,.’ , the branch employs spatial-
adaptive modulation, dynamically weighting spatial locations based on
aggregated multi-scale representations. Specifically, the multi-scale fea-
tures are first concatenated along the channel dimension. Then, a 1 x 1
convolutional layer followed by a GELU activation function (¢) is ap-
plied to produce an attention map .S. This attention map S is then ap-
plied via element-wise multiplication (©) to the original input feature
F,.’ . Finally, another 1 x 1 convolutional layer models inter-channel re-
lationships, yielding the output Fi’ :

S = a(Convy, (Concat([fL, £, 2, £3)). ®
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(b) TGFN

Fig. 2. Detailed architecture of the (a) Frequency Separation Feature Boosting (FSFB) module and the (b) Time-Modulated Gated Feed-Forward Network (TGFN)
module. In FSFB, an input feature map F, is decomposed by DWT into low-frequency (LF) and high-frequency (HF) sub-bands. The LF branch fuses its sub-band with
features from the previous stage (F,_,) and processes them with parallel Atrous Separable Convolutions (ASC) in a spatial attention mechanism to capture multi-scale
global context. The HF branch uses a simpler residual block to enhance local details. The enhanced sub-bands are then reconstructed via IDWT. In TGFN, the module
injects temporal information and refines features. It first uses the time embedding 7,,,, to generate scale (y;) and shift (§;,) parameters for an affine transformation on
the input feature F;. Subsequently, a gating mechanism with a channel split adaptively modulates the feature pathways to select and refine salient information.

Fl'=Conv,,((S© F)). ©)

The high-frequency Branch is designed to restore fine-grained local
details. It takes the high-frequency feature F,.” as input and employs a
lightweight residual block to process it, as detailed in Eqs. (10) and (11).
This branch uses a 3 x 3 DWConv to efficiently extract texture informa-
tion, while a crucial residual connection ensures the stable propagation
of high-frequency signals without degradation.

fn = Conv,,; (DWConvs,5(F") 10)
Fh = Convyy (a(f))) + F! an

3.2.2. Time-Modulated Gated Feed-Forward Network

The Time-Modulated Gated Feed-Forward Network (TGFN) is the fi-
nal component of the WFU block. Its primary input is the feature map
F], which represents the preliminary result of our frequency-specific
processing, obtained by reconstructing the enhanced LF and HF compo-
nents via IDWT(as defined in Eq. (4)). The TGFN is designed to perform
two critical roles on this feature: (1) Dynamic Feature Refinement, us-
ing a gating mechanism to adaptively select and integrate features while
suppressing redundancy, and (2) Temporal Conditioning, injecting the
frame index to ensure the features are correctly aligned with the tar-
get frame. As shown in Fig. 1, the input feature F/ first undergoes an
affine transformation using modulation parameters y; and f;, which are

derived from the time embedding 7.;:

Yis Bi = MLP;(top)- (12)

f,-m:F,»’Q(l"'Yi)"'ﬁi- 13

where © denotes element-wise multiplication, and y; and §; control the
scaling and shifting of the features, respectively. This transformation al-
lows the network to learn a frame-specific adjustment for the features.
By dynamically scaling and shifting the feature channels based on the
frame index 7, the network can precisely control the representation, en-
suring that the synthesized details are appropriate for the target frame.
Subsequently, a 1 x 1 convolution is applied to the modulated feature
S for cross-channel interaction, generating an expanded hidden repre-
sentation. This output is then split into two components, f, and f,. The
component f, passes through a 3 x 3 depthwise convolution to capture
local spatial patterns, followed by a GELU non-linear activation func-
tion (o) to generate gating weights. These weights are used to adaptively
modulate f,. Finally, a I x 1 convolution mixes the features and reduces
the channel dimension to match the input feature dimension:

Sa» [ = Split(Convy,y (™), (14)
Fi = Convyy (f, © c(DWConvs,;3(f,))). (15)

3.3. Residual enhancement block

Existing video INR methods typically reduce channel dimensions
during progressive spatial upsampling to maintain model compactness.
However, this common strategy can limit representational capacity in
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Video Regression Performance on the UVG Dataset. In each cell, the top value is PSNR and the bottom value is MS-SSIM. Best results are in bold, second

best are underlined.

Resolution: 1920 x 960

Resolution: 960 x 480

Video
NeRV E-NeRV HNeRV Boost Ours NeRV E-NeRV HNeRV Boost Ours

Beauty 33.250.8886 33.53 0.8958 33.580.8941 33.93 0.9006 34.11 0.9032 32.380.9346 32.590.9399 32.810.9341 33.06 0.9437 33.48 0.9462
Honey. 37.26 0.9794 39.04 0.9845 38.96 0.9844 39.62 0.9854 39.69 0.9854 36.64 0.9912 38.47 0.9936 38.520.9936 38.96 0.9942 39.17 0.9958
Bosph. 33.220.9305 33.81 0.9442 34.730.9451 36.00 0.9652 37.09 0.9729 32.950.9577 33.720.9705 34.58 0.9703 36.41 0.9843 36.64 0.9858
Yacht. 28.03 0.8726  27.74 0.8951 29.26 0.8907 29.69 0.9079 30.58 0.9230 28.07 0.9183 27.86 0.9393 29.24 0.9354 30.10 0.9512 30.40 0.9557
Ready. 24.84 0.8310 24.090.8515 25.740.8420 28.330.9173 29.68 0.9367 24.55 0.8884 24.050.9069 25.730.9112 28.80 0.9603 29.28 0.9693
Jockey 31.74 0.8874 29.350.8805 32.040.8802 34.510.9326 35.36 0.9438 31.330.9154 28.98 0.9084 32.04 0.9151 34.29 0.9570 34.83 0.9647
Shake. 33.08 0.9325 34.54 0.9467 34.57 0.9450 35.89 0.9581 35.97 0.9589 32.74 0.9603 34.06 0.9715 34.340.9698 35.250.9768 35.81 0.9793

Avg. 31.63 0.9031

31.730.9140 32.690.9116 34.00 0.9382 34.64 0.9463 31.24 0.9380 31.390.9472 32.470.9470 33.840.9668 34.23 0.9710

later stages where the network’s focus shifts primarily towards recon-
structing fine, high-frequency details. To mitigate this limitation, FAN-
eRV retains channel reduction in early stages for efficiency but strate-
gically incorporates a Residual Enhancement Block (REB) in the final
high-resolution stage. Composed of multiple stacked residual blocks,
REB selectively increases network depth and enhances local feature ex-
traction capabilities precisely. thereby further improving overall video
reconstruction quality.

3.4. Loss function

To improve frame detail and structural accuracy, we use a hybrid loss
function combining L1 loss and Multi-Scale Structural Similarity Index
Measure (MS-SSIM). To further enhance the retention of high-frequency
details, we employ frequency constraints to regularize network training,
the loss function as:

Lepa = allf, = LIl; + (1 — @)(1 — MS-SSIM(J,, 1,)). (16)
Lgge = |F() = FU)Is, a7
Liogta1 = Lspa + pLgg. (18)

Here, I, and I, represent the reconstructed and original frames, respec-
tively. The symbol || - ||, denotes the L,-norm, and F represents the Fast
Fourier Transform (FFT). Additionally, « and u are weight parameters,
empirically set to 0.7 and 70, respectively.

4. Experimental results and discussion
4.1. DataSets and implementations

4.1.1. Datasets

We evaluated our approach using the Bunny (Roosendaal, 2008),
UVG (Mercat et al., 2020), and DAVIS (Perazzi et al., 2016) datasets. The
Bunny consists of 132 frames at 720 x 1280 resolution. The UVG dataset
consists of seven video sequences, each with 300 or 600 frames at a
resolution of 1080 x 1920. For the DAVIS dataset, we used the validation
set, which includes 20 videos, each with a resolution of 1080 x 1920.
Following the setup of prior works, we center-cropped the videos for
our experiments: inputs treated as 1280 x 720 resolution were cropped
to 1280 x 640, and inputs at 1920 x 1080 resolution were cropped to
1920 x 960.

4.1.2. Implements details

The decoder spatial upsampling factor was set to [5, 2, 2, 2, 2] for the
Bunny dataset and [5, 2, 2, 2, 2, 2] for UVG and DAVIS. For evaluation,
we used Peak Signal-to-Noise Ratio (PSNR) and Multi-Scale Structural
Similarity Index Measure (MS-SSIM) to assess distortion and measured
the video compression bit rate in bits per pixel (bpp). Unless specified
otherwise for a particular task, all reported quantitative metrics rep-
resent the arithmetic mean calculated over all frames of the respective
video sequences. Training was performed using the Adan optimizer (Xie

et al., 2022) with a cosine learning rate decay, starting from an initial
learning rate of 3 x 1073, The batch size was set to 1. All experiments
were implemented in PyTorch and executed on a single NVIDIA RTX
4090 GPU, with a model size of 3M and 300 training epochs unless oth-
erwise specified.

4.2. Results

We conduct a comprehensive evaluation of FANeRV against four
leading NeRV-based models: NeRV (Chen et al., 2021), E-NeRV (Li et al.,
2022), HNeRV (Chen et al., 2023), and Boosting NeRV (Boost) (Zhang
et al., 2024). To ensure a fair comparison centered on architectural ad-
vantages, all models are configured to a similar parameter count of ap-
proximately 3M. For all baseline methods, we utilize their official public
implementations and train them with the optimal configurations recom-
mended by the authors, facilitating a “best-vs-best” analysis. Further-
more, we demonstrate our model’s broad effectiveness by assessing its
performance across a diverse set of applications, including video regres-
sion, compression, interpolation, and inpainting. The following sections
present detailed quantitative and qualitative results.

4.2.1. Video regression

Table 1 shows the video regression results on the UVG dataset.
From the first list of results, it can be seen that the proposed model
achieves the optimal performance in both PSNR and MS-SSIM met-
rics, with an average improvement of 1.88 % and 0.86 %, respectively,
compared with the suboptimal method. In addition, additional experi-
ments are conducted using the 960 x 480 downsampled version of the
UVG dataset to validate the robustness of the proposed method, and
it can be seen that the proposed method also achieves the optimal re-
sults, with an average improvement of 1.15% and 0.43 % compared
with the suboptimal method. The performance gains of FANeRV are
most significant in texture-rich sequences such as 'Bosph.” and ’Jockey’,
demonstrating its enhanced capability in handling complex details. This
quantitative improvement is visually corroborated in Fig. 3, where our
model reconstructs markedly sharper text and facial features. A cor-
responding frequency spectrum analysis reveals that FANeRV robustly
preserves high-frequency energy, in stark contrast to competing models.
This directly validates the efficacy of our Frequency Separation Feature
Boosting (FSFB) module in mitigating the spectral bias of standard NeRV
architectures by explicitly enhancing high-frequency components.

Furthermore, since the training process of neural representation is
essentially a function fitting process, the number of parameters of the
representation network and the number of training rounds directly af-
fect the video reconstruction effect. Therefore, we also investigate the
effects of different model sizes and different iteration times on the re-
construction performance. The experimental results in Table 2 show that
under different model sizes and training epochs, the proposed method
shows the best performance, which proves the robustness of the method.
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Fig. 3. Visual comparisons of reconstructed frames from different methods on the “Jockey” sequence. The first two rows show the reconstructed frames of each
method and magnified details of key regions. The second row displays their corresponding frequency spectrums (frequency increasing outwards). PSNR values are
shown on the bottom-left. The results shows that FANeRV achieves superior preservation of fine details and sharpness (e.g., on text and faces) than NeRV and HNeRV.
The frequency spectrum of FANeRV is more similar to Ground Truth (GT) than the other two methods, with retention of more high-frequency energy.
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Fig. 4. The rate-distortion curve on UVG dataset in terms of PSNR and MS-SSIM.

Table 2

PSNR with varying model size and epochs on Bunny.
Method Size Epoch

0.75M 1.5M 3M 300 600 1200

NeRV 28.46 30.87 33.21 33.21 34.47 35.07
E-NeRV 30.95 32.09 36.72 36.72 38.20 39.48
HNeRV 32.18 35.19 37.43 37.43 39.36 40.02
Boost 35.53 38.95 41.50 41.50 42.03 42.34
Ours 35.82 39.10 41.82 41.82 42.40 42.73

4.2.2. Video compression

We employed the consistent entropy minimization method (Zhang
et al., 2024) for model compression training. Each model was fine-tuned
for 100 iterations using an initial learning rate of 5 x 10~* with a cosine
decay schedule. Our approach was benchmarked against other NeRV
methods as well as traditional codecs H.264 (Wiegand et al., 2003) and

H.265 (Sullivan et al., 2012) and end-to-end neural video compression
methods SSF (Agustsson et al., 2020) and DCVC (Li et al., 2021). Rate-
distortion (R-D) curves, evaluated using PSNR and MS-SSIM metrics on
the average of the UVG dataset, are shown in Fig. 4. The visualization
of these graphs provides clear evidence of our model’s superiority. FAN-
eRV’s R-D curves are consistently positioned to the top-left relative to
competing methods. This signifies that for any given bitrate (x-axis), our
method achieves higher reconstruction quality (y-axis), and conversely,
requires a lower bitrate to reach a specific quality level. The results in-
dicate that, the proposed method outperforms other similar methods
in both PSNR and MS-SSIM metrics, as well as traditional codecs and
other end-to-end neuro-video compression methods, and this result fully
proves the potential of the proposed method in terms of compression ef-
ficiency and reconstruction quality.

4.2.3. video interpolation
In order to validate the performance of the proposed method in the
video frame interpolation task, the odd frames of the UVG dataset are
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Fig. 5. The visualization comparison results are arranged in a left-to-right format, highlighting video interpolation, central inpainting (Mask-C), and dispersed
inpainting (Mask-S) tasks on the UVG datasets and DAVIS dataset. PSNR values are shown on the bottom-left.

Table 3
Video interpolation results on UVG dataset in PSNR.

Method Beauty Bosph. Honey. Jockey Ready. Yacht. Shake. Avg.

NeRV ~ 31.26 3221 36.84 2224 20.05 26.09 32.09 28.68
E-NeRV 31.25 33.36 3862 2235 20.08 2674 32.82 29.32
Hnerv  31.42 3400 39.07 2302 2071 2674 3258 29.65
Boost ~ 31.59 3592 39.32 2295 21.34 27.98 3265 30.25
Ours  31.67 36.48 39.22 23.56 22.43 27.87 32.92 30.59

selected as inputs for network training, while the even frames are en-
tirely withheld and are never seen by the model during training. We
adopt this odd-even frame split from standard prior works (Chen et al.,
2021; Li et al., 2022; Zhang et al., 2024). This protocol provides a fair
and representative evaluation by testing the model’s ability to learn con-
tinuous temporal dynamics while preventing data leakage through a
strict train-test separation. Next, in the inference phase, we generate
the intermediate, unseen frames. This is achieved by feeding the corre-
sponding even-numbered frame indices into the trained network, lever-
aging the continuous function it has learned to predict the appearance
at these intermediate temporal points. Finally, for evaluation, we cal-
culate performance metrics by comparing these generated even frames
I, against the ground-truth even frames I,, that were withheld. This
process ensures that the reported scores in Table 3 purely reflect the
model’s ability to interpolate missing information rather than simply
reconstruct seen data. The experimental results show that our method
excels in this task, outperforming existing approaches. This is further
corroborated by the visualization results in Fig. 5 (second row), where
our method produces fewer artifacts and better preserves object struc-
ture in the interpolated frames, demonstrating superior performance in
capturing spatio-temporal continuity.

4.2.4. Video inpainting

We evaluated the performance of our method on video inpainting
tasks using the DAVIS validation dataset. We conducted both disperse
and central masking experiments. In the disperse masking setup, five
50 x 50 regions were masked in each video frame during training. For
the central masking experiment, a region covering one-quarter of the

video’s width and height was masked. The training goal was to recon-
struct the complete video frame. After training, the masked region is re-
constructed by the network and the reconstruction quality is evaluated
in comparison with the original video. The quantitative experimental
results in Table 4 show that the proposed method outperforms other
methods on most of the datasets. The qualitative reconstruction results
in the third and fourth rows of Fig. 5 further validate the effectiveness
of the proposed method. As demonstrated in the central masking ex-
periment, our method plausibly reconstructs the complex underlying
textures with realistic details. Competing methods, however, tend to fill
the masked region with overly smooth or repetitive patterns. This proves
that our model, by avoiding common artifacts, can better maintain the
continuity of video content and visual consistency.

4.3. Complexity analysis

To provide a comprehensive assessment of our model’s efficiency,
we evaluate its complexity from two complementary dimensions: infer-
ence complexity and storage complexity. We empirically measure infer-
ence complexity by the decoding speed, reported in Frames Per Second
(FPS), where a higher value indicates lower computational cost. For stor-
age complexity, we measure the number of model parameters (Params
(M)), which reflects the intrinsic size of the model. To ensure a fair and
reproducible evaluation, all speed benchmarks were conducted on the
UVG dataset. The hardware platform was specified for each method: all
learning-based models (our FANeRV, Boost, DCVC) were executed on a
single NVIDIA RTX 4090 GPU, while the traditional H.265 codec was
benchmarked on a single-threaded CPU using its FFmpeg implemen-
tation. As reported in Table 5, our proposed method demonstrates an
excellent balance between these two aspects. Leveraging a streamlined
network structure, FANeRV achieves decoding speeds comparable to the
highly optimized H.265 implementation while maintaining a compact
model size, demonstrating its computational efficiency. Crucially, FAN-
eRV achieves its significant performance gains without additional com-
putational or memory overhead over the strong baseline, an efficiency
enabled by deliberate design choices such as the lightweight Haar DWT
and depthwise separable convolutions.
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Table 4
Detailed video inpainting results (PSNR) on the DAVIS dataset.
Video Mask-S Mask-C
NeRV E-NeRV HNeRV Boost Ours NeRV E-NeRV HNeRV Boost Ours
Black. 27.06 29.53 30.20 34.10 35.30 24.11 26.38 26.45 29.18 29.52
Bmx-t. 26.77 27.75 29.05 32.99 33.43 22.43 23.79 22.28 22.28 22.81
Break. 25.48 26.97 26.34 33.10 32.78 20.16 22.15 20.23 20.24 20.61
Camel 23.70 25.70 26.13 31.08 31.87 21.21 22.62 17.74 19.81 21.30
Car-r. 23.92 26.32 28.64 31.90 32.26 21.24 22.73 21.71 22.36 22.41
Car-s. 26.58 30.63 31.01 35.85 36.58 23.07 23.21 21.05 23.69 23.65
Cows 22.17 23.92 24.68 28.30 28.50 20.48 21.88 21.82 24.14 24.35
Dne-t. 2529  27.42 28.74  30.79 3177 2117  22.40 21.06 21.77  22.55
Dog 29.29 31.72 28.80 33.87 35.69 25.37 27.07 24.16 24.66 25.83
Drf-c. 34.09 39.26 38.52 43.32 43.89 27.52 29.81 23.40 27.44 28.51
Drf-s. 26.78 29.53 30.81 36.16 36.93 22.76 24.69 18.88 21.49 23.81
Goat 24.04 25.34 26.91 30.59 31.33 22.03 23.43 23.06 25.10 25.22
Hrs-j. 25.74 29.27 29.31 30.86 32.84 21.54 23.06 20.72 23.16 23.31
Kite. 29.34 32.87 33.49 37.08 37.26 23.92 26.71 24.73 27.49 27.71
Libby 29.81 31.39 28.66 37.35 38.27 25.71 26.91 23.39 26.96 27.73
Mtx-j. 29.82 34.15 28.27 36.42 36.42 26.19 28.75 22.36 26.25 27.56
Para. 29.03 30.62 30.99 33.64 34.54 25.95 26.65 26.00 28.07 28.68
Prk. 24.74 25.62 26.34 28.79 29.29 22.32 22.99 19.06 20.55 20.74
Sct-b. 23.35 26.46 28.41 30.42 31.76 19.24 20.99 18.94 19.86 21.88
Soap. 27.20 28.83 30.30 32.95 33.81 22.29 23.82 17.98 19.20 22.59
Avg. 27.71 29.17 29.28 33.48 34.23 22.94 24.50 21.75 23.68 24.54
Table 5 A =
Complexity test results on UVG dataset. - :“'t:":_l
Method Params (M) | Speed (FPS) 1 Time (ms) | F at _— ;:""'
- T
H.265 - 39.2 26 5 i -
DCvVC 35.2 1.98 505 é
Boost 3.07 26.5 38 By
Ours 3.10 33.0 30 2
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Table 6 4
Ablation study of FANeRV.“v” indicates the component is in- w on
a
cluded. ﬁ
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Ours (Full Mode) v/ v v 4182 0.9942 . I l § l .
w/o FSFB v v 41.44 0.9936 o .
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4.4. Ablation study

To validate the effectiveness of each component in FANeRV and the
rationale behind our key design choices, we conduct a series of ablation
studies on the Bunny dataset. To ensure a fair comparison, all experi-
ments in this section were conducted under identical controlled condi-
tions. This includes using the exact same training strategies and ensur-
ing that all architectural alternatives have a closely matched parameter
count (approx. 3.1M).

First, we analyze the contribution of our three main architectural
modules: the Frequency Separation Feature Boosting (FSFB) module,
the Time-Modulated Gated Feed-Forward Network (TGFN), and the fi-
nal Residual Enhancement Block (REB). As shown in Table 6, removing
any of these components leads to a noticeable drop in performance, con-
firming their complementary and critical roles. The REB’s importance is
further contextualized in Fig. 6, which shows how it helps allocate more
parameters to the network’s later stages, enhancing the capacity for fine
detail recovery.

Next, we validate our specific design choices against strong
alternatives, with results summarized in Table 7. To evaluate our
Frequency-Specific Multi-Resolution Fusion strategy, we replace it
with conventional upsampling operators used in prior works (Chen
et al., 2025; Kim et al., 2025), namely bilinear interpolation and
transposed convolution. The quantitative results clearly show our

Fig. 6. Parameter distribution across decoder blocks in various models.

Table 7

Ablation studies on the modeling strategy for the
low-frequency branch and the multi-resolution fu-
sion strategy.

Variant PSNR SSIM
Ours 41.82  0.9942
w/ Restormer Block 41.65 0.9935
w/ VSS Block 41.57 0.9938
w/ Transposed Conv 41.57 0.9938
w/ Bilinear Interpolation 40.89 0.9929

method’s superiority. This performance gain is visually substantiated
in Fig. 7, which illustrates how our fusion mechanism completely
circumvents the blurring and checkerboard artifacts that plague
these traditional operators, thereby preserving feature integrity
during upsampling. To validate our low-frequency branch design,
we benchmark it against popular methods for capturing long-range
dependencies, such as efficient self-attention (Restormer Block) (Zamir
et al.,, 2022) and the Mamba block (VSS Block), a state-space model
that has recently shown great promise in image restoration (Guo
et al.,, 2024). The results show that while modern general-purpose
blocks are effective, our designed lightweight multi-resolution
deep feature modulation branch effectively models long-range



L. Yuetal

L Tal L L Jel
ieh 1411 inzer et -Lpusand Atk
Flee-k Pl padet izn Fasd TS R T 5 .'.1:[ |
bl oy W e
b o ey
" .
Gl TC IPAT

Expert Systems With Applications 299 (2026) 129935

Kl

1
Tl

1T

Fig.7. Comparative analysis of multi-resolution fusion strategies. (a) Schematic diagrams of Bilinear Interpolation Fusion (BI), Transposed Convolution Fusion (TC),
and the proposed Frequency-Specific Multi-Resolution Fusion (DWT). (b) Corresponding intermediate feature maps, visually demonstrating that BI leads to blurred
features and TC introduces checkerboard artifacts. In contrast, the proposed fusion method effectively mitigates these upsampling-induced issues, achieving superior

artifact reduction and detail preservation.

dependencies while maintaining a compact set of parameters, thus
achieving a better trade-off between performance and efficiency.

Collectively, these studies verify that each component of FANeRV is
essential and that our core design principles are superior to both con-
ventional and other modern alternatives for this task.

5. Conclusion

This paper introduced FANeRV, a novel video neural representation
framework designed to overcome the spectral bias of neural networks.
Its architecture, which leverages an Asymmetric Discrete Wavelet Trans-
form (DWT) and Frequency-Specific Multi-Resolution Fusion, deliv-
ers significant improvements in video regression, outperforming the
strongest baseline by 0.64 dB in PSNR on the UVG dataset. The frame-
work’s effectiveness and flexibility are also proven by its strong perfor-
mance in video compression, interpolation, and inpainting. Crucially,
FANeRV achieves these results while remaining efficient, with a com-
petitive model size and fast decoding speed. Future work will aim to re-
duce implementation complexity and enhance performance on dynamic
scenes by integrating explicit motion priors, such as optical flow.
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