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Abstract

Implicit neural representations (INRs) have emerged
as a promising approach for video storage and process-
ing, showing remarkable versatility across various video
tasks. However, existing methods often fail to fully lever-
age their representation capabilities, primarily due to in-
adequate alignment of intermediate features during target
frame decoding. This paper introduces a universal boost-
ing framework for current implicit video representation ap-
proaches. Specifically, we utilize a conditional decoder with
a temporal-aware affine transform module, which uses the
frame index as a prior condition to effectively align inter-
mediate features with target frames. Besides, we introduce
a sinusoidal NeRV-like block to generate diverse interme-
diate features and achieve a more balanced parameter dis-
tribution, thereby enhancing the model’s capacity. With a
high-frequency information-preserving reconstruction loss,
our approach successfully boosts multiple baseline INRs in
the reconstruction quality and convergence speed for video
regression, and exhibits superior inpainting and interpo-
lation results. Further, we integrate a consistent entropy
minimization technique and develop video codecs based
on these boosted INRs. Experiments on the UVG dataset
confirm that our enhanced codecs significantly outperform
baseline INRs and offer competitive rate-distortion perfor-
mance compared to traditional and learning-based codecs.
Code is available at https://github.com/Xinjie-
Q/Boosting-NeRV .

1. Introduction
Implicit neural representations (INRs) are gaining
widespread interest for their remarkable capability in

*Work was done when Xinjie Zhang interned at SenseTime Research
†Corresponding author

0 2 4 6 8 10 12
Encoding Time (h)

30

32

34

36

38

40

PS
NR

 (d
B)

Bunny (720p)

NeRV
E-NeRV
HNeRV
NeRV-Boost
E-NeRV-Boost
HNeRV-Boost

0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
Bpp

26

28

30

32

34

36

38

40

PS
NR

 (d
B)

Bunny (720p)

NeRV
E-NeRV
HNeRV
NeRV-Boost
E-NeRV-Boost
HNeRV-Boost

Figure 1. Video regression with different encoding time under
1.5M model size (left) and video compression with different model
sizes(right). Our boosted methods achieve significantly better per-
formance than the corresponding baselines.

accurately representing diverse multimedia signals, in-
cluding audios [40, 46], images [31, 38], and 3D scenes
[30, 33, 37]. They typically use a compactly parameterized
neural network to learn an implicit continuous mapping
that translates coordinates into target outputs (e.g., RGB
values, density). This new-fashioned neural representation
has opened up a plethora of potential applications, ranging
from data inpainting [24, 38, 52] and signal compression
[44, 53, 54] to advanced generative models [41, 42].

Given their simplicity, compactness and efficiency, sev-
eral studies have suggested applying INRs to video com-
pression. Unlike traditional [45, 50] and recent neural
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[22, 25, 27, 39] video codecs that rely on a complex pre-
dictive coding paradigm with separate encoder and decoder
components, NeRV [7] pioneers in representing videos as a
function of the frame index t and formulating video com-
pression as model-based overfitting and compression. This
innovative method significantly simplifies the encoding and
decoding processes. Built on this paradigm, a series of sub-
sequent works [8, 9, 21, 23, 55] have devoted to design-
ing more meaningful embeddings to improve the quality of
video reconstruction.

However, there are several vital limitations hindering the
potential of existing implicit video representations. Firstly,
when decoding the t-th frame, the identity information
in most works only relies on the t-th temporal embed-
ding. This approach often struggles to align the inter-
mediate features with the target frame. Although a few
works [1, 14, 23] introduce the AdaIN [17] module to
modulate intermediate features, this couples normalization
and conditional affine transform. Its normalization opera-
tion might reduce the over-fitting capability of the neural
network, resulting in limited performance gains (See Ta-
ble 8). Secondly, while there are several studies [9, 21, 23]
in refining NeRV’s upsampling block for a more stream-
lined convolutional framework, the impact of activation lay-
ers on the model’s representational ability remains under-
explored. Moreover, most previous methods rely on the
L2 loss [9, 55] or a combination of L1 and SSIM losses
[7, 8, 21, 23] to overfit videos, but they often fail to pre-
serve high-frequency information (e.g., edges and fine de-
tails within each frame), thereby degrading the reconstruc-
tion quality (See Table 8). Finally, most video INRs follow
NeRV to employ a three-step model compression pipeline
(i.e., pruning, quantization, and entropy coding) in the video
compression task. Nevertheless, these components are opti-
mized separately, which prevents INRs from achieving op-
timal coding efficiency. Although a few works [14, 28] have
explored the joint optimization of quantization and entropy
coding, they face critical challenges arising from inconsis-
tencies in the entropy models employed during both training
and inference stages, leading to sub-optimal rate-distortion
(RD) performance (See Table 1 and Fig. 7). Hence, we ar-
gue that there is great potential to boost the performance by
overcoming the challenges we mentioned above.

To this end, we propose a universal boosting framework
based on a conditional decoder to deeply explore the repre-
sentation performances of existing video INRs. Firstly, we
introduce a temporal-aware affine transform (TAT) module
that discards normalization to better align intermediate fea-
tures with the target frame. It is achieved by using a pair
of affine parameters (γ,β) derived from temporal embed-
dings. We further incorporate a residual block with two TAT
layers to facilitate both feature alignment and information
retention. By strategically alternating upsampling blocks

and TAT residual blocks, our conditional decoder signifi-
cantly boosts the model’s representation capabilities. Sec-
ondly, as shown in Fig. 4, we find that the GELU layer
in the NeRV-like block activates only a limited number of
feature maps. To address this issue, we introduce a sinu-
soidal NeRV-like (SNeRV) block to replace the GELU layer
with a SINE layer to generate more diverse features. By
using a small kernel size in the SNeRV block and placing
more SNeRV blocks in later upsampling stages, we achieve
a more balanced parameter distribution across the network,
which helps improve the model’s capacity. Moreover, we
integrate L1, MS-SSIM, and frequency domain losses as
our optimization objectives during overfitting a video. This
trio of loss functions promises to preserve intricate details
in the reconstructed videos. Finally, we advocate a con-
sistent entropy minimization (CEM) technique based on a
network-free Gaussian entropy model with tiny metadata
transmission overhead, which not only ensures the consis-
tency of training and inference, but also captures the interre-
lationships between elements in each weight or embedding
to accurately estimate the probability distribution.

In summary, our main contributions are three-fold: (1)
We develop a universal boosting framework based on a
novel temporal-aware conditional decoder to effectively im-
prove the representation capabilities and accelerate the con-
vergence speed compared to existing video INRs, shown
in Fig. 1. (2) We further design a consistent entropy
minimization scheme based on a parameter-efficient Gaus-
sian entropy model to eliminate the discrepancy between
training and inference. (3) Extensive experimental results
demonstrate that our boosted video INRs achieves a re-
markable performance improvement against various base-
lines on multiple tasks, including video regression, com-
pression, inpainting and interpolation. Comprehensive ab-
lations and analyses demonstrate the effectiveness of each
proposed component.

2. Related Work
Implicit Video Representation. Recently, implicit video
representations have engaged increasing interest due to their
wide-ranging potential applications, such as video com-
pression, inpainting and interpolation. Roughly, existing
implicit video representations can be classified into two
categories: (i) Index-based methods [1, 7, 14, 23, 28]
take content-independent time vectors and/or spatial coor-
dinates as inputs. They only rely on the neural network
to store all video information. (ii) Hybrid-based methods
[8, 9, 21, 47, 55] take content-relevant embeddings as in-
puts to provide a visual prior for the network, which reduces
the learning difficulty of the model and thereby enhances
its representation performance. These content-relevant em-
beddings can be derived from each frame using specific en-
coders [9, 47, 55] or generated through random initializa-
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Figure 2. Our proposed HNeRV-Boost framework with the conditional decoder. The content-relevant embedding yt expands its channel
dimensions in stage 1 and upsamples in stages 2 to 6. The final three stages stack two SNeRV blocks with small kernel sizes to get fewer
parameters, where the former upsamples features and the latter refines the upsampled features.

tion and backpropagation [8, 21]. In this paper, we focus
on designing a universal conditional decoder framework to
effectively boost the representation performance of existing
video INRs, thus setting a new benchmark in the field.

Network Conditioning. Early methods in conditional fea-
ture modulation rely on conditional normalization (CN).
CN replaces the feature-wise transformation in normaliza-
tion layers with affine parameters generated from external
information, which has shown its effectiveness in applica-
tions like style transfer [11, 13, 17], semantic image synthe-
sis [34], and denoising [18]. A pivotal contribution by Perez
et al. [36] demonstrates that it is possible to directly mod-
ulate intermediate features in a network without undergo-
ing normalization. This technique has been widely used in
super-resolution [16, 48], compression [43], and restoration
[49]. Instead of using CN to modify the distribution of inter-
mediate features as in previous INR studies [1, 14, 23], we
introduce a conditional affine transformation without nor-
malization to achieve a more precise alignment of interme-
diate features with the target frame, potentially improving
the reconstruction quality of existing video INRs.

INR for Video Compression. As implicit neural networks
generally fit videos using the model weights, it offers a
novel perspective on video compression by translating it
into model compression. Most video INRs [1, 20, 21, 23]
follow the three-step compression pipeline of NeRV [7]: (i)
model pruning, such as global unstructured pruning, with
fine-tuning to reduce the model size; (ii) post-training quan-
tization or quantization-aware training to lower the preci-
sion of each weight; (iii) entropy coding to minimize the
statistical correlation of coded symbols. Unfortunately, op-
timizing these components separately leads to sub-optimal
coding efficiency. Thus, Gomes et al. [14] and Maiya et
al. [28] have applied entropy minimization [2, 3, 32] to im-
prove the video INR compression. During training, they es-
timate the bitrate of quantized weights using a small neural
network to model each weight’s distribution. But in the in-
ference stage, this neural entropy model is replaced with ei-
ther a context-adaptive binary arithmetic coder (CABAC) or
an arithmetic coder using a fixed statistical frequency table.
This switch in entropy models between training and infer-
ence leads to the sub-optimal RD performance. Moreover,

these methods focus on compressing model weights, over-
looking the significance of content-relevant embeddings in
hybrid-based video INRs. To bridge these gaps, we pro-
pose a consistent entropy minimization technique to unify
the weight and embedding compression. Consequently, our
scheme is exceptionally suited for any video INR compres-
sion, marking a significant stride in this domain.

3. Method
As shown in Fig. 2, our proposed boosted video represen-
tation architecture comprises two primary components: an
embedding generator and a conditional decoder. The choice
of an embedding generator depends on the specific video
INR model. For clarity and ease of understanding, we take
the hybrid-based representation model HNeRV [9] as an
example. It is worth mentioning that our boosting frame-
work can be easily generalized to other representation mod-
els (e.g., NeRV [7], E-NeRV [23]) by selecting appropriate
embedding generators, with more details given in appendix.

3.1. Overview

Let X = {x1, · · · ,xT } denote a video sequence, where
xt ∈ RH×W×3 is the frame at timestamp t with height
H and width W . Following HNeRV [9], we use Con-
vNeXt blocks [26] to build a video-specific encoder E that
maps each individual frame xt to a compact embedding
yt ∈ Rh×w×d with d representing the embedding dimen-
sion. Take a 1080×1920 video as an example, we set
h = H

120 and w = W
120 . Note that the identity informa-

tion in the original HNeRV is confined to the input embed-
ding yt. We instead introduce a frame reconstruction net-
work F conditioned on the temporal embedding zt to effec-
tively align the intermediate features with identity informa-
tion. Specifically, the frame index t, normalized to (0, 1], is
initially mapped to a high-dimensional space using a regu-
lar frequency positional encoding function PE(·) [30], and
then processed through a small MLP network M to produce
the temporal embedding zt. As depicted in Fig. 2, when the
input embedding yt passes through the proposed SNeRV
block, the size of the embedding usually increases step by
step. Meanwhile, the temporal embedding zt modulates the
intermediate features in the proposed TAT residual block.
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Figure 3. (Left) Illustration of the temporal-aware affine transform
layer and residual block. The TAT layer takes the temporal embed-
dings zt to produce channel-wise scaling and shifting parameters
γt and βt. As a result, the affine transformation is performed to
the intermediate features of the previous layer. (Right) The archi-
tecture of the sinusoidal NeRV-like block. When the stride s of the
convolutional layer is larger than 1, it includes a pixelshuffle layer.

In the end, a header layer transforms the output features of
the last stage into the reconstructed frame x̂t. Formally, the
overall representation procedure is formulated as

yt = E(xt;ϕ), zt = M(PE(t);ψ), x̂t = F (yt, zt;θ)
(1)

where ϕ, ψ, and θ are the learnable parameters of the
video-specific encoder, the temporal embedding genera-
tor, and the frame reconstruction network, respectively.
The positional encoding function PE(t) is defined as
(sin(b0πt), cos(b0πt), · · · , sin(bl−1πt), cos(bl−1πt)) with
hyperparameters b and l.

3.2. Temporal-aware Conditional Decoder

Temporal-aware Affine Transform. Given the intermedi-
ate features f t and temporal embedding zt, previous works
[1, 14, 23] first adopt a small MLP network to learn the
channel-wise mean µt and variance σt of the target frame,
and then use the AdaIN [17] module to change the distribu-
tion of intermediate features:

(µt,σt) = MLP(zt),

AdaIN(f t,µt,σt) = σt(
f t − µ(f t)

σ(f t)
) + µt,

(2)

where µ(f t) and σ(f t) are computed across spatial loca-
tions. However, the AdaIN module couples normalization
and conditional affine transformation. The normalization
operation typically serves to prevent the overfitting in neu-
ral networks, which conflicts with video INRs that utilize
the overfitting to represent the data.

To overcome this limitation, we present a temporal affine
transform (TAT) layer without normalization and its associ-
ated residual block to unleash the potential of feature align-
ment. Fig. 3 (left) illustrates the details of our TAT resid-
ual block, which is inspired by the network design of [48].

(a) GELU activation (b) SINE activation
Figure 4. Visual comparisons of intermediate features from differ-
ent activation functions in the HNeRV-Boost model. We select the
first 40 channel features from the last NeRV-like block on the first
frame generation of the Bunny video.

Based on the external temporal embedding zt, the TAT
layer learns to generate a set of channel-wise affine param-
eters (γt,βt) for the intermediate features f t. Within this
layer, the feature transformation is expressed as:

TAT(f t|γt,βt) = γtf t + βt, (3)

By inserting the TAT residual block into existing video
INRs, these aligned intermediate features can significantly
enhance the models’ overfitting ability.
Sinusoidal NeRV-like Block. Previous upsampling blocks
[7, 8, 21, 23] commonly use GELU as their default activa-
tion function. However, our analysis of feature maps, as
visualized in Fig. 4, reveals a limitation: the GELU layer
tends to activate only a limited number of feature maps,
whereas those activated by the SINE layer are more diverse
and focus on different regions. This motivates us to intro-
duce the sinusoidal NeRV-like (SNeRV) block. As shown
in Fig. 3 (right), our SNeRV block has two types, where the
one with a pixelshuffle layer serves for upsampling features.

Besides, we notice that the HNeRV blocks in the final
three stages use a 5×5 kernel size, resulting in about 2.7×
more parameters than a 3×3 kernel. However, reducing the
kernel size directly adversely affects the regression perfor-
mance. To resolve this difficulty, we substitute a single HN-
eRV block with a 5×5 kernel for two SNeRV blocks with a
3×3 kernel, setting the stride of the second SNeRV block to
1. This alteration enables us to maintain a similar level of
video reconstruction quality with fewer parameters.
Loss Function. The objective of video INRs is to reduce
the distortion between the original frame xt and recon-
structed frame x̂t. Although the L1 loss is adept at pre-
serving brightness as well as color, it falls short in main-
taining high-frequency details. Therefore, we integrate a
combination of the MS-SSIM and frequency domain losses
into the L1 loss, ensuring a more comprehensive capture of
high-frequency regions. For the frequency domain loss, we
apply the fast Fourier transform (FFT) to both xt and x̂t,
and then compute their L1 loss. The complete distortion
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loss function is formulated as follows:

Ld = L1(FFT(xt),FFT(x̂t)) + λαL1(xt, x̂t)

+ λ(1− α)(1− LMS-SSIM(xt, x̂t))
(4)

Here, λ and α are hyperparameters used to balance the
weight of each loss component.

3.3. Consistent Entropy Minimization

After overfitting the video, we propose a consistent entropy
minimization technique to refine the compression pipeline
in [14, 28]. As indicated in Table 1, Gomes et al. [14]
and Maiya et al. [28] primarily concentrate on the quan-
tization of model weights, overlooking the significance of
embedding compression in improving the RD performance
for hybrid-based video INRs. Furthermore, these meth-
ods use different entropy models in training and inference
stages. Specifically, a small neural network is employed as
a surrogate entropy model during training to estimate the bi-
trate, while in the inference phase, it is replaced with either
CABAC or an arithmetic coder using a fixed statistical fre-
quency table. This strategy aims to minimize transmission
overhead from numerous small proxy networks. However,
the discrepancy between the estimated bitrate by the surro-
gate model and the actual bitrate may mislead network op-
timization, resulting in sub-optimal coding efficiency. To
overcome these shortcomings, our study introduces two
key modifications to the entropy minimization pipeline: (i)
applying a symmetric/asymmetric quantization scheme to
model weights/embeddings, and (ii) introducing a network-
free Gaussian entropy model with tiny metadata overhead
to ensure the consistency during training and inference.
Quantization. Since the model weights are empirically ob-
served to be distributed symmetrically around zero [6, 12], a
symmetric scalar quantization scheme with a trainable scale
parameter ς is used for weights:

Q(x) = ⌊x
ς
⌉, Q−1(x) = x× ς (5)

Conversely, for embeddings with skewed distributions, we
adopt an asymmetric activation quantization scheme where
both the scale parameter ς and the offset parameter η are
learned during training:

Q(x) = ⌊x− η

ς
⌉, Q−1(x) = x× ς + η (6)

Given the non-differentiable nature of the quantization op-
eration during training, we leverages a mixed quantizer out-
lined in [14, 28] to allow end-to-end optimization. Specif-
ically, the rounding operation is substituted with uniform
noise U(− 1

2 ,
1
2 ) for entropy calculation, while the straight-

through estimator (STE) is applied for distortion calculation
when computing the gradient for the rounding operation.

Table 1. Comparisons between different entropy minimization
techniques in INR compression.

Method Quantization Entropy Model
Weight Embedding Training Inference

Gomes et al.[14] Asymmetric - Neural network CABAC
Maiya et al.[28] Symmetric - Neural network Fixed frequency table

CEM (ours) Symmetric Asymmetric Network-free Gaussian entropy model

Network-free Gaussian Entropy Model. We model the
probability of the quantized embedding ŷt with a Gaussian
distribution:

p(ŷt) =
∏
i

(
N (µyt

, σ2
yt
) ∗ U(−1

2
,
1

2
)
)
(ŷit) (7)

where µyt
and σ2

yt
are the mean and variance of the em-

bedding yt. ∗ denotes convolution. Similarly, we indepen-
dently compute the mean and variance of each weight as
the entropy model parameters for weight compression. This
novel entropy model brings two main advantages. On the
one hand, when compared with the neural entropy model
of [14, 28] that only captures the relationship between ele-
ments of each kernel, our model can capture the global rela-
tionships within all elements in the weight, which facilitates
the accurate estimation of the probability distribution. On
the other hand, thanks to only transmitting two scalar values
for each weight/embedding, our entropy model can get rid
of the surrogate position and directly provide the probability
distribution for arithmetic coding in the inference stage.
Optimization Objective. The goal of INR compression is
to achieve high reconstruction quality with minimal bitrate
consumption. To this end, we incorporate an entropy reg-
ularization term Lr to encourage smaller compressed mod-
els. In order to control the whole compression ratio, we in-
troduce Rtarget into the regularization term. Once Rtarget

is satisfied, Lr diminishes to zero:

L = Ld + κLr = Ld + κReLU(R−Rtarget) (8)

Here, κ is a hyperparameter balancing the compression rate

and distortion. R is calculated as
∑T

t=1 R(ŷt)+R(θ̂)+R(ψ̂)

T×H×W ,
where R(ŷt) denotes the estimated bitrate of the quantized
embedding ŷt and R(θ̂)/R(ψ̂) represents the estimated bi-
trate of the quantized weights θ̂/ψ̂. For Rtarget, we de-

fine it as Bavg

∑T
t=1 Numel(yt)+Numel(θ)+Numel(ψ)

T×H×W , in which
Bavg indicates the average bit-width of the compressed INR
and Numel(·) means the amount of parameters.

4. Experiments
4.1. Experimental Setup

Dataset. We evaluate the effectiveness of our framework on
multiple benchmarks with various kinds of video contents,
including Bunny [19] (720×1280 with 132 frames), UVG
[29] (7 videos at 1080×1920 with length of 600 or 300),
and DAVIS validation [35] (20 videos at 1080×1920).
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Table 2. Average PSNR on UVG with various model sizes.
Size 3M 5M 10M 15M Avg.

NeRV [7] 31.11 32.44 34.20 35.18 33.23
NeRV-Boost 32.76 33.76 35.28 35.94 34.43
E-NeRV [23] 31.51 33.99 34.42 35.32 33.81

E-NeRV-Boost 33.40 34.31 35.58 36.27 34.89
HNeRV [9] 32.47 33.40 34.70 35.10 33.92

HNeRV-Boost 33.89 35.06 36.49 37.29 35.68

Table 3. Detailed PSNR of each video on the UVG dataset with
3M model size.

Video Beauty Bosph. Honey. Jockey Ready. Shake. Yacht. Avg.
NeRV [7] 33.14 32.74 37.18 30.99 23.97 33.06 26.72 31.11

NeRV-Boost 33.55 34.51 39.04 32.82 26.08 34.54 28.76 32.76
E-NeRV [23] 33.29 33.87 38.88 28.73 23.98 34.45 27.38 31.51

E-NeRV-Boost 33.75 35.62 39.61 32.39 27.75 35.48 29.23 33.40
HNeRV [9] 33.36 33.62 39.17 32.31 25.60 34.90 28.33 32.47

HNeRV-Boost 33.80 36.11 39.65 34.28 28.19 35.88 29.33 33.89

Table 4. PSNR on the Bosphorus video with different epochs.
Epoch 300 600 1200 1800 2400

NeRV [7] 32.74 33.00 33.20 33.27 33.32
NeRV-Boost 34.51 34.73 34.89 34.97 35.02
E-NeRV [23] 33.87 34.19 34.40 34.50 34.56

E-NeRV-Boost 35.62 35.92 36.16 36.27 36.32
HNeRV [9] 33.62 34.15 34.35 34.41 34.46

HNeRV-Boost 36.11 36.33 36.52 36.59 36.64

Evaluation Metrics. Two popular image quality assess-
ment metrics, namely, PSNR and MS-SSIM, are used to
evaluate the distortion between the reconstructed and orig-
inal frames. We use bits per pixel (bpp) to measure the bi-
trate of video compression.
Implementation Details. We select three typical INR
methods (i.e., NeRV [7], E-NeRV [23], and HNeRV [9])
as our baselines. Then we enhance them with our pro-
posed framework. To fit 720p and 1080p videos, we set
the stride list as (5,2,2,2,2) and (5,3,2,2,2), respectively. We
use b = 1.25 and l = 80 as our default setting in the posi-
tion encoding. For the distortion loss in Equation 4, λ and
α are set as 60 and 0.7, receptively. During overfitting, we
set the batch size as 1 and adopt Adan [51] as the optimizer
with cosine learning rate decay [9], in which the number of
warm-up epochs is 10% of total fitting epochs. The learn-
ing rates for the boosted E-NeRV and NeRV/HNeRV are
1.5e−3 and 3e−3, respectively. Baseline models are imple-
mented using open-source codes, and experiments are con-
ducted on one NVIDIA GTX 1080Ti GPU using PyTorch,
with 3M model size and 300 epochs unless otherwise de-
noted. For more details about different tasks, please refer to
the supplementary material.

4.2. Video Regression

Table 2 show the regression performance of various meth-
ods on the UVG dataset at different scales. It is evident
that our boosted methods achieve superior reconstruction
quality over the corresponding baselines. As detailed in Ta-
ble 3, the improvements are consistent across all test videos
in the UVG dataset. For instance, compared to the NeRV,
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Figure 5. Rate-distortion curves of our boosted approaches and
different baselines on the UVG dataset in PSNR and MS-SSIM.
PQE denotes the three-step compression pipeline of NeRV.

Table 5. Complexity comparison at resolution 1920×1080. The
decoding latency is evaluated by an NVIDIA V100 GPU.

Method Params ↓ Decoding time ↓ FPS ↑
DCVC [22] 35.2M 35590ms 0.028
DCVC-TCM [39] 40.9M 470ms 2.12
NeRV [7] 3.04M 7ms 135.64
NeRV-Boost 3.06M 23ms 43.54
E-NeRV [23] 3.01M 18ms 54.75
E-NeRV-Boost 3.03M 53ms 18.74
HNeRV [9] 3.05M 41ms 24.22
HNeRV-Boost 3.06M 76ms 13.15

E-NeRV, and HNeRV baselines on the ReadySetGo video,
our boosted versions exhibit considerable improvements of
about 2.11dB, 3.77dB, and 2.59dB, respectively. In Ta-
ble 4, we offer a comparison of regression performance be-
tween the boosted versions and baselines on the Bosphorus
video across different fitting epochs. Notably, our boosted
versions at 300 epochs outperform the baselines at 2400
epochs. Furthermore, as shown in Fig. 1 (top), our boosted
versions at minimal training time surpass the baselines at
their maximum training time by a significant margin on the
Bunny video, which indicates the superiority of our method
in accelerating convergence speed and improving the repre-
sentation capabilities.

4.3. Video Compression

To assess video compression performance, we follow [9]
to train a model for each video, rather than encoding all
videos together using a single network as in [1, 7]. After
model overfitting, we fine-tune these models using our en-
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Table 6. Video inpainting results on the DAVIS validation dataset in PSNR. Mask-S and Mask-C refers to disperse and central mask
scenarios, respectively.

Video Mask-S Mask-C
NeRV NeRV-Boost E-NeRV E-NeRV-Boost HNeRV HNeRV-Boost NeRV NeRV-Boost E-NeRV E-NeRV-Boost HNeRV HNeRV-Boost

Blackswan 27.06 30.46 29.53 31.34 30.20 34.10 24.11 26.89 26.38 27.88 26.45 29.18
Bmx-trees 26.77 30.16 27.75 30.86 29.05 32.99 22.43 25.14 23.79 26.66 22.28 22.28
Breakdance 25.48 28.46 26.97 30.57 26.34 33.10 20.16 22.28 22.15 22.15 20.23 20.24
Camel 23.70 26.09 25.70 27.56 26.13 31.08 21.21 23.16 22.62 23.55 17.74 19.81
Car-roundabout 23.92 28.25 26.32 29.43 28.64 31.90 21.24 23.53 22.73 24.51 21.71 22.36
Car-shadow 26.58 32.40 30.63 33.00 31.01 35.85 23.07 24.13 23.21 24.10 21.05 23.65
Cows 22.17 24.77 23.92 26.41 24.68 28.30 20.48 22.39 21.88 23.13 21.82 24.14
Dance-twirl 25.29 28.49 27.42 29.38 28.74 30.79 21.17 23.14 22.40 23.34 21.06 21.77
Dog 29.29 31.97 31.72 32.79 28.80 33.87 25.37 27.02 27.07 28.25 24.16 24.66
Drift-chicane 34.09 39.94 39.26 41.60 38.52 43.32 27.52 28.01 29.81 31.52 23.40 27.44
Drift-straight 26.78 32.26 29.53 33.19 30.81 36.16 22.76 26.00 24.69 27.12 18.88 21.49
Goat 24.04 26.30 25.34 27.21 26.91 30.59 22.03 23.90 23.43 24.56 23.06 25.10
Horsejump-high 25.74 30.39 29.27 31.26 29.31 30.86 21.54 23.46 23.06 23.93 20.72 23.16
Kite-surf 29.34 34.18 32.87 35.16 33.49 37.08 23.92 27.22 26.71 28.87 24.73 27.49
Libby 29.81 34.24 31.39 34.95 28.66 37.35 25.71 28.14 26.91 28.95 23.39 26.96
Motocross-jump 29.82 37.36 34.15 36.92 28.27 36.42 26.19 29.65 28.75 29.30 22.36 26.25
Paragliding-launch 29.03 31.40 30.62 32.28 30.99 33.64 25.95 26.97 26.65 27.41 26.00 28.07
Parkour 24.74 27.19 25.62 27.54 26.34 28.79 22.32 24.48 22.99 24.43 19.06 20.55
Scooter-black 23.35 27.75 26.46 29.07 28.41 30.42 19.24 21.77 20.99 22.14 18.94 19.86
Soapbox 27.20 30.56 28.83 31.44 30.30 32.95 22.29 25.00 23.82 25.51 17.98 19.20
Average 26.71 30.63 29.17 31.60 29.28 33.48 22.94 25.11 24.50 25.87 21.75 23.68

tropy minimization method for 100 epochs with the initial
learning rate 5e−4 and cosine learning rate decay. We em-
pirically choose Bavg as 4 bits to optimize the RD trade-off.
For the baselines, both the three-step compression pipeline
of NeRV and our CEM technique are applied for compari-
son. Besides, we compare our boosted models with tradi-
tional codecs (H.264 [50], H.265 [45]) and state-of-the-art
(SOTA) learning-based codecs (DCVC [22], DCVC-TCM
[39]), where H.264 and H.265 are tested using FFmpeg with
the veryslow preset and enabling B frames.

Fig. 5 presents the RD curves of these methods on the
UVG dataset. Our boosted models offer remarkable im-
provements over their corresponding baselines, indicating
the generalization of our framework. Notably, the original
HNeRV shows limited robustness in compression, which
constrains the efficacy of content-relevant embeddings, es-
pecially at higher bitrates. On the contrary, with our modifi-
cations, the boosted HNeRV consistently surpasses DCVC,
H.265, H.264, and other INR methods across all bitrates in
terms of PSNR, which underscores the ability of our frame-
work in amplifying the advantages of the INR model it-
self. Additionally, baselines with CEM outperform those
using the three-step compression, highlighting the effective-
ness of our compression technique in enhancing RD perfor-
mance. The complexity comparison of video decoding with
two SOTA neural codecs is shown in Table 5.

4.4. Video Inpainting

In this section, we evaluate video inpainting on the DAVIS
validation dataset using both disperse [9] and central masks
[55]. For the disperse mask scenario, each frame is overlaid
with five uniformly distributed square masks of width 50. In
the central mask scenario, a single rectangular mask, span-
ning one quarter of the frame’s width and height, is centrally
placed. Consistent with [9], the distortion loss during train-

Table 7. Video interpolation results on the UVG dataset in PSNR.
Video Beauty Bosph. Honey. Jockey Ready. Shake. Yacht. Avg.

NeRV [7] 31.26 32.21 36.84 22.24 20.05 32.09 26.09 28.68
NeRV-Boost 31.06 34.28 38.83 21.74 19.88 32.58 27.07 29.35
E-NeRV [23] 31.25 33.36 38.62 22.35 20.08 32.82 26.74 29.32

E-NeRV-Boost 31.35 35.01 39.24 21.96 20.45 32.75 27.79 29.79
HNeRV [9] 31.42 34.00 39.07 23.02 20.71 32.58 26.74 29.65

HNeRV-Boost 31.61 36.16 39.38 23.14 21.61 32.94 28.01 30.41

ing is calculated only for the non-masked pixels. During
inference, the masked regions are reconstructed using the
output from video INRs.

As shown in Table 6, our boosted versions significantly
improve the inpainting performance of the original base-
lines. Under the disperse mask case, we observe an aver-
age improvement of 3.92dB, 2.43dB, and 4.2dB for NeRV,
E-NeRV, and HNeRV, respectively. Even in the more chal-
lenging central mask scenario, our enhanced versions still
achieve improvements of 2.17dB, 1.37dB, and 1.93dB.

4.5. Video Interpolation

We evaluate the video interpolation performance of our
boosted models on the UVG dataset. In this experiment, we
use the odd-numbered frames of each video as the training
set and the even-numbered frames as the test set. Follow-
ing the approach in [23], we adjust the frequency value b to
1.05 for achieving better interpolation results while main-
taining robust regression performance on the training set.
The quantitative outcomes are detailed in Table 7, These re-
sults indicate that our boosted models outperform the base-
lines in terms of overall interpolated quality.

4.6. Ablation Study

Feature Modulation. We conduct a sets of ablation stud-
ies on Bunny to evaluate the effectiveness of our TAT mod-
ule. In the first variant (V1), the TAT residual blocks are
removed from our boosted INR models. As Table 8 shows,
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Table 8. Ablation studies for different boosting components on the
Bunny video over 300 epochs, with results presented in PSNR.
Variant NeRV-Boost E-NeRV-Boost HNeRV-Boost
Ours 37.25 40.07 41.09
(V1) w/o TAT 34.63 35.75 39.12
(V2) w/ AdaIN 35.59 39.51 38.03
(v3) w/ SAF 34.28 39.62 40.93
(V4) w/ GELU 34.85 38.34 41.00
(V5) w/ L2 35.32 38.55 40.19
(V6) w/ L1+SSIM 36.28 39.34 41.00
(V7) w/ L1 34.75 37.76 40.37
(V8) w/ L1+MS-SSIM 36.12 38.66 40.49
(V9) w/ L1+freq. 37.12 39.60 41.08
(V10) w/ L1+SSIM+freq. 36.99 40.05 41.01

Table 9. Ablation studies for various upsampling blocks in the
HNeRV-Boost framework on the Bunny video. GELU and SINE
represent the activation function employed in different blocks.
STD refers to the standard deviation of the model parameters’ dis-
tribution, where a lower STD value signifies a more uniform dis-
tribution of model parameters.

Block NeRV [7] E-NeRV [23] FFNeRV [21] HNeRV [9] SNeRV
GELU 39.61 39.26 39.33 40.77 41.00
SINE 40.35 39.99 40.06 40.93 41.09
STD 0.225 0.208 0.176 0.047 0.045

this variant experiences an average drop of 2.97dB, imply-
ing the significance of using temporal embeddings to mod-
ulate intermediate features for accurate frame generation.
In the second variant (V2), the TAT block is replaced with
an AdaIN [17] module, resulting in an average decrease
in PSNR by 1.76dB and 1.19dB. It suggests that integrat-
ing normalization into the conditional affine transformation
limits the overfitting capabilities of INR models to some
degree. Furthermore, we compare the spatially-adaptive fu-
sion (SAF) [15] block. The results in variant V3 imply the
superior temporal alignment capability of our TAT module.
NeRV-like Blocks. Table Table 8 investigates the effect of
activation layers in SNeRV blocks. By replacing the SINE
layer with a common GELU layer (Variant V4), we find that
the periodic inductive bias of the SINE layer is beneficial to
the reconstruction quality. Subsequently, we explore differ-
ent convolution configurations. As shown in Table 9 and
Fig. 6, integrating SINE in the NeRV, E-NeRV, and FFN-
eRV blocks results in a significant performance improve-
ment of about 0.7dB. However, only modest improvements
are observed in the HNeRV and SNeRV modules. This is
attributed to the smaller STD values and more evenly dis-
tributed parameters within the HNeRV and SNeRV mod-
ules, helping the layers near the output to have sufficient
capacity to store high-resolution video content and details.
Thus, these modules efficiently fit videos without requiring
elaborate feature extraction.
Loss Function. Different loss functions are compared in
Table 8. These results demonstrate that integrating the MS-
SSIM and frequency domain losses into L1 loss effectively
enhances the quality of video reconstruction.
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blocks in our HNeRV-Boost framework. See Table 9 for PSNR
results under these five configurations.
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Figure 7. Rate-distortion comparisons between different entropy
minimization techniques on the UVG dataset in PSNR.

Entropy Minimization. To highlight the contribution of
our proposed CEM scheme, Fig. 7 displays the RD curves
comparing various entropy minimization techniques on our
boosted INR models. Notably, for content-dependent em-
bedding compression in the boosted HNeRV, all methods
employ asymmetric quantization. Since Gomes et al. [14]
use the asymmetric quantization for model weights, it tends
to shift the quantized weights away from their original
distribution, causing inferior RD results. Compared with
Maiya et al. [28], our CEM method achieves more bitrate
savings by maintaining consistency in the entropy model
between training and inference. These results verify the su-
periority of the CEM technique in INR compression.

5. Conclusion

In this paper, we develop a universal framework to boost im-
plicit video representations, achieving substantial improve-
ments in key tasks like regression, compression, inpainting,
and interpolation. These advancements are primarily due
to the integration of several novel developments, including
the temporal-aware affine transform, sinusoidal NeRV-like
block design, improved reconstruction loss, and consistent
entropy minimization. Through comprehensive evaluations
against multiple implicit video models, our boosted mod-
els demonstrate superior performance, setting a new bench-
mark in the field of implicit video representation. The con-
tribution of each component is validated through extensive
ablation studies.
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[44] Yannick Strümpler, Janis Postels, Ren Yang, Luc Van Gool,
and Federico Tombari. Implicit neural representations for
image compression. In European Conference on Computer
Vision, pages 74–91. Springer, 2022. 1

[45] Gary J Sullivan, Jens-Rainer Ohm, Woo-Jin Han, and
Thomas Wiegand. Overview of the high efficiency video
coding (hevc) standard. IEEE Transactions on circuits and
systems for video technology, 22(12):1649–1668, 2012. 1, 7

[46] Filip Szatkowski, Karol J Piczak, Przemysław Spurek, Jacek
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