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Abstract
Neural Video Representations (NVRs) have recently been proposed as a novel approach 
to the video compression problem. NVRs consist of one or multiple small neural networks 
that are overfitted on one specific video sequence, thereby encoding the video within the 
weights and biases of the network(s). In contrast to other learned video coding approaches, 
NVR-based codecs do not rely on large datasets and can achieve lower decoding com-
plexity by using compact, video-specific models instead of large shared encoder-decoder 
architectures. Many works have focused on improving the compression performance of 
NVR-based codecs by enhancing the overall codec design, devising more performant and 
parameter-efficient model architectures, and incorporating more advanced model compres-
sion schemes such as weight pruning, quantization, and entropy minimization. We provide 
a systematic overview of representative work in the field and discuss common weaknesses 
and opportunities for future work, with a focus on practical deployment for video stream-
ing. This paper serves as both an introduction for newcomers and a reference for existing 
researchers, highlighting the potential of neural video representations as an alternative to 
traditional codecs in video compression.
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1  Introduction

With video streaming accounting for more than 65% of global internet traffic in 2024,1 the 
demand for better video codecs is growing rapidly. Traditional video codecs, such as H.266/
VVC [1], still rely on hand-crafted features to exploit redundancies within and between 
frames. Although H.266/VVC achieves approximately 50% bit rate reduction over its pre-
decessor, H.265/HEVC [2], the computational complexity for encoding and decoding also 
increases dramatically with each new generation of video codecs [3].

Recent advances in machine learning have been pushing towards the use of deep learn-
ing techniques for video compression, either by incorporating deep learning models in the 
traditional video compression pipeline, or by completely replacing the traditional pipeline 
by one that is trained end-to-end. DVC [4] first achieved this by replacing each component 
of the traditional video compression pipeline with components that can be optimized jointly. 
Subsequent work has expanded upon DVC, surpassing HEVC in terms of rate-distortion 
performance [5, 6].

The weakness of end-to-end trained neural compression methods, such as DVC, lies 
in the fact that they are general-purpose and thus have to perform well on a wide range of 
videos with heterogeneous characteristics (e.g., live action versus animation, low versus 
high camera motion, low versus high spatial complexity, and so on). To achieve this, they 
usually require training on large datasets. This also results in high parameter counts, and 
thus high decoding complexity and energy usage, making them impractical for deployment, 
especially on mobile devices.

Implicit neural representations (INRs) represent an alternative approach to video com-
pression. Instead of fitting a large model to an extensive dataset, a much smaller model 
can be overfitted to memorize a single video. This allows a video to be encoded in the 
parameters of the network, eliminating the dependence on large datasets and significantly 
decreasing the decoding complexity. The INR paradigm was first introduced to represent 
spatial data as a continuous function fθ : RI → RO  [7–9]. This function can be approxi-
mated by a neural network parametrized by θ. Several works [10–12] have adapted the INR 
paradigm to image data by mapping spatial image coordinates to pixel intensities. SIREN 
[12] first extended this approach to video data by naively generating each pixel individually, 
indexed by its spatiotemporal coordinate (t, x, y). NeRV [13] was the first INR that specifi-
cally targeted video data, using convolution and upsampling operations to generate entire 
video frames from a temporal coordinate t. This inspired a new line of research on neural 
video representations (NVRs), improving NeRV for tasks such as video inpainting, frame 
interpolation, and video compression. The primary focus of this paper will be on the video 
compression task.

In the context of NVR, a video V ∈ RT ×W ×H×C , with T  frames of size W × H  and C 
channels per pixel, will be formalized as a set of N  functions

	 F(i; Θ) = {Dn(En(i; θn
enc); θn

dec)}N
n=1, � (1)

	 Θ = {θn}N
n=1 = {θn

enc, θn
dec}N

n=1 � (2)

1 https://www.applogicnetworks.com/phenomena

https://www.applogicnetworks.com/phenomena
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where i represents some coordinate into V , En is a function that generates an input embed-
ding en for the region of the video indexed by i, and Dn decodes the corresponding video 
data from that embedding. As we will explain in Section 2.2, each of the N  functions in F  
encodes some part of V  in its parameters θn. Each function Dn is approximated by a neural 
network parametrized by θn

dec. The embedding function En may also be in the form of a 
neural network parameterized by θn

enc, but can also be a handcrafted embedding. Section 
3.4 contains an overview of the different forms of embedding functions. The complete set 
of parameters is denoted as Θ.

The contributions of this paper are as follows:

	● We provide an overview of the existing techniques that can be used for designing ap-
proximators for (1) and their respective impact on reconstruction quality and compres-
sion performance.

	● We discuss how an NVR-based video codec might be employed in the context of video 
streaming.

	● Based on this practical scenario, we identify common challenges related to NVRs and 
provide opportunities for future work.

Gwilliam et al. [14] also provide a technical comparison of some of the NVRs discussed in 
this paper. However, this paper provides a more comprehensive taxonomy of existing work 
and focuses more on the practical implications and challenges for video compression and 
streaming. Huo et al. [15] provide a comprehensive overview of the evolution of block-
based hybrid video compression towards autoencoder-based compression models. Jia et 
al. [16] provide a more recent overview of autoencoder-based learned video compression 
methods. Finally, Essakine et al. [17] provide a comprehensive review of implicit neural 
representations, but do not mention video-specific methods.

Section 2 first provides an overview of existing works by comparing different high-level 
design considerations for NVR-based video codecs. Section 3 discusses low-level design 
choices for NVR models. Section 4 discusses several model compression techniques used 
in NVRs. Combined, Section 2 to 4 organize existing approaches along multiple comple-
mentary axes, including modeling assumptions (e.g., instance-based vs. hybrid methods), 
architectural design choices (e.g., upsampling strategies, temporal modeling), and compres-
sion methods (e.g. pruning, quantization, entropy minimization), which results in a multi-
dimensional NVR taxonomy. To identify common weaknesses and opportunities for future 
work, Section 5 finally discusses how the NVR paradigm might be employed in the practical 
context of video streaming.

2  High-level codec design

We first discuss several high-level design considerations for NVRs. Section 2.1 discusses 
the effect of instance size, or the amount of data generated in each forward pass. Section 2.2 
discusses model scope, or the amount of data captured by each set of model parameters θn. 
Section 2.3 discusses the different types of input embedding that can be used as input to Dn. 
Finally, Section 2.4 discusses several ways in which temporal information can be exploited. 
An overview of all the works discussed in this section is provided in Table 1, along with 
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an indication of the average reported reconstruction quality, where available. Table 2 pro-
vides a more detailed comparison of reconstruction quality reported in the literature. To 
improve comparability, only results obtained on the UVG dataset [18] with approximately 
3M parameters and 300 training epochs are included. Nevertheless, since experiments have 
been performed by different researchers independently of one another, potentially with 
slightly different experimental settings, this only serves as an indication rather than a defini-
tive performance evaluation. Although most works report results in PSNR, and in some 
cases also (MS-)SSIM, it is also important to note that these are signal fidelity metrics that 
do not always correspond well to the quality perceived by the human visual system. To 
the best of the authors’ knowledge, only DNeRV [19] reports VMAF scores in addition to 
PSNR and SSIM. Also note that Table 2 only shows reconstruction quality, as compression 
performance will be considered in Section 4.

2.1  Instance size

Instance size is the amount of data generated in a single forward pass of Dn. The format of 
the input coordinate i is determined by the size and shape of each instance.

Table 1  Overview of neural video representation methods with an indication of the reconstruction quality 
achieved on the UVG [18] dataset
Year Name Instance Scope Input Temporal context Avg. PSNR
2021 SIREN [12] Pixel Full / Implicit

NeRV [13] Frame Full PE Implicit 31.11
2022 E-NeRV [20] Frame Full PE, Grid Implicit 31.51

CNeRV [21] Frame Full IE Implicit
PS-NeRV [22] Patch Full PE Implicit 32.02

2023 NIRVANA [23] 3D Patch GoP PE Conv3D
D-NeRV [24] Frame Full PE ME/MC
HNeRV [25] Frame Full IE Implicit 32.47
DNeRV [19] Frame Full IE, TE Encoder 31.94
FFNeRV [26] Frame Full MTG ME/MC 32.48
Gomes et al. [27] Frame Full Grid Implicit 31.52
C3 [28] 3D Patch Instance IE Conv3D

2024 COOL-CHIC video [29] Frame Instance IE ME/MC
HiNeRV [30] Patch Full MTG Implicit 35.27
NeRV++ [31] Frame Full PE Implicit 32.35
HNeRV-BOOST [32] Frame Full IE Implicit 33.89
VQ-Nerv [33] Frame Full IE Implicit 35.41
T-NeRV [34] Frame Full PE, MTG, IE Implicit 34.00
NVRC [35] Frame Full MTG Implicit
TNeRV [36] Frame Full IE, TE Encoder
QS-NeRV [37] Frame Layer IE Implicit 33.63
SNeRV [38] Frame Full IE, TE Implicit 35.34
HFS-HNeRV [39] Frame Full IE Implicit

2025 PNVC [40] Frame Instance IE ME/MC
Note: The final column contains the same results as the final column in Table 2
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2.1.1  Pixel

Neural representations for images [12, 41] usually generate one pixel at a time, indexed by 
spatial coordinates (x, y). SIREN [12] extends this pixel-wise approach to videos, where 
each individual pixel of V  is indexed by its spatiotemporal coordinate i = (t, x, y) where 
t < T , x < W , and y < H . Because pixel-wise methods do not explicitly exploit spatial 
redundancies, this leads to inferior results compared to larger instance sizes.

2.1.2  Frame

NeRV [13] showed that switching to a frame-wise approach with convolutional neural net-
works substantially reduces encoding and decoding complexity, and improves reconstruc-
tion quality. Frames are indexed by a single temporal coordinate i = t, t < T . Many later 
works [19–21, 24–27, 29, 31–34, 36–40] followed the same frame-wise approach.

2.1.3  Patch

As a more generalized formulation, V  can be subdivided into patches of size Tp × Wp × Hp

, indexed by patch coordinate i = (t, x, y) where t < T
Tp

, x < W
Wp

, and y < H
Hp

. As such, 
the pixel- and frame-wise approaches can both be seen as special cases of the patch-wise 
approach, where the pixel-wise approach uses a patch size of 1 × 1 × 1 and the frame-wise 
approach uses a patch size of 1 × W × H . A spatial patch-wise approach (Tp = 1) was first 
introduced by PS-NeRV [22] to better capture high-frequency detail, while still preserving 
the improvements in computational complexity offered by frame-wise methods over pixel-
wise methods. This results in an average increase of 0.92dB in PSNR w.r.t. NeRV [13] on 

Table 2  Indicative PSNR comparison on the UVG (1080p) dataset under approximately matched model size 
(3M parameters) and training budget (300 epochs)
Year Model Beauty Bosphorus Honey Jockey Ready Shake Yacht Avg.
2021 NeRV [13] 33.14 32.74 37.18 30.99 23.97 33.06 31.11 31.11
2022 E-NeRV [20] 33.29 33.87 38.88 28.73 23.98 34.45 31.51 31.51

PS-NeRV [22] 32.94 32.32 38.39 30.38 23.61 33.26 26.33 32.03
2023 HNeRV [25] 33.36 33.62 39.17 32.31 25.60 34.90 28.33 32.47

DNeRV [19] 33.91 33.17 38.22 32.01 25.56 33.58 27.15 31.94
FFNeRV [26] 33.62 33.72 38.82 32.80 25.82 34.19 28.37 32.48
Gomes et al. [27] 33.46 33.76 38.70 28.89 23.88 34.32 27.66 31.52

2024 HiNeRV [30] 34.08 38.68 39.71 36.10 31.53 35.85 30.95 35.27
NeRV++ [31] 33.57 34.59 38.76 32.46 25.29 34.11 27.65 32.35
NeRV-BOOST [32] 33.55 34.51 39.04 32.82 26.08 34.54 28.76 32.76
E-NeRV-BOOST [32] 33.75 35.62 39.61 32.39 27.75 35.48 29.23 33.40
HNeRV-BOOST [32] 33.80 36.11 39.65 34.28 28.19 35.88 29.33 33.89
VQ-NeRV [33] 34.15 36.89 39.41 36.77 31.74 36.08 32.85 35.41
T-NeRV [34] 34.34 35.65 40.26 34.80 28.24 35.25 29.46 34.00
QS-NeRV [37] 33.92 35.74 39.27 33.83 27.67 35.04 29.97 33.63
SNeRV [38] 34.14 37.64 39.11 36.17 33.21 34.41 32.71 35.34

Note: The best result for each video is marked in bold. The second-best result for each video is underlined. 
Results are obtained from the respective publications. Despite matching dataset, model size, and training 
budget, differences in implementation and evaluation settings may still affect comparability
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the UVG dataset [18], as can be seen in Table 2. A second advantage of this approach is 
that the architecture of the model does not have to change when adapting to different spatial 
resolutions [23]. HiNeRV [30] additionally uses overlapping patches to avoid spatial incon-
sistencies between neighboring patches. NIRVANA [23] and C3 [28] use three-dimensional 
spatiotemporal patches to also exploit temporal redundancies within each patch.

2.2  Model scope

Model scope refers to the total amount of data captured by each θn. The scope of each indi-
vidual model is therefore inversely proportional to the number of models N  used to encode 
V . As Section 5 will discuss in more detail, a larger scope results in higher encoding latency 
because the entire video segment must be encoded before anything can be transmitted to a 
decoder.

2.2.1  Full scope

Most works [13, 19–22, 24–27, 30–34, 36, 38, 39] do not explicitly limit the scope, but 
instead encode the entire input video with a single model. D-NeRV2 [24] is specifically 
aimed at encoding longer and more diverse videos, by conditioning on keyframes.

2.2.2  GoP scope

NIRVANA [23], on the other hand, trains a separate network per Group of Pictures (GoP). In 
this way, each subsequent set of parameters θn can be fine-tuned from θn−1, which reduces 
training time.

2.2.3  Instance scope

At the extreme end of the spectrum, COOL-CHIC video [29] trains a separate model for 
each frame. This results in an extremely low decoding complexity of only 900 multiplica-
tions per decoded pixel, and a lower decoding delay since each frame is compressed indi-
vidually. When combined with a single-frame instance size, the downside of this approach 
is that temporal redundancies are no longer implicitly captured by the model, but must be 
exploited through some other means. COOL-CHIC video [29] and PNVC [40] are based on 
a more traditional method by generating I-, P-, and B-frames. Similarly to NIRVANA [23], 
PNVC additionally fine-tunes the parameters for each frame from those of the previous 
frame to reduce encoding complexity even further. C3 [28] uses a single-instance scope in 
combination with three-dimensional spatiotemporal patches.

2.2.4  Layer scope

QS-NeRV [37] takes a layered approach inspired by scalable video coding [42]. A base layer 
network based on HNeRV [25] is first used to encode a low-quality version of V . Several 
enhancement layer networks then use feature maps from the previous layer to decode a 
residual that can be added to the output of the previous layer.

2 Note the distinction between D-NeRV [24] and DNeRV [19], and between T-NeRV [34] and TNeRV [36]
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2.3  Input embedding

Instead of decoding each instance from the input coordinate i directly, the embedding func-
tion En from (1) first converts i to some low-dimensional embedding en that is used as 
input to Dn, as depicted in Fig. 1. The resulting embedding is usually in the form of a fea-
ture grid with a low spatial dimension but a high number of channels per pixel, which can 
then be passed to a fully convolutional decoder Dn.

2.3.1  Positional encoding (PE)

In the original approach proposed by NeRV [13], frames are generated purely based on a 
frame index interpolated between 0 and 1. This frame index is first encoded using positional 
encoding [43]

	 PE (t) =
(
sin

(
b0πt

)
, cos

(
b0πt

)
, ..., sin

(
bl−1πt

)
, cos

(
bl−1πt

))
,� (3)

where l is the length of the embedding and b is a constant factor, commonly set to 1.25
. Mapping the input to a higher-dimensional space with high-frequency functions allows 
the network to better learn high-frequency information than when the frame index is taken 
directly as input [13, 43–45]. A multilayer perceptron (MLP) is then used to transform the 
input embedding to a feature grid as input to subsequent convolutional and upsampling lay-
ers. This form of input embedding was also adopted by PS-NeRV [22], D-NeRV [24] and 
NeRV++ [31].

2.3.2  Spatial grid

A common critique on the combination of PE and MLP described above is that the MLP 
contains a disproportionate number of parameters compared to the rest of the network [20, 
27]. E-NeRV [20] uses a much smaller MLP to generate a one-dimensional temporal feature 
vector en,t ∈ Rd, combined with a grid of spatial coordinates that is also encoded with PE 
into a spatial feature grid en,s ∈ Rw×h×d, with w < W  and h < H . The spatial and tempo-
ral features are then combined through per-feature element-wise multiplication. The result-
ing feature grid can be passed to Dn directly. Gomes et al. [27] bypass the need for MLP 
layers in NeRV completely by generating a grid based on spatial and temporal coordinates 
and then applying PE to each element of that grid. Although a grid-based embedding reduces 
or bypasses the reliance on an expensive MLP, this is still a content-agnostic embedding, 
meaning that content-specific features are encoded solely by the network layers.

Fig. 1  Conventional NVR architecture, where instances are generated from an input coordinate
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2.3.3  Multi-resolution temporal grid (MTG)

FFNeRV [26] and HiNeRV [30] use K learned feature grids {Gk ∈ RTk×Wg×Hg×Cg }K
k=1 

with different temporal resolutions Tk, spatial resolution Wg × Hg and Cg features. Given a 
temporal coordinate t, a temporal feature is interpolated from each feature grid, and the results 
are concatenated along the channel dimension. The concatenated temporal features then serve 
as input to Dn. Due to interpolation, each of the Tk slices of the MTG affects several adjacent 
video frames if Tk < T . In other words, this type of embedding inherently models temporal 
redundancies [34]. Furthermore, treating the MTG like a set of learnable parameters makes it 
more powerful for learning spatial and temporal features than a fixed grid. Table 1 also indicates 
that methods that use the MTG embedding generally perform better than methods that use PE.

2.3.4  Instance embedding (IE)

CNeRV [21] and HNeRV [25] formulate En and Dn as encoder and decoder components 
of an autoencoder, as depicted in Fig. 2. When both parts are trained jointly, this essentially 
allows the network to learn the best input embedding autonomously, instead of using a 
hand-crafted one. This results in a hybrid between autoencoder-based compression models 
such as DVC [4], and INR-based methods. Since en is generated from the actual video, 
it cannot be generated during the decoding process. This means that each IE has to be 
encoded in the bitstream along with the model weights, resulting in a trade-off between the 
two. By using a learned embedding, HNeRV[25] achieves an average increase of 1.36dB 
in PSNR w.r.t. NeRV [13] on the UVG dataset [18], as can be seen in Table 2. More gener-
ally, the results in Table 2 indicate a trend toward higher reconstruction quality for methods 
that employ IE compared to those that use content-agnostic embeddings. DNeRV2 [19], 
QS-NeRV [37], TNeRV2 [36], HFS-HNeRV [39], and SNeRV [38] also follow this hybrid 
approach. VQ-NeRV [33] and PNVC [40] further extend the hybrid architecture similarly to 
U-shaped networks [46], by producing instance embeddings between each downsampling 
stage and its corresponding upsampling stage.

IE can be used alongside other embedding types to introduce more spatial or tempo-
ral context. HNeRV-BOOST [32] improves HNeRV [25] by conditioning on a positionally 
encoded temporal index in each upsampling block, as we will explain in more detail in Sec-
tion 3.3. TNeRV [34] combines frame embeddings with the MTG embedding introduced by 
FFNeRV [26], based on the earlier observation that the MTG can model temporal redundan-
cies, and also conditions each upsampling block on a positionally encoded temporal index.

2.4  Temporal context

Traditional video codecs employ motion estimation and motion compensation techniques to 
explicitly model temporal redundancies in an input video. Although INRs are able to encode 

Fig. 2  Hybrid NVR architecture that combines INR- and autoencoder-based methods
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redundancies into the network’s parameters implicitly, some works explicitly exploit tempo-
ral information to achieve higher temporal consistency in the decoded output.

2.4.1  Motion estimation and compensation (ME/MC)

Some NVRs still perform ME/MC explicitly. D-NeRV [24] performs ME/MC with features 
extracted from key frames at multiple scales. As mentioned in Section 2.2, this technique 
allows the model to perform significantly better on longer and more diverse videos. FFNeRV 
[26] and T-NeRV2 [34] generate independent reference frames, along with flow maps and 
interpolation weights, which are used to warp and interpolate features from adjacent inde-
pendent frames into a final reconstructed frame. While this has been shown to perform 
better on videos with highly dynamic content, it also adds some computational overhead 
[14]. Similarly, COOL-CHIC video [29] generates flow maps, interpolation weights, and 
residuals that are fed to an inter coding module.

2.4.2  Temporal embedding (TE)

Some hybrid NVRs use adjacent frames to generate temporal embeddings alongside the 
instance embedding. DNeRV [19] encodes the differences between the current frame and 
the previous and next frames. Similarly, TNeRV [36] introduces a temporal diversity explo-
ration module with 3D convolutions in the encoder to extract temporal information. SNeRV 
[38] uses embeddings from adjacent frames during the upsampling stages.

3  Low-level network design

The NeRV [13] decoder consists of five NeRV blocks that gradually upsample the input to 
obtain a final reconstructed frame. Each NeRV block uses a 3 × 3 subpixel convolution, 
consisting of a convolutional and a pixelshuffle layer [47], to scale the spatial resolution 
of the input feature map by a factor S. The first block increases the number of channels by 
some expansion factor, while subsequent blocks reduce the number of channels by a factor 
of 2. Each block is followed by a GELU activation function. Common upsampling factors 
are (5, 2, 2, 2, 2) for 720p resolution and (5, 3, 2, 2, 2) for 1080p resolution. Specifically, 
for an initial channel dimension Cin and a target channel dimension Cout, the NeRV block 
is shown in Fig. 3(a). The complete decoder architecture for 1080p resolution is shown in 
Fig. 4.

There are two common concerns with this architecture. First, the upsampling blocks have 
an uneven and inefficient distribution of parameters [20, 25, 26, 30]. Section 3.1 discusses 
how the decoder blocks can be designed to address this issue. As a general rule, when a large 
number of parameters can be eliminated at the cost of a slight decrease in performance, the 
saved parameter budget can be used to increase the channel dimension of each intermediate 
feature map, thereby increasing the representation capacity of the network as a whole. This 
is supported by Fig. 5, which shows that simply increasing the number of parameters in the 
same model significantly improves the reconstruction quality.

The second common concern with this architecture is that it often fails to preserve high-
frequency details as a result of convolution operations [38, 39], causing a spectral bias 
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Fig. 4  NeRV decoder architecture for 1080p resolution

 

Fig. 3  Upsampling block architectures (a) NeRV block (b) First upsampling block in E-NeRV, with 
C0 = min(Cin, Cout)/4 (c) FFNeRV block in stages 2-5 (d) T-NeRV block in stages 3-5 (e) HiNeRV 
block
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towards lower frequency components. In fact, the spectral bias issue is not exclusive to 
NVR, but also occurs in other applications of neural networks [44]. Section 3.2 explains 
how the spectral bias issue can be alleviated by adding inductive biases towards high-fre-
quency information to the decoder. Section 3.3 then explores several ways to incorporate 
temporal information in the upsampled feature maps. For hybrid approaches, the encoder 
architecture also plays a role in compression performance. This is discussed in Section 3.4. 
Finally, Section 3.5 discusses several loss functions that are used for training NVRs, and 
how these can also be used towards solving the spectral bias issue.

3.1  Upsampling architecture

The convolutional layer in each NeRV block contains Cin × S2 × Cout kernels of size 
k × k, resulting in a total of k2 × Cin × S2 × Cout parameters. This is mostly problematic 
in the first upsampling block, where S = 5. E-NeRV [20] improves this by introducing 
an intermediate channel dimension C0 = min(Cin, Cout)/4 in the first upsampling block. 
The improved block structure is shown in Fig. 3(b). This results in two convolutional lay-
ers with k2 × Cin × S2 × C0 parameters and k2 × C0 × Cout parameters, respectively, or 

Fig. 5  PSNR results on Big Buck Bunny (132 frames) with different model sizes (in millions of param-
eters), as obtained from the respective papers
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a total parameter count of k2 × C0 × (Cin × S2 + Cout) for the first upsampling block. 
This amounts to at least four times fewer parameters than the NeRV block if Cin ≤ Cout. A 
detailed calculation of this ratio can be found in [20].

FFNeRV [26] follows yet another approach by substituting the convolutional layer for a 
depthwise separable convolution [48], composed of a grouped convolution followed by a 
pointwise convolution, as shown in Fig. 3(c). With g channel-wise groups that are processed 
separately, the first convolutional layer has a parameter count of k2 × Cin×S2×Cout

g . The 
point-wise convolution, equivalent to a pixel-wise linear layer, then contains S4 × C2

out 
parameters. Together, this results in a ratio of 1

g + S2×Cout

k2×Cin
 with respect to the NeRV block. 

From this ratio, we can see that when S > k and Cout ≥ Cin, the depthwise separable con-
volution actually contains more parameters than a regular convolution. Therefore, this struc-
ture is only used in the second upsampling block and onward, where S ≤ k and Cout ≤ Cin

.

HNeRV [25] does not change the architecture of the upsampling blocks, but instead var-
ies the kernel size from 1 in the first upsampling stage, to 3 in stage 2, to 5 in stages 3 and 
onward. Furthermore, the channel dimension is reduced by a factor of 1.2 in each layer, 
instead of 2 as in the original NeRV [13] block. This combination of larger convolution 
kernels and a smaller channel dimension scale factor places more importance in the later 
stages of the network, allowing for a more even distribution of parameters across the net-
work. TNeRV [36] uses the same upsampling block architecture as HNeRV. T-NeRV [34] 
also uses a similar block architecture, but the 5 × 5 convolutions are replaced by two 3 × 3 
convolutions and an additional activation layer, as in Fig. 3(d). This significantly reduces the 
number of parameters, while still maintaining the same spatial range as the original 5 × 5 
convolution.

Instead of the parameter-heavy subpixel convolution, HiNeRV [30] uses a much simpler 
bilinear interpolation for upsampling. It then uses the saved parameter budget in a more 
powerful architecture based on the ConvNeXt [49] block. A local feature grid, similar to 
the multiresolution temporal embeddings, is first added to the upsampled feature map to 
preserve high-frequency details that would otherwise be lost due to interpolation. The result 
is then passed through a series of ConvNeXt blocks. The activation layer at the end of 
the block is omitted since each ConvNeXt block already contains an activation layer. This 
architecture, which is illustrated in Fig. 3(e), makes HiNeRV significantly more powerful 
than its predecessors that rely on subpixel convolution, but also increases the computational 
cost. In fact, Gwilliam et al. [14] show that HiNeRV, despite its higher representation capac-
ity, performs significantly worse than other NVR models at shorter training times. Gwilliam 
et al. therefore synthesise a model that optimizes the trade-off between encoding time and 
reconstruction quality by combining components from existing models.

More recently, PNVC [40] has introduced weight reparameterization and knowledge 
distillation schemes in its upsampling blocks to reduce decoding complexity. Weight repa-
rameterization was originally introduced in [50], where complex layers are substituted 
with simpler operations during inference. Weight reparameterization is implemented by 
decomposing a single fully connected layer into several parallel stacks of fully connected 
layers. Similar to weight reparameterization, knowledge distillation schemes train a small 
student model to mimic a larger teacher model [51]. This is implemented in PNVC with a 
mask decaying strategy [52, 53], where a mask M  is initialized as 1 and gradually decayed 
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towards 0 during training. This can be interpreted as an interpolation weight that gradually 
pushes more importance towards the student model. A detailed description of the methods 
used by PNVC can be found in [40].

3.2  Preservation of high-frequency components

In order to address the issue of spectral bias mentioned in the introduction of this section, 
HFS-HNeRV [39] extends the HNeRV [25] block with a high-frequency spectrum convolu-
tion module that extracts more high-frequency features. Feature maps are first transformed 
with the discrete wavelet transform (DWT). The DWT decomposes a feature map into four 
sets of wavelet coefficients CLL, CLH , CHL, and CHH , with low-frequency components, 
and horizontal, vertical, and diagonal high-frequency features, respectively. The input fea-
ture maps are then augmented with frequency-domain features extracted from the wavelet 
coefficients.

In contrast, SNeRV [38] uses a small network to extract the CLH , CHL and CHH  com-
ponents after the final upsampling stage, and then performs an inverse DWT to restore the 
final frame. The final upsampled feature map serves as the CLL component in the IDWT, 
and also as input to extract the aforementioned high-frequency components. Table 2 shows 
that on average, SNeRV achieves an increase of almost 3dB in PSNR w.r.t. HNeRV, on 
which it is based.

3.3  Temporal information fusion

Note from Section 3.1 that the upsampling operations used by NeRV [13] exploit spatial 
information exclusively, whereas temporal information is only introduced via input embed-
ding. Further research has shown that the network’s performance can be improved by fusing 
temporal information in the decoder. Inspired by style transfer networks, E-NeRV [20] and 
T-NeRV2 [34] both use an AdaIN [54] layer at the start of each upsampling block to fuse 
a temporal feature vector with each intermediate feature map. AdaIN combines instance 
normalization with an affine transformation, and is defined as

	
AdaIN(xt, µt, σt) = σt

(
xt − µ(xt)

σ(xt)

)
+ µt,� (4)

where µ(xt) and σ(xt) are the channel-wise mean and variance extracted from xt, and µt 
and σt are channel-wise shift and scale parameters extracted from a positionally encoded 
temporal feature vector through a small MLP layer, as shown in Fig. 6(a). The complete 
decoder architecture for E-NeRV is shown in Fig. 7. PS-NeRV [22] follows a similar 
approach, but the AdaIN layer is applied after the upsampling step instead. Because AdaIN 
performs normalization, which is often used to prevent overfitting, Zhang et al. [32] argue 
that this might not be ideal for INR. HNeRV-BOOST [32] instead performs a similar opera-
tion to AdaIN, but without the instance normalization step, resulting in a simple affine trans-
formation as shown in Fig. 6(b).

Instead of using purely content-agnostic temporal features, some hybrid approaches use a 
separate encoder branch to generate content-specific temporal embeddings, as summarized 
in Section 2.4. DNeRV [19] and TNeRV [36] treat this temporal embedding as the hidden 
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state in a recurrent neural network (RNN) by fusing the spatial and temporal embeddings 
in a convolutional gated recurrent unit (ConvGRU) (Fig. 8) [55]. Additionally, TNeRV first 
modulates both spatial and temporal embeddings with a content-agnostic temporal feature, 
similar to the methods described earlier in this section.

3.4  Encoder architecture

For hybrid approaches, encoder architecture also plays a role in compression performance. 
CNeRV [21] uses a tiny single-layer encoder, while HNeRV [25], as well as the base layer 
of QS-NeRV [37], use a slightly larger encoder architecture composed of five ConvNeXt 
[49] blocks. Because the encoder can be discarded after training, a larger encoder does not 
increase the size of the bitstream, but can potentially generate more powerful embeddings. 
Based on this observation, T-NeRV [34] uses a much larger ConvNeXt encoder to generate 
frame embeddings. A downside of this approach is that a larger encoder also increases the 
computational cost and energy usage during training.

The temporal difference encoder employed by DNeRV [19] is also built of a sequence of 
ConvNeXt blocks that encode the differences between the previous and current frame, and 
the current and next frame. TNeRV [36] uses a slightly more complex temporal diversity 
encoder that first extracts features from each frame separately with a series of ConvNeXt 

Fig. 8  Temporal information fusion with ConvGRU

 

Fig. 7  Content-agnostic temporal information fusion with AdaIN

 

Fig. 6  Temporal information fusion blocks (a) AdaIN block (b) Affine transformation used by 
HNeRV-BOOST
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blocks. The extracted features are then concatenated and processed by a 3D convolutional 
layer. The result is finally encoded by a series of ConvNeXt blocks into a temporal diversity 
feature map.

3.5  Loss function

NeRV [13] is trained with a linear combination of spatial-domain L1 and SSIM losses, with 
a trade-off parameter α commonly set to 0.7:

	 L(V , i; Θ) = α||vi − F(i; Θ)|| + (1 − α)(1 − SSIM(vi, F(i; Θ))),� (5)

where vi represents the region of the ground-truth video V  indexed by i and F(i; Θ) is the 
prediction of the same region of V .

Several works have addressed the spectral bias issue discussed in Section 3.2 by incor-
porating frequency domain terms in the loss function. In addition to the spatial L1 loss, 
HNeRV-BOOST [32] also adds a frequency domain L1 loss term:

	

L(V , i; Θ) =||FFT(vi) − FFT(F(i; Θ))||
+ λα||vi − F(i; Θ)||
+ λ(1 − α)(1 − SSIM(vi, F(i; Θ))),

� (6)

where λ is another hyperparameter to balance the trade-off between the different parts of the 
loss function. HFS-HNeRV [39] addresses the same issue by formulating the loss function 
as a combination of mean squared error (MSE) loss in the spatial domain, and the MSE of a 
high-pass-filtered version of the reconstructed and ground truth frames. SNeRV [38] follows 
yet another approach by calculating the loss function from (5) over the spatial images, as 
well as the four wavelet coefficients.

4  Model compression

By encoding a video into the parameters of a neural network, NVR-based codecs convert the 
video compression problem to a model compression problem. NeRV [13] performs video com-
pression in four sequential steps: training, model pruning, weight quantization, and entropy cod-
ing. This is still very much a hand-crafted compression pipeline, where the training step can be 
seen as a transformation from one domain to another, not unlike the discrete cosine transform in 
the traditional image and video compression pipeline. This raises the need for more advanced 
model compression techniques. We start by discussing weight pruning and quantization tech-
niques in Sections 4.1 and 4.2, respectively. Section 4.3 finally discusses how rate-distortion 
optimization can be used to build a fully end-to-end optimized compression scheme. Table 3 
provides a brief overview of works with an explicit focus on model compression.

4.1  Pruning

NeRV [13], as well as several consecutive works [19–22, 24–26, 33, 36–38], uses a simple 
global unstructured pruning method, where all weights smaller than some threshold θq  are 
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pruned, with θq  chosen as the q-th percentile value over all weights in θn. HiNeRV [30] 
uses a slightly more advanced pruning method, where parameters in larger layers have a 
higher chance to be pruned than parameters in smaller layers. This is based on the intuition 
that larger layers contain more redundancy, and thus pruning has less negative impact than 
in smaller layers.

More advanced pruning methods such as filter pruning [56] and structured sparsity [57–
59] exist, both of which can also reduce computational cost. To the best of our knowledge, 
these methods have not yet been explored in the context of NVR.

4.2  Quantization

Since entropy coding relies on a discrete set of values to be encoded, the continuous net-
work weights and embeddings have to be quantized before encoding.

4.2.1  Scalar quantization (SQ)

Early works on NVR [13, 19, 21, 24, 25, 36–38] use a fixed SQ step after training to quan-
tize each weight or embedding to a fixed number of bits. SQ is implemented as an affine 
transformation with scale and shift parameters α and β so that

	
Q(x) =

⌊
x + β

α

⌉
, � (7)

	 Q−1(x) ≈ x × α − β, � (8)

where ⌊·⌉ represents the rounding operator. As a result of rounding, the inverse quantization 
function Q−1 is always an approximation of the original value.

4.2.2  Vector quantization (VQ)

VQ [60] presents a more general approach to quantization by grouping continuous values 
into several clusters, for example with k-means clustering. Each value is then represented by 

Year Name Pruning Quantization RDO
2021 NeRV [13] ✓ SQ (Fixed)
2023 NIRVANA [23] SQ (Learned) ✓

FFNeRV [26] ✓ QAT
Gomes et al. [27] SQ (Learned) ✓
C3 [28] SQ (Learned) ✓

2024 COOL-CHIC video [29] SQ (Learned) ✓
HiNeRV [30] ✓ QAT
HNeRV-BOOST [32] SQ (Learned) ✓
VQ-Nerv [33] ✓ VQ
T-NeRV [34] SQ (Learned) ✓
NVRC [35] SQ (Learned) ✓

2025 PNVC [40] SQ (Learned) ✓

Table 3  Overview of compres-
sion methods used in NVRs

Note: This table only includes 
works with an explicit focus on 
model compression
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the corresponding cluster centroid. VQ-NeRV [33] implements VQ by discretizing residual 
embeddings in a codebook. However, because of the higher complexity of VQ, SQ is often 
the preferred method.

4.2.3  Quantization aware training (QAT)

Instead of performing quantization as a separate step after training, several works [61, 
62] have shown that the quantization error can be reduced by applying some quantiza-
tion method during the training process. With QAT, the model weights are quantized and 
rounded before each forward pass. This approach was integrated into NVR in combination 
with scalar quantization by FFNeRV [26] and HiNeRV [30].

A common difficulty with quantization during training is that the gradient of the round-
ing operation is zero almost everywhere. This is usually avoided in one of two ways. The 
straight-through estimator (STE) [63] applies rounding during the forward pass, while act-
ing like an identity operation during gradient computation. Alternatively, adding a uniform 
noise term with the same width as the quantization bins to the weights during training can be 
used as an approximation for the quantization error [64]. FFNeRV [26] uses the STE, while 
HiNeRV [30] uses a noise term.

4.3  Rate-distortion optimization

With fixed quantization methods such as those described in Section 4.2, finding the right 
quantization parameters for some rate-distortion objective always requires manual fine-tun-
ing. Furthermore, it can be seen from Table 2 that there is no single model architecture that 
performs best for every possible video. Similar to picking the right quantization parameters, 
it is infeasible to manually tune the model architecture for a specific video. Both of these 
problems can be solved by treating NVR as a rate-distortion optimization (RDO) problem 
where a decrease in distortion always results in an increase in bitrate, and vice versa. This 
translates to a loss function of the form

	 LRDO = Ldistortion + λLrate,� (9)

where Ldistortion represents any measure of distortion as outlined in Section 3.5, Lrate rep-
resents an approximation of the length of the bitstream encoding the network parameters θn 
and embeddings en, and λ is a hyper-parameter that controls the trade-off between the two.

4.3.1  Rate minimization for latent representations

RDO has been widely used in autoencoder-based compression models for images [65, 66] 
and videos [4–6], where the input is first converted to a latent representation y, which is 
then quantized to ŷ and encoded with entropy coding. According to Shannon’s source cod-
ing theorem [67], the minimal length of a bit stream encoding ŷ is equal to the entropy of 
ŷ, based on the underlying probability distribution p. In practice, p is unknown but can be 
approximated by some estimate qϕ of the true probability distribution, with a separate set of 
parameters ϕ. Therefore, the rate and distortion can be optimized jointly by defining Lrate 
as the cross-entropy between p and qϕ,
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	 Lrate = Eŷ∼p[− log2 qϕ(ŷ)].� (10)

C3 [28] and COOL-CHIC video [11] incorporate this method into an NVR scheme to mini-
mize the rate consumed by the instance embeddings. However, both models fail to include 
the rate penalty caused by the model parameters in the loss function, causing them to not be 
fully end-to-end optimized.

4.3.2  Rate minimization for model parameters

Oktay et al. [68] were the first to adapt RDO to a general model compression scheme. During 
each forward pass, a learned transformation fϕ is applied to decode the model parameters θ 
from a quantized latent space θ̂. Since fϕ is used as an inverse quantization function, Gomes 
et al. [27], NIRVANA [23], HNeRV-BOOST [32] and T-NeRV [34] all formulate fϕ as in 
(8), but more complex transformations are also possible [35]. Similar to the quantized latent 
representation ŷ in [65] and (10), a learned entropy model qϕ is used to tune fϕ to the rate-
distortion objective. This results in two additional sets of parameters, ϕ = {ϕquant, ϕem}. 
Finally, θ̂ is entropy coded and transmitted along with ϕ.

Recall from Section 4.2 that quantization uses the non-differentiable rounding operator. 
When calculating the rate term, the rounding error is approximated by a noise term. When 
calculating the distortion term, the STE is used in order to avoid using noisy parameters for 
inference.

In practice, separate quantization and entropy models are learned for each layer of the 
network to allow the entropy model to better capture the distribution of each parameter 
group independently. This also allows the model to autonomously assign more or fewer bits 
to different parts of the network, based on the encoded content. For example, experiments 
by the authors of both T-NeRV [34] and NVRC [35] show that multiresolution temporal grid 
embeddings take up more bits per parameter for dynamic content than for static content to 
better exploit their temporal information. This suggests that RDO makes it possible to build 
a single NVR model that can automatically tune itself to many diverse input videos.

NVRC [35] extends the reparameterization approach with more complex quantization 
and entropy models. Because this results in more overhead from encoding ϕ, ϕ itself is 
quantized as ϕ̂ = {ϕ̂quant, ϕ̂em} and encoded with another set of learned quantization and 
entropy models parameterized by ψ = {ψquant, ψem}. Finally, ψ is simply quantized into 
full/half precision as ψ̂ = {ψ̂quant, ψ̂em}.

Comparisons between different NVR-based codecs, and HEVC HM and VVC VTM can 
be found in NVRC [35] and PNVC [40]. Both methods report Bjøntegaard Delta-rate (BD-
rate) savings on the UVG [18] and MCL-JCV [69] datasets. As in Table 2, the exact num-
bers are not directly comparable due to differences in color space, anchor configuration, and 
evaluation settings. NVRC reports a 50-70% reduction in BD-rate on UVG in RGB space 
compared to HM, and a 20-50% reduction compared to VTM, clearly outperforming earlier 
approaches such as FFNeRV [26], HiNeRV [30], HNeRV-BOOST [32], and C3 [28] due 
to the more complex coding structure used by NVRC. The latter three approaches fall in 
a similar performance band as HM, but this highly depends on the dataset, configurations, 
and distortion metrics used. PNVC, evaluated against HM in YUV space, achieves around 
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35–40% BD-rate reduction in random-access mode, which is competitive with NVRC, as 
well as autoencoder-based methods like DCVC-HEM [70] and DCVC-DC [71].

5  Practical considerations for video streaming

After having reviewed the existing NVR techniques, we wish to identify common weak-
nesses and opportunities for future work. We will consider potential applications in an over-
the-top (OTT) video streaming context, in which video compression plays a crucial role. 
Several factors must be considered before NVR-based video codecs can be deployed in a 
practical video streaming scenario. Adaptive bitrate (ABR) streaming paradigms such as 
MPEG-DASH [72] require videos to be split into short segments and encoded at several 
fixed bitrates, allowing streaming clients to select the appropriate bitrate for the current 
network conditions. Other obvious factors that determine the final Quality of Experience 
(QoE) are video reconstruction quality, decoding complexity, and, in the case of live stream-
ing, encoding delay. The first requirement is easy to satisfy with an NVR-based codec, since 
NVR models are best trained on short video segments. In classical codecs, decoding can start 
almost immediately after receiving the bitstream, as frames are progressively reconstructed 
using predictive coding. In contrast, NVR-based codecs require all model parameters to be 
available before decoding can begin, introducing an initialization delay, especially when the 
scope is large. In other words, it is beneficial to use a smaller scope, or even a single-frame 
scope as proposed by COOL-CHIC video [29] and PNVC [40] for streaming. Sections 5.1, 
5.2, 5.3, and 5.4 discuss common challenges related to the requirements of reconstruction 
quality, rate control, client-side feasibility, and encoding complexity, respectively.

5.1  Spectral bias

The spectral bias towards lower frequencies is the most common issue related to the recon-
struction quality of NVRs and INRs in general. We already discussed several different meth-
ods to alleviate the spectral bias issue throughout this paper. PS-NeRV [22] has shown that 
a patch-wise approach generally preserves more high-frequency features than a frame-wise 
approach (Section 2.1.3). HiNeRV [30] additionally adds high-frequency information after 
each upsampling step (Section 3.1). HFS-HNeRV [39] and SNeRV [38] use wavelet trans-
forms in the decoder network to add inductive biases towards high-frequency components 
(Section 3.2). Lastly, several works also add frequency-domain components to the loss func-
tion [32, 38, 39] (Section 3.5). For general INRs, Shi et al. [73] have introduced a weight 
reparameterization scheme that can also alleviate the spectral bias issue. Since spectral bias 
is inherently related to neural networks [44], NVR models should always compensate for 
this explicitly.

5.2  Rate control and explainability

For ABR streaming to work correctly, each segment must be encoded at fixed bitrates. We 
have already discussed several levers that can control the final bitrate of an NVR model. On 
the one hand, the number of parameters in the model can be adjusted manually, for example, 
by changing the number of channels in each intermediate feature map (Section 3 and Fig. 
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7). On the other hand, the rate-distortion tradeoff parameter λ can adjust the relative weight 
of the rate and distortion terms in the rate-distortion objective (Section 4.3). Increasing the 
scope of each model also reduces the bitrate but causes higher latency for streaming (Sec-
tion 2.2).

Despite these levers, existing NVR approaches lack explicit rate control mechanisms that 
reliably target a desired bitrate. As a result, it is still unclear how to find the best configura-
tion for any combination of input video and target bitrate. This remains an important direc-
tion for future work and relates to the broader challenge of explainability in deep learning, 
where it is often unclear which combination of hyperparameters and network configurations 
is optimal for a certain objective. Addressing this challenge starts with understanding which 
parts of the network contribute most to the output. A concrete step towards explainability in 
NVRs is taken by XINC [74], a promising tool that visualizes the contributions of different 
network weights to individual output pixels.

5.3  Feasibility on client devices

Since decoding is typically performed on resource-constrained client devices, the feasibility 
of NVR-based codecs depends on several factors, including decoding complexity, memory 
footprint, energy consumption, and hardware support. Existing work has mostly focused 
on designing more parameter-efficient models and compression methods that reduce the 
footprint of stored model weights. However, improved parameter efficiency often also intro-
duces higher computational complexity [30]. Future work should also focus on incorporat-
ing existing methods for complexity reduction in the NVR pipeline. As mentioned in Section 
4.1, advanced pruning methods, such as filter pruning and structured sparsity, remain under-
explored for NVR models. Girish et al. [59] have already shown how structured sparsity can 
be used in a scheme that jointly minimizes bitrate and computational cost. Other techniques 
for reducing model complexity include weight reparameterization and knowledge distilla-
tion, both of which were briefly discussed in Section 3.1. PNVC [40] incorporates both of 
these techniques in an NVR framework. Unfortunately, both reparameterization and knowl-
edge distillation schemes increase the computational complexity during training.

Energy consumption is another critical factor, particularly for battery-powered devices. 
Traditional codecs benefit from highly optimized hardware decoders designed for mini-
mal power consumption, whereas NVR-based decoding relies on neural network inference, 
which is generally more energy-intensive on general-purpose hardware. While smaller 
models and reduced-precision inference (e.g., 8- or 16-bit weights) can mitigate this issue, 
energy efficiency remains a potential bottleneck for widespread mobile deployment.

In terms of memory requirements, NVR-based codecs differ significantly from tradi-
tional codecs. Traditional codecs require only a limited decoded picture buffer and small 
amounts of side information, resulting in a relatively low memory footprint. In contrast, 
NVR-based codecs require the full neural network to be stored in memory during decoding. 
This can lead to significantly higher memory usage, particularly for high-capacity models. 
On the other hand, NVR models are typically more lightweight than autoencoder-based 
neural video codecs, as they rely on compact, video-specific representations rather than 
large encoder and decoder networks. As such, NVR-based codecs occupy an intermediate 
position between traditional codecs and autoencoder-based approaches in terms of memory 
footprint.
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Notwithstanding the ongoing NVR research efforts (as outlined above) with respect to 
model complexity reduction, energy expenditure, and memory footprint, the feasibility of 
deploying NVR-based codecs on mobile and edge devices remains largely underexplored. 
In particular, systematic evaluations of latency, energy consumption, and real-time decoding 
performance on commodity hardware are needed to assess their practical viability. While 
some works report metrics such as decoding throughput and computational complexity 
(e.g., multiply-accumulate operations), these evaluations remain relatively scarce and are 
often conducted on different hardware platforms, making direct comparisons difficult [30]. 
This suggests that deployment-oriented experiments should receive greater attention in 
future evaluations.

Despite these challenges, NVR-based codecs may also offer an advantage in terms of 
hardware flexibility. Conventional codecs depend on specialized hardware implementations 
that require standardization and long deployment cycles. In contrast, NVR-based codecs 
can be executed on general-purpose GPUs and increasingly available neural processing 
units (NPUs) in modern mobile systems-on-chip, enabling deployment without dedicated 
hardware support. Moreover, since model parameters are transmitted as part of the bit-
stream, updating the codec effectively reduces to transmitting a new model, with minimal 
additional overhead. This flexibility may enable faster innovation cycles compared to tra-
ditional codecs.

5.4  Encoding complexity

For live streaming, encoding complexity is of even greater importance than for non-live 
streaming since training NVR models consumes considerable time, computational resources, 
and energy. When training multiple subsequent NVR models, encoding time can be reduced 
by fine-tuning each set of parameters θn from the previous parameters θn−1 [23, 40]. Alter-
natively, hyper-learning has been applied to general INRs [75, 76], as well as NeRV [77] to 
speed up encoding. Instead of optimizing the model weights with gradient descent, a hyper-
network is trained to predict the model weights directly for some input video. Hyper-learn-
ing significantly reduces encoding times, but also reintroduces the reliance on large datasets 
for training. Further research is needed to investigate how hyper-learning can be applied to 
more complex, end-to-end optimized NVR pipelines. Finally, research in areas outside INR 
has shown that the computational complexity of neural networks can be reduced by using 
weights in 16-bit [78] or even 8-bit [61] precision during training, with little impact on per-
formance. With many optimization strategies still underexplored, future research has yet to 
point out whether real-time encoding with NVR-based codecs is achievable.

6  Conclusion

NVR-based video codecs present an alternative to both traditional video codecs and autoen-
coder-based learned video compression schemes. Learned video compression schemes gen-
erally have more potential for optimization than traditional video codecs because they do not 
rely on hand-crafted heuristics. Because of their overfitting nature, NVR-based codecs can 
be fine-tuned for specific videos without relying on large datasets and have a lower decoding 
complexity compared to autoencoder-based compression schemes. This survey provides a 
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systematic overview of the representative works, and discusses several techniques related 
to model design and compression. While this paper has focused on natural video content 
in the context of on-demand streaming, NVR-based codecs may also be applicable to other 
domains such as medical, scientific, or industrial imaging.

Despite the advantages, we have also identified several limitations that hinder the practi-
cal deployment of NVRs for on-demand video streaming, suggesting several directions for 
future research. The primary challenge lies in the high encoding complexity caused by per-
video optimization. It is still an open question whether real-time encoding can be achieved 
with NVRs. On the decoding side, the lower complexity of NVRs relative to autoencoders 
is attractive for resource-constrained clients, though the practical feasibility of decoding 
on mobile and edge devices remains underexplored. Furthermore, improving the explain-
ability of NVR models can aid in developing better model architectures and in configur-
ing hyperparameters to achieve the precise bitrate targets required for adaptive streaming. 
Addressing spectral bias also remains important, particularly for high-quality reconstruc-
tion at low bitrates. Finally, future evaluations should move beyond PSNR as the primary 
measure of reconstruction quality. While PSNR remains the most widely reported metric in 
the NVR literature, it does not always correlate well with human visual perception. Qual-
ity metrics such as MS-SSIM, which evaluates structural similarity across multiple image 
scales, and VMAF, which combines multiple perceptual features into a machine learning-
based quality score, can provide a more representative assessment of the quality perceived 
by the human visual system. Such metrics would provide a more realistic evaluation of 
NVR-based codecs, particularly for streaming applications that aim to maximize subjective 
Quality of Experience.
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