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Abstract
This paper proposes the integration of residual blocks into
neural representation for videos (NeRV)-based architec-
tures with the aim of enhancing the reconstruction of de-
tailed patterns and high-level features. Additionally, a
coding pipeline is introduced, placing the implicit neu-
ral decoder in a real-life video streaming framework. In-
deed, DeepCABAC is employed for model compression,
applying a quantization scheme followed by the context-
adaptive binary arithmetic coding (CABAC) entropy cod-
ing algorithm, ultimately leading to bitstream generation.
Our method outperforms NeRV, as well as x264 and x265,
achieving BD-rate gains against NeRV : -12.06% us-
ing PSNR and -14.25% using MS-SSIM. Furthermore,
it exhibits superior subjective quality compared to NeRV,
attributed to enhanced high-level feature reconstruction.
This observed behavior encourages the application of our
method to other NeRV-based models, such as E-NeRV.
This paper has been accepted at the 2024 IEEE Interna-
tional Conference on Image Processing.
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1 Introduction
Learned video codecs have disrupted the landscape
of traditional codecs, including versatile video coding
(VVC) [1]. Notable, algorithms such as [2, 3, 4] are
built upon large generic variational autoencoders (VAEs).
The latest learned video codec, [4], has surpassed the
performance of the state-of-the-art conventional codec
VVC [1]. However, the success of these algorithms intro-
duces heightened complexity, particularly on the decoder
side, posing challenges to practical deployment.
To address this issue, implicit neural representation (INR)
were applied in image and video compression. The
core concept of INR involves representing the video as
a function of temporal and/or spatial coordinates using a
lightweight model, individually overfitted to each input
video. In the realm of video compression, the encoding
process involves training the INR model. The resulting
weights are transmitted to the decoder, and the decod-
ing stage involves retrieving these weights and applying

the model to reconstruct the approximate version of the
source video. In 2021, NeRV [5] emerged as an image-
wise implicit model, recovering the entire video frame
from its temporal index. This advancement not only im-
proved encoding and decoding speed but also enhanced
overall video quality. Serving as the baseline for multiple
approaches such as E-NeRV[6], HNeRV [7], CNeRV [8],
PS-NeRV [9], FFNeRV [10], and HiNeRV [11], NeRV has
become the focal point for endeavors seeking to augment
its performance.
NeRV has exhibited noteworthy success and demonstrated
significant potential. However, based on our experimental
observations, it encounters challenges in efficiently captur-
ing high-level features, especially detailed elements, and
textures that appear sporadically in the sequence. This
limitation, prevalent among other NeRV-based models,
motivates our proposal in this paper to enhance NeRV’s
architecture and its variants by incorporating residual
blocks [12]. Furthermore, the ultimate objective for any
video decoder is industrial deployment. Therefore, we
proactively consider practical deployment requirements by
introducing a compression system tailored for NeRV-based
architectures, encompassing quantization, efficient entropy
coding techniques, and bitstream generation.
The rest of this paper is organized as follows. In Section 2,
we provide a brief introduction to NeRV and its variations.
Subsequently, Section 3 outlines the integration of resid-
ual blocks in the NeRV codec and describes our proposed
coding pipeline. The experimental results of the proposed
framework are presented and analyzed in Section 4. Fi-
nally, Section 5 concludes the paper.

2 Related Work
As mentioned earlier, NeRV [5] proposed an image-wise
architecture comprising a positional encoding step that
transforms the temporal index into a high-dimensional
embedding space. Subsequently, a multilayer perceptron
(MLP) network, followed by convolutional blocks, learns
the video features to reconstruct the output video. In com-
parison to pixel-wise approaches [13, 14, 15], this work
significantly accelerates both the encoding and decoding
processes by 25x to 70x and 38x to 132x, respectively. No-
tably, it achieves superior video quality, enhancing the peak
signal to noise ratio (PSNR) by 1 dB to 3.35 dB, all at a
comparable model size.
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Figure 1: Rate-distortion results: A performance comparison of Res-NeRV with NeRV, E-NeRV, x264, and x265.

Several methods have been proposed to enhance NeRV, en-
compassing strategies such as incorporating spatial coordi-
nates information into the network [6, 9, 11], introducing
content information [7, 8, 16], and improving temporal cor-
relation between frames [10, 17].
It is important to highlight that none of the previously
mentioned methodologies investigated the incorporation of
residual blocks within their decoder architecture. Further-
more, a significant gap exists as most of these approaches
overlook the essential aspect of adapting the INR model to
real-world video streaming environments.

3 Proposed method
3.1 Res-NeRV Architecture
In a video sequence, two different types of content can
be distinguished: persistent content, which spans a large
number of frames and includes constant logos, static back-
grounds, or dynamic elements that persist throughout the
video; and transient content, which appears briefly in the
video, such as fast-moving objects. While NeRV-based
algorithms excel in achieving high reconstruction quality
for persistent content, they encounter challenges with tran-
sient content. This difficulty can be attributed to the over-
fitting nature of INR models. During training, the video
sequence serves as the training dataset, where persistent
content dominates over transient content, leading to supe-
rior model performance on the former.
To overcome this limitation, we propose incorporating
residual blocks into the decoder blocks of NeRV-based ar-
chitectures. Residual blocks, as defined in [12], are dis-
tinguished by their unique structure featuring skip connec-
tions. These shortcuts enable information to flow between
layers, facilitating the learning of features at various lev-
els of granularity. Additionally, the inclusion of residual
blocks contributes to a stable training process, enhancing
the efficiency of the resulting model [12].

3.2 Video Coding Pipeline
Our coding pipeline, depicted in Fig. 2, outlines the various
steps involved in video coding using INR models, while
adhering to real-life application requirements. The encod-
ing and decoding processes are segregated into two dis-

Figure 2: INR-based coding in a practical video streaming
pipeline.

tinct stages. The encoding stage encompasses the training
of the INR model and the compression of its weights ϕ.
The original model compression pipeline utilized by NeRV
and its variations involves pruning, quantization, and Huff-
man entropy coding [18]. In this paper, CABAC [19], a
more efficient algorithm, is employed as the entropy cod-
ing technique for the model’s weights. To implement this,
the DeepCABAC [20] algorithm, tailored for deep neural
network compression, is utilized. This algorithm also in-
troduces a quantization scheme that accounts for the im-
pact of quantization on the model’s performance. In sum-
mary, our model compression pipeline comprises quanti-
zation and CABAC entropy coding, as proposed by Deep-
CABAC.

4 Experiments
The Big Buck Bunny sequence and the UVG-HD dataset
were used to evaluate the performance of the proposed
method. Additionally, the approach was benchmarked
against two image-wise INR methodologies, NeRV and E-
NeRV, as well as the traditional video compression algo-
rithms x264 and x265. The evaluations were conducted
using an NVIDIA RTX 3090 GPU.

4.1 Coding efficiency
Table 1 presents the Bjontegaard delta (BD)-rate of Res-
NeRV compared to NeRV, using PSNR and multi-scale



Figure 3: Visual results for Jockey (∼ 3.6 Mbps), Bunny (∼ 3Mbps) and Beauty (∼ 3.5Mbps). P stands for persistent regions,
T stands for transient regions

SSIM (MS-SSIM). Res-NeRV achieves a significant BD-
rate gains, ranging from -9.20% to -20.36% using PSNR
and from -8.83% to 20.11% using MS-SSIM. Despite a
slight loss in BD-rate using PSNR for the Beauty video se-
quence, Res-NeRV still attains a gain of -12.06% using the
MS-SSIM metric, which is known to be more correlated to
the perceived video quality than PSNR.

Tableau 1: BD-rate results of Res-NeRV compared to
NeRV.

Sequence BD-rate (PSNR) BD-rate (MS-SSIM)
Bunny -20.36% -17.53%
Beauty 4.18% -12.06%
Jockey -10.12% -10.50%
HoneyBee -15.88% -8.83%
ReadySetGo -17.82% -19.88%
YachtRide -9.20% -10.90%
Bosphorus -14.79% -20.11%
ShakenDry -12.51% -14.26%
Average -12.06% -14.25%

The rate-distortion curves for both PSNR and MS-SSIM
metrics are illustrated in Fig. 1. Res-NeRV yields supe-
rior results compared to NeRV and traditional codecs x264
and x265, while remaining competitive with E-NeRV. As
previously mentioned, the Res-NeRV block architecture
proposed in this paper is compatible with all NeRV-based
models, including E-NeRV. The obtained results for its
integration within NeRV encourage its application to E-
NeRV, especially for complex sequences such as Jockey.
Visual illustrations are provided in Fig. 3. For the Jockey
sequence, Res-NeRV outperforms NeRV, enhancing its
ability to preserve fine details and textures in both tran-
sient areas (denoted T) and persistent areas (denoted P).
In this particular sequence, Res-NeRV achieves a better
subjective quality than E-NeRV, refining high-level fea-

tures. These results highlight the potential of integrating
Res-NeRV blocks into E-NeRV. The Beauty sequence, is
mostly dominated by persistent content. While NeRV suc-
ceeds in providing a good reconstruction of the video, Res-
NeRV demonstrates a better reconstruction of fine details
such as blown hair and intricate textures on the woman’s
face.
To sum up, Res-NeRV surpasses NeRV results using both
objective and subjective metrics. Res-NeRV shows an av-
erage BD-rate gain of -12.06% using PSNR and -14.25%
using MS-SSIM for the Bunny sequence and ultra video
group (UVG)-HD dataset. Furthermore, Res-NeRV pro-
vides a better reconstruction of details for both persistent
and transient regions of the video.

4.2 Decoder computational complexity
The decoding complexity of the three INR-based mod-
els is evaluated at the same bitrate (3̃.5 Mbps) on the
ReadySetGo video sequence in Table 2.
Res-NeRV has proven to be computationally expensive,
increasing the number of multiply-accumulate operations
(MACs) by a factor of 3 compared to NeRV and E-NeRV.
This is explained by the architecture of the residual blocks
that require more computations. However, the decoding
time of our proposed method does not increase proportion-
ally. In fact, it increases by 26% compared to NeRV and E-
NeRV at a constant bitrate. Overall, the coding efficiency
results of Res-NeRV come with a rise in complexity. We
believe this limitation can be an area of improvement in
future works.

5 Conclusion
In this paper, we proposed Res-NeRV, which introduces
residual blocks to the NeRV-based architecture. Addition-
ally, we presented a INR coding pipeline aligned with real-
life video streaming application requirements. Res-NeRV



Tableau 2: Complexity performance on ReadySetGo.

Model
Model

Size (M)
Bitrate
(Mbps) GMACs

Decoding
Time (s)

NeRV 2.85 3.5 226.94 161.19
E-NeRV 2.72 3.5 228.21 165.40
Res-NeRV 3.07 3.6 684.20 202.80

outperforms NeRV in both objective (BD-rate gains of -
12.06% using PSNR and -14.25% using MS-SSIM) and
subjective quality, preserving finer details across different
content types. Compared to E-NeRV, Res-NeRV exhibited
less favorable results, but it efficiently enhances high-level
features, especially on transient content. Thus, integrat-
ing Res-NeRV blocks within E-NeRV holds the potential to
further enhance performance. However, the rate-distortion
gain of our method comes with an increase in computa-
tional complexity and decoding time. This limitation can
be addressed in future works.
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